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Abstract
Detecting and Explaining Emotional Reactions in Personal Narrative

Elsbeth Turcan

It is no longer any secret that people worldwide are struggling with their mental

health, in terms of diagnostic disorders as well as non-diagnostic measures like perceived

stress. Barriers to receiving professional mental healthcare are significant, and even

in locations where the availability of such care is increasing, our infrastructures are

not equipped to find people the support they need. Meanwhile, in a highly-connected

digital world, many people turn to outlets like social media to express themselves and

their struggles and interact with like-minded others.

This setting—where human experts are overwhelmed and human patients are acutely

in need—is one in which we believe artificial intelligence (AI) and natural language

processing (NLP) systems have great potential to do good. At the same time, we

must acknowledge the limitations of our models and strive to deploy them responsibly

alongside human experts, such that their logic and mistakes are transparent. We argue

that models that make and explain their predictions in ways guided by domain-specific

research will be more understandable to humans, who can benefit from the models’

statistical knowledge but use their own judgment to mitigate the models’ mistakes.

In this thesis, we leverage domain expertise in the form of psychology research to

develop models for two categories of emotional tasks: identifying emotional reactions in



text and explaining the causes of emotional reactions. The first half of the thesis covers

our work on detecting emotional reactions, where we focus on a particular, understudied

type of emotional reaction: psychological distress. We present our original dataset,

Dreaddit, gathered for this problem from the social media website Reddit, as well as

some baseline analysis and benchmarking that shows psychological distress detection is

a challenging problem. Drawing on literature that connects particular emotions to the

experience of distress, we then develop several multitask models that incorporate basic

emotion detection, and quantitatively change the way our distress models make their

predictions to make them more readily understandable.

Then, the second half of the thesis expands our scope to consider not only the emo-

tional reaction being experienced, but also its cause. We treat this cause identification

problem first as a span extraction problem in news headlines, where we employ multitask

learning (jointly with basic emotion classification) and commonsense reasoning; and

then as a free-form generation task in response to a long-form Reddit post, where we

leverage the capabilities of large language models (LLMs) and their distilled student

models. Here, as well, multitask learning with basic emotion detection is beneficial to

cause identification in both settings.

Our contributions in this thesis are fourfold. First, we produce a dataset for

psychological distress detection, as well as emotion-infused models that incorporate

emotion detection for this task. Second, we present multitask and commonsense-infused

models for joint emotion detection and emotion cause extraction, showing increased

performance on both tasks. Third, we produce a dataset for the new problem of

emotion-focused explanation, as well as characterization of the abilities of distilled

generation models for this problem. Finally, we take an overarching approach to these

problems inspired by psychology theory that incorporates expert knowledge into our

models where possible, enhancing explainability and performance.
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Chapter 1

Introduction

1.1 Motivation and Goals

Humans are social creatures. We love to talk to other people—we express our joys

and sorrows and worries to our family and friends every day. In the modern age, we

post them on social media, too, discussing everything from our dinner to our celebrity

crushes to our passionate stances on government policy or social ethics. Our deeply

connected digital world allows us to talk to and hear from people all over the planet and

access a wealth of information at incredible speeds, and we benefit greatly from this. If

we want to know how long to cook spaghetti squash, or how long it will take to drive

to Washington, D.C., or how to solve the video game puzzle that’s been frustrating us

for an hour—we can just look it up. If we need to talk to our family and friends for

help with a problem, we can message them even on the other side of the world. We

can listen to their worries, as well—and those of anyone who has a public social media

account, in fact. The proliferation of worrisome news we can access on social media is

so great that it can actually be harmful1.

We have a lot to worry about, too. Ongoing military crises, health crises like the

COVID-19 pandemic (and its associated financial recession), climate change, and myriad

societal issues such as gun violence, police brutality, or poverty, among many others,
1https://www.apa.org/monitor/2022/11/strain-media-overload
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all contribute to collective distress the world over. Often, these kind of structural

stressors can contribute to poor individual mental health—sometimes to the extent

that it interferes with daily functioning and qualifies as a diagnostic mental disorder.

Individual factors like genetics and social factors like family relationships contribute,

too, resulting in recent estimates that as many as one-half of all adults worldwide will

experience a diagnostic mental disorder in their lifetime (McGrath et al., 2023), with

one in five of adults struggling with depression2 and one in eight adults living with

such a disorder at any given time (World Health Organization, 2022). Poor mental

health can negatively impact individuals’ careers, education, finances, living conditions,

relationships, physical health, and even mortality.

