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Abstract

Assessing affective states is difficult: self-report is intrusive, biased, and reactive, while
objective correlates like heart rate are often one-dimensional. We conceptualize internal
affective states as computational metareasoning heuristics. Given that Large Language
Models (LLMs) share parallel computational structures, we investigate whether LLMs
might have utility in objectively quantifying affective states.

Chapter 2 first examined the negative influence of cognitive effort on self-reported hap-
piness. The results highlighted the limitations of embedded self-reports as a tool to

investigate emotion dynamics in cognitive tasks.

We then approached the main aim of the thesis which stretches across the next four
chapters. The aim was to examine LLM-derived affective neural representations, fo-
cusing on internal and external validity. We started by describing a novel pipeline to
derive continuous, high-dimensional affective state quantifications from text. We then
acquired magnetoencephalography (MEG) recordings of participants listening to sto-
ries, which allowed us to examine the extent to which LLM-derived affective quantifi-
cations align with neural representations. A particular focus was on the generality or
context-specificity of the representations. To examine this, we created a novel battery

of non-linguistic cognitive tasks that elicits a wide range of self-reported emotions.

Chapter 3 described results showing that LLM-derived quantifications satisfy key in-
ternal consistency requirements, and chapter 4 showed that the corresponding neural
show some consistency and distinctiveness. Chapter 5 introduced the novel affective
task battery, and chapter 6 finally examines the generalization properties of the neural

affective state markers.

Overall, we found that affective state markers perform best within their training do-
main; generalize less to novel stories, and mostly fail to generalize from stories to cog-
nitive tasks. These results indicated that there is an important contextual component to

the neural representation of affective categories.



Impact statement

Impact on Academia

This research provided empirical support for a functional, computational view of affec-
tive states. The preregistered work demonstrating the negative influence of cognitive
effort on self-reported momentary happiness provides support for the idea that affec-
tive states tracks appraisal of recent experiences. By providing open-access code and

analysis pipelines, this work also promoted transparency and reproducibility.

Methodologically, the thesis introduced a novel, modular LLM pipeline that contrasts
with ”black-box” approaches. By separating predictive generation from emotional ap-
praisal, our pipeline increased interpretability and mechanistic transparency. It explic-
itly modeled the core metareasoning functions of prediction and appraisal, allowing
independent validation of each computational stage and inspection of the predictive
content being appraised. This approach provided a framework for injecting mechanis-
tic hypotheses into LLM-based modeling.

By demonstrating that neural decoders trained on story-listening failed to cross-
modally generalize to cognitive tasks, we provided empirical evidence for a construc-
tionist view of emotion. This finding indicated that the neural representation of affect
is dominated by context-dependent signals. This established a critical benchmark for
the field: future claims of “emotion decoding” must be validated through cross-modal
generalization tests to prove that they were capturing an abstract affective state rather
than a context-specific artifact. Finally, the battery of cognitive tasks offered a reusable,

open-access resource for eliciting and studying granular, self-reported emotions.

Impact Outside Academia

The long-term impact of this work lies in clinical applications for mood disorders pa-
tients. The pipeline’s unique focus on prediction offered a potential new diagnostic
avenue. With future development and refinement, one could utilize similar pipeline as
a clinical tool. By asking patients to autocomplete some stories snippets and recording
their neural signal, care providers might be able to extract objective quantified affective
characteristics.
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Chapter 1

Introduction

A happy infant is eager to explore its world, while an angry banker may spend
money to harm another’s economic prospect. The affective state we are in shapes
the allocation of attention, biases memory retrieval, and fundamentally guides behav-
ior, sometimes even outside of conscious awareness[Frijda, 1986, Bower, 1981]. How
we feel can alter what we say [Rude et al., 2004], how we interpret ambiguous so-
cial cues [Curby et al., 2012], and how we perceive the world [Zadra and Clore, 2011,
Becker and Leinenger, 2011]. Affective states are so important because they are often
honest signs of the innermost motivation driving our behavior. When sadness prevails
without an appropriate cause or when anxiety paralyses us in the safety of our neigh-
borhood, we cease to function.

Studying and understanding affective states is hence of great importance for psy-
chology, neuroscience, psychiatry and brain sciences more broadly. It is also increas-
ingly important for artificial intelligence [Chakriswaran et al., 2019, Zhao et al., 2022,
Assuncao et al., 2022]. However, affective states are ephemeral and richly complex en-
tities or phenomena. Despite their importance and ubiquity, they are phenomenally dif-
ficult to study. There are great disputes around the very definitions of affective states.
Numerous phenomenological labels emphasize slightly different aspects of affective
states and even the choice of referring to affective states positions us in a very particular
corner of these debates. Affective states are richly intertwined not only with observable
behavior, but also with the hidden domains of subjectivity and consciousness. In fact,
it is this latter aspect, the notion that emotional states are only really accessible through

conscious report, that serves as the most demanding barrier in studying affective states.

This thesis grounds the affective state in a view that is rooted in computational neuro-

science. From this perspective, we lay out the basis for a novel approach to the charac-
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terization and assessment of the affective states through their computational structure
and neurobiology. While this is an ambitious long-term goal, the work presented here
represents an initial step. We argue affective states exist primarily because the brain
must manage its limited computational resources [Huys and Renz, 2017], but cannot
do so optimally. Specifically, in the setting of planning, the brain cannot consider all
possible sequences of future actions for there are too many. Critically, choosing which
of the sequences to evaluate is itself a decision problem, with greater computational
demands than the original problem. This recursive curse, the so-called metareasoning
problem, means that wise management of computational resources is itself so resource
intensive that only approximations remain feasible. These approximations, we will as-

sume, are at the center of affective states’ functions.

We will now first review theories of emotion with a specific emphasis on this notion of
the computational nature of affective states. A key aspect of this notion is that it may
lend itself to a novel measurement approach, and hence we will focus also on different

approaches to measuring and quantifying these important but elusive affective states.

1.1 Theories of Affective States

To better understand the challenges in assessing affective states, one must look at how
they are defined. Terms like affect, mood and emotion are often used interchange-
ably, which can complicate efforts to measure them precisely. Most past efforts to
distinguish affective states have been descriptive: separating affect, mood and emo-
tion by their core characteristics, such as duration, intensity, or relation to a specific
cause[Lange and James, 1922, Frijda, 1986, Ekman, 1999]. These theories have long
sought to explain what affective states are, why they exist, and how they function.
These diverse perspectives, from evolutionary biology to cognitive science, each pro-
vide a crucial piece of the puzzle that is the affective state.

One of the key consideration starts with the putative evolutionary advantage that must
be conferred by emotions. Darwin argued that emotions are not arbitrary phenom-
ena but are evolved adaptations that promote survival [Darwin, 1872]. Their primary
function is to solve recurring, high-stakes situations by rapidly selecting advantageous
actions. Fear mobilizes a flight response, while anger prepares for a fight. This no-
tion of usefulness, that affective states serve a functional purpose, is a cornerstone of
some, but not all, modern theories. This tight link between emotion and action was
also central to early theorists like William James and Carl Lange, who proposed that

the subjective experience of an emotion is the perception of the physiological changes
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accompanying an action [James, 1948, Lange and James, 1922]. In this view, we do not
run because we are afraid, we are afraid because we run. Indeed, relaxation methods
such as meditation are thought to be helpful in stress management [Goyal et al., 2014].
While the strict causality of this model has been debated, later theorists like Frijda have
reaffirmed the connection between action tendencies and affective states, viewing them

as flexible states of readiness to engage with the world in particular ways [Frijda, 1986].

Other theories emphasize the social and communicative importance of affective states
[Fridlund, 1994, Keltner and Haidt, 1999, Van Kleef et al., 2004]. Expressing an emotion
can signal intentions, motivations, and needs to others, facilitating social coordina-
tion and bonding. This social functionality demonstrates that affective states oper-
ate as complex cognitive heuristics, not just simple action tendencies or urges. Emo-
tions can also be expressed to strategically influence others [Fridlund, 1994]. This
behavioral-ecological view posits that emotional displays are communicative tools tai-
lored to a social audience. For instance, the state of anger deploys a social heuristic
that goes beyond a simple urge to fight: its expression serves as an implicit warn-
ing to alter another’s behavior, thereby planning a more favorable social outcome
[Van Kleef et al., 2004]. Similarly, an expression of sadness is not just a passive signal of
loss, but a planned heuristic for soliciting support and recruiting aid from one’s social
group [Keltner and Haidt, 1999]. Therefore, another key aspect of emotional states is
its influence on planning and strategy.

For expressed emotions to be effective, they must be widely understood. Paul Ekman
proposed a theory of “basic emotions,” arguing for a limited set of discrete, universal
states—such as fear, anger, and joy—each with a unique and genetically determined
neural and physiological signature [Ekman, 1999, Ekman et al., 1987]. While this work
provided compelling early evidence, it was later criticized on methodological grounds,
such as cueing participants and restricting their choices [Russell, 1994]. More recent,
data-driven approaches offer a nuanced view. For example, Cowen and Keltner iden-
tified 27 distinct categories of emotional experience from self-reports after participants
viewed thousands of short videos [Cowen and Keltner, 2017]. These findings suggested
that discreteness is a key aspect of emotional state, but also revealed that these emo-
tional states exist along continuous gradients, connecting related feelings.

This seemingly paradoxical discreet-yet-continuous view may reflect the innate-but-
nuanced (or innate-but-constructed) aspect of emotional states. The discrete nature of
these categories likely reflects the finite set of distinct, recurring common problems we
as human face. Just as fear evolved as a heuristic for threats and disgust for contam-

ination, other emotional states likely emerged as solutions to other specific challenges
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like forming alliances, caring for offspring, or navigating social hierarchies. There are
not infinite core survival problems, and thus, there are not infinite basic universal emo-
tional states. The continuous gradients between these categories, however, reflect the
complexity of the modern world, where single events can simultaneously involve el-
ements of multiple core challenges. Therefore, the emotional landscape is neither a
handful of rigid, basic modules nor an infinite, undifferentiated sea of feelings, but
rather a high-dimensional, structured space of related states.

A different perspective emerged from appraisal theories, which addressed a key limi-
tation of stimulus-bound theories like Ekman’s. Appraisal theories posit that emotions
are not just innate reactions to events, but are the result of a highly cognitive process of
evaluation, or appraisal, along dimensions like novelty, valence, and goal conducive-
ness [Frijda, 1986, Scherer, 1984]. This explains how the same stimulus can elicit vastly
different emotions in different people, or in the same person at different times. It is
the meaning of the event being interpreted in a certain context, not the event itself,
that matters. Building on this cognitive view, constructionist theories argue that the
subjective experience of emotion is itself a cognitive construction [Barrett, 2017a]. In
this view, the brain makes an inference about what emotion it is in, based on incoming
sensory information, physiological signals, past experience, and social context. The re-
ported affective experience is therefore not a readout of a set of cached parameters, but
a concept the brain applies to make sense of a particular pattern of internal and external
information. When a person reports that they are anxious, it is because that they have
inferred this based on the bodily signal, internal thoughts and various contexts. This
aligns with the notion that some aspects of affective states may not be consciously ac-
cessible, further reinforcing the distinction between an underlying emotional state and
the introspective process used to access it.

These diverse theories highlight key aspects of affective states: they are evolutionar-
ily advantageous heuristics that impose action tendencies, facilitate strategic planning,
possess a structured yet nuanced landscape, and are cognitively constructed from an
appraisal of a situation’s contextual meaning. If we synthesize these aspects, we can
conceptualize affective states as a solution to the metareasoning problem. The evolu-
tionary usefulness of affective states then is their function as a fast, efficient heuris-
tic that solves the otherwise intractable problem of deciding under the pressure of fi-
nite cognitive resources. The cognitive appraisal is thereby recast as the cognitive pro-
cess that assesses a situation’s parameters to select the most appropriate metareasoning
heuristic for that context. The resulting action tendencies and physiological changes are
the direct results of this selected heuristic, which reconfigures the brain and body to exe-

cute resource-efficient strategies. Furthermore, the discrete-yet-continuous structure of
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the affective landscape reflects a core set of evolved heuristics for recurring problems,
with the gradients between them allowing for flexible adaptation to novel or complex
situations. Consequently, the constructed affective experience is the brain’s conscious
inference about which of these computational strategies is currently deployed. This act
of inference is not automatic but is an active cognitive process of introspection. When
centered on cognitive appraisals and contextual meaning, it results in the report of an
affective experience like emotions, but when centered on interoceptive cues like a rac-
ing heart, it yields a report more akin to generic “feelings”. This distinction highlights
the core challenge in affective neuroscience: our understanding of the underlying neu-
rocomputational state is fundamentally constrained by our reliance on these subjec-
tive reports. Overcoming this barrier is critical, not only for building a comprehensive
model of the brain but also for addressing the societal burden of mood disorders, which
are characterized by dysregulated affective states [World Health Organization, 2022,
GBD 2019 Mental Disorders Collaborators, 2022]. Therefore, the central goal of this
work is to develop a method that moves beyond subjective reports to objectively quan-

tify the high-dimensional affective state itself.

Language is a powerful tool for both expressing and inducing affective states. In-
triguing stories, engaging conversations, and stirring speech all rely on the bilateral
connection between affective states and language. Language is also a deeply compu-
tational process, involving building complex, predictive models of the world based
on a rich understanding of how events and actions function [Heilbron et al., 2022,
Caucheteux et al., 2023]. We now possess tools capable of capturing these computa-
tional processes: neuroimaging can measure the brain’s internal states during language
comprehension, while LLMs explicitly model the predictive computations that under-
lie it [Vaswani et al., 2023]. This convergence raises the central question of this thesis:
if affective states are computational in nature, and language is a primary means of in-
ducing them, can we leverage the tools used to study the computations of language
to objectively measure and model the affective states themselves? In the following sec-
tions, we review existing methods on quantifying affective states, and introduce a body
of work that combines neuroimaging, cognitive tasks, and LLMs to take a step toward
this goal.
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1.2 The Gold Standard: Subjective Reporting Affective Expe-

rience

It is true that no one knows better how a person feels other than the person
themselves. So naturally, if one were to assess how someone is feeling, why
not just ask? Indeed, the gold standard for assessing a person’s affective
experience is through subjective self-report. — Through introspection and com-
munication, self-reports directly capture the conscious, subjective affective
experience, which is the brain’s constructed inference about the affective state
[Barrett, 2004, Cowen and Keltner, 2017, Robinson and Clore, 2002]. It is through
self-report that researchers have mapped the structured yet nuanced landscape
of emotion [Cowen and Keltner, 2017, Russell et al., 1989]. Subjective report is
embedded in decades of affective neuroscience research, including investiga-
tions into the structure of affect [Russell et al., 1989], the influence of emotion
on decision-making [Isen, 2001, Lerner etal., 2004], the mechanisms of emotion
regulation [Gross, 1998, Ochsner et al., 2002], the impact of affect on memory
[Bower, 1981, Talarico and Rubin, 2003], and the computational mechanistic investi-
gations of subjective feelings [Rutledge et al., 2014, Blain and Rutledge, 2020]. This
method is also the backbone of validated clinical instruments such as the Beck
Depression Inventory [Beck et al., 2011], the Positive and Negative Affect Schedule
[Watson et al., 1988], and the cornerstone of psychiatric diagnosis, the DSM-5-TR

[American Psychiatric Association, 2022].

Despite its foundational role, the validity of self-report is constrained by limitations
that arise from its nature as a complex constructive process rather than a simple read-
out of the internal affective state. The first limitations is its cognitive demand. Us-
ing fMRI and contrasting different aspects of self-reporting, Satpute and colleagues
[Satpute et al., 2013] argued that the process of self-reporting an affective experience
involves three systems: first, the dorsomedial prefrontal cortex was involved in direct-
ing attention toward affective responses and their attributions; second, the activities in
ventrolateral prefrontal cortex was related to verbal labeling; third, ventral anterior in-
sula and amygdala were linked to reporting of intensity. These regions have been found
to be associated with emotion regulation [Ochsner and Gross, 2005] and self-referential
processing [Northoff et al., 2006]. Further, ERP studies showed that the presentation
of emotionally salient stimuli elicited early negativity in posterior relating to attention
and late positive linked to evaluation[Schupp et al., 2006]. While the studies provided
insights on brain systems associated with self-report of affective experience, they are

constrained by a fundamental confound. By design, these experiments simultaneously
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elicit an affective state and engage the similar cognitive components required to report
it. This makes it difficult to disentangle the neural signature of the affective state itself
from the neural activity of reporting affective experience. Additionally, engagement
of this complex cognitive process can be considered very effortful (our experimental
examination on this is reported in Chapter 2). Consequently, the reliability and valid-
ity of this process thus is constrained and influenced by available cognitive resources,
such as time[Otto and Daw, 2019] and memory capacity [Sandra and Otto, 2018]. Fur-
ther, because of the need for attention and activate engagement, this process is not only
cognitively demanding, but also interruptive of the task at hand. Then an individual’s
ability to accurately and consistently report their affective experience is heavily influ-
enced by one’s ability to task switch, which will contribute to inter-personal variance
and reduce internal consistency. Both of the aforementioned cognitive factors are ex-
acerbated when self-report are administered frequently. In this case, there’s additional
burden of task-switching, potentially introduce more intra- and inter-individual vari-

ance.

Second, the process of self-report is susceptible to cognitive biases. Because intro-
spection is considered effortful, individuals may default to less cognitively demand-
ing heuristics, such as applying common or easily accessible labels even when their

affective state is complex or ambiguous [Kool et al., 2010].

Third, social pressures influence what individuals are willing to report. In clinical and
research settings that cover sensitive topics, the desire for favorable impression can
lead to the under-reporting of socially undesirable experiences [Sherman et al., 1975,
Walsh, 1969, King et al., 2018, Hart et al., 2019]. This is particularly detrimental in clini-
cal practice, where stigma may cause patients to conceal diagnostically crucial informa-
tion, such as suicidal ideation, thereby increasing risk of suicide [Cai et al., 2021]. This
is further complicated by individual differences in the ability to differentiate and label
emotions, as seen pathologically in alexithymia [Taylor et al., 2024].

Finally, and perhaps most fundamentally, the self-report process itself is subject to
measurement reactivity, which describes how the measurements can alter the state
being measured. Introspecting upon and labeling an emotion is not an affectively
neutral process. For example, Lieberman and colleagues found that the act of label-
ing affective experience was associated with increased activity in the right ventro-
lateral prefrontal cortex which, in turn, correlated with dampened amygdala activ-
ity [Lieberman et al., 2007]. Because the pathway is identified to be associated with
emotion regulation, this suggests that the process of reporting is neurally intertwined

with emotion regulation. Contradicting the assumption that because the administra-
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tion of self-reports is cognitively demanding, it could result in patient burden, recent
meta analysis showed preliminary intervention utility of self-reporting internal affec-
tive states in psychiatry, such as affect labeling and EMA [Torre and Lieberman, 2018,
Bell et al., 2017]. Regardless of the valence, self-report can induce change in affective ex-
perience. That is the cognitive processes involved in self-report of affective experience
nevertheless changed the very state they meant to measure. This confound challenges

the validity of the quantification of affective states via self-report.

Taken together, these limitations, the cognitive demands, susceptibility to bias, and in-
herent reactivity, can severely undermine the results of research using them and create
barriers for clinical practice. While acknowledging the utility of self-report, there is a
pressing need for a less cognitive demanding, more passive and direct way to objec-
tively assess or approximate internal affective states.

1.3 Objective Methods for Measuring Affective States

The limitations of self-report have motivated a long line of research in affective science:
the search for objectively quantifiable correlates of emotional experience. The main idea
is because affective experiences are not only subjective phenomena but also cognitive
processes that impose widespread influence in behaviors, physiology and neural ac-
tivities, therefore, by measuring signals relating to these objective changes, an indirect

assessment of the states might be possible.

1.3.1 Behavioral Correlates

Human behavior is a rich source of information from which one can infer affective
states. Early work focused on facial expressions, which can be viewed as the behav-
ioral output of heuristics for strategic social planning [Ekman et al., 1987]. However,
this approach is limited by a many-to-many mapping, as context heavily influences
the meaning of an expression [Barrett et al., 2019]. Mechanistic approaches offer an-
other path by using computational modeling to decompose decision-making. Frame-
works like Reinforcement Learning can phenotype maladaptive behaviors in dysregu-
lated affective states by showing how computational parameters, such as learning rates
or decision temperature, are systematically altered. In doing so, these models pro-
vide a powerful method for quantifying how an affective state functions as a heuris-
tic for strategic planning, systematically altering the parameters of decision-making
[Huys et al., 2015, Pike and Robinson, 2022].



27

Ekman and colleagues argued for a set of discrete and universal recognizable facial ex-
pressions that can be mapped onto different emotional categories [Ekman et al., 1987,
Ekman and Friesen, 1971]. In a 1971 experiment, Ekman and Friesen showed tribal par-
ticipants in New Guinea with limited exposure to modern culture associate the same
emotional concepts to the same facial behaviors as those who lived in both western
and eastern societies, indicating a universal association between emotional representa-
tion and facial expressions. Further, recent advancement with machine learning vision
models demonstrated impressive ability to analyze complex facial expression in real-
time and capture dynamic features rapidly to recognize affective states beyond basic
emotions [Arora et al., 2024]. That is, these data-driven models do more than simple
classification. Instead, they utilize the high-dimensionality to quantify the intensity
of an expression and the durations as well, providing a much richer estimation of the

quantified affective states.

However, using facial expressions as an objective proxy for affective states is limited
by a fundamental many-to-many mapping: a single expression can relate to numerous
states, and vice versa. This ambiguity is a critical drawback. Given that affective states
are not just simple reflexes but also highly nuanced, context-dependent heuristics for
navigating the complexities of the world. A measurement tool that lacks specificity fails
to capture the rich computational and cognitive differences between nuanced affective
states that might share a similar expressive appearance. This issue can be framed as a
need for contextual awareness, a facial expression can mean different affective states
in different situations or paired with different body language. Indeed, Barrett and
colleagues showed evidence for a variable and many-to-many relationship between
a facial expression and underlying affective states [Barrett et al., 2019]. For example, a
scowl is not a just a sign for anger but it can signify confusion, concentration, or even
just a reaction to bright light. Conversely, an angry person appears to be a neutral based
on facial expression because people might be in certain affective state but without mak-
ing any discernible expression. Further, individuals who are on the Autism Spectrum
might exhibit atypical or attenuated facial expression [Song and Hakoda, 2018]. In their
cases, an over-reliance on facial expression to assess affective states could lead to flawed

or erroneous conclusions.

Mechanistic approaches that use computational modeling provide a powerful method
for phenotyping individuals in different persistent affective states. Frameworks like
Bayesian Decision Theory elegantly reframe core symptoms of depression, not as sim-
ple lethargy, but as systematic changes to the parameters of decision-making. Pes-
simistic priors or a decrease in vigor can be rational if the rate of future reward is

estimated to be low [Huys et al., 2015]. Empirical findings support this view, show-
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ing that clinically depressed individuals have altered reward and punishment learning
rates [Pike and Robinson, 2022]. By capturing these stable, trait-like differences in how
individuals learn and make choices, differentiation of people in different persistent af-
fective state can be done. However, this strength in identifying persistent traits intro-
duces a rigidity. The method is optimized to detect stable patterns and is less suited for
identifying temporary, dynamic states. An individual experiencing transient sadness
after a loss might immediately exhibit decision patterns that temporarily mimic those
of clinical depression. This creates a risk of mischaracterizing. This limitation under-
scores the need for methods that can track the dynamics of affective states on a much

faster timescale.

1.3.2 Physiological Correlates

Affective states induce widespread changes in the body through the autonomic nervous
system. Physiological signals aim to capture these bodily signal, which correspond di-
rectly to the arousal component of the action tendencies proposed by early evolutionary
theories of affective state. This arousal reflects the body’s state of energy mobilization
and readiness to engage in adaptive behaviors. The methods reviewed below provide
a non-invasive and continuous objective index of subjective arousal, approximating af-

fective state.

Electrodermal activity (EDA), or galvanic skin conductance, tracks fluctuations in
skin conductance, which is directly related to sweat gland activity innervated by the
sympathetic nervous system (a branch of autonomic nervous system) [Boucsein, 2012].
This system is the primary pathway for mobilizing the body for action, making
EDA a sensitive index of the arousal that underpins action tendencies. EDA has
two components: the tonic Skin Conductance Level, representing general arousal,
and the phasic Skin Conductance Response, capturing event-related changes
[Dawson et al., 2007]. Empirical evidence shows both components increase during
affective experiences, particularly stress and emotional face processing (for Skin
Conductance Level: [Ferndndez etal., 2012, Wang et al., 2018]; for Skin Conduc-
tance Response: [Christopoulos et al., 2016, Banks et al., 2012, Khalfa et al., 2002,
Matejka et al., 2013, Nava et al., 2016]). However, these measures are not exclusively
affective. They are also elicited by any novel or task-relevant event, complicating
their interpretation as a pure measure of an emotional state’s action-oriented arousal
[Dawson et al., 2007].