Worldwide, barriers to receiving professional mental healthcare are significant,

including high cost, limited availability (due in part to a lack of resources including

government funding), and a pervasive stigma about mental health, resulting in a massive

number of people who cannot access needed health services (World Health Organization,

2022). In countries like the United States where the availability of professional help

is growing, its effectiveness is still hampered as we lack the resources to give each

patient the quality, personalized therapeutic treatment they need.3 It is important

to understand that existing treatments, including medication and psychotherapy, are

both an art and a science; it may take a long time for a patient and their doctor to

understand why their particular symptoms occur and what combination of treatments

can effectively manage them.

It is in this context we situate our work and in this area we believe it has the most

potential to do good for our society. Indeed, a vast body of prior work has identified

mental health as a fruitful area for artificial intelligence (AI) and natural language
2https://wellcome.org/reports/wellcome-global-monitor-mental-health/2020
3https://time.com/6308096/therapy-mental-health-worse-us/
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processing (NLP) (Le Glaz et al., 2021; Espejo et al., 2023; Haque and Rubya, 2023).4

We as a research community can imagine many situations in which the power of AI could

lead to real, visible benefits in mental health: dedicated computer therapists who can

help patients on-demand right from their phones; digital assistants and wearable devices

that can detect the manifestation of negative emotions in real time and help patients

make sense of them in the moment; tools that can assist healthcare professionals in

triage and treatment by summarizing ongoing cases and pointing out subtle markers

of various conditions; and many, many more. We can envision a world where our

technologies enable us to identify large-scale societal stressors and comprehensively

map out their effects on the population, guiding government policy and the efforts of

healthcare organizations in the directions that will create the most social good.

However, we must also acknowledge the difference between this idealized world and

the world we actually live in today. While AI has made great strides in healthcare, it still

has a long way to go before reality meets ideal (Tornero-Costa et al., 2023). Although

their performance on a wide range of tasks is impressive, modern large AI models are

more often than not opaque “black boxes” whose training data is mysterious and whose

mistakes are presented with just as much confidence as their quality outputs. In NLP,

modern large language models (LLMs) are far from infallible, producing outputs that

contradict their inputs or “hallucinate” new information at an alarming rate (Zhang

et al., 2023c). These qualities are unacceptable in high-stakes, sensitive applications such

as mental health—imagine the consequences if a model misjudges a high-risk patient as

low-risk, or suggests an inappropriate treatment plan, and no human oversight catches

the mistakes. Of course, these are just some of the many ethical considerations that

should be taken into account as part of any AI tool for mental health. In this thesis, we

advocate strongly for the development of AI tools that can assist human experts, not
4https://www.forbes.com/sites/bernardmarr/2023/07/06/ai-in-mental-health-

opportunities-and-challenges-in-developing-intelligent-digital-therapies
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replace them, and whose predictions are founded in established theory and explained

as accurately as possible. With tools like these, humans can benefit from the tools’

statistical knowledge but ultimately make their own careful judgments to mitigate the

tools’ mistakes.

In this thesis, we will present our work towards developing technologies that can help

improve mental health while remaining open and interpretable to humans. Our work

focuses on the first two foundational steps in this process: identifying our emotions,

and understanding our emotions. In order to make meaning out of our emotions, we

must first understand what those emotions are and where they come from—identifying

homesickness after a move, grief after the loss of a loved one, or pride after a promotion

helps us deal appropriately with our feelings in the moment and gives us a foundation

to build on in the future. This thesis will be split into two parts, each of which tackles

one of these foundational steps: first we will focus on detecting emotional reactions,

where we will develop classification models for a specific type of emotional reaction

(psychological distress); and then we will proceed to understanding emotions and their

causes, where we will focus on detecting the cause of an emotional reaction in order to

gain a fuller understanding of the reaction.

Existing state-of-the-art models in NLP for problems like these are typically not

interpretable; they calculate their outputs with a massive stack of statistical parameters

that are opaque to humans and hard for us to predict. While progress has been made

in causing these models to explain themselves (that is, to use the same uninterpretable

parameters to produce a sensible explanation for the output that is also consistent with

the model’s behavior), we argue in this thesis that changes to the architecture, training,

and prediction are key for helping humans understand a model’s outputs. Models that

make predictions and explain them in a way that humans intuitively understand (e.g.,

being able to explain in some way related to existing psychology theory) will both be
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easier to trust and expose their mistakes more obviously to a human expert, at least if

one is familiar with the theory being referenced. In this work, we will particularly draw

on multitask learning, where a model is trained to perform multiple tasks with some

shared parameters, as a source of explainability. For example, a model that predicts

the presence of distress can also be trained to predict the presence of certain emotions

known to be related, such as fear or anger, and use these emotions as an explanation

for the distress prediction. It is our hope that the work we present will inspire others

to continue developing new models that are grounded in expert knowledge and explain

their predictions as clearly as possible.

1.2 Organization and Contributions of the Thesis

This thesis is split into two sections. The first (Part I), which spans Chapter I

through Chapter 5, covers our work on detecting emotional reactions. After introducing

this problem (Chapter I) and briefly providing background on relevant prior work

(Chapter 2), we proceed to lay out our work in this area. Specifically, Chapter 3

introduces our Reddit dataset, Dreaddit, for the distress detection problem, including

benchmark results against contemporary models as well as analysis of the types of text

and emotional states in the dataset. Then, Chapter 4 covers our multitask emotion-

infused models for explainable prediction on this dataset. We conclude the first part of

the thesis with a discussion of our findings (Chapter 5).

Then, the second part (Part II), from Chapter II to Chapter 9, focuses on the

triggers of those emotional reactions and covers our work understanding emotional

states in a more structured way. Again we begin with an introduction (Chapter II) and

a survey of related work (Chapter 6). Chapter 7 tackles the joint problems of emotion

detection and emotion cause extraction in a multitask way and informed by commonsense
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reasoning, showing improved performance on both tasks on the existing GoEmotions

dataset (Demszky et al., 2020). Chapter 8 aims to generate freefrom explanations of

emotional reactions and the events that trigger them using the capabilities of large

language models prompted with examples from student social workers; we present the

formulation of this new task, a new dataset collected from Reddit, and a characterization

of the capabilities of distilled models (from large language models) in generating these

explanations. We conclude the second part of the thesis with a discussion (Chapter 9),

and we proceed to conclude the entire thesis at a higher level with a discussion of

themes and recommendations for future work in the field (Chapter 10).

The contributions of this thesis, therefore, are as follows:

1. A dataset, Dreaddit, for psychological distress detection (Chapter 3), and emotion-

infused models that incorporate emotion detection with existing emotion datasets

(Chapter 4);

2. Multitask and commonsense-infused models for joint emotion detection and emo-

tion cause extraction in news headlines, showing performance gains (Chapter 7);

3. A dataset, GEDdit, for the new problem of emotion-focused explanation, and

a characterization of the abilities of distilled generation models (based on large

language models) for this problem (Chapter 8); and

4. An overarching approach that is inspired by psychology theory and incorporates

expert knowledge where possible, enhancing explanability and performance.

6



Part I

Detecting Emotional Reactions
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Introduction to Detecting Emotional Reactions

The first step in the process of realizing our goals for reliable, understandable mental

health technology is developing models that can accurately understand the emotional

state of the user. Before we can fully understand our experiences and how they shape

us, we need to be able to correctly identify what we are feeling. As we will discuss

in Chapter 2, identifying emotional and affective states from text is a well-studied

problem in NLP; researchers typically tackle the problem of emotion detection and

either classify a document as expressing one or more emotions from a predefined set,

or rate the intensity of one or more emotions in the document. These label sets are

often borrowed from the basic emotion sets of psychology research, which are sets of

emotional states thought to be universal across cultures based on various evidence.5

The work we will present in this part of the thesis is slightly different from emotion

detection. We do not focus on basic emotion sets; rather, we will focus on a specific type

of emotional state, distress (not necessarily classifiable as an emotion), in Chapter 3

and Chapter 4; when we move into Part II of the thesis, we will broaden our scope.

We begin by identifying a specific, common type of negative emotional state (distress)

for which there is little labeled data or work in the NLP community and which has

an obvious negative impact on its experiencer if left unchecked. We believe that our

models have the most potential to do good when focusing on negative and detrimental

emotional experiences such as this.
5As we will also discuss in Chapter 2, psychology research is far from unanimous on what emotions

are basic or whether basic emotions even exist at all.
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We additionally argue that the choice of emotion labels in NLP research is typically

arbitrary when working in text; popularly applied psychology research was not designed

for the text modality (for example, Ekman (1999) originally derived his famous basic

emotion set by exploring which facial expressions people could identify from images),

and other research develops emotion sets based on what emotions are available in

the dataset, whether self-labeled or annotator-labeled (e.g., Demszky et al. (2020)).