Cardiovascular measures such as heart rate (HR) and heart rate variability (HRV) offer

another non-invasive window into the autonomic nervous system’s role in preparing
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the body for action. These metrics reflect the interplay between the sympathetic (mo-
bilizing) and parasympathetic (rest-and-digest) branches. While HR provides a gen-
eral index of arousal [Lang et al., 1993, Brosschot and Thayer, 2003], HRV is considered
a more nuanced marker of self-regulatory capacity and the flexibility to adapt an ac-
tion tendency to the situation [Lane et al., 2009, Zhu et al., 2019]. Lower HRYV, indicat-
ing reduced parasympathetic control, is linked to negative affective states and deficits
in emotion regulation, suggesting a body stuck in a state of high-arousal readiness
[Zhu et al., 2019, Appelhans and Luecken, 2006, Thayer and Lane, 2000]. However, like
EDA, these measures suffer from a critical lack of specificity. An accelerated heart rate
signals a high-energy action tendency, but it cannot distinguish the fight tendency of
anger from the flight tendency of fear or the approach tendency of joy.

Eye-tracking approaches assess visual attention, which is a key component of action
preparation. The core idea is that an affective state’s action tendency will systemat-
ically bias where and how long we look. Empirically, individuals with anxiety dis-
orders show an increased attentional bias towards threatening stimuli, which can be
interpreted as part of a readiness to respond to potential danger [Clauss et al., 2022].
Similarly, individuals with depression often exhibit sustained attention on negative
information [Duque and Vazquez, 2015]. Pupil dilation, another eye-tracking metric,
reflects autonomic activation and serves as a reliable correlate of arousal, similar to
EDA [Bradley et al., 2008]. Therefore, these measures suffers from the same drawback:
a change in pupil size signals an increase in the intensity of an action tendency, but it
could also reflect a non-affective change in cognitive effort or attention.

The fundamental challenge with these peripheral physiological measures is a problem
of mismatched dimensionality. Affective states are high-dimensional constructs, while
these methods capture low-dimensional correlates, such as the arousal component of
feelings. Attempting to map a complex psychological state onto a simple signal in-
evitably results in a massive loss of information. This explains the critical lack of speci-
ficity; distinct emotional states like fear and excitement are collapsed onto the same
point on the single dimension of arousal. Even when multiple physiological signals
are combined, they often reflect activity within the same underlying autonomic ner-
vous system. This system also showed correlation to non-affective processes, such as
effort exertion. Therefore, it is difficult to isolate variance unique to an emotional state.
Because affective experiences are neural states that originate in the brain, peripheral
physiological signals are therefore indirect, downstream reflections of this central ac-
tivity. To more fully capture the high-dimensional neurophysiological state, one must
turn to the source: the brain.
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1.3.3 Neural Correlates

Neuroimaging techniques like functional magnetic resonance imaging (fMRI) and mag-
neto/electroencephalography (M/EEG) offer the non-invasive means to measuring the
cognitively constructed affective state at its source. The thousands of data points from
voxels or sensors provide a high-dimensional signal space that is a much better match
for the complex nature of these states than low-dimensional physiological signals. This
approach aims for a granular characterization of the affective state, moving beyond
simple measures of arousal.

Early neuroimaging studies used a univariate approach, analyzing each brain region
independently to find the neural basis for the discrete categories of emotion proposed
by theories of basic emotions. This search for one-to-one mappings yielded influential
findings, such as implicating the amygdala in fear [LeDoux, 2002, Ousdal et al., 2008,
LaBar et al., 1998] and the insula in disgust [Phillips et al., 1997]. Meta-analyses further
linked specific regions to distinct emotions, such as the subcallosal cingulate to sadness
[Phan et al., 2002]. The promise of this localized view was attractive: if a consistent
neural signature for an emotion could be found, quantifying a person’s affective state
could be as simple as measuring activity in a specific brain region.

This simple mapping, however, was challenged by growing evidence of functional
heterogeneity. For example, evidence suggest that the amygdala also responds ro-
bustly to positive and novel stimuli, leading to a revised view of it as a more general
hub for detecting biological salience or relevance [Sander et al., 2003, Adolphs, 2008,
Ousdal et al., 2012, Cunningham and Brosch, 2012]. The definitive shift in perspective
came from large-scale meta-analyses that reported inconsistent neural correlates of
emotion, such that there is no evidence that any single brain region is exclusively
dedicated to processing a specific emotion [Kober et al., 2008, Lindquist et al., 2012,
Kragel and LaBar, 2016]. This body of neuroimaging evidence echoes the Psycholog-
ical Constructionist Theory on the distributed neural representation of affective states.
This view proposes that emotions, or more broadly affective states, are not biologi-
cally innate kinds but are constructed in the moment from the interaction of more ba-
sic, domain-general brain networks [Barrett, 2017b]. According to this framework, the
brain does not have a dedicated ”sadness circuit”, rather, the brain constructs an in-

stance of sadness by recruiting core cognitive networks in a context-dependent manner.

The shift from a localized to a distributed and constructed view of emotion necessi-
tated a more sophisticated analytical approach. Studies now employ a decoding ap-
proach when attempting to quantify affective experience with neural signal through
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Multivariate Pattern Analysis [Haxby, 2012, Norman et al., 2006]. This method lever-
ages information contained in the distributed patterns of activity across the entire
brain, treating each pattern as a high-dimensional data point. The core promise of
the decoding approach is to move beyond simply localized brain activity and begin to
make full use of the high-dimensional neuroimaging data to match the equally high-
dimensional affective experiences. Combining this approach with fMRI’s strength in
spatial resolution, studies showed viability of decoding self-induced emotional states
[Kassam et al., 2013], and picture induced affective states [Baucom et al., 2012]. With
EEG and its high temporal resolution, decoding of the temporal dynamic of affective
experiences is possible. Studies demonstrated successful EEG classifiers on decoding

movie-induced positive emotion labels [Du et al., 2023, Liu et al., 2018].

While these advanced decoding methods have shown that brain activity carries rich in-
formation about a person’s affective state, one key limitation remains. The constructive
nature of affective states means they are deeply intertwined with the cognitive context
in which they are elicited. For example, the recorded neural pattern of sadness elicited
by listening to a story consists of not only the neural representation of sadness, it is
a representation of sadness in the context of language and auditory networks engage-
ment. Similarly, recording the neural signal of fear induced by a threatening image
will actually result in neural correlates of the state of fear while engaging visual and
attentional networks. The high specificity of neuroimaging becomes a double-edged
sword: while it captures rich detail, the resulting neural decoders often learn the fea-
tures of the elicitation task as much as the features of the abstract affective state. This
raises the question, can a neural decoder trained to distinguish happiness from fear
using static pictures of faces be useful in identifying affective state elicited by listening
to a story or recalling a personal memory? The constructive nature of affective states
implies a great degree of contextual dependency, that is the neural pattern of sadness
might differ when it is induced by a sad story versus a surprise lost in gambling. This
context-specificity means that a decoder trained in one paradigm typically might fail to
generalize to another, presenting a major barrier to identifying a truly abstract, context-
independent neural signature of emotion. Experimental studies in the literature failed
to test whether their successful decoders can also generalized across context, a feat that

no assessment methods other than self-report can achieve.
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1.4 Integrating large language models, neuroimaging, and cog-

nitive task

The preceding review of measurement methods reveals a central dilemma in affective
science: a misalignment between the high-dimensional affective state and available
assessment tools. While self-report may be indispensable for capturing the subjective
and introspective aspects of an affective state, it has important inherent limitations:
the cognitive load [Ochsner and Gross, 2005, Northoff et al., 2006, Schupp et al., 2006,
Satpute et al., 2013], susceptibility to bias [Kool et al., 2010], dependence on will-
ingness and ability to report [Sherman etal., 1975, Walsh, 1969, King et al., 2018,
Hart et al., 2019, Caietal., 2021, Taylor etal., 2024] and measurement reactivity
[Lieberman et al., 2007, Torre and Lieberman, 2018]. These limitations preclude its use
as a continuous, non-intrusive tool for affective state assessment. Objective measures
from the body and brain, while promising, have been plagued by a fundamental
lack of specificity[Du et al., 2023, Liu et al., 2018, Baucom et al., 2012]. Therefore, it
is still unknown if they truly captured the neural affective states that can generalize
across different contexts. The ideal solution, therefore, is to develop a new form of
measurement, one which captures affective states and can be validated by its ability to

predict self-reported affective experience.

The desiderata for an ideal objective assessment of affective states could look as fol-
lows. First, it must be fast, with the capacity to track the dynamics of emotional
states on a rapid timescale. While periodic questionnaires might be appropriate for
mood state assessments, the event-elicited emotional states can change within seconds
[Kragel et al., 2022]. For example, a surprise reveal in a story might drastically alter
the listener’s emotional state quickly [Gagne and Dayan, 2023]. Therefore, this tempo-
ral precision is necessary to capture the dynamics of the event-driven emotional states,
which cannot be adequately assessed with periodic self-report. Second, the measure
must be passive and non-interruptive. It should operate in the background, allowing
for the continuous assessment of affective states during complex, ongoing cognitive ac-
tivities without consuming valuable cognitive resources or altering affective states in
the process. Finally, and most critically, the affective states determined by the objective
assessment must be highly correlated with self-reported ones. To be considered a valid
proxy for internal experience, it must demonstrate that the objective signal it captures
is meaningfully and reliably correlated with the “ground truth” of a person’s reported
feelings.

Below, we propose a method that combines the strengths of LLMs, cognitive tasks and
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neuroimaging in an effort to take a step toward an objective assessment of affective
states that is fast, passive, and predictive of self-reported states. LLMs represent a ma-
jor technological advancement in recent years. These transformer models are trained on
enormous natural language corpora [Vaswani et al., 2023, Touvron et al., 2023]. They
are not only able to generate text but also to perform a range of sophisticated tasks
by utilizing the many complex and meaningful latent structures that exist in lan-
guage [Vaswani et al., 2023, Kumar et al., 2024, Lopopolo et al., 2024]. Furthermore,
when guided, LLMs can generate text that captures some features of text produced by
individuals with depression, suggesting that LLMs can mimic affective states represen-
tations in the semantic space [Onysk and Huys, 2025, Low et al., 2020]. These emergent
abilities suggest that LLMs are not merely engineering tools for text manipulation, but
may also serve as powerful computational models for human cognition.

The core of this thesis builds on the notion of emotional states as metareason-
ing strategies, which helps address the problem of optimally allocating finite
cognitive resources.[Russell and Wefald, 1991, Ackerman and Thompson, 2017,
Huys and Renz, 2017] In a world where computations are free, a rational agent
would allocate all of its available resources, such as attention, memory capacity, or
time, to solve any problem at hand. That means engaging in the most deliberative
decision strategies to maximize desirable outcomes, such as exhaustive tree search
[Kaindl, 1990], where the agent will simulate all outcomes of all possible actions in a
state. However, for humans, this maximizing solution is computationally intractable
[Huys and Renz, 2017]. There are simply too many possibilities to evaluate in real life,
extensive opportunity costs, and very limited cognitive resources available. In fact,
given the limitations on capacity and time, deliberative strategies are often sub-optimal
because their computational cost is too high. Our brain must therefore rely on approxi-
mations or decision heuristics to take resource efficient actions. Given emotional states’
vast influence on cognitive processes and their ability to integrate past experiences,
they could act as neurocomputational heuristics that solve the resource allocation
problem by rapidly reconfiguring cognitive priorities in response to an appraisal of
the situation. The feeling of anxiety, for instance, is not just a subjective state but a
rational strategy aimed at mitigating uncertainty [Grupe and Nitschke, 2013]. One
might enter this state after experiencing consecutive unforeseeable negative events.
Under the anxiety strategy, attention is allocated to sample and plan for potential
unfavorable outcomes, the likelihood of negative outcomes might be perceived as
higher, and the threshold for taking risky action is increased. This metareasoning
perspective does not discard existing emotion theories but rather reframes them in
computational terms. For instance, the process of cognitive appraisal can be seen as the
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rapid evaluation that determines which metareasoning strategy is the appropriate one
to deploy. The core set of Basic Emotions can be understood as evolutionarily ancient,
highly effective strategies for solving recurring and critical survival-related resource

allocation problems, such as those involving threat, loss, or reward.

The adaptive value of these emotional strategies is grounded in a fundamental sta-
tistical property of the natural world: temporal consistency [Diener and Larsen, 1984].
Consecutive events are not independent. Rather, the recent past is often the best pre-
dictor of what is to come in the immediate future. An emotional state can act as the
mechanism to capture and leverage this environmental regularity by imposing a stable
cognitive decision strategy over time. It represent the past through active appraisals
of the recent past, weighted by recency and significance, to bias behavior and provide
action tendencies that are appropriate for the current context. This same principle is
precisely what allows predictive models like LLMs to excel. The statistical structure
of language, where past words provide powerful context for future ones, mirrors the
temporal structure of events in the world. A powerful computational parallel to this
process exists at the core of the LLMs” underlying modeling structure: the attention
mechanism [Vaswani et al., 2023], which enables LLMs to achieve long-distance con-
ceptual consistency. When predicting the next word, the self-attention mechanism al-
lows the model to dynamically weigh the importance of all prior words in the context,
no matter how far back they appeared. This creates an internal representation that is
exquisitely sensitive to context and maintains a coherent thread of meaning over long

passages.

The temporal consistency that an affective state imposes on human cognition may be
statistically related to the conceptual consistency that the self-attention mechanism im-
poses on language generation in LLMs. The sensitivity of human affect to external
stimuli, such as emotional responses to movies, is analogous to how a transformer’s in-
ternal state is dynamically shaped by its input context. Both are fundamentally systems
for integrating the past to make sense of the present and guide predictions about the
future. This computational analogy allows us to construct a framework for objective af-
fective measurement, one designed specifically to address the critical challenge of gen-
eralization. The central hypothesis is that the long-range contextual dependencies that
LLMs captures during the processing of narratives can serve as a high-dimensional,
abstract, and context-sensitive proxy for the human affective state. The ultimate test
of this framework will be to determine if this objective model of the state can reliably

predict the self-reported affective experience, even across different contexts.

While this framework can in principle be applied to all affective states, the work in
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this thesis will focus specifically on emotional states. Mood, conceptualized as tracking
long-range average of recent outcomes [Eldar et al., 2016], might be misaligned with
LLMs in terms of timescale and ineffectively elicited by the event-driven structure of
cognitive tasks. Core affect, while fundamental, is an intentionally low-dimensional
construct defined by valence and arousal. Attempting to map the high-dimensional
representations from a large language model onto such a simple space would severely
underutilize the LLMs’ strengths. Emotional states, in contrast, are both event-oriented
and high-dimensional. Their granular and context-specific nature provides a perfect
match for the nuanced, high-dimensional semantic space that LLMs are designed to
capture, making them the ideal target for this investigation.

To elicit these rich emotional states, we employed cognitive tasks and naturalis-
tic stories. The constructive, appraisal-based view of emotion suggests that emo-
tional states are not simple reactions, but are built from the evaluation of com-
plex, evolving events in relation to one’s goals. Simple, static stimuli are insuffi-
cient to evoke the granular emotional states, such as remorse or admiration. Rich,
event-driven tasks by contrast, mimic the structure of real-world scenarios. They
present a continuous stream of events that engage the appraisal and constructive
processes, making them the ideal method for eliciting emotional dynamics. Natu-
ralistic stories are similar to cognitive tasks such that they demand listeners’ atten-
tion and predictive processes [Ryskin and Nieuwland, 2023], which are in alignment
with what LLM does during stories. Therefore, these two methods of inductions
are perfect for this. Naturalistic stories engage the same predictive processing mech-
anisms in the listener that are fundamental to the attention mechanisms of LLMs
[Heilbron et al., 2022, Caucheteux et al., 2023]. Joint use of these two emotion eliciting
methods creates a tight alignment between the elicitation method and the proposed

framework.

This integrated framework is more than just a novel method for quantification, it can
also provide insight on fundamental questions in affective neuroscience. The high-
dimensional nature of the LLM-derived affective states label provides a quantitative
testbed for theories that have been difficult to probe. For example, it allows for a for-
mal investigation of emotion granularity. We can ask whether fine-grained states, like
nostalgia and admiration, occupy distinct neural representation across contexts. This
thesis work takes a step toward bridging the gap between subjective experience and
objective measurements, opening up new avenues for understanding both healthy and

disordered affective processing.
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1.5 Thesis Overview

This dissertation is structured as a multi-stage investigation to develop the proposed
computational linguistic framework and rigorously test its neural validity and general-
izability.

Chapter 2 showed two online studies that use self-report to investigate how subjective
happiness is influenced by cognitive effort, task difficulty, cognitive effort efficacy and
choice. This work establishes a baseline affect-cognition link but also suggests that self-
reported happiness in these contexts may reflect a narrow, meta-reasoning mental state

tied to task performance rather than a generalized affective experience.

Chapter 3 demonstrated the development of a novel quantification pipeline that uses
LLMs and a Hidden Markov Model to transform raw text of narratives into a continu-

ous, word-by-word time series of multi-dimensional emotional state labels.

Chapter 4 establishes the emotional state labels have within label neural consistencies
and that they correspond to distinct patterns of MEG activity.

Chapter 5 describes the design and validation of a battery of non-linguistic cognitive
tasks, involving math, prisoner’s dilemma, gambling, and navigation. This chapter
shows that these tasks reliably elicit a wide range of self-reported emotional responses,

paving ground for the stringent generalization tests in the final chapter.

Chapter 6 presents the empirical test of the dissertation’s main hypotheses. Using data
from participants who listened to stories and performed the cognitive tasks, MEG neu-
ral decoders were trained on the story data using the LLM-quantified labels. We then
conduct a test of within-modality generalization on held-out stories and a test of cross-
modal generalization on cognitive task data. The aim of this final stage is to empirically
examine whether this framework can identify a truly abstract, context-independent
neural signature of emotional states, or if, as constructionist theories predict, the neural

representation of affect remains anchored to its eliciting context.

Finally, chapter 7 discusses the findings, suggesting that they provide valuable insight
into the neural representation of emotional states and important implications for future

work on their objective quantification.



Chapter 2

Cognitive effort has a negative
impact on subjective happiness

2.1 Introduction

Whether we plan our wedding, think through a problem or engage in fun activities,
our brain has to perform complex computational operations. Such neural compu-
tations incur a variety of costs. While devoting our neural machinery to one prob-
lem, we forego opportunities that may have been reaped by focusing on alterna-
tives. Furthermore, neural computations incur hard energy costs. Whether to en-
gage in neural computation is hence a complex problem, one that requires potential
gains to be traded off against potential costs [Russell and Wefald, 1991]. Indeed, hu-
mans appear to be sensitive to cognitive effort costs, and often avoid cognitive ef-
fort both implicitly (e.g. [Huys et al., 2012, Callaway et al., 2022]) and explicitly (e.g.
[Vogel et al., 2020, Inzlicht et al., 2018, Botvinick et al., 2009, Westbrook et al., 2013]). In
fact, individuals can show preference for pain over a task demanding a high level of
cognitive effort [Vogel et al., 2020]. This strong level of avoidance suggests that expend-
ing cognitive effort, or the prospect of doing so, is both implicitly and explicitly un-
pleasant and punishing in some form [Aw et al., 2011, Mintz, 2010, Grezes et al., 2021,
Ellis et al., 2022, Het and Wolf, 2007].

However, this simplistic view of cognitive effort as computationally costly and aver-
sive belies a more complex picture. First, the experienced feeling of expending cog-
nitive effort does not necessarily reflect true energetic costs. The amount of calories
consumed during a cognitive task is negligible [Kurzban, 2010], and measures of brain
blood glucose do not change with extensive cognitive effort [Madsen et al., 1995]. The
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experienced feeling of cognitive effort rather appears to reflect a subjective and biased
assessment of the value of resource investment [Shenhav et al., 2017].

Secondly, studies on work productivity and sports training have also shown that
people seek out and appear to enjoy effortful activities, ranging from mountain
climbing to a variety of intellectual pursuits [Wang et al., 2017, Inzlicht et al., 2018,
Kurniawan et al., 2013, Shenhav et al., 2017]. Here, the expenditure of cognitive ef-
fort, and the prospect of doing so, are associated with a positive affective experience.
Although, in part, this may arise when the immediate costs of cognitively effortful
behaviors are offset by the promise of longer-term or alternative rewards. For in-
stance, during the effortful process of planning, current expenditure of cognitive ef-
fort is associated with expected gain in future reward [Ho et al., 2022, Ferstl et al., 2022,
Daw et al., 2011]. In social situations, individuals might opt to engage in cognitively
effortful pro-social behavior to pursue better social outlook or others” reciprocation
[Batson, 1987, Godman et al., 2014, Vaish et al., 2016]. Indeed, planning tendencies re-
duce when without longer-term benefits [Kool et al., 2016, Callaway et al., 2022], and
individuals reduce their pro-social behavior with increasing cognitive effort demands
[Lockwood et al., 2017].

Lastly, there are strong suggestions of a bidirectional relationship between
mood and effort. On one hand, mood clearly affects willingness to ex-
ert cognitive and physical effort. In the extreme, psychopathological states
such as mania feature increased willingness to expend cognitive and physical
effort.[American Psychiatric Association, 2013].  Similarly, low mood and patho-
logical states such as depression reduce the willingness to exert cognitive and
physical effort [Anderson et al., 2019, Ganesan, 2020]. Indeed, fatigue and diffi-
culties in concentration are diagnostic symptoms of depression, and both speak
to a reduced propensity to expend effort [American Psychiatric Association, 2013].
Outside of psychopathology, studies have shown that experimentally induced mood
impacts cognitive effort expenditure as well [Treadway etal., 2009, Joana, 2009,
Brinkmann and Gendolla, 2008, Gendolla and Kriisken, 2002]. On the other hand,
while mood states are responsive to appetitive and aversive events [Philip, 1971,
Diener et al., 2009, Grosscup and Lewinsohn, 1980, Stone and Neale, 1984], it is
unknown how cognitive effort influences mood at the moment of expenditure.
There is strong evidence for the influence of appetitive events on mood, and current
evidence suggests that momentary mood reflects the statistics of recent rewards
[Keren et al., 2021, Liuzzietal,2021]. Considering that cognitive effort is both
aversive and closely linked to reward, one could speculate that cognitive effort itself

should have an impact on mood.
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Furthermore, there is a question as to what the direction of this effect might be.
As mentioned above, both a positive (mood-enhancing) direction, and a negative
(mood-lowering) direction are conceivable. To our knowledge, this has not been
examined. While previous studies examined how cognitive effort changes affec-
tive experience [Ferstl et al., 2022, Robinson and Morsella, 2014, Erber and Tesser, 1992,
Larsen et al., 1986, Larsen and Berenbaum, 2014, Sonnentag and Grant, 2012], there are
no parametric manipulations of cognitive effort while assessing momentary mood in

an experimental setting.

Here, we therefore examined the impact of parametrically varied cognitive effort de-
mand on the momentary affective experience at a fine temporal scale. Specifically, we
were interested in how changes in cognitive effort exertion over time relate to temporal
fluctuations in affective states.

To examine the impact of cognitive effort, we combined this momentary mood assess-
ment with a letter sorting paradigm commonly used for the study of the neurobiology
of cognitive effort [Jansma et al., 2006]. This task allowed a parametric manipulation
of cognitive effort by varying short-term memory load. The combination of these two
tasks allowed us to study how variations in cognitive effort impact on momentary af-
fective states.

2.2 Methods

2.2.1 Ethics approval

The experimental protocol was approved by the National Institutes of Health Office of
Human Subjects Research Protection (Protocol Number: P194594).

2.2.2 Tasks

Two cognitively demanding tasks were used to investigate the effects of cognitive
effort, as indexed by difficulty, on momentary mood. In both tasks, we asked
participants to perform letter sorting tasks with varying difficulty and report
their trial-by-trial mood ratings. A large body of literature also demonstrated
the influence of reward processes on affective experience [Rutledge etal., 2017,
Rutledge et al., 2014, Keren et al., 2021, O’Callaghan and Stringaris, 2019]. Re-
ward process is also closely linked to the motivation to expend cognitive effort
[Fromer et al., 2021, Yang et al., 2014, Massar et al., 2018]. Therefore, we also included
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an explicit manipulation on reward magnitude as a control condition to account
for possible reward effects. In both tasks, participants were asked to respond with
keyboard and provide happiness rating with mouse.

Multi-Attempt Letter Task

Alphabetize... attempts
CDAEZ X
e
How ha are you
After alphabetization, = hF;F:‘y ” y
Duration: What’s the position of... 19 oW ¢
Square root of
the number of E
ltters HHHHHHHHHH
Unhappy Happy
>
v

Figure 2.1: The Multi-attempt Letter Task. In each trial, participants viewed a string of
letters of length n for \/n seconds, such that participants had more time to encode the
letters in more difficult conditions. Participants then had to mentally order these letters
alphabetically and were asked to respond about the position of one specific randomly
chosen letter. For all conditions, participants had 3 seconds to make a response. The
difficulty of each trial was manipulated by the length of the string presented on that
trial, number of letters (n; ranging from 3 to 9) . Feedback was provided after each
response. If the response was incorrect, participants were returned to the same prob-
lem for up to a maximum of 10 attempts. After 10 failed attempts, the trial would end
without bonus points being awarded. If the response was correct, participants saw the
bonus points earned. The magnitude of the bonus points ranged from 30 to 90 in 10
increments. If no responses were provided, the trial is counted as missed and partici-
pants would proceed as if it was incorrect. At the end of each trial, participants were
asked to self-report their momentary mood level using a visual-analog scale ranging
from 0 to 10 (0 labeled unhappy and 10 labeled happy), as done in previous work
[Rutledge et al., 2014, Keren et al., 2021, Liuzzi et al., 2021, Rutledge et al., 2015]. The
visual-analog scale reseted each trial and provided no starting point and registers in-
put as participants click on one of the ticks. Participants had 5 seconds to provide their
momentary happiness ratings.

An overview of the Multi-attempt Letter Task is shown in Fig. 2.1. There were 168 trials,
each with a unique strings. The difficulty and reward magnitude were fully random-
ized and temporally orthogonal to each other, such that the participants experienced

the full range of reward magnitude for each level of difficulty.
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You got 1/ 15 correct.

Your accuracy rate is 6.7%

Figure 2.2: An example of the feedback on participant performance in the Single-
Attempt Letter Task.

Single-Attempt Letter Task

The Single-Attempt Letter Task was identical to the Multi-Attempt Letter Task except
that, as the name suggests, participants were allowed only one attempt for each trial.
In addition, the task also only provided sparse performance feedback. Feedbacks were
only provided randomly on a total of 7 trials, with a between feedback interval ranging
from 15 and 45 trials in 5 increments. Feedback consisted of both percentage and counts
of correct trials (Fig. 2.2). To ensure identical overall duration between the Single-
Attempt and the Multi-Attempt Letter Tasks, the number of trials was increased to 210.
The Single-Attempt Letter Task was preregistered prior to data collection and analysis
(osf link).

2.2.3 Participants and Procedure

Participants were recruited through online recruitment platforms Amazon Mechani-
cal Turk (MTurk) [Amazon Inc, 2023] and Prolific [Prolific Inc, 2023] following standard

online recruitment protocols [Aguinis et al., 2021, Mortensen and Hughes, 2018].

Before their participation, recruited individuals were presented with informed consent
on a web page, where they must fully read and agree before continuing. Because both
MTurk and Prolific mask personally identifiable information, including email, and that
we only collected behavioral responses and no clinical assessments, our studies were
determined to be exempt from institutional review board review by the National Insti-
tutes of Health (NIH) Office of Human Subjects Research Protections. The protocol on
the consent processes and collection of behavioral responses was approved by the NIH


https://osf.io/st4z5/?view_only=4dd96cafbb8048059f6e021834d0307d
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Office of Human Subjects Research Protections.

At the beginning of the study, participants were first instructed on the task design
and that their bonus earning would be correlated with their task performance. Par-
ticipants were reimbursed for their time via respective recruitment platforms, along
with a performance-based bonus payment (later assigned). For the Multi-Attempt Let-
ter Task, 119 participants were recruited and 109 completed the full experiment. For
the Single-Attempt Letter Task, we recruited 360 participants who had not participated
in the Multi-Attempt Letter Task previously. 330 completed the full experiment.

2.2.4 Inclusion and Exclusion

We excluded participants based on three criteria:

1. Percentage of missing data: a trial was considered missing if no response was
provided within the time limit. In the case of the Multi-Attempt Letter Task,
where multiple attempts were allowed, a trial was considered missing if all 10
attempts had no responses. A percentage was calculated based on the number of

trials missed and participants who missed more than 20% were excluded.

2. Number of consecutive identical key-presses: the number of consecutive key-
presses was defined as the number of repetition of the same key. A high number
of repeated key-presses was indicative of a lack of engagement. Thus, we ex-
cluded participants who had consecutive identical key presses on more than 10%
of the total trials.

3. Probability of the average number of errors per trial / accuracy count: for par-
ticipants who were actively engaged, they should perform better than chance in
this task. To determine if a participant was performing better than chance, we
implemented a simulation-based method to generate synthetic behaviors as if re-
sponses were made randomly. Based on the probability density function of gen-
erated data, we calculated metrics that a participant needed to exceed to be con-
sidered statistically unlikely that they were providing answers randomly (signifi-
cance level = 0.05). Because each task has different design elements, we employed
different metrics for each tasks. For the Multi-Attempt Letter Task, the metric was
the average number of errors per trial, and its threshold was 5.23. For the Single-
Attempt Letter Task, the metric was total accuracy count, and the threshold was
49.
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Using these criteria, we included 107 participants in the Multi-Attempt Letter Task sam-
ple and 206 participants in the Single-Attempt Letter Task sample. For detail break
down of the count of excluded participants based on criteria, see Table. 2.1. The seem-
ingly high count of exclusion in the Single-Attempt Letter Task is partially due to that
some participants had lower than acceptable frame rates. An update in the online ex-
periment hosting platform consisted a bug that reduces frame rate for certain machines.
100 out of the 124 excluded participants had lower than 10 frames per second, which
could potentially has effect on participants” performance. In comparison, only 1 partic-
ipants in the whole Multi-Attempt Letter Task sample, which was not affected by this
bug, had lower than 10 frames per seconds.

Completed Missing Repeat Performance % excluded

Multi-Attempt Letter Task 109 0 1 1 2%
Single-Attempt Letter Task 330 51 4 69 37%

Table 2.1: Breakdown of the excluded participants based on criteria. "Missing” rep-
resent criteria 1: percentage of missed responses; “Repeat” for criteria 2: Number of
consecutive identical key-presses; and “"Performance” for criteria 3: Probability of the
average number of errors per trial / accuracy count. If a participant matched multiple
criteria, they would be only counted once.

2.2,5 Data Analysis

We calculated Pearson correlation to investigate the association between difficulty (n)
and number of errors (e, number of repeats before a correct response). We calculated
the correlation estimate, test statistics and probability using the cor.test function in the
R (version 4.1.3) stat package [R Core Team, 2020]. To examine to what extent trial-
by-trial mood ratings m could be predicted by preceding trial events we built lin-
ear mixed-effects regression models using the Ime4 [Bates et al., 2015] package from
R [R Core Team, 2020]. We built four linear mixed effects models as follows. The full
model explained the mood m; ; reported by subject i on trial ¢ as:

my; = (o + Boi) + (o + Bi)nei + (e + Bei)eri + (oo + Bri)rei + (or + Bri)t + €,4(2.1)

where n; ; is the i"th subject’s difficulty level on trial ¢, e;; indicates whether the trial
was an error (1 = error, 0 = no error), r;; indicates reward bonus obtained on that trial.

Fixed effects are denoted by a and random effects varying for each subject by 3. Three
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component models were examined, containing either difficulty, error or reward terms
in addition to the intercept (a, o) and time passage effects (o, 3;), such as the mood
drift over time effect [Jangraw et al., 2023]. In each model, mood ratings were the de-

pendent variable, and task conditions were independent variables.

To examine the effects of task events in the Single-Attempt Letter Task, we constructed

another similar model:

my; = (oo + Boyi) + (an + Brji)nei + (ax + Bai) A + (ap + Bra) fri + (o + Bra)t + €,4(2.2)

where the term f;; indicates the magnitude of performance feedback (in percentage),
At,i indicates the number of trials passed since last feedback was displayed. We in-
cluded the f}; and \;; terms to capture the effect of feedback as well as its temporal

influence on momentary mood.

Because we did not include measure of cognitive effort that’s uncorrelated with dif-
ficulty, it is possible that any task manipulation effects on mood we observed could
potentially due to only difficulty and not cognitive effort. In attempt to disentangle this

issue, we employ the following explorative analysis. First, we assume the following;:
Pcorrectness = f(difficulty, cognitive effort exertion, time-related factors, noise) (2.3)

Under this assumption, the probability of someone correctly perform the letter sorting
task is a function of how difficult the trial is, how much cognitive effort they have
exerted, how much one learn, how tired they are, and other factors that are time-related.
Then, we constructed a correctness predicting logistic regression model with number
of letters, square-root of number of letters, trial, trial interact with number of letters as
predictors. The residual of such model could be a noisy representation of the difficulty
independent cognitive effort exertion. We further include this correctness residual in

our mood predicting model (as mentioned above):
mii = (a0 + Poi) + o+ (g + Byi) e + € (2.4)

where the 7, ; represents the correctness residual for a given trial and participant. We
only applied this model to trials where participants responded correctly as the incorrect
trial will violate our assumption, i.e. we do not know if the residual would represent
(the lack of) cognitive effort expenditure for incorrect trials.

All models included trial number as a predictor to capture time-related mood changes.

Tests for linearity are shown in the supplemental results.
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The fixed effect size d was estimated as:

A
Orand T Ofes
where Ay is the difference between the means, 0%, is the random effects and o2, the

residual variance.

2.3 Results

2.3.1 Baseline Mood

To ensure that our samples did not contain a disproportionately high number of de-
pressed or elated individuals, we first calculated the summary statistics of the baseline
momentary mood rating collected prior to the task, and conducted two tailed t tests on
whether the true mean of the ratings is different than average (ratings = 5). Addition-
ally, we also conducted a non-paired two sample t-test on the rating difference between
the two sample. We found that our participants had reported significantly higher than
average momentary mood ratings and that there is no significant difference in starting
mood between the two samples. The descriptive and t-test statistics are summarized in
the table below:

Sample N 1stQu. Median Mean 3rd Qu. t D.E. P

LT 107  5.040 7.070 6.904 8.890 8574 104 < 0.001
LTSF 210 6.100 7.980 7.472 9.020 11.966 209 < 0.001
Difference 0.175 206 0.861

Table 2.2: Summary statistics and one tailed t test results for the Multi-Attempt Letter
Task and the Single-Attempt Letter Task samples. The summary statistics include the
1st quartile (1st Qu.), median, mean, and 3rd quartile (3rd Qu.).

Therefore, we conclude that our two samples were equivalent in terms of baseline
mood. Although, it does suggest that, in both of our samples, participants on aver-
age have elevated mood to begin with.

2.3.2 Multi-Attempt Letter task

We first performed a manipulation check and examined whether longer strings were
indeed more difficult and led to more errors. Figure 2.3B shows that a higher number
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of letters n indeed led to a higher number of errors e (correlation estimate = 0.225, 95%
confidence interval (C.I.) = [0.211, 0.239], ti7617 = 30.69, p < 0.001), suggesting that
longer strings were more difficult for participants to order alphabetically. This is also
confirmed by a mixed linear effects model, using n, ¢ and their interaction to predict
e. We found that, controlling for ¢, higher n leads to more errors (estimate = 0.977, std.
error = 0.049, t106 = 19.366, p < 0.001, effect size = 0.746). We did not find a significant
interaction between n and ¢ (estimate = 0.025, std. error = 0.064, t135 = 0.395, p = 0.693,
effect size = 0.019)).

Next, we examined which aspects of the trials influenced momentary mood ratings.
The component models showed that number of letters (n), errors (e), and reward (r)
were individually associated with the mood ratings (Table 2.3, figure 2.3A). Impor-
tantly, while reward had a positive effect, both difficulty and errors had a negative
effect. The effect of time was always negative, such that with increased in trial number,
self-reported trial-by-trial mood rating decreased, which is consistent with previous

studies showing a mood drift effect in task [Jangraw et al., 2023].

However, number of letters (n), error (e) and reward term () were partially correlated,
in part by design. To control for this, we examined the full model containing all effects
(Eqn. 2.1).

This model showed that while the error and the reward terms remained significant pos-
itive and negative predictors of momentary mood, respectively, the number of letters

term was no longer significant (Table 2.3).

Model R rginat Rionditiona  Effect Estimate t-value p-value Effect size
Difficulty 0.023 0.827 n -0.300 -5.823  <0.001 0.082
t -0.894 -4.815 <0.001 0.244
Error 0.040 0.859 e -0.784 -8.705  <0.001 0.207
-0.970 -5.313  <0.001 0.256
Reward 0.027 0.840 r 0.491 6.193 <0.001 0.135
t -0.917 -4.965 <0.001 0.253
Full 0.043 0.873 0.028 0.662 0.509 0.007

-0.758 -8.538  <0.001 0.203
0.417 5.679  <0.001 0.111
-0.974 -5.337  <0.001 0.260

+~ 3 0o 3

Table 2.3: Linear mixed effect models predicting trial-by-trial mood ratings. n denotes
the difficulty or number of letters; e indicates the number of errors; r represents the
reward magnitude; t is the trial number. The degree of freedom for all the independent
variables in the models is 104.
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Figure 2.3: Multi-Attempt Letter Task Results. A): The estimated fixed effects of number
of letters (n), number of errors (e), reward magnitude (r), and trial (¢) on trial-by-trial
mood rating. Each data point represents the estimated random effects varying for each
subject. Error bar illustrates the standard error of the mean. B): Number of error (e)
for difference levels of number of letters (n). Longer strings were more difficult. The
number of errors increased with the length of the letter strings. Dots show the mean
number of errors for each participant for a particular number of letters.

2.3.3 Single-Attempt Letter Task

In the first version of the task, the effect of cognitive effort appeared to be accounted
for by the more frequent experience of accuracy negative feedback. However, this may
have been a statistical artifact due to issues of collinearity, such that participants both
made increased number of errors and experience higher degrees of cognitive effort in
more difficult trials . To test this, we designed a new version of the letter task with
sparser feedback that allowed a better distinction between the negative impact of cog-

nitive effort and negative accuracy feedback on mood.

Participants” accuracy rate in the sparse feedback version was again lower in trials with
more letters (higher n) (Figure 2.4B). This was confirmed by a mixed effects logistic re-
gression model, showing that the effects of number of letters on trial-by-trial accuracy
is significant (estimate = -0.484, std. error = 0.028, z = -17.145, p < 0.001, effect size =
0.484), controlling for trial number (¢). We also identified a significant negative interac-
tion between number of letters and trial number, such that participants” accuracy were
lower later in the task (estimate = -0.063, std. error = 0.013, z = -4.957, p < 0.001, effect
size = 0.063).
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To investigate if participants” accuracy is impacted by the joint effect of time-in-task and
difficulty, we included an interaction between trial number and number of letters. The
mixed effects logistic regression model also revealed a significant negative interaction
(estimate = -0.061, std. error = 0.013, z = -4.831, p<0.001, effect size = 0.061), such
that trial-by-trial accuracy is even lower in later and more difficult trials. These effects

persist even after adjusting for chance probability of each difficulty level (Figure 2.4C).

With the removal of trial-by-trial feedback in this task, we found that difficulty (n) was
a significant negative predictor of momentary mood, (Table 2.4, Figure 2.4A). We also
examined the effect of the sparse feedbacks (f) on momentary mood. Mood ratings
were lower after feedback regardless of its valence. It is important to note that 64.63%
of the feedback showed below average accuracy rate. However, participants” mood
slowly recovered from the negative impact of feedback afterwards, as indicated by the

significant positive effect of the term number of trial since last feedback ()).

Model R}, ina Rionditionar Effect Estimate t-value p-value Effect size
Full 0.005 0.875 n -0.168 -7.826  <0.001 0.166
f -0.174 -2.449 0.015 0.172
A 0.028 2.510 0.013 0.027
t -0.146 -3.645 <0.001 0.144

Table 2.4: Linear mixed effect models predicting trial-by-trial mood ratings. n denotes
the difficulty or number of letters; f indicates whether performance feedback was dis-
played; A represents the number of trials elapsed since last feedback was displayed; ¢ is
the trial number, which we use to infer the mood drift over time effect and time in task
effect. The degree of freedom for all the independent variables in the models is 209.

To disentangle the effects of task difficulty and cognitive effort on mood, we imple-
mented a logistic regression model predicting correctness. Our model showed that

indeed all predictors were statistically significant (Table 2.5).

We extracted the residual from the correctness model and included as another inde-
pendent variable in predicting happiness rating in correct trials only. We showed that
the correctness residual, which is a noisy representation of task difficulty independent
cognitive effort expenditure, still showed negative impact on mood.

2.4 Discussion

We examined the relationship between cognitive effort and momentary mood. In two

tasks, a parametric increase in the exertion of cognitive effort reduced momentary
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R2

conditional

Model R?

‘marginal

Correctness 0.079 0.251

Effect Estimate z-value p-value

n -8.800  -13.168 <0.001
n? 5.723 -12.941  <0.001
t
n

5919 7956  <0.001
it -5.351 -5.123  <0.001

Table 2.5: Linear mixed effect models predicting trial-by-trial mood ratings. n denotes
the difficulty or number of letters; n? indicates the square root of n, included to capture
non-linear effects of difficulty; ¢ is the trial number, which we use to infer the mood
drift over time effect and time in task effect. the n : ¢ interaction was included to
capture potential learning effect

R2

conditional

Model R?

marginal

Full+Residual 0.011 0.908

Effect Estimate t-value p-value

-0.211 -2.045 0.042
1.182 3.229 0.001
-0.743 -3.411  <0.001
1.070 3.020 0.003
T A -1.727 -2.485 0.014
-3.802 -5.310  <0.001

e a2 = 3

Table 2.6: Linear mixed effect models predicting trial-by-trial happiness ratings. This
model only applied on trials where participants had answered correctly. n denotes the
difficulty or number of letters; f indicates the magnitude of performance feedback; v is
the residual extracted from the correctness model (see Table 2.5); A represents the num-
ber of trials elapsed since last feedback was displayed; f : A interaction was included to
capture the feedback magnitude effect that progressed with time; ¢ is the trial number,
which we use to infer the mood drift over time effect and time in task effect. The degree
of freedom for all the independent variables in the models is 209.
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mood. In the first study, increased cognitive effort led to an increase in errors, and sub-
sequent repeat of the same trial. Therefore, in this task, effort was partially confounded
by other factors such as duration, negative feedback and possibly fatigue. These con-
founds were removed in the second study allowing a direct estimate of the impact of
cognitive effort on momentary mood. This confirmed that effort exertion has an overall
negative effect on momentary affective states on short time scales.

A negative effect of cognitive effort on mood is consistent with both the view of cogni-
tive effort as computational cost, and of momentary mood ratings as running estimates
of reward rates [Rutledge et al., 2014, Bennett et al., 2021]. In terms of the former, we
have noted previous failures to show an obvious energetic correlate of cognitive effort
expenditure [Madsen et al., 1995, Kurzban, 2010]. As such, the negative affective con-
sequence of cognitive effort could be due to opportunity costs. Opportunity costs arise
when the execution of one activity means that the rewards for other activities cannot
be earned. Indeed, when comparing the two studies, the impact of cognitive effort on
mood in the first study was particularly marked when subjects were forced to repeat
the same task after errors. While this result is obviously confounded by the negative
feedback itself, the fact that errors in this task cost participants additional time for each
attempt support the idea that opportunity costs contribute to the negative affective re-
sponse to cognitive effort. In the absence of a clear energetic cost for cognitive effort,
the opportunity cost itself is then likely to derive from the limitations on cognitive ca-
pacity [Sandra and Otto, 2018, Inzlicht et al., 2018]. The existence of a opportunity cost
on cognitively effortful actions is necessary for the effective allocation of cognitive re-
sources. Otherwise, prioritization of cognitive resources for one task would not mean

that alternative tasks cannot be processed.

As for the latter, the question is why should momentary mood or affective judgements
reflect the opportunity costs of cognitive effort, i.e., why should exerting cognitive
effort change how we feel? Numerous studies over the past decade have shown that
momentary mood ratings quantitatively reflect recent and history of rewards and losses
[Emanuel and Eldar, 2023, Eldar et al., 2018, Rutledge et al., 2014, Rutledge et al., 2015,
Rutledge et al., 2017, Keren et al., 2021, Liuzzietal., 2021]. Specifically, momentary
mood is predicted by not only reward history but also an average of recent positive
and negative prediction errors, i.e. whether current experience exceeded expectations
or failed to meet them [Rutledge etal., 2014, Keren et al., 2021, Liuzzi et al., 2021].
Monitoring this rate of reward has been argued to be useful for inferring underlying
environmental changes [de Boer et al., 2017, Packheiser et al., 2021, Kumar et al., 2018]
and to facilitate future behavior [Schultz etal.,, 1997, Farrell et al., 2022,
Rouhani and Niv, 2021, Glischer et al., 2010]. This is because the average re-
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ward rate is a measure of the ongoing opportunity cost: an environment with
high opportunity cost is one with high reward rate, i.e., one in which acting
slowly causes many rewards to be missed [Niv etal.,2007]. Thus, this motivates
high vigor and fast action. A similar argument can be made for cognitive effort
[Brinkmann and Gendolla, 2008, Treadway et al., 2009, Treadway et al., 2012]. In this
case, low effort—or slow computations—would lead to a major reduction in reward,

hence, motivating high cognitive effort expenditure.

In our study, we assumed a linear relationship between cognitive effort and task dif-
ficulty, and we did not directly measure the sensation of cognitive effort. There is a
possibility that mapping between cognitive effort and difficulty is not linear. First,
while difficulty creates demand for cognitive effort, it is possible that various fac-
tors, such as individual ability, disengagement, and fatigue, could all lead to low
cognitive effort exertion in the face of high difficulty. However, we demonstrated
that reaction time, which is often used as a approximation of cognitive effort ex-
ertion [Robinson and Morsella, 2014, Ganesan, 2020, Robles and Johnson, 2017], is in-
deed modulated by task difficulty (see supplemental material: Reaction Time Analy-
sis).

The study has some limitations. It relies on a single subjective mood rating to mea-
sure momentary mood, and we cannot exclude that other aspects of momentary
mood could be affected differently. However, mood ratings to appear to index a
general state of well-being [Rutledge et al., 2014, Keren et al., 2021, Liuzzi et al., 2021,
Eldar et al., 2016], suggesting that the findings may generalize to a certain extent. Addi-
tionally, initial mood ratings in both studies showed an above average score. Although,

we showed that initial mood has no impact on the effects of cognitive effort on mood.

Our study also has strengths. One of the main strengths is the large sample size based
on detailed power analyses; c.f. supplemental material). Such large samples have
become more common with online cognitive testing [Gillan and Daw, 2016]. Impor-
tantly, the demographics of online recruitment platforms are similar to the general
population [McCredie and Morey, 2019, Huff and Tingley, 2015, Redmiles et al., 2019],
with the main discrepancies in terms of lower affect and social engagement
[McCredie and Morey, 2019, Shapiro et al., 2013]. The design involving two studies
allowed us to replicate our main findings, and we note that the second study (the
Single-Attempt Letter Task) was pre-registered. Importantly, the second study also
showed that the effects remain when controlling for (or removing) explicit rewards
and losses.

In conclusion, across two studies, cognitive effort induced by task difficulty resulted
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in reduced self-report moment-to-moment happiness ratings. Viewed from a formal
setting of reinforcement learning, the impact of cognitive effort on mood is in keeping
with the putatively normative roles of both effort and mood, providing insight into

potential mechanism for cognitive resource allocation.
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Figure 2.4: A): The estimated fixed effects of number of letters (n) on trial-by-trial mood
rating (z-scored). Each data point represents the estimated random effects varying
for each subject. Error bar illustrates the standard error of the mean. B): Responses
to longer strings were less accurate. Accuracy decreases with the length of the letter
strings. Dots indicate the mean accuracy rate given participant and number of letters.
C): Participants accuracy are all above chance across all difficulty conditions. On the y
axis is the adjusted response accuracy factor which was calculated as the accuracy rate
divided by chance. Chance is different for each number of letter. As the number of
letter increases, the chance probability will decrease, it can be calculated as 1/n.
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Chapter 3

Quantifying emotion time-course
with large language models

3.1 Introduction

Language is the primary medium for emotional expression. We use language to
communicate our current emotional states and the prime example of this is the
subjective self-report, the (potentially problematic) cornerstone of affective neuro-
science and clinical practice [Robinson and Clore, 2002, Cowen and Keltner, 2017,
American Psychiatric Association, 2022].  Self-report is the process by which an
individual introspects on their internal feelings and translates the results of that
inference into a communicable, linguistic form. This can range from selecting a
label on a rating scale to providing a detailed verbal description during a clinical
interview. Emotion induction is as such heavily rooted in and shaped by the use of
language. Naturalistic stories and vignettes can build a rich context over time, reliably
inducing nuanced emotional states [Zupan and Babbage, 2017]. If emotional states
consistently shape the language we produce, and are influenced by the language
we are exposed to, then language constitutes an inherently valid and informative
domain for investigating emotional states. This validity is supported by a large body
of empirical work demonstrating that distinct affective states, such as depression or
anxiety, are associated with reliable and quantifiable differences in linguistic patterns,
from word choice to grammatical structure [Low et al., 2020, Seabrook et al., 2018].
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3.1.1 Emotions as Metareasoning Heuristics

In the introductory chapter, we introduced the notion of metareasoning. Metareasoning
concerns the problem of optimally allocating finite cognitive resources, such as atten-
tion and deliberation time [Ackerman and Thompson, 2017]. For humans, engaging in
exhaustive, deliberative strategies to find a truly optimal solution for every decision
is computationally intractable because there are simply too many possibilities to eval-
uate in a complex world [Huys and Renz, 2017]; and optimally assigning resources in
this situation is yet more demanding and hence less feasible. The brain must therefore
rely on approximations and heuristics to guide not only behavior, but also the internal
allocation of resources, efficiently.

Our working hypothesis is that affective states are heuristics to address this computa-
tional problem [Russell and Wefald, 1991]. In this view, an affective state is a compu-
tational state in which resources are prioritized in a concerted manner, linking eval-
uations of different components into a coherent whole akin to previous suggestions
[Lazarus, 1991, Scherer, 1984]. However, our suggestion is that the selection of a spe-
cific emotional heuristic arises from an approximate inference process about the poten-
tial value of a discrete, relatively small, set of metareasoning heuristics. If one metar-
easoning heuristic appears valuable, then it is engaged and thereby focuses resources
on a small part of the much broader and vast decision and metareasoning problem.
The emotional state is then a state in which the assignment of resources to a subset of
behaviors and evaluations is favored. In this framework, emotional states act as ap-
proximate neurocomputational strategies by representing past context and influencing
future information processing and behavior. Broadly, this suggestion is in keeping with
evidence demonstrating that emotional states have a widespread influence, systemati-
cally biasing a host of cognitive domains including perception [Siegel et al., 2018b], so-
cial judgment [Niedenthal and Showers, 1991], memory retrieval [Dehon et al., 2010],
and decision-making strategies [Seymour and Dolan, 2008].