Therefore, when we create our own datasets for this work, particularly our distress

dataset in Chapter 3, we do not adhere to a specific basic emotion set.

Throughout this thesis, we will consistently focus on studying social media text

as our emotional data. In our case, we most frequently gather data from Reddit,6 a

social media website where users create posts and interact with others via comments,

both in topic-specific subforums called subreddits. This structure means that individual

subreddits can vary greatly in genre and content, from photo- and video-based subreddits

(e.g., r/pics, r/aww, r/videos) to those that focus on long-form narratives including

creative writing or personal stories (e.g., r/relationship_advice, r/nosleep). In our work

on detecting and understanding emotional reactions, personal narrative is the most

appropriate genre of text to study, since we can identify descriptive explanations of

how the poster is feeling (as well as understand their causal stimuli). Self-motivated

social media posts, furthermore, are different from, for example, clinical interviews,

since posters are more likely to take a casual, everyday tone and express themselves in

whatever way is most natural. We acknowledge that the use of a particular social media

website does impose some limitations on the generalizability of our work, particularly

restricting us to the particular demographics (gender identity, nationality, racial and

ethnic identity, and so on) of the website’s users, and we hope that future work will be

able to draw on a wider variety of human experiences.
6https://www.reddit.com
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As we endeavor to detect emotional reactions in this data, a consistent theme of

our work is that our models should be as explainable and interpretable as we can make

them. In this thesis, we propose that using multitask learning, wherein a shared or

similar set of parameters is encouraged to learn to perform multiple tasks, can improve

explainability of our models. For example, in Chapter 4, we use emotion detection as

an auxiliary task for models whose primary task is distress detection. These models can

predict the binary presence of distress in a document, but they have also been trained

to predict the emotions in the document; because psychology research has connected

distress and certain emotional states, they can be used as evidence for the distress

prediction. Furthermore, as we show in the same chapter, multitask training changes

the types of cues a model relies on to perform its primary task, making the predictions

inherently more understandable to a human if we use an auxiliary task like emotion

detection.

We will begin this part of the thesis by covering related work in Chapter 2, including

a high-level overview of some relevant psychological theory, NLP work in emotion

and mental health, and multitask learning. Then, in Chapter 3, we will introduce

our Dreaddit dataset for binary psychological distress detection along with some

characterization of the different types of language and stressors contained within

(Turcan and McKeown, 2019). In Chapter 4, we will introduce three varieties of

emotion-infused models that perform the distress detection task on this dataset; each

one shares its language modeling parameters with an emotion classifier for relevant

emotions, and we will show that applying multitask learning in this way guides the

model towards performing distress detection in a more interpetable and emotional

fashion (Turcan et al., 2021b). Finally, we will conclude with a discussion in Chapter 5.

The contributions covered in this part of the thesis are as follows:

1. A dataset, Dreaddit, for psychological distress detection (Chapter 3), and emotion-

10



infused models that incorporate emotion detection with existing emotion datasets

(Chapter 4) and

2. An approach to the problem of distress detection that is inspired by psychology

theory (including the definition of distress and its co-occurrence with particular

emotions), enhancing the models’ explainability (Chapter 4).
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Chapter 2

Related Work for Detecting Emotional Reactions

Before we begin to present our work, we must situate ourselves in the context of

existing research. As we tackle our goal of detecting and understanding emotional

reactions in text, we draw on a vast literature from both psychology and natural

language processing (NLP). First, we will give a very brief, high-level overview of how

psychology research defines emotion, including various ways to categorize emotions into

sets (Section 2.1). Then, we will describe NLP research on emotion that is most relevant

to our work in this thesis (Section 2.2), focusing on work in emotion classification

(§2.2.1). We will then provide some background on the definitions of psychological stress

and distress, as well as NLP research into these concepts (Section 2.3). Finally, we will

ground the methodology of much of our work by discussing the history of multitask

learning in NLP (Section 2.4).