The adaptive value of such metareasoning strategies is grounded in a fundamen-
tal statistical property of the natural world: temporal consistency. A state at one
moment is often the best predictor of the subsequent ones, such that consecutive
events in a time series are not statistically independent but instead highly correlated
[Diener and Larsen, 1984]. Therefore, rather than re-evaluating every moment from
scratch, the brain can capitalize on this autocorrelation by engaging in recognition of a
general context, linking it to an appropriate subset of actions, and representing it as a
state that persists in time. This persistent state then in turn influences future behavior,

ensuring behavioral consistency over time and alignment with similar contexts. This
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temporally persistent, context-representing state that ensures behavioral consistency is
precisely the functional role that emotional states are thought to fulfill. Then emotional
states are not just subjective feelings, but rather a computationally efficient mechanism
that represents the current context, persists over time to leverage the temporal consis-
tency, and shapes cognition and behavior accordingly. Indeed, when a surprise breaks
this temporal consistency, it signals a change in context and possibly the need to engage
a new emotional state [Eldar et al., 2018].

3.1.2 Quantifying Emotional States with Large Language Models

The specific starting point for the current argument is that the temporal consis-
tency also extends to language. We say different things when we are feeling happy,
sad, or frustrated, such that our language is consistent with our emotional state
[Jackson et al., 2022, Cohn et al., 2004, Hutto and Gilbert, 2014]. For example, people
use different language when they are depressed [Wang et al., 2013, Raffaelli et al., 2021,
Seabrook et al., 2018] or anxious [Low et al., 2020]. This emotional state-congruent lan-
guage use reflects the broader function of an emotional state as a heuristic that shapes
and constrains all cognitive processes, including language production. We can rephrase
this by saying that the underlying emotional state dictates the probability distribution
over what people would express in words. This, of course, is consistent with the pro-
posed role of emotional state.

Our question, then, is whether affective states, which are detectable in language, might
be related to, and informative about, the underlying metareasoning state introduced
above. Given the conceptual link between affective states and language, LLMs might
provide a path to the objective quantification of affective states through language.
LLMs have demonstrated a striking capability not only to consistently generate natural
language [Colombatto and Fleming, 2024, Dillion et al., 2023, van Duijn et al., 2023,
Hagendorff et al., 2024] but also to engage in tasks beyond language, such as
playing video games [Wang et al., 2023] or arguing over philosophical constructs
[Ye et al., 2024, Asghari and Bialy, 2025, Ashwani et al., 2024]. One of the most defining
features of LLMs is the attention-based transformer architecture, which allows for rich
representations of long contexts that in turn constrain the probability of the next words
[Brown et al., 2020, Vaswani et al., 2023]. This functional parallelism raises a question
and an opportunity for objective assessment of emotional states: can the long-range
contextual correlations, as captured by an LLM, be used to generate a meaningful and
objective quantification of a human emotional state? While recent work has shown

that LLMs can successfully capture affective features from language for classification
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tasks [Giachanou and Crestani, 2016, Demszky et al., 2020, Farruque et al., 2024], it
remains unknown whether their output is sufficiently nuanced and valid to serve as a

proxy for human emotional state.

3.1.3 Current Study

If LLMs are to be used for objective assessment of emotional states, then LLM-derived
emotional state classifications (henceforth ‘labels’) must exhibit some basic proper-
ties. The key criterion we focused on first is that the labels must demonstrate se-
mantic consistency, meaning they must be meaningfully grounded in the unfolding
narrative content. Recent work has demonstrated the importance of this forward-
looking “inner sentiment,” showing that the predictive trajectory of the next word
captures how conjunctions and intensifiers alter meaning within a sentence’s course
[Gagne and Dayan, 2023]. To ensure our labels were sensitive to this dynamic, we
based our classification not just on the text itself, but on forward-looking predictions,
or continuations, generated from an LLM.

This specific approach was chosen because the emotional state of a listener is often de-
fined not by the words they have just heard, but by the prediction of what might come
next; and because this conceptualization links word choice with metareasoning. For
example, the emotional experience of suspense in a narrative is partially dependent
on predictive inference[Lehne et al., 2015]. By having the LLM generate a distribution
of likely continuations for every moment in the story, we capture this predictive con-
tent. This means our subsequent classification step is not labeling the semantics of the
past, but rather the features of the predicted future. We hypothesize that this method

provides a more faithful proxy for the listener’s emotional or metareasoning state.

An alternative approach would involve applying the emotion classifier directly to the
raw story text preceding each word. However, it is challenging to know what the right
window might be. Depending on the architecture used, it might introduce an arbitrary
hyperparameter due to the classifier’s limited input window (for example, 512 tokens
for BERT models). For longer contexts, one must decide how much preceding text
to truncate, potentially discarding relevant long-range information. Our continuation-
based method elegantly avoids this arbitrary decision. The initial large-context LLM
processes the full available narrative history and distills the relevant predictive infor-
mation into short continuation segments. The emotion classifier then operates on these
context-rich, yet brief, continuations, effectively leveraging long-range dependencies

without requiring arbitrary truncation.
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Another key criterion is that the labels should also be structurally and temporally con-
sistent. Empirically, emotions co-occur in meaningful clusters and persist over time.
We assessed this by examining the correlation structure among the emotion probabil-
ities and then used a Hidden Markov Model (HMM) to explicitly model the temporal

persistence of states.

3.2 Methods

3.2.1 Naturalistic Stories

To elicit a wide range of emotions, eighteen spoken-word stories featuring personal
storytelling were selected. These stories originated from a public radio program and
were previously described in a published dataset[LeBel et al., 2023]. Stories were cho-
sen for their emotional evocativeness and thematic diversity (see Table 3.1 for sum-

maries, overall emotion valence, duration, and thematic categorization).

3.2.2 Generating Emotional State Labels from Story Text with LLM

To derive a word-by-word time series of emotional states from the narrative text, we
implemented a three-step pipeline involving continuation, classification and extraction

of temporally coherent states.

Step 1: Generating Predictive Continuations.

First, we used a pre-trained LLM to generate possible continuation sentences at each
word in the story. Specifically, we generated 100 continuations for each word in the
original story text. For each word in the text, all of the preceding text was used as
the prompt. For the pre-trained LLM, we used the LLaMA2 model with 7 billion pa-
rameters [Touvron et al., 2023]. We implemented this with the text-generation pipeline
from the transformers library in Python [Huggingface, 2025]. We configured the model
to generate 100 continuations with a maximum of 50 new tokens in each, stopping
earlier if an end-of-sequence token was produced. To balance performance and com-
putational cost, we utilized a 6-bit quantized version of the model. Inference was per-
formed on a system with an NVIDIA Quadro RTX 4000 GPU, accelerated with CUDA
[Nickolls et al., 2008]. A grahpical example of this process is shown in Figure 3.1.
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Figure 3.1: Example of the continuation process. The story text up to a given word
(e.g.,”..making my”) was used as a prompt. A large language model (Llama 2 7B) then
generated 100 continuations based on this prompt.

Step 2: Emotion Classification.

Each of the continuations was then passed into a fine-tuned emotion classification
model to produce a 28-dimensional emotion probability vector for each word. By
averaging across the different continuations, we established a probability distribu-
tion of likely emotion states at each point in time. Specifically, we used a Dis-
HIBERT model [Sanh et al., 2020] that was fine-tuned on the GoEmotions dataset
[Demszky et al., 2020].

The GoEmotions dataset contains 58,009 Reddit comments annotated for 27 emotion
categories plus a neutral category (emotion categories: admiration, amusement, anger,
annoyance, approval, caring, confusion, curiosity, desire, disappointment, disapproval,
disgust, embarrassment, excitement, fear, gratitude, grief, joy, love, nervousness, opti-
mism, pride, realization, relief, remorse, sadness, surprise). Using the text-classification
pipeline from the transformers library [Huggingface, 2025], we passed each of the 100
continuations through the fine-tuned model and produced 100 separate 28-dimensional
probability vectors.

Step 3: Temporal Smoothing and State Discretization
Empirically, some of the emotion labels are often highly correlated. Indeed, while the

stories were chosen to capture a wide range of emotional states, it is unlikely that a
(relatively short) set of stories would comprehensively and selectively elicit all 27 di-
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mensions of emotions. We hence examined the dimensionality of the LLM-generated

emotion space.

We employed a HMM to model these dynamics. This approach was chosen based on
that we were a) interested in relatively discrete and distinct emotions; and b) reasoned
that emotional states would be relatively temporally consistent [Bagnara et al., 2025].
HMMs capture both of these assumptions.

To implement this, the sequence of 28-dimensional emotion probability vectors served
as the observed data for the HMM. We trained separate HMMs with the number of
hidden states varying from 1 to 28. To select the optimal number of states for each
story, we computed the Bayesian Information Criterion (BIC) for each model and chose
the model that provided the best fit to the data. We used the GaussianHMM imple-
mentation from the hmmlearn library in Python, configured with a full covariance
matrix[hmmlearn, 2025]. This configuration allows the emission probability for each
hidden state to be modeled by a multivariate Gaussian distribution, which is critical
for capturing the observed correlations between different emotions within a single la-
tent state (e.g., a state that represents a mix of “anger” and “annoyance”).

3.2.3 Comparing Semantic Representation of Continuations

To validate that the LLM-generated continuations were semantically meaningful and
predictive of the actual narrative, we analyzed their semantic similarity. We used
the all-MiniLM-L6-v2 sentence transformer model [Reimers and Gurevych, 2019] to en-
code all continuations and segments of the original story text into sentence embed-
dings. The semantic similarity between any two text segments was calculated as the
cosine similarity between their respective embedding vectors. We performed four com-

parisons:

e Within: The average pairwise similarity among the 100 continuations generated

from the same prompt (at word;). This measures the continuations’ coherence.

e Original: The similarity between continuations (generated at word;) and the actual
50-token segment that followed in the story (word;;1 to word;s1). This measures
predictive accuracy.

e Next 50: The similarity between each continuation (generated at word;) and the
story segment further in the future (50 words down, word;; s to word;1101). This
measures longer-range predictive accuracy.
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e Random: The similarity between each continuation and a randomly selected 50-

token segment from a different story. This serves as a baseline.

We then compared the average cosine similarity between the first three comparisons
against the Random baseline using two-sample t-test.

3.2.4 Validating Emotion Classification

To assess the validity of the emotion classification model, we tested whether the pre-
dicted emotion probability aligned with the expected overall valence of the stories.
Specifically, stories classified a priori as generally positive should elicit higher predicted
probabilities for positive-valence emotions, while negative stories should elicit higher

likelihoods for negative-valence emotions.

Quantifying the precise high-dimensional emotional trajectory of complex narratives is
challenging. Therefore, we adopted a simplified approach by grouping both the stories
and the predicted emotions into broad valence categories. First, based on their overall
narrative arc and themes (see Table 3.1), the 18 stories were manually categorized as
Positive, Negative, or Mixed. Second, the 28 GoEmotions labels were grouped into
Positive, Negative, and Ambiguous valence based on the original dataset publication
[Demszky et al., 2020] (Neutral was treated as a separate category and was therefore

removed from this analysis).

We then used a linear mixed-effects model to statistically test for the expected con-
gruence. We constructed a model predicting the word-by-word emotion probabilities
with fixed effects of the story category (Positive, Negative, Mixed), the emotion valence
category (Positive, Negative, Ambiguous), and their interaction. Story identity was in-
cluded as random effect to account for baseline differences in likelihood across stories
and the non-independence of word-level data within each story. A significant interac-
tion effect, indicating that the likelihood pattern across emotion valences depends on
the story category, would support the validity of our labeling approach.

3.3 Results

3.3.1 Continuations Predicts Narrative Context

To validate the semantic quality of the generated text, we examined the sentence em-

beddings across four comparisons: Within, Original, Random, and Next 50 (Figure 3.2).
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Figure 3.2: Mean cosine similarity across four different comparisons. Comparisons
in Random have a mean of 0.277 and standard error of 0.030; Next 50 ones have a mean
of 0.274 and standard error of 0.030; the mean for Original comparison is 0.352 and
standard error is 0.023; and for Within, the mean is 0.403 and standard error is 0.023.

As a measure of the continuations’ consistency, the Within comparison yielded the high-
est mean similarity, and it was significantly higher than Random baseline (t15 = 7.967 ,
p < 0.001). The similarity score for the Original comparison was the second highest and
also significantly higher than the Random baseline (¢;5 = 13.381 , p < 0.001). However,
the Next 50 comparison similarities were not significantly different from the random
baseline (t15 = 0.271 , p = 0.788).

3.3.2 LLM Quantified Emotion Probabilities Aligned with Story Valence

To assess the validity of the emotion classifications, we examined whether the aver-
age likelihoods for specific emotions corresponded to the overall valence category of
the stories. Qualitatively, a clear pattern emerged (see Figure 3.3). Positive-valence
emotions (e.g., amusement, admiration, excitement, gratitude, joy) generally exhibited
higher average likelihoods during positive stories compared to negative or mixed sto-
ries. Conversely, negative-valence emotions (e.g., annoyance, disapproval, anger, dis-
appointment, disgust, sadness, fear, remorse) showed higher average likelihoods dur-
ing negative stories. Surprisingly, some emotions typically considered positive (opti-
mism, caring, love) showed higher average likelihoods in negative stories compared to

positive ones.
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erage probability given emotion and story category. Error bar showed 95% confidence
interval.
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Figure 3.4: Average valence probability by story category Each bar represents the av-
erage probability given valence and story category. Error bar showed 95% confidence
interval. Emotion to valence mapping was done according to the GoEmotion dataset
publication [Demszky et al., 2020].

Statistically, the results from the linear mixed-effects model confirmed a significant in-
teraction between the emotion valence category and the story category in predicting
word-by-word emotion likelihood (ANOVA, Interaction Term: Fy 76791 = 2893.013,
x? = 11572.052, p < 0.001). As illustrated in Figure 3.4 and confirmed by post-hoc
tests, Positive stories were characterized by significantly higher likelihoods for positive-
valence emotions compared to negative (Est. = 0.021, 7576791 = 105.277, p <0.001) or
ambiguous ones (Est. = 0.006, 7576791 = 21.254, p <0.001).

3.3.3 Model Quantified Emotion Probabilities Showed Clustering

We next examined the temporal relationship between the 28 emotion probability time
series by computing their pairwise Pearson’s correlations within each story and then
averaging the results. The correlation matrix, visualized in Figure 3.5, reveals a high
degree of structure, indicating that many emotions consistently co-occurred throughout

the narratives.

For example, strong positive correlations were observed among groups of related emo-
tions, such as the cluster of embarrassment, disgust, disapproval, and disappointment.
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Figure 3.6: Model Improvement (measured as increase in BIC) by number of HMM
states. As the number of HMM state increases, BIC increase. The biggest improvement
happened when increasing the number of states from 2 to 3. The improvement stayed
relatively stable after 10 HMM states.

This high multicollinearity suggests that the 28-dimensional emotional space can be ef-
fectively represented by a lower-dimensional set of latent states. This finding provides
a direct rationale for our use of the Hidden Markov Modeling.

To model the temporal persistence of these states and identify a lower-dimensional set
of latent emotional categories, we fitted HMMs with different number of states (min =
1, max = 28). We first examined relationship between the amount of variance explained
and the number of states. As shown in Figure 3.6, model improvement slowed at 6
and reached asymptote at around 10. As expected, the biggest improvement happened
when the state number increased from 2 to 3. With 3 states, the model can account
for positive, negative and neutral emotions. Finally, we examined the correlational
heatmap between the each emotional probability time series and the HMM predicted

states’ time series in Figure 3.7.

3.4 Discussion

In this chapter, we developed and provided initial validation for a computational
pipeline to quantify emotional states from naturalistic stories. Our three-step process:
generating predictive continuations, classifying their emotional content, and model-
ing their temporal structure, produced continuous and high-dimensional time series of

emotional state labels. We demonstrated two validations for this pipeline. First, we
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illustrated the semantic validity of the LLM-generated continuations, which captured
the immediate narrative trajectory. Second, we established the construct validity of
the classified emotion probabilities, which aligned with the stories” overall valence and

exhibited a coherent, psychologically plausible correlational structure.

A key methodological decision was to use a modular pipeline: a Llama 2 7B model
for continuation generation and a separate fine-tuned DistilBERT model for emotion
classification. This stands in contrast to an alternative approach, such as prompt en-
gineering with a single LLM to directly output an emotion label for a given text seg-
ment [Mayer et al., 2023, Botunac et al., 2024, Xu et al., 2024]. We argue this modular
approach, despite using a set of older foundation models, offers advantages in both
interpretability and robustness. Theoretically, our pipeline explicitly models the two
processes central to the metareasoning function of emotional state: prediction and ap-
praisal. The Llama 2 model acts as a predictive model, generating a distribution of
possible future directions that a listener might anticipate. The DistilBERT model then
acts as an appraisal model, evaluating the emotional content of those predicted futures.

This separation allows us to independently validate each component. As our seman-
tic analysis showed, we can inspect the content of the generated continuations, of-
fering transparency into the information being fed to the appraisal stage. In con-
trast, the prompt-engineered approach functions more like a “black box” in this re-
gard. While it is theoretically possible to probe monolithic models” internal states
[Bilal et al., 2025, Bills et al., 2023], this process is notoriously difficult and less acces-
sible. Additionally, the final classification remains vulnerable to prompt-specific bi-
ases [Mao et al., 2023], making the output less reliable. Our modular approach allows
for more targeted analysis of each sub-process, paving the way for future work that
can systematically test how specific features of the predictive content (e.g., its uncer-
tainty, language structure, or certain semantic themes) drive the final emotional state

appraisal.

Recent LLM advances have focused on superior long-form rea-
soning, complex  instruction-following, and multi-modal  integration
[Islam and Moushi, 2025, Patil and Jadon, 2025], but our pipeline’s goal is more
specific: to model the moment-to-moment predictive processing underlying language
comprehension. For this, even the older LLMs (such as the LLaMA?2) are already
highly proficient [Heilbron et al., 2022, Caucheteux etal., 2023].  This perspective
also reframes our finding on the LLM’s ”“limited predictive horizon.” The generated
continuations were highly similar to the immediate narrative future but not the

distant future. We argue this does not necessarily reflect deficiency in the model’s
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capability but feature of the stimuli themselves. These narratives are not linear and
fully predictable proofs. Rather, they are personal stories chosen for their emotional
power, which often relies on subverting expectations with a surprising twist. In fact,
a model that could “correctly” predict these surprising turns might actually be a
poor proxy for the human listener’s subjective state of surprise. The limited horizon
we observed suggests our pipeline is capturing a psychologically plausible, local
predictive window. This local window is in alignment with moment-to-moment
affective appraisal, which operates on immediate “what happens next” predictions
rather than complete, long-range ones.

Assessing  emotion from naturalistic stimuli is notoriously difficult
[Greasley et al., 2000, Pélya and Csertd, 2023, Weninger et al., 2015, Saarimdiki, 2021].
Here, we demonstrated that a relatively simple pipeline can extract a valid and contin-
uous affective signal from the complex naturalistic stories, such that our word-by-word
emotion probabilities, when aggregated, successfully showed significant differences
between stories of different valence. The analysis of the emotion correlation structure
and the subsequent HMM fitting provides strong evidence for the psychological
plausibility of the labels. The 28 emotion categories are not independent but co-occur
in meaningful clusters, aligning with recent landmark work showing data-driven
maps of human emotional experience [Cowen and Keltner, 2017]. The HMM leverages

this structure to identify a lower-dimensional set of persistent, latent states.

A key aspect of our work described here is the absence of moment-to-moment sub-
jective ratings from participants. While a common practice in research on affective
experiences, we omitted them based on the concern that such inquiries would create a
disruption in the continuous semantic processing we aimed to measure. Indeed, it is
impossible to generate a single individual’s full high-dimensional emotional trajectory.
Without this “ground truth,” it is not possible to definitively validate that the distinct
affective states quantified by our model are subjectively experienced by participants;
but it is also the case that this full construct is not observable either by an experimenter,
or, arguably, even by individuals themselves. Averaging over multiple ratings by indi-

viduals has its own set of conceptual limitations.

One obvious current challenge with the use of LLMs is that the different models change
rapidly. As such, the results presented here may change with the use of different mod-
els. Furthermore, this study utilized a specific set of emotionally charged, first-person
narratives. It remains an open question how well this method generalizes to other
forms of stimuli, such as fictional stories, less emotional texts, and most importantly

non-linguistic contexts like cognitive tasks. Exploring the robustness of this approach
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across different stimulus types will be crucial for establishing it as a domain-general

tool for the quantification of affective states.
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1 The Closet 649 Sorting late mother’s
that Ate closet, finding a box of
Everything greeting cards.
Have You 1013 White house staff recalled Positive Special Taskforce Between
Met  Him the path to meet Obama
Yet
Adventures 804 Bitter-sweet moments of Mixed Beine Parents
in  Saying having adopted children 8
Yes
Legacy 820 A father realized his Af
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Naked 865 Empowerment and self- Positive Special Taskforce
confidence in striping
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2 ther by stigmatism
Under the 627 Hope turned into denial
Influence after years of parents rage
over coming out
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Ithaca Tom would beg like if some Mixed Mid-life Crisis After
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How to 728 Rebirth and embrace cre-
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Table 3.1: Emotional valence and general theme of the selected stories. Stories were
also presented to participants in experiment sessions. S denote session number, Dur
showed the story duration in minutes. Valence indicate experimenter determined over-
all emotional valence. Pos showed the story position relative to other components in
the session.



Chapter 4

Neural correlates of LLM-identified
emotional states

4.1 Introduction

In the preceding chapter, we described and initially validated a computational pipeline
to quantify emotional states from narrative text. Rooted in the emotional-state-as-
metareasoning-heuristic framework, our approach explicitly modeled the listener’s
predictive and appraisal processes to produce a continuous, high-dimensional time se-
ries of emotional state labels. We characterised aspects of the construct validity of the
resulting states, demonstrating that the labels are semantically grounded, align with
the overall valence of the stories, and exhibit a psychologically plausible correlational
structure. However, these model-quantified emotional state labels remain a purely in

silico construct, disconnected from the neural processes it aims to capture.

The primary goal of this chapter is to provide validation at a neural level. If these
model-derived emotional states are meaningful, they should correspond to consistent
and distinctly identifiable patterns of neural activity. Establishing such a neural consis-
tency is hence a key prerequisite for the more ambitious decoding and generalization

analyses in chapter 6.

The search for this neural correlate demands an imaging modality that can balance the
competing demands of temporal and spatial resolution. Our LLM-based pipeline was
specifically designed to capture the rapid, word-by-word dynamics of emotion, which
can shift on a sub-second timescale [Kragel et al., 2022, Gagne and Dayan, 2023]. This
rules out methods with low temporal resolution, such as fMRI, as they would average
over these critical, fine-grained temporal changes. This need for sub-second temporal

73
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precision is echoed by that language comprehension itself operates on this timescale.
For instance, the brain processes semantic surprisal within 400ms (the N400) and de-
tects syntactic violations at approximately 600ms (the P600) [Kutas and Hillyard, 1980,
Osterhout and Holcomb, 1992].

However, this temporal focus cannot come at the complete expense of spatial infor-
mation. Studies using fMRI, despite their temporal limitations, have successfully de-
coded emotional states, demonstrating that these states are represented in distributed,
high-dimensional patterns across the brain [Kassam et al., 2013, Baucom et al., 2012,
Saarimaéki et al., 2016]. This confirms that spatial pattern of the neural activity is also
critical for differentiating emotional states.

We therefore employed magnetoencephalography (MEG). MEG combines high tem-
poral resolution with some spatial resolution. Unlike electroencephalography (EEG),
magnetic fields are only minimally distorted by the hair, skull and soft tissues
[Hamaldinen et al., 1993]. This fundamental physical difference means MEG signals
are less likely to be distorted spatially, providing both spatially and temporal precision
to capture dynamic cognitive processes [Liu et al., 2019, Youssofzadeh et al., 2023].

411 Current Study

The central goal of this chapter is to test the neural consistency of the LLM-derived
emotional state labels. We hypothesize that if these labels capture neurally meaningful
emotional states, then different moments in time assigned the same label should evoke
consistent and distinct patterns of neural signal.

To test this, we analyzed MEG data from participants listening to the same naturalistic
stories. We first performed a replication analysis of neural responses to word surprisal
[Heilbron et al., 2022]. This served as a crucial validation step to confirm that partici-
pants were actively engaged in the predictive processing during story comprehension,
a prerequisite for our appraisal-based model. We then used two complementary anal-
yses to test for state-specific neural signatures: 1) a time-domain ANOVA to identify
spatio-temporal clusters where MEG activity significantly differed between emotional
states, and 2) a frequency-domain topographical similarity analysis to determine if
these states correspond to stable and distinct spatial patterns of neural power.
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4.2 Methods

4.2.1 Ethical approval

Experimental protocol was approved by the University College London Research
Ethics Committee (Approval: 27121/001)

4.2.2 Participants

13 participants were recruited from local communities and the University College Lon-
don research participant registry as part of a larger study. All participants were UK
residents, native English speakers, and at least 18 years old. Interested individuals
underwent screening based on inclusion/exclusion criteria. Qualified participants pro-

vided informed consent before the experimental sessions.

Inclusion / Exclusion Data from nine participants were included in the final analysis.
Four participants were excluded due to: intoxication during screening, excessive MEG
signal noise caused by dental retainers, excessive head movement during recording,
and failure in recording the trigger signal during one session. All procedures were
approved by the UCL’s Research Ethics Committee.