2.1 Emotion in Psychology

Emotion. The most fundamental question we can ask as we begin this work is,

“What is an emotion?” While this question seems simple, decades of research in fields

like psychology and neuroscience do not offer a singular answer. Much existing work has

discussed this question in detail, attempting to formulate a definition (Kleinginna and

Kleinginna, 1981; Ekman and Davidson, 1994; Cabanac, 2002; Kagan, 2007; Griffiths,

12



2008; Mulligan and Scherer, 2012). Research typically defines emotion as a mental state

arising from some physiological and neurological response, usually situated with respect

to some experience that has caused this response, and with some associated pleasure

or displeasure. Emotions cause us to enact behaviors, which we can often understand

from an evolutionary perspective (for example, fear may cause us to flee). Emotion

may also cause us to hold cognitions that may feed into future attitudes, behaviors,

and cognitions (if something has frightened us, we may dislike it and avoid it in the

future). The concept of emotion can be examined from many perspectives on its origins

and its effects on us as human beings, too many to cover in the scope of this thesis.

Today, the American Psychological Association defines an emotion as “a complex

reaction pattern, involving experiential, behavioral, and physiological elements, by

which an individual attempts to deal with a personally significant matter or event”

(emo, 2023). We will adopt this as the psychological definition in this thesis, keeping in

mind that there is a significant body of work it cannot cleanly incorporate. Furthermore,

additional distinctions can be made between emotions and other concepts like feelings

and moods based on factors including the length of time they persist, their inciting

cause, or what process of the brain we are discussing (Damasio, 2004; Fox, 2018; Wong,

2016). Emotions are thought of as some of the shortest-term affective phenomena, with

immediate causes and effects on the order of seconds or minutes.

Basic Emotions and Dimensional Models. With this understanding, we may

then proceed to ask, “What emotions are there?”, and this, too, is a complex question

with no scientific consensus. While we may think of many things as “emotions” in

common parlance, including states like rage, relief, or tranquility, many long threads

of research have attempted to identify minimal sets of emotions that can be distinctly

identified across all humans regardless of their cultural background: so-called basic

emotions. A multitude of such classification schemes have been proposed based on

13



various features like cross-cultural ability to identify facial expressions (Ekman, 1992),

among others (Plutchik, 1980; Ekman, 1999; Parrott, 2001; James, 2007; Robinson,

2008; Cowen and Keltner, 2017), though no particular scheme is accepted above all

others. Much competing research contends that emotion categories ought to be situated

as points or regions in some organized continuous space, varying on axes like positive

versus negative valence, dominance versus submission, or intensity of activation (Russell,

1980; Mehrabian, 1980; Scherer, 2005). Research is ongoing, and the discussion around

what emotions are and whether a set of basic emotions exists continues to evolve.

Ekman’s original six basic emotions (anger, disgust, fear, happiness, sadness, and

surprise) form one of the smallest sets of basic emotions and are often incorporated into

other, more comprehensive sets. A wide variety of other emotions have been defined by

various research, including such states as guilt, love, pride, shame, relief, and longing

(Shaver et al., 1987; Ekman, 1999). Models that place emotions into a structured space,

such as Plutchik (1980), can describe many additional emotions as combinations of

more basic emotions or somehow located between them (for example, Plutchik (1980)

describes love as a combination of its basic emotions joy and trust). Dimensional

models additionally introduce the idea that emotions can be related to one another, for

example, in terms of intensity; one can begin to speak of anger versus rage.

2.2 Emotion in Natural Language Processing

In the field of natural language processing (NLP), research typically focuses on the

emotion detection task, a classification problem with a discrete set of emotion labels,

where one or several labels are assigned to a given document typically as describing the

mental state of its author or a character it describes. Little work treats related concepts

like mood (but see, e.g., De Choudhury et al. (2021); Tsakalidis et al. (2022)); NLP
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researchers typically focus on emotion detection, which we will treat in §2.2.1, adopting

one of the discrete basic emotion categorization schemes from psychology research

(usually Ekman (1992) or Plutchik (1980)) or sometimes devising their own through

intuition, empirical data, or annotations. Dimensional models also enjoy some focus,

often the valence-arousal-dominance (VAD) model (Russell, 1980; Mehrabian, 1980),

which positions emotions as points or regions in a real-valued three-dimensional space

(e.g., Troiano et al. (2023)). Some prominent shared tasks and lexical resources have

enabled a variety of work in this area (Mohammad et al., 2018; Whissel, 2009; Buechel

and Hahn, 2017); we refer readers to recent surveys such as Nandwani and Verma (2021)

and note that these continuous models are more popular in continuous domains like

speech than in discrete domains like text (e.g., Yang and Hirschberg (2018)). Because

emotion detection is a full and mature field, additional related problems such as emotion

intensity and emotion cause have also been studied; we will discuss some of these in

§2.2.2 and others, more fully, in Chapter 6.