4.2.3 Procedure

Participants attended three separate MEG recording sessions, spaced at least 24 hours
apart. Before the first session, participants were screened for MEG safety to ensure
removal of all metal content. Inside the magnetically shielded room, participants were
seated comfortably in the MEG scanner. Head position indicator coils were placed on
the participant’s head (left/right preauricular points and nasion) for head localization
and continuous head tracking. Auditory stimuli were delivered binaurally via MEG-
compatible insert earphones. Visual stimuli were presented on a screen positioned in

front of the participant.

Each session consisted of six story blocks, each corresponding to one story. The details
of the stories, including their session membership, duration, emotion valence, semantic
theme and position in the block are described in chapter 3 table 3.1. At the start of
each block, the participant’s initial head position was recorded. Head movement was

monitored throughout the block. Participants were instructed to remain still and listen



76

attentively to the stories. Optional short breaks (maximum 5 minutes) were offered
between blocks. No behavioral responses or subjective ratings related to the stories

were collected during the MEG sessions.

4.2.4 Emotional State Labels

An emotional state label for each word was inferred as detailed in chapter 3. Briefly,
this consisted of a three-step process relying on a Large Language Model. To balance
emotion granularity and the number of available labels per class, we chose 10 emo-
tional states as our classification targets for training and validating the neural decoders
(See Figure 4.1 for state labels and their emotion composition). A higher number of
emotional states only yielded minimal model performance increase (as showed in Fig-
ure 3.6).
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Figure 4.1: 10 Emotional States and Corresponding Emotion Composition The 10
emotional states that were used for the analysis and a correlation map showing the
correlation between each emotional state time series to emotion probability time series.
Deeper red indicate a higher correlation.)

4.2.5 MEG Data Processing

MEG data preprocessing and analysis were performed using the MNE-Python library
[Larson et al., 2025] and custom Python scripts. All analyses shown here only included
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data from session 1 and session 2, therefore, 12 total stories per person. The last session
data was withheld for future validation.

Data Preprocessing

The continuous raw MEG data for each session underwent three preprocessing steps:
cropping, filtering and independent component analysis.

Data Cropping: Raw data were segmented to include only when participants were
listening to the stories, using recorded trigger signals marking the start and end of each

story block.

Filtering and Downsampling: Data were band-pass filtered between 0.5 Hz and 200 Hz
using a finite impulse response filter. The 0.5 Hz high-pass cutoff was chosen to remove
slow drifts while preserving low-frequency content relevant for language processing
[Youssofzadeh et al., 2020]. The data were then downsampled to 400 Hz to reduce com-
putational load while retaining frequencies up to the new Nyquist frequency of 200 Hz.
This range adequately covers lower frequencies and the high gamma band (around 55-
100 Hz), which showed significance in emotion classification [Li and Lu, 2009]. Power
line noise was removed using notch filters at 50 Hz and its harmonics (100 Hz, 150 Hz)
using the MNE function “notch_filter”.

Independent Component Analysis (ICA) for Artifact Detection: ICA was used to iden-
tify and remove artifacts related to eye blinks and cardiac activity. ICA decomposition
was performed using the FastICA algorithm [Ablin et al., 2018], computing 200 com-
ponents. Artifactual components were identified based on their correlation with elec-
trooculogram (EOG) and electrocardiogram (ECG) signals. EOG signals were approx-
imated by the two preauricular point electrodes. An ECG signal was approximated
through cross-channel averaging. Components exhibiting high correlation (Pearson’s r
> (.9) were marked for removal, using automated detection functions “find_bads_eog”
and “find_bads_ecg”. The cleaned MEG signal was then reconstructed from the remain-

ing non-artifactual components.

Word Onset Detection

Narrative audio stimuli were delivered to participants using a dedicated audio pre-
sentation system, which simultaneously keeps an copy of the auditory analog signal
alongside the MEG data, sampled at the same rate. Word-by-word timing annotations
(onsets and durations) for the stories were obtained from the original dataset source
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[LeBel et al., 2023]. To synchronize these annotations with the MEG signal, we aligned
the original stimulus audio file with the audio signal recorded by the MEG system.
This was accomplished by computing the cross-correlation between the two signals.
We identified the optimal temporal lag that maximized this correlation. This lag value
was then used to shift all word-level timing markers from the original annotations. This
procedure yielded precise, word-level event timings (onsets and durations) that were
time-locked to the MEG data.

MEG Data Acquisition

MEG data were acquired using a 275-channel CTF whole-head MEG system (CTF
MISL, Coquitlam, BC, Canada) housed in a magnetically shielded room at the Well-
come Centre for Human Neuroimaging, UCL. Data were recorded continuously with a

sampling rate of 1200 Hz. Head position was tracked continuously using the HPI coils.

MEG Data Epoching

To match the word-level emotional state labels we quantified from the stories, we cre-
ated word-by-word epochs, aiming to decode the emotion label for each word.

One important consideration is that words have short durations, on average 250ms per
word in our dataset. If epochs were aligned with word onset, then either the epoch
length would be limited to the shortest word duration or the epoch number would
be reduced because shorter words would be removed. The first is unreasonable as
the words can be as brief as 100ms, which is insufficient in capturing most human
cognitive processes. While the latter is more logical, we might be introducing biases
by eliminating words that are shorter. Additionally, different stories feature speakers
whose delivery proceeds at different paces, which could further introduce story-based
biases. Therefore, we created two types of epochs for training our decoders: overlapping
and non-overlapping. Each epoch is then paired with one emotional state label. To align
with the introspection phase in task blocks, the duration of all the epochs was set to be
2000ms.

Overlapping Epochs These epochs were constructed for event-related analysis using
raw MEG signal. We avoid the issue of short word duration by allowing the epochs to
overlap with each other. For most raw signal analysis, time after onset is a significant

feature. Therefore, the same data point will have different time after word onset for
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different words.

Non-overlapping Epochs These epochs were constructed for average power spectral
density analyses. Because the average power spectral density averages over time, over-
lapping the epochs will create data leakage if the peak of the power spectral information
exists in the overlapping window. Therefore, for analysis using this measure, we cre-
ated epochs that are fixed in duration and sequential in a story but without overlap.
These epochs can hence cover multiple words, and the emotional state label for each
epoch was determined by the emotion with the longest cumulative duration within that
epoch.

Power Spectral Density (PSD) Calculation

Event-related analyses are ill-suited for naturalistic paradigms because they assume
a fixed processing latency relative to a stimulus onset. The time required for se-
mantic comprehension can vary significantly from word to word, making it difficult
to obtain a consistent time-locked neural signal across trials [Dell’Acqua et al., 2010,
Brennan, 2016, Hauk et al., 2004]. To address this temporal variability, we calculated
MEG PSD. By averaging spectral power over a time window, PSD topographies cap-
ture the spatial distribution of oscillatory activity associated with an emotional state,

making them less sensitive to precise peak latencies.

We calculated the PSD for each of the epochs and calculate the power for differ-
ent frequency bands by averaging the PSD across frequencies within each power
band. Here, we constructed six power bands: delta (0.5-4Hz), theta (4-8Hz), al-
pha (8-12Hz), beta (12-30Hz), gamma (30-45Hz) and high gamma (55-100Hz). We
used the compute_psd method (with multi-taper method) implemented in the MNE
package[Larson et al., 2025] to calculate PSD.

4.2.6 Analysis
Replication of Word Surprisal Neural Effects

To confirm that participants were actively engaged in predictive processing during
story listening, we conducted a replication analysis of a previous finding on the neural
correlates of word surprisal [Heilbron et al., 2022]. We quantified the surprisal of each
word in the stories using a pre-trained GPT-2 model. For each word, surprisal was
defined as the next-word probability given the preceding text.
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We then performed a univariate regression analysis to model the MEG signal at
each sensor and time point. The MEG signal was predicted using word surprisal
as the primary regressor, while controlling for word-level acoustic features. The re-
sulting beta coefficients for the surprisal regressor were tested for significance us-
ing a spatio-temporal cluster permutation test as implemented in the MNE package
[Larson et al., 2025]. We used a cluster-forming threshold of p < 0.001 (two-tailed)
with 10,000 permutations. Clusters were considered significant if their FDR corrected

p-value was less than 0.05.

Neural Consistency: Time-Domain ANOVA

To test our main hypothesis that LLM-derived emotional states correspond to distinct
neural patterns, we examined the consistency of MEG signals within each model quan-
tified emotional state. First, we segmented the continuous MEG data into 2000 ms
epochs, time-locked to the onset of each word. Epochs containing signal amplitudes ex-
ceeding a peak-to-peak threshold of 4 * 10~ 2T were discarded. Each remaining epoch
was assigned the discrete emotional state label determined by the HMM for the corre-
sponding word.

We then performed univariate one-way ANOVAs at each sensor and time point across
epochs, with the HMM emotional state label as the independent variable and account-
ing for sensor adjacency. This tested whether the mean MEG signal differed signif-
icantly between the inferred emotional states. To correct for multiple comparisons
across space and time, we used the permutation-based spatio-temporal clustering func-
tion as implemented in MNE [Larson et al., 2025]. We set a cluster-forming threshold
corresponding to an F-statistic with p < 0.001. The significance of the resulting spatio-
temporal clusters was assessed via 10,000 permutations, with a final cluster-level sig-
nificance threshold of p < 0.05.

Neural Consistency: Frequency-Domain Topographical Similarity

To complement the time-domain analysis and mitigate potential confounds from vari-
able word durations, we performed a spectral analysis using non-overlapping epochs.
For each participant and story block, the continuous MEG data were segmented into
consecutive, non-overlapping 2000 ms epochs. The first epoch was aligned to the onset
of the first word in the block, and subsequent epochs began immediately where the pre-
vious one ended. Each epoch was then assigned the single model-derived emotional

state label that occupied the longest duration within that 2000 ms window.
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For each non-overlapping epoch, we calculated the power spectral density (PSD) across
a frequency range of 0.5 to 100 Hz using Welch’s method, as implemented in MNE
[Larson et al., 2025]. The resulting power values were then averaged across five canon-
ical frequency bands: Delta (1-4 Hz), Theta (4-8 Hz), Alpha (8-12 Hz), Beta (12-30
Hz), Low Gamma (30-45Hz) and High Gamma (55-100 Hz). We then calculated the
individual-level topographies by averaging. We finally generated a cross-individual
grand-average power topography for each emotional state within each frequency band,

allowing for qualitative visualization of the spatial topography.

To quantify the spatial consistency of these topographies within each emotional state,
we used a 5-fold cross-validation procedure. For a given individual, state and fre-
quency band, epochs were split into 5 folds. Iteratively, 4 folds were used to com-
pute an average “template” topography for that state/band. The cosine similarity
was then calculated between this template and the topography of each individual
epoch in the held-out test fold. This process yielded a topographical cosine similarity
score for each epoch. To determine the chance level for the consistency score, we ran-
domly re-assigned the labels for each epoch and repeated this process 1000 times. With
this permutation-based method, we obtained the null distribution of cosine similarity
scores across emotional states. To determine the statistical significance, we conducted
one sample t-tests against the permutation-generated null similarity. We then corrected
the p values with FDR method to account for multiple comparisons.

4.3 Results

4.3.1 Neural Word Surprisal Signal

We first sought to confirm that participants were actively engaged in predictive pro-
cessing. To do this, we replicated results on LLM quantified word surprisal in MEG
signal. The cluster-based permutation test on the regression coefficients revealed sig-
nificant neural responses to word surprisal, as shown in Figure 4.2. We identified a
positive cluster peaking between 400 and 500 ms after word onset, localized to bilateral
temporo-parietal sensors. The timing and topography of this effect are highly consis-
tent with the N400 event-related field. This result demonstrated that our participants

were actively predicting upcoming words.
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Figure 4.2: Spatial Temporal Clusters Corresponding to the Next-Word Probability
Spatial Temporal Clustering was done on the coefficient of linear regression models
predicting next-word probability with MEG signal. Main graph showed the coefficients
time course (from 0-1000ms since word onset) of the significant clusters. Auxiliary plot
showed the location of the significant clusters and the color corresponds to the main
graph’s clusters.
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Figure 4.3: Significant Spatial Temporal Clusters for Differentiating 10 Emotional
States Average MEG signal aggregated of each 10 emotional states between 0 to 2 sec-
onds after word onset. Yellow shades time when the F test is significant, black line links
the topography of the significant clusters.
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4.3.2 Time-Domain Consistency within Quantified Emotional States

We next asked whether the distinct LLM-derived emotional states correspond to dis-
tinct neural patterns. The univariate ANOVA, corrected for multiple comparisons using
a spatio-temporal cluster test, showed significant differences in MEG activity across the
10 emotional states (Figure 4.3). The analysis identified two primary spatio-temporal
clusters where neural activity reliably discriminated between the states. An early clus-
ter emerged from approximately 200 to 500 ms after word onset with a fronto-central
topography. A later cluster from roughly 800 to 1400 ms localized to a right temporo-
parietal sensor group.

4.3.3 Spectral Topographical Consistency within Quantified Emotional
States

Next, we analyzed the spectral topographies of non-overlapping MEG epochs to see
whether the LLM-quantified emotional states are associated with distinct and stable
spatial patterns across frequency bands. Qualitatively, the template topographies gen-
erated for each state showed unique spatial distributions of power, particularly for the
states derived from the 10-state HMM model (Figure 4.4).

While these grand-average topographies suggest that each emotional state was asso-
ciated with distinct neural patterns, this qualitative observation requires quantitative
validation. A meaningful average topography must be representative of the individ-
ual epochs it is averaged from. Therefore, to formally test this, we calculated the cosine
similarity between within-state epochs pairs across all the affective states and frequency
bands using 5-fold cross-validation. The null distribution of the cosine similarity scores
for each emotional state are: Amusement (-0.015), Anger (-0.027), Approval (-0.050),
Confusion (-0.034), Disapproval (-0.060), Excitement (-0.035), Gratitude (-0.011), Neg-
ative (-0.047), Neutral (-0.071), and Positive (-0.016). Generally, the scores were all
slightly negative and centered near zero (ranging from -0.071 to -0.011), establishing
a baseline of no meaningful similarity against which the true within-state consistency
was compared. For statistical significance for each of the emotional state and power
band, see Table 4.1.

As shown in Figure 4.5, the resulting cosine similarity scores were highest for topogra-
phies in the gamma band, indicating that these templates were representative of indi-
vidual epochs for most emotional states. In contrast, consistency was generally lower in
other frequency bands. This frequency-domain analysis corroborates our time-domain
results, suggesting that the distinct LLM-inferred states are associated with neurally
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Average Topography by Emotional States
DELTA Band (0 - 4Hz)

Neutral Negative ~ Approval Amusement Confusion Disapproval Positive Excitement  Anger Gratitude

THETA Band (4 - 8Hz)

Neutral Negative ~ Approval Amusement Confusion Disapproval Positive Excitement  Anger Gratitude

ALPHA Band (8 - 12Hz)

Neutral Negative ~ Approval Amusement Confusion Disapproval Positive Excitement  Anger Gratitude

BETA Band (12 - 30Hz)

Neutral Negative ~ Approval Amusement Confusion Disapproval Positive Excitement  Anger Gratitude

£5)

GAMMA Band (30 - 45Hz)

Neutral Negative ~ Approval Amusement Confusion Disapproval Positive Excitement Gratitude

HIGH GAMMA Band (55 - 100Hz)

Neutral Negative  Approval Amusement Confusion Disapproval Positive Excitement  Anger Gratitude

Figure 4.4: Distinct spectral topographies across 10 Emotional States and frequency
bands Non-overlapping epochs” PSD topography averaged across participants. Dis-
tinctive spatial patterns exist for each model quantified emotional states.
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Figure 4.5: Cosine Similarity Across Epochs for 10 Emotional States Each bar showed
the average Cosine Similarity for a frequency band and emotional states. Error bar
denotes 95% confidence interval. High-frequency bands, the gamma and high gamma,
showed higher level of consistency. However, variance exists across emotional states,
for example, Gratitude showed high consistency regardless of power band.

distinct signatures.

Band Emotional States T8 Peorrected  Significant?
DELTA Neutral 0.145 0.467
DELTA Negative 1.726 0.083
DELTA Approval 4.219 0.006 *
DELTA Amusement 3.057 0.021 *
DELTA Confusion 1.032 0.188
DELTA Disapproval 2.588 0.032 *
DELTA Positive 1.691 0.083
DELTA Excitement 2.381 0.038 *
DELTA Anger -0.561 0.717
DELTA Gratitude 1.834 0.073
THETA Neutral -0.323 0.644
THETA Negative 1.047 0.188
THETA Approval 3.910 0.008 *
THETA Amusement 2.482 0.036 *
THETA Confusion 1.696 0.083
THETA Disapproval 2.880 0.024 *
THETA Positive 0.423 0.373
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2.080
-0.797
2.185
1.056
0.252
7.281
5.288
3.112
2.464
0.680
2.759
1.648
2.602
1.976
2.865
4.449
7.050
1.583
3.068
1.719
5.017
2.844
3.513
2472
1.874
4.805
6.307
9.651
2.879
2.862
4.755
1.968
8.187
1.143
3.814
5.789
11.499

0.055
0.776
0.048
0.188
0.433
0.001
0.002
0.021
0.036
0.286
0.026
0.086
0.032
0.062
0.024
0.005
0.001
0.093
0.021
0.083
0.003
0.024
0.013
0.036
0.070
0.004
0.001
< 0.001
0.024
0.024
0.004
0.062
< 0.001
0.172
0.009
0.002
< 0.001
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HIGH GAMMA Confusion 7918 < 0.001 *
HIGH GAMMA Disapproval 2.278 0.042 *
HIGH GAMMA Positive 2.288 0.042 *
HIGH GAMMA Excitement 4.076 0.007 *
HIGH GAMMA Anger 2.426 0.037 *
HIGH GAMMA Gratitude 3.886 0.008 *

Table 4.1: One-sample T tests Across Emotional States and
Power Bands To determine whether the cosine similarities
are significantly higher than the permutation-based null dis-
tributions, we conducted multiple one sample t-tests and
corrected for multiple comparisons using the FDR method.

4.4 Discussion

This chapter’s primary goal was to neurally validate the computational pipeline de-
scribed in Chapter 3. We hypothesized that if LLM-derived emotional state labels cap-
ture a meaningful psychological construct, then they should correspond to consistent
and discriminable patterns of neural activity.

To start, we successfully replicated the established neural signature of word surprisal
[Heilbron et al., 2022]. This result showed that predictive processing, one of the core
cognitive process our pipeline captures, was active during listening of stories. Demon-
strating that participants” brains were indeed generating and updating these predic-
tions in real-time further confirms the validity of our emotional state quantification
process and establishes a firm foundation for our subsequent analyses.

Building on this, our primary analyses confirmed that the model-quantified emotional
states are neurally consistent and discriminable. The time-domain ANOVA identified
significant spatio-temporal clusters where the MEG signal reliably differed between the
10 HMM states. We demonstrated that the labels generated by our pipeline captures
affectively meaningful signals in the human brain.

The specific timing of the observed neural clusters provides further insight into how
these emotional states may be constructed during language comprehension. We iden-
tified an early cluster (approx. 200-500ms) and a later, sustained cluster (approx.
800-1400ms). This temporal progression aligns remarkably well with cognitive and

appraisal-based theories of emotion. The early fronto-central cluster (200-500ms) over-
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laps in time with classic event-related components of language processing, such as
the N400 [Kutas and Hillyard, 1980]. The temporal alignment suggests that the initial
appraisal and differentiation of the emotional state may be tightly intertwined. The
later, right-lateralized temporo-parietal cluster (800-1400ms) is consistent with the tim-
ing of late positive potentials, a well-established neural marker of sustained emotional
salience and elaborative processing [Schupp et al., 2006]. Its presence suggests that our
HMM-derived labels are capturing more than just the immediate appraisal of a word,
and might also be tracking the sustained affective state that follows.

The frequency-domain analysis provides a converging line of evidence. We found that
the emotional states were associated with quite distinct power topographies, with the
highest consistency observed in the gamma and high gamma band. This finding is
particularly intriguing. In cognitive neuroscience, gamma oscillations are widely im-
plicated in information integration [Drebitz et al., 2025]. Emotional states under the
constructive view are the product of an integration of mulitiple cognitive systems (e.g.,
sensory, memory, interoception) [Barrett, 2017b]. Our finding that gamma power to-
pographies are the most stable identifier of our emotional labels aligns with this con-
structive view. Furthermore, this result resonates with a growing body of recent EEG
decoding studies that have repeatedly identified high-gamma activity as a highly in-
formative, feature-rich signal for classifying emotional states across different induction
modalities, such as music [Yang et al., 2025] and videos [Liu et al., 2018, Du et al., 2023].

As we had discussed in chapter 3, the experimental design lacked moment-to-moment
subjective ratings from participants. While this was a deliberate methodological choice
to avoid disrupting the continuous semantic and affective processing that we aimed to
measure, without this “ground truth,” we cannot definitively validate that the neurally
distinct states we identified were consciously experienced by the participants. How-
ever, the neural findings support the notion that aspects of the LLM quantification may
be useful and valid. However, it remains an open question whether the neural sig-
natures identified here are abstract and domain-general, or if they are specific to the
linguistic context in which they were elicited. This will be the focus of the next two
chapters.



Chapter 5

Inducing rich emotional states with
cognitive tasks

5.1 Introduction

A wide range of emotion induction procedures have been developed and validated to
reliably induce emotional states in laboratory settings. Among the most common are
exposure to evocative media, such as viewing images, listening to music, or watching
film clips [Zupan and Babbage, 2017, Jaaskeldinen et al., 2021, Saarimaéki, 2021].
Significant effort has gone into the creation of standardized stimulus sets to
maximize effectiveness and replicability across laboratories. =~ These have re-
sulted in well-characterized and substantial corpora of stimuli, such as the
International Affective Picture System [Langetal., 1997], the Geneva Affective
Picture Database [Dan-Glauser and Scherer, 2011], Complex Affective Scene Set
[Weierich et al., 2019], and Image Stimuli for Emotion Elicitation [Kim et al., 2018].
Using these standardized stimulus sets, affective neuroscience researchers have
investigated how affective states influence cognition and behaviors in healthy
and ill populations [Davidson, 1998, Davidson, 2010, Cacioppo et al., 1999,
Mogg and Bradley, 1998, Sheline et al., 2009, Bonanno et al., 2004]; identified neural
correlates of affective states [Gusnard et al., 2001, Raichle, 2015]; and used them
to develop emotion decoding procedures from neural or physiological signals
[Shu et al., 2018, Torres et al., 2020, Zhang et al., 2020]. These tightly controlled and
experimentally validated sets of stimulus have been foundational for reproducible
affect research as they enable study of a reliable mapping between specific stimuli and
affective states in the general population.

89
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Methods that make use of naturalistic stimulus, such as movies or stories, relax experi-
mental control in exchange for improved ecological validity [Zupan and Babbage, 2017,
Jadskeldinen et al., 2021]. The primary advantage of the use of naturalistic stimuli is
their ability to elicit a continuous, dynamic, and contextually consistent stream of
affective states that unfold over time [Saariméki, 2021]. They can evoke more com-
plex and nuanced emotions, such as suspense or bittersweetness, which are difficult
to capture with static images [Jddskeldinen et al., 2021]. Recent advancements in aug-
mented reality devices allows affective elicitation through creation of immersive ex-
periences, offering a unique opportunity to safely study affective states like stress in
complex real-world contexts, such as driving, which are otherwise difficult to investi-
gate [Somarathna et al., 2023, Baltodano et al., 2018].

A robust model of emotion must be able to generalize beyond the context in which it
was built. While passive paradigms are invaluable for emotion induction, cognitive
tasks provide an alternative setting to test this generalization. These tasks elicit af-
fective responses through active engagement with an experimental paradigm. The key
strength lies in the paradigms’ ability to study parametrically induced emotional states:
the experimenter can design the interactions and contingencies in the tasks, such as re-
ward probability, task difficulty, or social feedback, to systematically induce emotional
states.

This active engagement more closely mimics real-life situations, as the participant’s
own choices, combined with task contingencies and performance feedback, jointly de-
termine their emotional experience. This, counterintuitively, also means the result-
ing emotional state might be less controlled by the experimenter than in a passive
paradigm. There are two primary sources of this variability. First, participants make
different choices, which can lead them down unique experimental paths and create
different emotional trajectories. Second, even when faced with the same objective out-
come, individuals appraise it differently based on their personal history, goals, or prior
experiences in the task. This variability should not be considered as a flaw but a way

to elicit a more diverse range of emotional states.

A prominent design for investigating affective experience within computational tasks
was established by Rutledge and colleagues [Rutledge et al., 2014]. The key part of this
design is not the task itself, but the integration of a parametric task with repeated, mo-
mentary subjective self-reports. In the original study, participants performed a proba-
bilistic reward task and were intermittently asked, “"How happy are you right now?”
This method allowed the authors to build computational models that directly linked

objective task variables, such as reward prediction errors and expected values, to mo-
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mentary happiness ratings.

The work in Chapter 2 of this thesis also followed this design, linking cognitive effort
related variables to momentary happiness ratings. However, human affective experi-
ence is not limited to a single dimension of happiness or valence. As outlined in the in-
troduction chapter, affective states, and hence emotional states, are high-dimensional,
granular constructs. This granularity is functionally critical: two different negative
states, like anger and sadness, may have similar valence but represent entirely differ-
ent computational heuristics that promote vastly different actions. A one-dimensional
momentary happiness scale is insufficient to capture anger and contempt in a social
game [Fischer and Roseman, 2007] or the positive feeling of pride from solving a diffi-
cult math problem[Ashcraft, 2002, Richardson and Suinn, 1972]. To build a comprehen-
sive model of emotional state, it is essential to use a measurement tool that can capture

this rich, granular landscape.

This chapter introduces a battery of four cognitive tasks, each designed to probe a dis-
tinct cognitive and affective domain. The goal is to create an experimental battery with
wide coverage of the emotional landscape. This includes the probabilistic reward task
to elicit emotions tied to prediction errors, a social interaction task to generate states
contingent on cooperation and fairness, a competence-based task to probe feelings re-
lated to self-perception and skill, and a navigation task to tap into the dynamic emo-
tions of goal-directed behavior. We adopted the momentary reporting design but in-
stead replaced the 1 dimensional happiness self-report with a high-dimensional emo-
tion selection. Throughout the experiment, participants were presented with a screen
displaying a wide array of emotion categories, allowing them to select ones that best
matched their current affective experience. Here, we hope to capture a more granular
affective states through a variety of cognitive tasks and complement them with richer,

high-dimensional self-reported data.

5.1.1 Probabilistic Reward Task

The first task in the battery is designed to elicit core outcome-based emotions, such
as joy, excitement, disappointment, and frustration. These affective states are tightly
coupled to the reward processing. We therefore selected a probabilistic reward task,
which is a foundational paradigm in affective and computational neuroscience. Most
notable of this type of paradigm is the one implemented by Rutledge and colleagues
[Rutledge et al., 2014] as we described before. These task allows us to precisely manip-
ulate the key drivers of these emotions: reward magnitude, risk, reward expectations,

and reward prediction error.
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The core affective mechanism in this paradigm is the generation of trial-by-trial reward
expectation and prediction errors. While previous work has robustly linked RPEs and
reward expectations to a single dimension of momentary happiness, these computa-
tional signals are also thought to drive more granular affective experiences. A positive
RPE can elicit happiness or joy [Rutledge et al., 2014]. Conversely, negative outcomes
or negative RPEs are expected to elicit distinct negative states. Disappointment arises
from the appraisal of an expected reward failing to materialize, whereas frustration is
linked to the appraisal of being blocked from a goal[Pekrun, 2006].

5.1.2 Game Theory Paradigm

The second task targets a set of complex social emotions, including anger, guilt, grat-
itude, and trust. These states are fundamentally different from simple reward-based
feelings because they are contingent on the perceived intentions and actions of others,
which is why a social setup is necessary. In probabilistic reward tasks, outcomes are de-
termined by chance, but in these paradigms, the outcome is jointly determined by the
participant’s own actions and the choices of a partner. This social contingency, which
allows for the quantitative study of fairness, trust, and cooperation, is the essential in-

gredient required to elicit affective states related to interpersonal experiences.

Remorse and gratitude might be elicited using the Prisoner’s Dilemma, where partici-
pants must choose between mutually beneficial cooperation or self-interested behavior.
Because outcomes are contingent on inferences about a partner’s intentions, these
games are exceptionally good for eliciting guilt from betraying a cooperator or grati-
tude from reciprocated trust [Ketelaar and Tung Au, 2003, Ashlock and Rogers, 2008].
Anger and disappointment might be elicited through violation of social norms.
For example, in the Ultimatum Game, one player proposes a monetary split
that another can accept or reject. Participants are known to reject unfair splits,
and they may feel anger toward a partner if consistent unfair splits are offered
[Burnell et al., 1999, Gilam et al., 2019]. Neuroimaging investigation on social coopera-
tion also showed that mutual cooperation is associated with increased reward circuitry
activities [Rilling et al., 2002].

5.1.3 Competence-based Task

The third task is designed to induce emotional states related to self-evaluative emo-
tions, such as anxiety, frustration, pride, and shame. These states are not necessarily
tied to external rewards, but to an internal appraisal of one’s own performance and
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competence, particularly in a context of social evaluation. To elicit them, we employ
a competence-based task. The principle of using evaluative threat to induce affect is
well-established, most notably in the Trier Social Stress Task [Kirschbaum et al., 1993],
which uses social-evaluative pressure to reliably induce stress. While seemingly neu-
tral, performance-based tasks are potent elicitors of emotions because they engage these

constructs of self-esteem and social evaluation.

The anticipation and execution of a math problem under pressure is a well-documented
method for inducing anxiety and stress. ”“Math anxiety” describes a state of stress
and worry about failure in the context of solving math problems [Ashcraft, 2002,
Richardson and Suinn, 1972]. This anxious state is theorized to consume crucial work-
ing memory resources, which in turn impairs performance and creates a vicious cycle
of anxiety and poor outcomes [Ashcraft, 2002]. Successfully solving a difficult math
problem is usually attributed to one’s own competence and effort, can elicit pride
[Pekrun, 2006, Weiner, 1985]. On the other hand, a failure in doing so might be coupled
with frustration and shame. Frustration arises from the appraisal of being blocked from
a goal [Pekrun, 2006]. Shame, a more intense self-evaluative emotion, can be elicited
by repeated failures that are attributed internally to a lack of ability or competence
[Weiner, 1985].

5.1.4 Navigation Task

Spatial navigation tasks provide a powerful paradigm for studying the affective dy-
namics of motivated, goal-directed behavior. In these tasks, participants navigate a
complex space from a starting point toward a goal. One can model this process with
a RL framework, such that each step a participant inches closer to the goal generates a
positive RPEs, while setbacks like heading down a path towards a dead end generate
negative RPEs. Navigation tasks can also be framed within a goal-directed behavior
framework as a sequence of actions and the cognitive process begins with the anticipa-
tion of a goal. Making clear progress is associated with positive anticipatory emotions
like hope and excitement, while encountering obstacles induces frustration and anxiety.
Consummatory reward at the goal elicits joy or relief upon success, or disappointment
upon failure. Furthermore, this type of tasks can also illuminate the bidirectional re-
lationship between affective states and goal appraisal. With the objective appraisal of
one’s progress changing affective states, the current affective state in turn biases how
that progress is appraised.

For example, a participant in a positive affective state may appraise a small step for-

ward as significant, boosting their mood further and engage in explorative behavior,
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which might lead to discovery of more rewards. Conversely, a participant in a negative
state may appraise the same step as trivial and interpret a minor setback as a catas-
trophic failure, leading to a downward spiral of frustration and inaction. The naviga-
tion task thus provides a useful environment for studying this self-reinforcing feedback
loop, capturing the moment-to-moment coupling between goal pursuit, cognition, and

affective states.

Together, these paradigms are designed to elicit a broad and diverse range of human
affective experiences within a single, controlled experimental session. This chapter de-
tails the specific implementation of each task and presents empirical data from an on-
line validation study. The central aim is to demonstrate that this task battery is an
effective tool for eliciting the wide and granular range of emotional states necessary for
the fine-grained study of human affect.

5.2 Methods

5.2.1 Ethical Approval

Experimental protocol was approved by the University College London Research
Ethics Committee (Approval: 16639/001)

5.2.2 Participants

We used the Prolific platform for online participant recruitment [Prolific Inc, 2023].
Three separate studies were advertised on the Prolific platform to residents of the
United Kingdoms who were at least 18 years old and had access to a desktop com-
puter. In total, we obtained a total of 165 informed consents and 129 completed the

experiment.

Inclusion / Exclusion We excluded 19 participants who had more than 50% missing
task responses. We also excluded 1 participant who had 50% missing emotion selection
data. Total of 108 participants” data were used in data analysis.

5.2.3 Procedure

Eligible individuals were invited to our study website to first review the informed con-

sent. Participants must select checkboxes for each of the inclusion / exclusion criteria
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item-by-item. They then were asked to make a quick response using keyboard and
mouse to ensure both input devices were available. Afterwards, participants were
given instructions of the four tasks as well as the emotion selection grid. They were
then given a chance to a practice trial of each of the tasks. Afterwards, all participants
were asked to engage in trials of the four tasks. The trials were interleaved such that no
consecutive trials were the same task. The order of the trials for all participants were
pre-determined and randomized. Each participant participated in 8 trials for each of

the four tasks, totaling 32 trials.

5.2.4 Trial Strcuture and Emotion Selection

We introduce a battery of cognitive tasks that consists of four components: Gamble,
Trust, Math and Maze (for an overview, see Table 5.1). Our goal is to fully cover the
emotion options that we used in our accompanying examination on emotional state
decodability and generalization. There are three components that the tasks all shared:
1) experimental timing, 2) harmonized feedback and 3) post-trial emotion selection (see
5.1 for details).

Task Type Task Descriptions

Gamble Probabilistic Reward Task Choose between safe and gamble
option

Trust Game Theory Paradigms Solve Prisoner’s Dilemma with an
artificial agent

Math Competence-based Task Solve math equations

Maze Navigation Tasks Solve mazes to reach destinations

Table 5.1: Task Overview

5.2.5 Emotion Selection

For the emotion selection, participants were given a grid of 28 options to report their
current emotional state. The options are: admiration, amusement, anger, annoyance,
approval, caring, confusion, curiosity, desire, disappointment, disapproval, disgust,
embarrassment, excitement, fear, gratitude, grief, joy, love, nervousness, optimism,
pride, realization, relief, remorse, sadness, surprise. Neutral is included here to en-
sure that participants were not forced to select any emotions. Multiple selection was
allowed. Participants were allowed to make selection using either keyboard or mouse.

During practice, participants also completed an additional mini game that was de-

signed to familiarize participants with the layout of the grid of emotions. Participants
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Figure 5.1: Overall Experimental Design All tasks start with 500 ms of blank screen,
followed by a maximum of 4000 ms (or 15000 ms for Maze) stimuli display time, when
participants can make responses. The trial terminates when an acceptable response is
provided or the maximum time is reached. 1000 ms of feedback anticipatory period fol-
lows the trial termination, and the actual feedback is shown for 1500 ms. The feedbacks
of all the tasks are harmonized such that no semantic information was presented (the
black texts were for illustration purposes only, now shown during the actual trials). The
feedback has two parts: top actual feedback and bottom counterfactual feedback. The
top part is the actual feedback, where the background color corresponds to feedback
type: green indicates winning points, red for losing points, beige indicates no points
changed, and black for no valid responses. The counterfactual feedback shows what
the outcome would have been if the participant had chosen the opposite actions (see
each task subsection below for detail). All task feedback were harmonized to be be-
tween -10 to 10 points. After the feedback and 500 ms of blank screen, a mandatory
2000 ms introspection period was shown with the text "How do you feel right now?”
The participants were then given a grid of alphabetized emotions to report their emo-
tions. Participants had at most 20000 ms to report their emotional states.
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were asked to find and select two or three emotions in the grid at once. If they correctly
selected the emotions, they were allowed to move on or they were asked to deselect
the incorrect emotions and re-select the correct ones. Participants were asked to do this

repeatedly until all emotions on the grid were sampled at least once.

5.2.6 Gamble task

In each of the Gamble task trials, participants were given two options: gamble and safe
(for an illustration, see figure 5.2). The gamble option had two outcomes stack verti-
cally and the safe option had one outcome. The probability of winning the gamble is
always set to 50% and participants were made aware of that. Therefore, there should
be no element of uncertainty about win probabilities. The expected values of both the
gambling and safe options are set to be the same across all trials and conditions. Partic-
ipants learned the outcome of their choice immediately after and we provide counter-
factual outcome as well, that is they learned whether they won the gamble if they chose
to gamble or if they would have won the gamble if they chose the safe option.

We expected joy and excitement to be elicited by positive gambling outcomes, while
annoyance, disapproval, and sadness to be elicited by negative outcomes. With the
counterfactual outcome, we expect participants to report relief and remorse. Further,
we included an action shift in random trials, during which participants” chosen action
was switched toward the other. We expect this component to elicit surprise, disap-

proval, disappointment and confusion.

5.2.7 Math task

In each of the Math task trials, participants were shown a math equation that involves
addition, subtraction and multiplication between two numbers (for an illustration, see
figure 5.3). We set the numbers to always be two digits and the first digits were never 1
(i.e. the numbers ranged from 21 to 99). The participants were asked to determine if the
equation is true or false by using pre-trained keys on the keyboard. The participants
won more points for answering correctly or lost more points for answering incorrectly if
the trails had multiplication, compared to addition or subtractions. The counterfactual
feedback here would be the points they would have lost or won for their counterfactual
action. For example, if a participant answered a multiplication correctly, they would
have seen a green top box with 10 points and -5 points for counterfactual. Conversely,
if a participant answered an addition equation incorrectly, they would have seen a red

top box with -10 points and 5 points for counterfactual.
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Figure 5.2: The Gamble Task Participants were given two options: gamble or safe.
Gamble options had two outcomes stacked vertically and safe option had one outcome.

We expect pride, joy, excitement to be elicited when participants answered correctly,
while confusion, disappointment, embarrassment, realization to be elicited for incorrect

trials.

5.2.8 Trust task

In a Trust task trial, participants were given two options: share or keep as well as infor-
mation about the partner they are playing with (for an illustration, see figure 5.4). In
line with the classic Prisoner’s Dilemma game, when both chose to cooperate (share),
they gain double the points, and when only one chose to share while the other chose
to keep, the keeper gets points but not the sharer. The optimal strategy for this game
is always to not cooperate. They were also informed about the partners that they were
playing with during practice. We informed the participants that they would be playing
against Al models that were trained with real human data to mimic unique human play
styles. After participation, the participants were debriefed on that all partner behaviors
were pre-determined and part of the task contingencies. There were good or bad part-
ners: good partners have higher probability to share while bad partners have lower.
During the practice, the participants were given a chance to play the game unlimited
times to try and figure out which partner (identified by name and color) was good or
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Figure 5.3: The Math Task Participants were shown a math equation and two options:
True or False. Participants will use the options to indicate the correctness of the math
equation.

bad. During the actual task, partner share probability was shown to assist the partici-
pants’ decision (good partner will approach 80% share rate while a bad partner around
20%). If the participants chose to keep, they can learn about what the partner would
have done if they had shared through the counterfactual feedback. Occasionally, the
partners would “act” uncharacteristically to further elicit more emotional categories.

We expected the participants to report approval, caring, joy, love, relief for when they
and the partner both chose to share. Anger, disapproval, surprise, grief, realization,
remorse were expected for when good partners decided to keep when the participants
shared. For bad partners, they might report disgust, anger, disapproval and annoyance,

and gratitude, joy, surprise, relief during unexpected share.

5.2.9 Maze task

In the Maze task trials, participants were placed at the center of a maze (start), along
with a gift box (goal) randomly located in the maze (for an illustration, see figure 5.5).
The maze can be easy or hard depending on the number of correct steps needed to
reach the goal from the start. Participants will see different mazes throughout the ex-
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Figure 5.4: The Trust Task Participants were shown points at stake and two options:
share or keep. Top left showed partner information, including name, share percentage
and unique color.
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periments and we designed the maze such that they were generally equal in difficulty.
The participants were told that the goal can be good or bad: they would need to ap-
proach the good goals and avoid the bad goals. The task has two major tricks: 1) par-
ticipants did not know whether the goal is good or bad until the end of the trial; and
2) participants must navigate the maze “blindly,” meaning they needed to key in all
actions without seeing the movements within the allocated time. At the end of the trial,
participants were presented with their actual movement and revelation of the goal. The
participants earned more points if their final distance to the good goals was shorter or
longer for the bad goals.

We expected participants to feel relief, joy, excitement for when they correctly predicted
the nature of the goal and completed appropriate actions, or anger, disappointment,
sadness for mismatch between the goal and actions. Because the participants key in
actions ”blindly,” they might also report confusion, annoyance, anger, disapproval, re-

alization, embarrassment if the movement did not matched what they had planned.

5.2.10 Analysis

We performed three main quantitative analyses to validate the task battery. All analyses
used participant identity as a random effect to account for subject-level variance, and

all statistical tests were conducted with a significance level of o = 0.05.

First, to demonstrate that participants were actively engaged and reporting affective
states, we calculated the proportion of neutral-only self-reports for each participant
(relative to all of their emotional trials). We then ran a one-sample t-test on this distri-
bution of proportions, testing against a null hypothesis of 0.5 (random chance).

Second, to test whether the task type (Gamble, Math, Trust, Maze) significantly pre-
dicted which emotions were reported, we ran a series of Mixed-Effect Logistic Regres-
sion models. A separate model was fit for each of the 28 emotion categories. All models
predicts the emotion response (binarized for each unique emotion) with task type as
main effect participant identity as mixed effect. The significance of the Task variable
for each model was determined using an ANOVA (Type III Wald Chi-square test). To
control for these 28 separate tests, the resulting p-values were corrected for multiple
comparisons using the Benjamini-Hochberg False Discovery Rate (FDR) method.

Third, to test whether the emotional response to an outcome was dependent on the
task, we ran a second series of Mixed Effect Logistic Regression Models. These models
added an interaction term of task and feedback type, including only positive or nega-
tive feedback (no response trials were excluded). The p-values for the interaction term
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Figure 5.5: The Maze Task Participants were placed at the center of a maze, along with
a gift box, which is the goal. Right middle box showed the reminder time allowed for
movement. At the end, the goal might changed to a skull indicating that the goal was
bad. In such case, participants earned more points if their final distance to the goal was
longer.
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were similarly corrected for multiple comparisons using FDR.

5.3 Results

We first confirmed that participants reported specific emotions far more often than
"Neutral’. On average, participants selected only neutral on 13.1% of the trials. A one-
sample t-test confirmed this proportion was significantly lower than the 0.5 chance level
(t(107) = —18.55, p < 0.001, d = —1.79), demonstrating that the tasks reliably elicited
specific affective states.

5.3.1 The Main Effect of Task

The ANOVA analysis confirmed that the task context had a significant effect on the
majority of reported emotions, as shown in Table 5.2. After FDR correction, 16 of the
28 emotion categories showed a significant main effect of Task (p < 0.05). This result
quantitatively rejects the hypothesis that the tasks are interchangeable and confirms
they elicit distinct emotions (visualized in Figure 5.6).The astronomical F3 and x? val-
ues for ‘Caring’, ‘Disappointment’, and ‘Optimism” are statistical artifacts of complete

separation. This occurs when an emotion is reported 0 times in one or more tasks.

5.3.2 Pairwise Task Comparisons

To decompose main effect of task, we ran pairwise post-hoc comparisons for the signif-
icant emotions, with results displayed in Table 5.3. This analysis allows us to pinpoint
what emotion is being elicited by what task.

Emotion Comparison T-value dof Cohen’sd pcorrected Sig.
Anger
Gamble vs. Math 1.015 1290.752 0.056 0.414
Gamble vs. Maze  -2.594 1459.903 -0.133 0.025 *
Gamble vs. Trust -0.111  1346.123 -0.006 0.932
Math vs. Maze -3.700 1449.814 -0.186 0.001 *
Math vs. Trust -1.153  1377.433 -0.062 0.347
Maze vs. Trust 2.527 1509.404 0.128 0.029 *
Annoyance

Gamble vs. Math 3.521 1254.338 0.194 0.002 *
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Gamble vs. Maze -3.081 1440.617 -0.160 0.007
Gamble vs. Trust 4157 1228.252 0.228 < 0.001
Math vs. Maze -6.928 1471.666 -0.350 < 0.001
Math vs. Trust 0.636 1384.313 0.034 0.646
Maze vs. Trust 7.642 1458.884 0.384 < 0.001
Approval
Gamble vs. Math -3.091 1210.437 -0.168 0.007
Gamble vs. Maze -1.228 1454.648 -0.063 0.315
Gamble vs. Trust -2.979 1259.398 -0.159 0.009
Math vs. Maze 2.032 1305.315 0.107 0.080
Math vs. Trust 0.151 1389.016 0.008 0.928
Maze vs. Trust -1.900 1362.642 -0.099 0.101
Caring
Gamble vs. Math -1.302 1037.772 -0.070 0.281
Gamble vs. Maze 0.160 1308.633 0.009 0.928
Gamble vs. Trust -4.034  797.478 -0.211 < 0.001
Math vs. Maze 1.457  926.288 0.080 0.221
Math vs. Trust -3.117 1013.166 -0.165 0.007
Maze vs. Trust -4.130 764.841 -0.226 < 0.001
Confusion
Gamble vs. Math 2,760 1224.118 0.152 0.016
Gamble vs. Maze -2.946 1456.537 -0.152 0.010
Gamble vs. Trust 2.270 1256.402 0.124 0.050
Math vs. Maze -5.935 1414.361 -0.297 < 0.001
Math vs. Trust -0.526 1391.411 -0.028 0.710
Maze vs. Trust 5427 1446.332 0.272 < 0.001
Disappointment
Gamble vs. Math 2.908 1231.523 0.160 0.010
Gamble vs. Maze -1.439 1430.711 -0.075 0.224
Gamble vs. Trust 1.534 1302.128 0.084 0.197
Math vs. Maze -4.579 1467.026 -0.231 < 0.001
Math vs. Trust -1.435 1380.730 -0.077 0.224
Maze vs. Trust 3.108 1514.975 0.158 0.007
Disgust
Gamble vs. Math -1.070 1253.212 -0.058 0.391
Gamble vs. Maze -3.225  1227.022 -0.158 0.006
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Gamble vs. Trust -3.033 1041.549 -0.160 0.008 *

Math vs. Maze -2.191 1422.107 -0.110 0.058

Math vs. Trust -2.069 1233.602 -0.110 0.076

Maze vs. Trust 0.023 1492.247 0.001 0.982
Embarrassment

Gamble vs. Math -3.619 1035.690 -0.195 0.002 *

Gamble vs. Maze -3.593 1289.111 -0.177 0.002 *

Gamble vs. Trust 0.166 1330.683 0.009 0.928

Math vs. Maze 0.288 1436.987 0.015 0.853

Math vs. Trust 3.792  990.849 0.205 < 0.001 *

Maze vs. Trust 3.789 1242.906 0.187 < 0.001 *
Gratitude

Gamble vs. Math 0.368 1319.538 0.020 0.796

Gamble vs. Maze 2,947 1088.415 0.162 0.010 *

Gamble vs. Trust -1.926 1342.968 -0.104 0.098

Math vs. Maze 2,643 1199.702 0.141 0.022 *

Math vs. Trust -2.322 1345.537 -0.124 0.044 *

Maze vs. Trust -4.920 1080.944 -0.262 < 0.001 *
Joy

Gamble vs. Math -2.420 1325.754 -0.132 0.037 *

Gamble vs. Maze -0.135 1391.843 -0.007 0.932

Gamble vs. Trust -3.111 1348.140 -0.168 0.007 *

Math vs. Maze 2405 1383.474 0.126 0.037 *

Math vs. Trust -0.676  1391.990 -0.036 0.622

Maze vs. Trust -3.126  1406.361 -0.162 0.007 *
Neutral

Gamble vs. Math 0.501 1320.221 0.027 0.713

Gamble vs. Maze 5.356 1160.468 0.295 < 0.001 *

Gamble vs. Trust -0.375 1244.528 -0.021 0.796

Math vs. Maze 4955 1256.221 0.266 < 0.001 *

Math vs. Trust -0.873 1259.188 -0.049 0.490

Maze vs. Trust -5.618 1068.502 -0.318 < 0.001 *
Optimism

Gamble vs. Math -0.841 1331.771 -0.046 0.506

Gamble vs. Maze 1.036 1349.660 0.055 0.406

Gamble vs. Trust -0.593 1349.536 -0.032 0.664
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Math vs. Maze 1.935 1394.983 0.101 0.098
Math vs. Trust 0.258 1389.265 0.014 0.869
Maze vs. Trust -1.687 1444.967 -0.087 0.152
Pride
Gamble vs. Math -5.106 1011.296 -0.275 < 0.001
Gamble vs. Maze -4.037 1327.907 -0.200 < 0.001
Gamble vs. Trust -1.705 1301.174 -0.092 0.149
Math vs. Maze 1.485 1369.357 0.078 0.213
Math vs. Trust 3.618 1182.884 0.195 0.002
Maze vs. Trust 2.342 1493.466 0.118 0.043
Relief
Gamble vs. Math -0.976 1331.997 -0.053 0.427
Gamble vs. Maze 2.057 1287.071 0.110 0.077
Gamble vs. Trust -0.368 1348.115 -0.020 0.796
Math vs. Maze 3.106 1321.720 0.164 0.007
Math vs. Trust 0.624 1385.685 0.033 0.647
Maze vs. Trust -2.497 1394.111 -0.130 0.030
Remorse
Gamble vs. Math 0.989 1246.661 0.054 0.425
Gamble vs. Maze -0.110 1398.732 -0.006 0.932
Gamble vs. Trust -1.580 1318.704 -0.085 0.186
Math vs. Maze -1.170  1493.209 -0.059 0.342
Math vs. Trust -2.573 1196.140 -0.137 0.026
Maze vs. Trust -1.539  1339.730 -0.080 0.197
Surprise
Gamble vs. Math 2.150 1179.865 0.119 0.063
Gamble vs. Maze 0.513 1346.778 0.027 0.712
Gamble vs. Trust 2.246 1165.115 0.124 0.052
Math vs. Maze -1.791 1488.371 -0.091 0.126
Math vs. Trust 0.090 1388.929 0.005 0.938
Maze vs. Trust 1.896 1496.115 0.096 0.101
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Table 5.3: Pair-wise comparisons for emotions with signif-
icant task main effects. All comparisons between a pair of
tasks for each of the emotions were showed here. Significant
results were found for all emotions except for Optimism and
Surprise, showing that tasks selectively elicited wide range
of emotions.