2.2.1 Emotion Detection

Emotion detection is a widely studied problem across a range of languages, domains,

and label sets (as revealed in multiple recent surveys on the topic: Alswaidan and

Menai (2020); Mohammad (2020); Nandwani and Verma (2021); Chavan et al. (2023)).

Work has been done in this area across a range of languages, genres, emotion label

sets, and model architectures. Because this field is so vast and emotion classification

is not the primary focus of this thesis, we will largely rely on work that has been

done previously. Emotion classification has a long history, with a particularly large

body of work in news headlines (e.g., Strapparava and Mihalcea (2010)) and Tweets or

other microblogs (e.g., Abdul-Mageed and Ungar (2017)). Early work applied varied

modeling techniques including rule-based models (e.g., Francisco and Gervás (2006)),
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linear classifiers (e.g., Alm et al. (2005)), and lexicon-based methods (e.g., Chaumartin

(2007)), while more recent work has made use of modern deep neural networks (e.g., Yu

et al. (2018); Abdillah et al. (2020)), pre-trained language models (e.g., Demszky et al.

(2020)), and large language models (LLMs) (e.g., Peng et al. (2023)). Most (though

not all) work to date focuses on a small set of emotion labels, following basic emotion

theories from psychology and being mindful of the challenges of classification with a

large label set.

Our work in this thesis deals with unimodal English-language textual data in a

classification setting. The work most relevant to ours focuses on personal narrative and

online forums (e.g., Khanpour and Caragea (2018); Hofmann et al. (2020); Casel et al.

(2021)). One dataset in particular, GoEmotions (Demszky et al., 2020), is created from

Reddit comments and uses a large label set of 26 emotions; since much of the data we

will examine in the first part of this thesis is sourced from Reddit, this dataset from

the same genre of text is helpful to us.

Finally, of particular interest to this thesis, we wish to acknowledge the threads

of work that aim to incorporate psychological theories of emotion into NLP models,

not just the problem setting. Appraisal theory is one family of models describing how

emotions are elicited; its core claim is that an emotional reaction to a stimulus results

from how the experiencer subjectively interprets the stimulus (reviewed in Scherer et al.

(2001)). For example, seeing a spider or insect might cause one observer to think they

are dangerous and thus feel afraid, while a different observer might not evaluate them

as dangerous and then experience other emotional reactions like calmness or curiosity.

A line of work in emotion detection has drawn on this work to inform annotations and

models across categorical (Balahur et al., 2012; Hofmann et al., 2020) and dimensional

(Troiano et al., 2023) emotion models, or even as a target task in itself (Stranisci et al.,

2022). We are also aware of some work incorporating the Component Process Model
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(Scherer et al., 2001), a supertheory that integrates cognitive appraisal among other

features like physiological responses, to describe how emotions are elicited (Casel et al.,

2021; Cortal et al., 2023).

2.2.2 Related Problems

We also wish to briefly acknowledge some additional NLP work aligned with the

goals of this thesis, though not necessarily utilized directly in our work.

One widely-studied modification of the emotion classification problem is to evaluate

not the binary presence or absence of an emotion, but its ordinal (e.g., low/medium/high)

or real-valued (e.g., [0.0-1.0]) intensity. Some of the earliest work in the field of emotion

processing aimed to understand the intensity of emotions (Strapparava and Mihalcea,

2010), and its study continues (e.g., Buechel and Hahn (2016)), including through

more modern shared tasks (Mohammad and Bravo-Marquez, 2017). Although our work

focuses on discrete expressions of emotion in text and we largely treat classification

problems, intensity is an important component of understanding how emotion is being

expressed and we hope to incorporate it in future work. Again, we refer readers to the

relevant portions of recent surveys on emotion in NLP (e.g., Mohammad (2020)).

Much work has been done on understanding emotions in a structured way, including

extracting the stimulus that has triggered the emotion along with various other semantic

roles (such as the experiencer of the emotion). We will treat this body of work in

Part II, where it aligns with our work. We wish to acknowledge more exploratory

understanding of emotions as well, including efforts to organize emotions over time into

narratives (e.g., Mohammad (2012); Kim et al. (2017); Panchendrarajan et al. (2021))

and understand the fine-grained syntactic and semantic effects of emotional language

(e.g., Sintsova et al. (2018)). We believe that this type of work is invaluable and offers

fresh new perspectives where it formulates new research problems and examines data
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from new angles.

As a final note, we also distinguish emotion classification from the related and even

more vastly studied field, sentiment analysis (see recent surveys, Wankhade (2022);

Poria et al. (2023)), which studies opinions (positive or negative), usually towards

something (such as a product for sale).

2.3 Mental Health and Psychological Distress

2.3.1 Psychology Research on Stress

Psychological Stress. The colloquial usage of the term “stress” equates it to

anxiety or pressure, a feeling of uncertainty when some demand is put on a person who

is not certain they are able to meet it. The technical definition used in psychology

research largely agrees with it; Hans Selye, a prominent foundational researcher in this

area, defines stress as “the nonspecific response of the body to any demand made upon

it” (Selye, 1976b), while Lazarus and Folkman (1984) define stress as “a particular

relationship between the person and the environment that is appraised by the person as

taxing or exceeding his or her resources and endangering his or her well-being”. These

definitions position stress crucially as a reaction made in response to some stressor

which is creating an actual or perceived threat (Selye, 1978). Selye’s work differentiated

between eustress (desirable stress, a motivator) and distress (undesirable stress, a health

risk) and stated that there was a certain amount of stress that is beneficial (and too

much or too little can be harmful) (Selye, 1976a). An excess of psychological stress

(usually specifically distress, if following Selye’s model) has been shown to contribute to

a number of negative health outcomes (Lupien et al., 2009; Calcia et al., 2016; Stewart

et al., 2019; Rozanski et al., 1999; Harris et al., 2017).
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Stress Measurement. When psychology researchers measure and detect stress

responses in humans, they often leverage a variety of physical signals such as the

presence of the hormone cortisol in saliva (Allen et al., 2014), electroencephalogram

(EEG) readings (Al-Shargie et al., 2016), and skin conductance or the galvanic skin

response (Healey and Picard, 2005)), among others, and compare them to subjective self-

reports of stress levels. A variety of psychological inventories, scales, and questionnaires

focusing on long-term stress, such as the Perceived Stress Scale (PSS) (Cohen et al.,

1983), have been developed for diagnostic and research purposes in a variety of situtaions.

These scales may include self-reports of subjective feelings, standard lists of stressful

life situations and events, and interviews with researchers or other professionals. We

refer readers to recent surveys on this topic for a detailed treatment (Giannakakis et al.,

2019; Crosswell, 2020).

2.3.2 NLP Research on Stress and Mental Health

Stress Detection. Stress detection methods focusing on biological and physical

markers have the disadvantage of requiring additional hardware or needing human

subjects to be physically present for measurement. Therefore, some work in NLP has

tackled the problem of detecting stress from text, typically in various social media

domains (Lin et al., 2017; Winata et al., 2018; Guntuku et al., 2018). This work often

examines stress and behavioral patterns at the user level (Lin et al., 2017; Guntuku

et al., 2018), finding that these high-level features and categories are important to

classification performance as well as perhaps a more stable entity in text than moment-

to-moment stress levels. We particularly note that Guntuku et al. (2018) invited social

media users to fill out Cohen’s 10-item stress scale (Cohen et al., 1997), providing a

user-reported stress measurement, while Lin et al. (2017) and Winata et al. (2018) use

microblogs distantly labeled via relevant hashtags or phrases like “I am stressed”.

19



Related Tasks. A 2022 shared task focused on the detection of chronic stress

Weissenbacher et al. (2022), focusing on the harmful effects of stress that specifically

persists over a long period of time and collecting distantly supervised Twitter data by

looking for keywords like “chronic” or “constant” to emphasize this aspect. Meanwhile,

as with emotion detection, a small body of work has also focused on the related analytical

task of identifying stressors or explaining the reasons for stress using NLP techniques

(Gopalakrishna Pillai et al., 2018; Thukral et al., 2020; Swanson et al., 2022).