5.3.3 Task-by-Feedback Interaction

Finally, we demonstrated that the emotional response to winning or losing was depen-
dent on the task (see Table 5.4 for ANOVA results). After FDR correction, 11 of the 28
emotion categories showed a significant task by feedback type interaction (for a visual-

ization, see Figure 5.7).

5.4 Discussion

The primary aim of this chapter was to develop and validate a battery of cognitive tasks
as an effective tool for eliciting a diverse and granular range of emotional states. The
results from our statistical analyses provide strong quantitative support for that our

task battery is a robust tool for eliciting emotional responses.

We observed clear quantitive evidence of task specificity. The main effect analysis (Ta-
ble 5.2) showed that the majority of emotions (16 of 28) were significantly dependent
on the task. The post-hoc comparisons (Table 5.3) allowed us to verify our a priori
hypotheses from the introduction with statistical rigor.

Broadly speaking, the results align with theoretical expectations. For instance, the Trust
Task, as intended, was a primary elicitor of social emotions such as disgust, disappoint-
ment, grief, caring and gratitude. In contrast, the Math Task successfully induced self-
evaluative states like pride, joy, and approval, while the Gamble Task reliably drove
outcome-based feelings of curiosity, joy and sadness. The Maze task induced fear, con-
fusion, sadness and embarrassment. This alignment between task design and reported

emotion provides confidence that the battery is functioning as intended.

Perhaps the most important finding of this chapter is the significant task by feedback
interaction (Table 5.4). This quantitatively demonstrates that the emotional response to

a positive or negative feedback is task-dependent. A negative outcome in the gamble
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Emotions Iy X% Deorrectea  Significant?
Admiration 0.043 0.129 0.988
Amusement 0.502 1.506 0.706
Anger 6.151 18453 < 0.001 *
Annoyance 24.729 74187 < 0.001 *
Approval 4984 14.952 0.004 *
Caring 2021028.300 6063084.900 < 0.001 *
Confusion 19.685 59.055 < 0.001 *
Curiosity 1.506 4518 0.268
Desire 1.691 5.073 0.233
Disappointment =~ 192840.887  578522.661 < 0.001 *
Disapproval 2.620 7.860 0.076
Disgust 5.816 17.448 0.001 *
Embarrassment 9.846 29538 < 0.001 *
Excitement 0.910 2.730 0.488
Fear 1.605 4.815 0.248
Gratitude 6.790 20.370 < 0.001 *
Grief 0.581 1.743 0.676
Joy 4.215 12.645 0.011 *
Love 1.162 3.486 0.392
Nervousness 2.856 8.568 0.059
Neutral 25.370 76110 < 0.001 *
Optimism 157524.038 472572114 < 0.001 *
Pride 14.648 43944 < 0.001 *
Realization 1.855 5.565 0.199
Relief 5.620 16.860 0.002 *
Remorse 3.230 9.690 0.037 *
Sadness 0.993 2.979 0.461
Surprise 3.316 9.948 0.036 *

Table 5.2: ANOVA showed Tasks selectively elicited wide range of emotions. The
table showed the F-ratio, x? statistic, and FDR-corrected p-value for the main effect
of Task on the log-odds of each emotion being reported. Each emotion was modeled
separately. The astronomical F ratio and x? values for Caring, Disappointment, and
Optimism are statistical artifacts of complete separation, which is when one or more
levels of the Task variable perfectly predict a zero outcome.
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110

Emotions Iy X% Deorrectea  Significant?
Admiration 0.093 0.372 e 0.985
Amusement 0.596 2.384 e 0.810
Anger 7.236 28.944 e < 0.001 *
Annoyance 12.452 49.808 e < 0.001 *
Approval 1.559 6.236 e 0.300
Caring 1.963 7.852 e 0.209
Confusion 4.100 16.400 e 0.008 *
Curiosity 0.901 3.604 e 0.647
Desire 0.622 2.488 e 0.810
Disappointment 4.068 16.272 e 0.008 *
Disapproval 8.007 32.028 e <0.001 *
Disgust 1.237 4.948 e 0.455
Embarrassment 0.289 1.156 e 0.985
Excitement 3.024 12.096 e 0.042 *
Fear 0.238 0.952 e 0.985
Gratitude 1.813 7.252 e 0.230
Grief 0.096 0.384 e 0.985
Joy 1309041.951 5236167.804 e < 0.001 *
Love 0.123 0.492 e 0.985
Nervousness 3.128 12.512 e 0.039 *
Neutral 4.561 18.244 e 0.004 *
Optimism 2.180 8.720 e 0.160
Pride 0.943 3.772 e 0.645
Realization 0.645 2.580 e 0.810
Relief 5.132 20.528 e 0.002 *
Remorse 1.710 6.840 e 0.253
Sadness 1.858 7.432 e 0.230
Surprise 5.151 20.604 e 0.002 *

Table 5.4: Emotional response to feedback is task-specific. The table showed the F-
ratio, x? statistic, and FDR-corrected p-value for the interaction of task type and feed-
back type on the log-odds of each emotion being reported. Each emotion was modeled
separately.
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task might not elicit the same emotional responses as a negative outcome in the trust
task. As task dependence is a specific aspect of context dependence, these finding di-
rectly supports the broader hypothesis of this thesis: a simple, one-dimensional label is
insufficient to capture the high-dimensional emotional responses elicited by cognitive
tasks.

The central aim here was to demonstrate that the battery of tasks is a suitable tool for
eliciting a wide range of affective states in a context fundamentally different from a
passive, narrative-driven paradigm. This goal is analogous to many neuroimaging or
psychophysiology studies where a task’s primary value is not in its standalone behav-
ioral outcome [Demidenko et al., 2021, Zhang et al., 2013], but in its proven ability to

reliably generate significant neuroimaging support.

In conclusion, the results of this validation study are successful by this standard. The
qualitative findings clearly demonstrate that the task battery achieves its primary ob-
jective: it elicits a broad and granular spectrum of affective states, with clear specificity
between the different task domains. We are therefore confident that this battery is an
effective and robust tool for inducing the rich affective data needed for our subsequent

investigations.



Chapter 6

Decoding and generalization of
LLM-quantified emotional states
from MEG signals

6.1 Introduction

Initially, research into affective representations in the brain followed localizationist
views, attempting to identify distinct links between neuroanatomical regions and af-
fective experiences. This perspective yielded important associations, such as that of the
amygdala with fear [LeDoux, 2002] and the insula with disgust [Phillips et al., 1997].
This framework, however, was an oversimplification of how affective experience might
be represented in the brain. It failed to account for the functional heterogeneity of
brain regions [Poldrack, 2010] and the distributed neural representation of emotional
processing [Pessoa, 2017]. For example, amygdala activities were associated with not
only fear but also the processing of positive stimuli [Sergerie et al., 2010]. Recent re-
search shifted toward a network-based view that posits the neural representation of
affective experience to be the dynamic interaction between distributed brain systems
[Barrett, 2017b, Lindquist et al., 2012].

A significant body of research has successfully employed machine learning classifiers
to decode affective states from high-dimensional neural data. By training models on
multivariate patterns of brain activity, numerous studies have demonstrated that it is
possible to reliably distinguish between neural responses to stimuli of different affective
experience, such as happy versus sad faces [Kragel and LaBar, 2013] or pleasant versus
unpleasant sounds [Ethofer et al., 2009]. The applicability of this decoding approach

113
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has been extended to naturalistic paradigms, including the classification of emotional
experiences during movie viewing [Ke et al., 2025]. Collectively, this work has robustly
established that, within a specific experimental context, distinct emotional states pos-
sess neurally decodable signatures.

Our experimental work in Chapter 4 established that LLM-quantified emotional states
derived from narratives were associated with distinct MEG patterns across time and
frequency domains. However, a critical limitation of these findings, both in the broader
literature on affective decoding and in our own work, is whether the observed neural
consistency generalizes beyond the specific context in which it was elicited. The pre-
dictive success of most affective decoders is circumscribed by the induction paradigm,
and even the specific stimuli. A critical benchmark for the validity and utility of any
objective quantification of affective experience is to demonstrate the capacity to gener-
alize beyond its training paradigm. That is, a successful decoder of emotional states
trained on narrative listening must show above-chance performance in decoding emo-
tional states elicited by out-of-sample narratives and non-linguistic experiences. An
emotional decoder that fails to generalize functions merely as a context-specific pattern
classifier.

The study presented in this chapter was designed to test the cross-context generaliz-
ability of our LLM-based quantification of emotional states. We examined the gener-
alization performance of decoders trained to identify LLM-quantified emotional states
from the story-listening context by testing their performance on held-out stories (an
out-of-sample test) and on self-reported emotional states during a battery of cognitive
tasks (a cross-modal test). These validation tests directly examined whether our LLM-
quantified emotional states capture a context-independent neural signature. Above-
chance generalization would provide evidence for a generalizable neural representa-
tion of emotional states, and further validating our quantification approach. However,
a failure to sustain above chance performance would support a constructionist perspec-
tive [Barrett, 2017b, Lindquist et al., 2012], suggesting that the neural representation of
emotional states might be context-dependent and flexibly constructed from domain-

general networks.
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6.2 Methods

6.2.1 Ethical approval

The experimental protocol was approved by the University College London Research
Ethics Committee (Approval: 27121/001)

6.2.2 Participants and procedure

We recruited participants from the local community (N = 13) via online advertisements
on the UCL SONA platform. Inclusion criteria were confirmations by participants that
they were 1) healthy, 2) over 18 years old, 3) native English speakers, 4) free of tattoos
above their chest area, 5) not visually impaired (or corrected to normal vision), and 6)
free of metal in their body. Written informed consent was obtained before any study

procedures were undertaken.

Inclusion / Exclusion Four participants were excluded for the following reasons: one
due to intoxication, one due to excessive noise caused by metal retainer, one due to

excessive movement, and one due to lack of trigger signal.

6.2.3 Procedure

To balance participant fatigue and data consistency, we split the overall data collec-
tion into three 2-hour sessions. In each session, participants were asked to listen to
six different stories and complete two task blocks (see Figure 6.1 for exact ordering).
Breaks were offered right before each task block. The content of the stories is detailed
in table 3.1. Each task block consisted of modified versions of the four tasks described
in chapter 5. Trick conditions in the Math and Trust tasks were removed due to poor
consistency found in the online study (detailed in chapter 5).

MEG data were acquired as in chapter 4 with a CTF MEG system equipped with a
whole-head SQUID magnetometer with 275 channels, located in the Department of
Imaging Neuroscience at the University College London. MEG data were collected
with a sample rate of 1200Hz.
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Figure 6.1: Study Design Schematic of one the three experimental sessions. Each 2-

hour session included one setup period (black), six story-listening blocks (yellow), two
cognitive task blocks (blue), two optional breaks (orange).

6.2.4 MEG Data Processing

We implemented the same MEG processing pipeline detailed in section 4.2.5. To sum-
marize, we preprocessed the continuous data by band-pass filtering (0.5-200 Hz), ap-
plying notch filters (50 Hz and harmonics), and downsampling the data to 400 Hz.
Artifacts related to eye blinks and cardiac activity were identified and removed us-
ing Independent Component Analysis (ICA). Word-level event timings were precisely
synchronized to the MEG signal by computing the cross-correlation between the orig-
inal stimulus file and the audio signal recorded with the MEG. Using these synchro-
nized word timings, the cleaned data was then segmented into 2000ms epochs to match
the word-level emotional labels. Depending on the specific analysis, we created either
overlapping epochs (for event-related raw signal analysis) or non-overlapping sequential
epochs (for PSD analysis). Finally, PSD was computed for non-overlapping epochs us-
ing the multi-taper method and averaged into six frequency bands (delta, theta, alpha,
beta, gamma, and high gamma).

6.2.5 Emotional State Labels

An emotional state label for each word was inferred as detailed in chapter 3. Briefly,
this consisted of a three-step process relying on a Large Language Model. To balance
emotion granularity and the number of available labels per class, we chose 10 emo-
tional states as our classification targets for training and validating the neural decoders

(See Figure 4.1 for state labels and their emotion composition). A higher number of
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emotional states only yielded minimal model performance increase (as showed in Fig-
ure 3.6).

6.2.6 Neural decoding models

To decode emotional state labels with MEG, we constructed logistic regression models
that can be expressed in this general form, where w denotes words, ¢ for different chan-
nels, and ¢ denotes time after word onset (for MEG signal models) or frequency bands
(for spectral models):

Ew,t ~ /80 + /Blml,w,t + ...+ chc,w,t (61)

where E,, ; is the emotional states label assigned to word w at time ¢ after word onset.
We used 3y to model the average of the MEG data across all channels. f3, is the regres-
sion coefficient parameter for channel c that our models fits. x , ; is the ¢ channel MEG
signal for a given word ¢ and time after onset . We used concatenated story data from
two sessions (total of 12 stories) and used them as the primary training dataset. The
third session was intentionally left-out for future work on validation and optimization

of our method, which is beyond the scope of this thesis.

6.2.7 Measuring Decoder Performance

The study design incorporates two distinct emotion induction modalities: story-based
and task-based, and within story-based induction, multiple narratives were included.
To evaluate decoder performance when exposed to varying levels of context, we com-
puted three ROC AUC (Area Under the Receiver Operating Characteristic Curve)
scores, each corresponding to a different contextual exposure: In-Context, Out-of-
Sample, and Cross-Modal scores (for an overview of the different levels, see Figure 6.2.
These conditions reflect a reduction in the contextual information through removal of
induction modality and content-specific context in the test set. We constructed multino-
mial logistic regression decoders for both 3- and 10-state emotional states classification.
To evaluate the decoders” performance, we used the weighted one-vs-rest ROC AUC,
where the AUC is calculated for each class against all others and then weighted by that
class’s support in the dataset. We assessed decoder performance using two validation
methods as follows:
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In-context Performance Epochs from all 12 stories were concatenated, shuffled and
then split into five folds. For each fold, we trained on four folds of the data and tested
the performance on the remaining data. With this 5-fold-cross-validation within sto-
ries, the decoders can exploit on neural representations of emotions that are induction
modality-specific, content-specific, or the combination of the two. Therefore, the in-
context scores reflects an estimate of the upper-bound of the decoders’ ability to track

emotional state-related neural representations.

Out-of-sample Performance With a leave-one-story-out approach, in each iteration,
one of the 12 stories was held out for testing while the remaining stories were used for
training. While the induction modality remained consistent (story), the narrative con-
tent of the test story was unseen during training. Therefore, the out-of-sample scores
measure the decoders’ ability to generalize across novel content-specific context within
the same induction modality (story-listening).

Cross-modal Performance To evaluate the decoders’ content-independent general-
ization and cross-modal performance, decoders trained on story data were applied to
neural signal during the introspection phase in the task-based induction. First, a bina-
rized correlation map was constructed (as shown in Figure 3.7) between model-inferred
emotional states and the 27 self-reported emotion categories, using a threshold that en-
sured each emotion category corresponded to at least one of the LLM-quantified emo-
tional states. Participants’ self-reported emotion categories were then mapped onto
emotional states based on this correspondence. This mapping from 27 self-reported
categories to our 10 LLM-states resulted in a many-to-one mapping. Therefore, in cases
where an emotion category aligned with multiple states, a prediction was considered
correct if it matched any of the associated states. The cross-modal scores reflect the de-
coders’ ability to transfer across both induction modality and content, representing the

most abstract level of generalization.

Significance tests To determine if, on average, a decoder configuration achieved sig-
nificantly above-chance performance, we took all the scores from all participants for
that configuration and conducted a one-sample t-test against a theoretical chance level.
The chance level for ROC AUC is 0.5.
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Figure 6.2: Overview of the three context levels. Each panels summarized the different
levels of the context exposure.

6.3 Results

6.3.1 Multi-class Spectral Topography Decoders

The 10-state decoder achieved significantly above-chance in-context scores and, as ex-
pected, a lower but still above-chance out-of-sample score. However, the cross-modal
score for the 10-state decoder was not significantly different from chance. For the 3-
state decoder, the in-context score was significantly below chance, while both the out-
of-sample and cross-modal scores were at chance (Figure 6.3). We also calculated top-2
accuracy for the 10 states to further demonstrate the decreasing performance as the gen-

eralization demand increased (in-context > out-of-sample > cross-modal; Figure 6.4).

6.3.2 Single Band Multi-class Spectral Topography Decoders

To examine which frequency bands contributed most to emotion classification, we con-
structed separate decoders using only the topography from a single power band. While
decoders trained on each individual power band performed significantly above chance
(Figure 6.5), we found no significant differences in performance between the bands.
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Figure 6.3: Multi-class decoders performance across emotional state configurations
and validation methods. On average, we found above-chance performance for In-
context scores for 10 states [IC (10); 95% c.i. 0.541-0.560, t43=10.536, p < 0.01], Out-of-
sample score for 10 states [OS (10); 95% c.i. 0.506-0.515, t43=4.298, p < 0.01]. However,
In-context scores for 3 states [IC (3); 95% c.i. 0.447-0.489, t43=-3.068, p = 0.007] showed
significantly below chance performance and no different than chance performance for
OS scores for 3 states [OS (3); 95% c.i. 0.494-0.510, t43=0.471, p = 0.766]. Neither of the
CM scores for 10 states [CM (10); 95% c.i. 0.494-0.544, t43=1.525, p = 0.206] or 3 states
were significantly above chance [CM (3); 95% c.i. 0.446-0.554, t43=0.001, p = 0.999]. All
p values are adjusted for multiple comparison. We calculated 95% confidence interval
for each mean estimation and illustrated as error bars. Chance level illustrated as grey
dotted line (at 0.5).
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Figure 6.4: Multi-class decoders’ performance measured by Top 2 Accuracy Only 10-
state performances are shown, as top-2 classification for 3 states is meaningless. As
expected, performance followed a similar pattern to ROC AUC, decreasing as the gen-
eralization demands increased (IC > OS > CM) [IC: 95% c.i. 0.281-0.301, ¢43=18.079,
p < 0.01; OS: 95% c.i. 0.211-0.241, t43=3.445, p < 0.01; CM: 95% c.i. 0.150-0.246, t43=-
0.076, p = 0.530 ]. All p values are adjusted for multiple comparison. We calculated
95% confidence interval for each mean estimation and illustrated as error bars. Chance
level illustrated as grey dotted line (at 0.2).
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Figure 6.5: Multi-class decoders performance across powerband configuration On av-
erage, we found above chance performance for all power bands [Delta band (0.5-4Hz):
95% c.i. 0.540-0.558, t43=10.754, p < 0.01; Theta (4-8Hz): 95% c.i. 0.540-0.559, t43=10.435,
p < 0.01; Alpha (8-12Hz): 95% c.i. 0.541-0.560, t43=10.623, p < 0.01; Beta (12-30Hz): 95%
c.i. 0.543-0.567, t43=9.309, p < 0.01; Gamma (30-45Hz): 95% c.i. 0.536-0.558, t43=8.372,
p < 0.01; High Gamma (55-100Hz): 95% c.i. 0.547-0.573, t43=9.269, p < 0.01].

6.3.3 Binary One-vs-Rest Spectral Topography Decoders
In-context Performance

The 5-fold cross-validation results on binary spectral decoders that decode individual
emotional states showed that for 3 states, no decoders were significantly above chance
(see Figure 6.6a). However, we found that for 10 states, decoders for Amusement (95%
ci. 0.533-0.622, t43=3.496, p < 0.01), Anger (95% c.i. 0.514-0.604, t43=2.649, p = 0.01),
Gratitude (95% c.i. 0.510-0.563, t43=2.729, p < 0.01), Negative (95% c.i. 0.513-0.590,
t43=2.670, p= 0.01), had significantly above chance performance (Figure 6.6b).

Out-of-sample Performance

To further validate the decoders, we examine their performance when we withhold
one story as testing data and train on the rest of the stories. For 10 emotional states,
We found that performance decreases across emotional states, and no decoders yielded
significantly above chance performance (see Figure 6.7).

However, because the stories cover a wide range of themes and are thus emotionally
diverse, the number of samples for each emotion category varies between stories. It

appeared that as the number of samples increased in the held-out story, the mean ROC
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Figure 6.6:  In-context Performance for One-vs-Rest Binary Decoders Panel (a)
showed the performance for 3 emotional states and Panel (b) showed the performance
for 10 emotional states. In both panels, top figure showed the cross validated decoder
performance (measured by ROC AUC) of each of the 10 emotional states. Error bars in-
dicate 95% confidence intervals. Bottom figure demonstrated further split the decoders’
performance by individuals. Each unique color represents a unique participant’s de-
coders.

AUCs became more stable. Conversely, ROC AUC became somewhat unstable in sto-

ries with low sample sizes (Figure 6.8).

To account for these potential outliers, we calculated the minimal number of samples
required to achieve a stable ROC AUC for each emotional state. We then re-evaluated
performance, excluding test folds where the number of positive samples for a given
emotion fell below this stability threshold. After this adjustment, the decoders for
Negative (95% c.i. 0.508-0.552, t43=2.77, p < 0.01) and Approval (95% c.i. 0.513-0.542,
t43=3.848, p < 0.01) were found to perform significantly above chance (Figure 6.9).
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Figure 6.7: Out-of-sample Performance for One-vs-Rest Binary Decoders Top figure
showed the averaged ROC AUC across 10 emotional states. Bottom figure showed the
ROC AUC across emotional states and split by participant.

Cross-modal Performance

Generalization to out-of-sample stories was limited to a subset of emotions. We next
tested the decoders’ ability to generalize across induction modalities. Surprisingly,
the binary decoder for the “Positive” emotional state performed significantly above
chance (95% c.i. 0.540-0.646, t43=3.542, p < 0.01, p value corrected for multiple com-
parison.) when classifying self-reported emotional states during the task introspection
phase (Figure 6.10).

6.4 Discussion

The experimental study described in this chapter tested the context dependence of neu-
ral emotion representations by training decoders on story-listening data and evaluating
their ability to generalize to novel stories and a different cognitive task. Our findings
revealed a graded decline in performance as the demands for generalization increased.
Decoders performed best when tested within the story-listening context (In-Context
Performance), but performance dropped when generalizing to novel stories (Out-of-
Sample Performance) and reduced to chance when crossing the induction modality
to the cognitive task (Cross-Modal Performance). To examine specifically how well
the decoders can decode individual emotional states, we constructed binary one-vs-
rest decoders and found that the decoders for the labels Negative, Amusement, Anger
and Gratitude decoders performed above chance in-context. Out-of-sample, binary de-
coders for the labels Negative and Approval were able to successfully generalize to

novel stories. Finally, the decoder for the Positive label was the only decoder to suc-
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Figure 6.8: Mean ROC AUC by the Number of Sample in Test Story Mean ROC AUC
changes drastically when the number of sample in test data is low. Red line denotes
the average number of sample (114.1) that is required to stabilize ROC AUC across
emotional states.
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Figure 6.9: Leave-One-Story-Out validation Performance After Outlier Removal for
One-vs-Rest Binary Decoders Compared to Figure 6.7, Negative and Approval de-
coders are significantly above the chance level.



ROC AUC

o -4unT-qu:d-w-..r--Hj----THH_-_L‘]LL-_JMHI_L_%-H_HFI_H__%_T

Neutral  Negative Approval AmusementConfusion Disapproval Positive Excitement Anger  Gratitude

Emotional States

Figure 6.10: Cross-modal Performance for One-vs-Rest Binary Decoders The figure
shows the ROC AUC scores for each of the 10 binary decoders when trained on story
data and tested on data from the cognitive task blocks. Error bars indicate 95% confi-
dence intervals. Only the decoder for the “Positive” state performed significantly above
the chance level of 0.5.

cessfully generalize across modalities to the task data.

The decline in performance illustrates the generalizability problem as predicted by the
constructionist view of emotion. Under this view, the neural representations of affective
states are not innately coded or localized but are contextually constructed from the
dynamic interaction of domain-general brain networks that support other cognitive
functions [Barrett, 2017b, Lindquist et al., 2012, Pessoa, 2017]. Therefore, these neural
representations are content- and modality-dependent: the brain activity corresponding
to an emotion like sadness may differ substantially if it is elicited by a narrative versus
a monetary loss [Siegel et al., 2018a].

The results are congruent with a broader literature demonstrating the context-
dependency of neural emotion patterns. The failure of the decoders to generalize
across modalities is particularly in alignment with fMRI studies showing that classi-
fiers trained to decode emotions from one sensory modality struggle to generalize to
another [Wallenwein et al., 2024]. While some evidence exists for supramodal emotion
representations, a large portion of the neural response is specific to the sensory
modality in which the emotion was elicited [Peelen et al., 2010]. Our results showed
that the story driven emotional states were not recognizable in the task data. This is
representing a primary obstacle on toward objective quantification of emotional state

with neural data.

We did identify one successful generalization of the binary decoder to the task setting:
the decoder trained on Positive labels in the stories showed significantly above-chance

performance for task generalization. This might be seen as evidence for a generalizable
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neural substrate for core affective valence. However, this interpretation must be treated
with great caution, as it is directly contradicted by the failure of the 3-state multi-class
and binary decoder even for the in-context settings. The 3-state configuration of de-
coders relied on distinguishing between positive, negative, and neutral states and per-
formed at or below chance levels in all performance tests. This inconsistency suggests
that the few successful findings are likely not robust enough. While statistically signif-
icant, such isolated, conflicting and close to chance level results have limited utility for
any real-world application, which would demand far greater reliability. Therefore, the
main outcome of this study is not that generalization is possible in a few select cases,
but rather a broader demonstration of the graded decline in performance with increas-
ing generalization. The primary contribution of this work is hence to shed light on
the difficulty of finding a truly context-independent neural signature for emotion. The
results reinforce the conclusion that the generalizability problem for emotional state
decoders remains a fundamental, unsolved challenge.

Several limitations must be considered for this experimental work. First, we lack the
”ground truth” during story listening. With this chapter, we opt to test the validity of
our LLM-quantified labels (as described in chapter 3). While we provided empirical
evidence on neural consistency within these LLM-quantified emotional states, they re-
mained a proxy for true felt experience. Our results will be greatly benefited by validat-
ing the LLM-quantified emotional states against the subjective reports. Additionally,
we can also compare the neural consistency between LLM-quantified and subjective
reported emotional states. However, obtaining unbiased and uninterrupted subjective
report during naturalistic story listening is methodologically challenging. While it is
not impossible but we estimated that the resource demands for adding such measure
exceeded the scope of this thesis. Future work can certainly improve upon our design
by creatively include subjective reports during story listening such as having partic-
ipants speak how they are feeling out loud. Second, our modest sample size (N=9)
limits the statistical power and broader generalizability of our conclusions, which war-
rant replication in a larger cohort. Third, the outlier removal procedure for the out-of-
sample analysis, while statistically justified, was a post-hoc correction that highlights
the fragility of these generalizable signals. Finally, we conducted our analysis in the
sensor space of MEG signal which used limited spatial resolution. Therefore, our find-
ings reflect coarse cortical-level patterns, and it is entirely possible that there are more
generalized brain pattern below the cortical surface that’s consistent with our LLM-
quantified emotional states. Therefore, future work with more advanced source local-
ization methods or with more spatially oriented methods like fMRI might be needed
for a more precise understanding of the neural representation of affective experiences.
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In conclusion, this chapter provides an important test of an approach towards objective
quantification of emotional states, and suggests that neural representations of emo-
tional states might show substantial context-dependence. While decodable signatures
of emotion were comparatively robust within training contexts, they were not easily
transferable to new contexts. Overall, the findings are compatible with constructive
accounts of emotion. As such, objective quantification of affective states may need to
account for specifics of the induction modalities. Joy in a task is not quite the same as
joy in a story. Tentatively, these findings might also be in keeping with our hypotheses
that affective states are metareasoning states: joy in a task implies different behavior
and attentional requirements than the same “emotion” while listening to a story. Ac-
cording to a metareasoning account the two should indeed differ meaningfully.
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Chapter 7
Discussion and concluding remarks

This dissertation began with a fundamental challenge in affective science: the difficulty
of objectively measuring affective states. These states are crucial, shaping our thoughts,
decisions, and well-being, yet they are ephemeral, high-dimensional, and phenome-
nally complex. The gold standard, subjective self-report, is reactive and burdensome.
Objective measures of physiology and behavior lack specificity, while neural measures
have been mostly context-dependent.

Conceptually, we adopted the view of affective states as computational heuristics for
metareasoning. Methodologically, we hypothesized that the computational structure of
Large Language Models (LLMs), specifically their ability to model long-range contex-
tual dependencies, could serve as a proxy for the temporal structure of affective states.
The central goal was to test if this LLM-based framework could produce an objective,
high-dimensional quantification of emotion that was fast, passive, non-interruptive,

and, most importantly, generalizable across contexts.

7.1 Summary of Findings

The empirical work of this thesis progressed in a logical arc, from establishing a basic
principle further linking computational cost in decision-making and affective state to
developing and validating a novel quantification pipeline.

In Chapter 2, we demonstrated that cognitive effort, a form of computational cost, neg-
atively impacts momentary self-reported happiness. This finding add to the growing
evidences for the thesis’s metareasoning framework, providing evidence that affective
states track the computational cost of our actions. However, this study was limited to

a single dimension of affective state (happiness or valence in general) and relied on
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the very self-report methodology we sought to move beyond. We also further demon-
strated the ineffectiveness of the single dimension measure of affective state, reiterating

the need for a more granular, objective and passive method to quantify affective states.

In Chapter 3, we illustrated the first core methodological contribution of this thesis: a
novel pipeline for objectively quantifying high-dimensional emotional states from text
with LLM. This three-step process used a LLM to generate predictive continuations, a
fine-tuned classifier to extract their emotional content, and a Hidden Markov Model to

identify discrete, persistent states.

In chapter 4, the central finding was that these LLM-quantified states exhibited neural
consistency. We found distinct patterns of MEG activity, in both the time and frequency
domains, correspond to different emotional states quantified by the LLM pipeline. This
showed that an LLM pipeline may potentially generate emotion quantifications that
are both just semantically coherent and also neurally valid, at least within the context

of story listening.

In Chapter 5, we built the necessary testbed for the second, more difficult part of our
investigation: generalization. To test if the LLM-quantified emotional states captured
an abstract, context-independent representation of emotional state, we needed a non-
linguistic elicitation setting to test for generalization. This chapter detailed the design
and validation of a battery of four cognitive tasks. Using high-dimensional self-report
emotion selection, we confirmed that this battery successfully elicited a wide and gran-
ular range of affective states, from joy and pride to gratitude and anger, creating a rich
dataset of self-reported emotions in a task-based context.

In Chapter 6, finally, we trained MEG decoders on the LLM-quantified emotional state
labels from the story data (Chapter 3) and evaluated their performance on held-out sto-
ries and, most importantly, on the self-reported emotion data from the cognitive tasks
(Chapter 5). The results revealed a clear gradient of generalization. The In-Context
performance, where train and test data share contextual ground, was robust. These
decoders performing above chance, confirming the neural consistency findings from
Chapter 4. Out-of-Sample performance, testing on novel stories, showed a drop in
performance, though decoders for some states remained weakly above chance. Cross-
Modal performance, the most stringent cross-induction-modality generalization test,

dropped to chance level for nearly all decoders.
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7.2 Impacts on Existing Literature and Future Work in Affec-

tive Neuroscience

One central finding of this thesis is the failure of cross-modal generalization. This re-
sult, while a failure of our immediate goal to find a universal decoder of affective state,
provides a significant piece of puzzle in the big picture questions on the nature of emo-
tion.

This finding lends strong support to the Psychological Constructionist view of emo-
tion [Barrett, 2017b, Lindquist et al., 2012] and to metareasoning theories of emotion
[Huys and Renz, 2017]. This theory posits that emotions are not innate, discrete enti-
ties with dedicated neural “fingerprints”. Instead, an instance of emotional states is
constructed in the moment from the interaction of more basic, domain-general brain
networks. Our results align with this prediction. A decoder trained on ”story-induced-
sadness” failed to recognize “task-induced-sadness” because, from a constructionist
and metareasoning perspective, they should be neurally distinct. ”Story-induced-
sadness” is constructed using language and auditory networks, while ”task-induced-
sadness” is constructed using networks for reward processing and decision-making.
Our decoders, trained on the neural patterns of one context, then had no basis to recog-
nize the patterns of the other.

However, we must be cautious about over-interpreting a null result. We cannot defini-
tively disprove the hypothesis that a context-independent neural signature for emo-
tion does not exist. It is possible that a subtle, universal signature does exist, but that
our study lacked the statistical power (with N=9) or spatial resolution to detect it (we
used sensor-space MEG signal, but perhaps more nuanced spatial signal is needed).
[Peelen et al., 2010]. The dominant signal, and thus the only one our decoders could
learn, was the strong, context-specific one. The isolated, weak success of the "Positive”
binary decoder in the cross-modal test is a tantalizing hint that a coarser, valence-level
signal might generalize, but this finding was not robust and was not in keeping with
the failure of the 3-state models.

Regardless of whether a subtle, universal signal exists, the findings suggest strong con-
text dependence. This has practical implications for any attempt to objectively quantify

emotion.

This work challenge some core tenets of standard approaches in affective neuroscience
and computational sentiment analysis [Zhangetal, 2020, Torres et al., 2020,
Zhang et al., 2024, Chen et al., 2022, Saarimaki, 2021, Zhou et al., 2021,
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Ochsner et al., 2002]. Many studies build models that perform well within a
single, isolated context: classifying affective faces, decoding emotion from movie
clips, or analyzing the sentiment of tweets. Our results suggest this might insufficient
to claim usefulness of these decoders. A model trained to decode “fear” from static

pictures might not to a classifier of fear but rather of fear-from-static-pictures.

We propose that cross-context and cross-modal generalization should become an im-
portant benchmark for any method claiming to quantify a general, abstract affective
state. A neural decoder or computational model should not be considered a valid mea-
sure of “anger” unless it can demonstrate an ability to identify anger across diverse elic-
itation methodss—from listening to a story, to losing a game, to receiving unfair social
teedback. Our thesis provides a direct empirical framework for conducting such a test.
This generalization test is necessary to move the field from building context-specific
classifiers to identifying the core, abstract features of human affective experience.

7.3 Limitations and Future Directions

This work represents an initial step, and its limitations highlight a clear path for future

research.

First, the LLM-quantification pipeline (Chapter 3) by definition lacked ”ground truth”.
We demonstrated neural consistency for the LLM-proxy labels, but not their direct cor-
respondence to the participants’ “felt” experience during story listening. Collection
of such measure would have been difficult. One of the key drawbacks of self-report
of emotional states is that we cannot obtain continuous measure without significantly
disrupting the participants. Retroactive collection is also problematic, as recall accu-
racy is subject to memory biases, and the knowing the story’s progression can retroac-
tively alter a participant’s appraisal of their earlier feelings. Lastly, it is resource inten-
sive and beyond the scope of this thesis’s work. However, future studies may seek to
overcome the methodological challenge and integrate moment-to-moment subjective
reports, perhaps through thinking-out-loud procedure, to validate the LLM-generated

labels against subjective human experience.

Second, we were also limited by the sample size (N=9) and the spatial resolution of
sensor-space MEG. Although we collected rather lengthy amount of data per partici-
pant, we were only powered to detect larger effect sizes, limiting our ability to nullify
hypotheses. A larger-scale study, perhaps using fMRI or source-localized MEG, could
be better in detecting more generalizable signals with the additional signal source in

deeper brain structures.
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Third, the LLM tools themselves are evolving rapidly. Our pipeline, built with Llama
2, could be potentially improve with the use of newer, more powerful foundation mod-
els (e.g., Gemini, Llama 3, GPT-5) that may generate more sophisticated and more
brain-like predictive representations, potentially leading to more generalizable emo-
tional state labels.

The most significant bottleneck, however, is the lack of a large-scale, benchmark dataset
for affective neuroscience. The fields of computer vision and natural language process-
ing were revolutionized by massive, public datasets like ImageNet [Deng et al., 2009]
and large text corpora. Affective science needs its own equivalent.

Binz and colleagues recently established a human cognition foundation model
[Binz et al., 2025]. By fine-tuning a LLM with over 10,000,000 choices from 60,000
participants, their final model was able to capture human behaviors in held-out
participants better than existing cognitive models such as RL. Further, their model
also demonstrated the ability to generalize to behave like human in structural task
modifications and new cognitive domains. This work demonstrated that through
large dataset and mapping cognitive domains to the semantic space, the LLMs model

structure can effectively navigate and represent human cognition.

The work by Binz and colleagues suggests that mapping cognition to a semantic space
is a powerful method for achieving generalization. This approach suggests a promising
path forward, even if the constructionist view is correct. If no single, universal neural
signature for a felt affective state exists across contexts, then a generalizable signal can
be found for the mapping of affective states onto the semantic space. This aligns with
the notion that emotional states exist in a high-dimensional, structured space rather
than a fixed set of modules. The specific categories we identify—whether 27 today,
or 37 or 16 tomorrow—Ilikely reflect the common challenges the emotional states were
recruited to guide. Future work could therefore investigate if a robust, cross-contextual
neural signature emerges when participants linguistically describe an emotional event,
regardless of how it was first elicited. This would shift the target from a pure affective
signal to a semantic-affective one, providing a new way to understand how emotion is
represented in the brain’s conceptual and linguistic systems.

It may also be beneficial to consider creating a large multi-modal multi-context dataset
for human affective experiences. This would involve recording thousands of partici-
pants engaging in a wide variety of emotion-eliciting paradigms across different con-
texts, including passive consumption of naturalistic stimuli, engaging in social inter-
actions, and participating in various cognitive tasks. Their affective states would be
collected in conjunction with their affective history, such as whether they were in a de-
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pressive or anxious episode. Multi-modal neuroimaging data would also be assessed.
With such a dataset, one could train a “foundation model of human affective experi-

ence,” one that is capable of predicting affective states regardless of eliciting context.

7.4 Overall conclusion

This dissertation sought to take an initial step toward an objective quantification of
affective states by framing affective states as metareasoning heuristics. We developed
a novel LLM-based pipeline that successfully generated neurally consistent emotion
labels within a narrative context. However, a cross-induction-method test revealed that

these neural representations failed to generalize to a non-linguistic task context.

We demonstrated that the neural representation of affective states was dominated by
context-specific signals, which provides empirical support for a constructionist view:
the neural basis of emotion is not a localized pattern but a dynamic, context-dependent
construction. The primary contributions of this thesis are therefore twofold. First,
it provides a novel, neurally-validated pipeline for quantifying affective states in a
context-specific manner. Second, it provides an empirical demonstration of the gen-
eralizability gradient, setting a new, more rigorous benchmark for future research that
aims to bridge the gap between objective brain data and subjective affective experience.
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Appendix A

Supplemental information for
chapter 2

A.1 Reaction Time Analysis

To affirm that difficulty manipulation does lead to higher cognitive effort expenditure,
we analyzed the effect of difficulty on another metric that is linked to cognitive effort:
reaction time. Because in the Multi-Attempt Letter Task, the participants were allowed
to repeat a given trial, so their reaction times were not suitable for this analysis. We
then only applied this analysis to the reaction time data from the Single-Attempt Letter
Task.

We first log-transformed all the reaction time data and constructed a mixed effect linear

regression model as following;:
log(RT'1;) = (a0 + Boyi) + (o + Bri)nei + (ar + Bri)t + € (A1)

where RT; ; is the reaction time for a given participant (z) for a given trial (¢). The rest of
the notations are similar to our mixed linear effect model for momentary mood ratings,

as illustrated in the Methods section.

We found that indeed increased number of letters (n) leads to higher reaction time (est.
=0.061, std. error = 0.006, df = 209, t = 10.157, p < 0.001).

We conclude that indeed higher difficulty leads to higher reaction time, which indicates

increased exertion of cognitive effort.
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Figure A.1: Reaction Time data from the Single-Attempt Letter Task.

A.2 Time-in-task Analysis

To further investigate how participants’ performance and mood changed over the
course of task, we provided additional figures (Figure A.2) to illustrate that the main

effects we have reported is stable and do not change over the course of the task.

We also conducted a more precise examination of the time-in-task effect by replacing
trial number (¢) with time-in-task (7). We implemented this change to the full models
of both Multi-Attempt Letters Task and Single-Attempt Letters Task. We did not find
that such change influence the results that we have reported. More, we found that
using 7 instead of ¢ resulted in a worse mood predicting model for data in both the
Multi-Attempt Letters Task (AIC; = 53786, AIC; = 54017, Chi square = 230.99) and
the Single-Attempt Letters Task (AIC; = 111809, AIC; = 111902, Chi square = 92.917).

A.3 Exclusion Summary

To illustrate that our cut-offs for each exclusion criteria is reasonable for our sample,

the aggregated performance data from both studies are illustrated in Fig. A.3.

Using base R, We generated the chance level performance via simulation following

procedure:
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Figure A.2: The effects of number of letters on accuracy and mood over the course of
the task. Stage (early, mid late) indicates a factorized form of the time elapsed since the
beginning of the task (evenly split into 3 sections: early/mid/late). A) Accuracy over
the course of the task showed no significant change; B) Difficulty’s impact on mood is
stable over the course of the task; and C) Mood showed downward drifting over time.
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1. We constructed one simple agent that randomly selects one of the available op-
tions. For example, for a trial that had 6 letters, the agent will randomly select
from 1 to 6.

2. We simulated behaviors from this agent in both the two task environments for
10,000 times

3. Because of central limit theorem, we can then calculate the probability density
function of performance benchmarks (average number of error per trial for Multi-
Attempt Letter Task and total accuracy count for Single-Attempt Letter Task).

4. We then calculate the performance benchmark at the 95th percentile, which we
interpret as the minimal performance required to be considered as above chance

performance.

A4 Performance Feedback in Single-Attempt Letters Task

To demonstrate that content of the sparse feedbacks in the Single-Attempt Letters Task
does not influence the results we have reported in the Results section, we conducted
two additional analysis, we first included shown accuracy as additional predicting vari-
able in our full model. We then tested whether trial-by-trial factual error (whenever

participants made an error) has an impact on our results.

In the first analysis, we replace the variable f that indicates whether performance feed-
back was displayed to a, the accuracy percentage, in the Full mood predicting model
that we have reported. We further allow this variable to interact with number of trial
since last feedback (). With this model, we can estimate the effect of accuracy feedback
on the trial it was shown as well as it is lasting effects. This Full + Accuracy (FA) model
statistics were reported in Table. A.1

In the second analysis, we further include the factual correctness (c) in the model re-
ported above. Doing so, we aim to examine whether participants” mood were influ-
enced by objective correctness even if the outcomes were not explicitly showed. This
Full + Accuracy + Correctness (FAC) model statistics were reported in Table. A.1 as
well.

We conducted a ordinary likelihood ratio tests to see which model best explained the
data and found that the FAC model held superior fit (Chi square = 2165.1, d.f. =8, p <
0.001).
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Model R ., inai Reondgitiona  Effect Estimate ¢-value p-value Effect size

FA 0.009 0.897 n -0.174 -7.976  <0.001 0.181
a 0.989 3.379 <0.001 1.029
A 0.180 3.911 <0.001 0.187
t -0.210 -4.851 <0.001 0.218
ax \ -0.334 -3.270 0.001 0.347

FAC 0.011 0.904 n -0.143 -7422  <0.001 0.153
a 1.015 3.473 <0.001 1.092
c 0.248 7.192 <0.001 0.267
A 0.174 3.806 <0.001 0.187
t -0.221 -5.111  <0.001 0.238
a* A\ -0.334 -3.315 0.001 0.360

Table A.1: Linear mixed effect model predicting trial-by-trial mood ratings. n denotes
the difficulty or number of letters; a indicates the accuracy percentage displayed in the
most recent performance feedback; c indicates the objective not-displayed correctness;
A represents the number of trials elapsed since last feedback was displayed; ¢ is the trial
number, which we use to infer the mood drift over time effect and time in task effect.
The degree of freedom for all the independent variables in the models is 206.
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Figure A.3: Participant Performance in both studies. Top panel demonstrate partici-
pants recruited for the Multi-Attempt Letters Task and the bottom panel showed the
ones in Single-Attempt Letters Task. For both studies, from left to right, the graphs
illustrate the missing trial count, highest number of consecutive repeats (across trials)
and inaccurate counts. The vertical black bar in each graphs showed the cut-off of the
exclusion criteria, with arrows pointing toward excluded data points.
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Mean Accuracy Shown in Feedbacks (Count Participants)

35

20
|

Frequency
15
|

10
|

I T T T T T 1
0.2 0.3 0.4 0.5 0.6 0.7 0.8

Mean Accuracy Shown in Feedbacks

Figure A.4: The majority of the participants seen negative performance feedbacks.
Each count represent one participant’s overall mean accuracy as displayed in the in
the Single-Attempt Letter Task.
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Appendix B

Supplemental information for
chapter 6

B.1 Stop-word related analysis

With identical decoding models using PSD, we exclude words that are considered
“meaningless” such as transitional words, “the”, “a” etc., and observe difference in
model performance. We identified that the pattern of generalization across time has
changed. In the no stop-word models, we found that the models are peaking ROC

AUC more on the edge.

B.1.1 Significant greater similarity for epoch pairs that are within a story

To illustrate consistency, we calculated cosine similarity between any two epochs for
all participant, this should indicate topographic consistency between two epochs. A
reminder that one epochs now consists of 2 seconds of data that may include mul-
tiple words. The label for each epoch is decided by the highest duration. First, we
concatenated all power bands and showed that across emotional states, and calculated
the mean difference between pairs that come from one story versus ones that come
from different stories. While the difference is extremely small (95% confidence interval:
0.00061, 0.00097), it is statistically significant (two independent sample t-test, t=8.703,
df=77906401, p < 0.001).
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Figure B.1: Illustrations of the logistic regression on classifying HMM states’s out-of-
sample performance. Performance is characterized by the Area under the curve of the
Receiver Operating Characteristic curve (plotting the true positive rate going over false
positive rate). A perfect classifier will have 1 as the ROC AUC. Here, each cell in the
heat-map corresponds to the ROC AUC of an estimator trained on specific time since
onset (y) test on out-of-sample dataset’s time since onset (x). Therefore, a peak in the
diagonal line indicate a classifier has good specificity. For all 3 components, the ROC
AUC heat maps indicate that the hmm raw model is not very specific, nor is it well
performing. Top row shows the average ROC AUC across participants and the bottom
rows showed the max across participants; middle row illustrate the ROC AUC but with
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stop-words filtered out; and the bottom row showed ones with only stop words.
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Figure B.2: Emotion congruency similarity (defined as the cosine similarity difference
between emotion congruent pairs of epochs and the incongruent ones) by emotions
(x-axis) and story membership (color). Error bar indicate 95% confidence interval.

B.1.2 Emotionally congruent pairs showed greater within story similarity

However, we are more interested in how could this difference meaningfully change
our decoder performance. Therefore, we then separately calculated the within story
similarity (mean difference of within minus between story pairs) for each emotion and
emotion congruency (whether the two epochs in the pair share the same emotion la-
bel or not). We showed that in Figure B.2 that nearly across all emotions, when only
looking at pairs that are emotionally congruent, the within story similarities are signif-
icantly greater than between pairs (except for negative emotional state). The results for
emotionally incongruent pairs are inconsistent. However, this is expected as the incon-
gruent pairs consists many different comparisons. One surprising result is that only for
incongruent amusement pairs, the within story similarity is significantly positive. That
is, regardless of what other amusement paired against, the similarity within a story is
greater than between ones.
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Figure B.3: Emotion congruency similarity by power band (x-axis) and story member-
ship (color). Error bar indicate 95% confidence interval.

B.1.3 Within story pairs showed greater consistency across emotion

Similarly, if we calculate the emotion congruency similarity (mean difference between
within emotion pairs against between ones), we also show that there’s greater emotion

congruency similarity for pairs within a story (Figure B.2).

B.1.4 Between story emotional congruent pairs show limited consistency

If we further examine the emotional congruency similarity only in the between story
pairs, we found that only high / low gamma bands for approval, theta bands for confu-
sion, and delta band for excitement showed significant greater similarity for emotional
congruent pairs than incongruent ones (Figure B.4a). Comparing to Figure B.4b, which
shows the within story similarity, and almost all band /emotion combinations are sig-
nificantly different than 0, showing good indication that emotional states within a story
is much easier to differentiate. One surprise finding is that for the negative state, emo-
tion incongruent pairs are more similar than the congruent one.
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Figure B.4: Both graphs showed emotion congruency similarity by emotion and power
bands. (a) showed only the cross story pairs, e.g. delta band topography similarity
between two epochs that are both amusement from different stories. (b) includes pairs
from within a story. Comparing (a) and (b) showed that within story pairs tend to have
much greater similarity.
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Figure B.5: Cosine similarity (y-axis) by word distance (x-axis) and split by emotions.
This showed that autocorrelation for each emotion tend to persist at least 100 words.

B.1.5 Autocorrelation lead to greater emotion congruency similarity

Autocorrelation in a story might contribute to why within story similarity is much more
differentiable than between story. In Figure B.5 we showed that the cosine similarity in
topography only start to significantly de-correlate after 100 words, indicating that likely
the source of high similarity within story is driven by autocorrelation.

B.1.6 Different power bands de-correlate at different timescale

Intuitively, different power bands de-correlate at different time-scale as the effective
sample taken into each band’s power calculation is time dependent (Figure B.6). We
noticed an interesting issue where the gamma bands did not simply de-correlate but
also goes further down to have significant negative correlation. That is, pairs including
an early and late epoch for the gamma band showed significant anti-correlation. There
are a two main possible reasons for this: 1) measurement noise: high frequency bands
like the gammas are more sensitive to muscle tension, could be that participants tend
to be more relaxed toward the end of the stories. Similarly, slow drift in participants’
head position might also contribute to this anti-correlation 2) semantic processing re-

lated: prior research suggest that gamma synchrony is related to perceptual encoding,
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Figure B.6: Cosine similarity (y-axis) by word distance (x-axis) and split by power
bands. This showed that autocorrelation for each power band tend to persist at least 20
words, regardless of emotion states.

selective attention, salience, and working memory, it is possible that as the story “dies
down”, the need for these cognitive functions decrease.

B.1.7 Removal of neighboring epochs reduced emotion congruency similar-
ity within a story

Because we now have a threshold where we expect the autocorrelation to drop off (100
if we mainly want to reduce autocorrelation related to emotion or 20 for power bands),
we can then remove pairs that are less than these threshold and examine whether the
emotion congruency similarity persist. As showed in both panels in Figure B.7, we see

that the within story similarity now are more similar to the between story ones.
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Figure B.7: Both graphs showed emotion congruency similarity by emotion and power
bands. (a) showed removal of 20 neighboring words while (b) showed removal of 100.
We see most band-emotion pairs did not survive the removal, with exception of delta
band predicting confusion, and the two gamma bands predicting disapproval.