Modalities. Much computational work on detecting stress is multimodal or focuses

on non-text modalities such as video or speech, where biological and physical information

translates more directly (e.g., Zuo et al. (2012); Kumar et al. (2020); Jaiswal et al.

(2020); also see Slavich et al. (2019)). Even of the work highlighted above, Lin et al.

(2017) incorporate information from photos and Winata et al. (2018) expect their model

to be applied as part of a pipeline that operates on speech data. We are also aware of a

contemporaneous study to our work in Chapter 4, Yao et al. (2021), which presents

similar insights to ours about the connectedness of emotion and stress and applies

multitask models to stress prediction in a multimodal (text and speech) setting. In

this thesis, we focus on work that can contribute to applications such as therapeutic

chatbots, where non-text modalities may not always be available or desirable.

Other Mental Health Tasks. While our work in this thesis focuses on psychologi-

cal distress, we also note that there is a significant related body of work investigating the

detection and characterization of various mental health conditions from text, including

depression (Choudhury et al., 2013; Coppersmith et al., 2015a; Husseini Orabi et al.,

2018; Sampath et al., 2022), suicide and suicidal ideation (Wang et al., 2016; Zirikly

et al., 2019; Yang et al., 2021; Guzman-Nateras et al., 2022; Izmaylov et al., 2023), anxi-

ety (Coppersmith et al., 2015a; Shen and Rudzicz, 2017; Gruda and Hasan, 2019; Jiang

et al., 2020; Cohan et al., 2018), and various diagnostic disorders (e.g., Post-Traumatic
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Stress Disorder (Coppersmith et al., 2015a,b), schizophrenia (Coppersmith et al., 2015a;

Bar et al., 2019; Jiang et al., 2020; Zomick et al., 2019), and Borderline Personality

Disorder (Coppersmith et al., 2015a; Jiang et al., 2020), among others). Some of this

work has additionally leveraged similar insights to our work in psychological distress

in Chapter 4 and theorized that emotion detection and other related tasks can help

inform computational models for these mental states and disorders (e.g., Aragón et al.

(2019); Li et al. (2022)).

2.4 Multi-task Learning

Finally, we discuss the modeling and training paradigm we apply frequently in our

work: multi-task learning. While many computational models in NLP have traditionally

been trained and optimized to perform a single task (e.g., a model that only encodes a

document and classifies the emotions therein), insights into the relatedness of different

tasks have allowed researchers to leverage data from multiple different tasks in the

same model. A key feature of this approach is that knowledge is shared between the

parameters that perform different tasks, whether directly or indirectly, allowing one or

more tasks to benefit from data other than their own training data. Multi-task learning

has been applied to great effect across a range of problems in NLP (see recent surveys

such as Chen et al. (2021); Zhang et al. (2023d)).

The most prominent type of multi-task learning in NLP is hard parameter sharing

(Caruana, 1993), where multiple tasks share and update the same parameters, perhaps

with some separate task-specific parameters added on in various ways. This is contrasted

with soft parameter sharing (e.g., Guo et al. (2018b)), where different tasks have separate

sets of parameters that are not required to be the same but rather encouraged to be

close together by some constraint or regularization (for example, Guo et al. (2018b)
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minimizes the Euclidean distance between models’ parameters using l2 regularization

in their loss construction). We will focus on hard parameter sharing in this work.

Multi-task learning is a broad field with many different possible architectures. Some

of the most intuitive models have some collection of shared model parameters, often the

input encoder, with small separate task-specific layers, often simply classification heads

(e.g., Liu et al. (2019)) or sometimes a small stack of layers (Collobert and Weston,

2008). A popular modern variation of this style is to insert small “adapter” layers

inside large pre-trained language models (often transformers), rather than at the end,

and fine-tune these layers while keeping the rest of the pre-trained parameters static

(Houlsby et al., 2019; Stickland and Murray, 2019; Pilault et al., 2021). Other models

may form a hierarchical structure, feeding one module’s predictions for one task as

input to another module that predicts a separate task on the same input (e.g., He et al.

(2019); Ma et al. (2023)). Other architectures may separate global and task-specific

local parameters in different ways, such as using global parameters as a memory rather

than an encoder (Liu et al., 2016) or designing modules that are explicitly meant to

learn various particular skills across tasks (Feng et al., 2023)).

Finally, the most popular modern formulation of multi-task learning uses prompts

to text generation models to indicate to the model which task the parameters are meant

to perform for a given input (e.g., Zhang et al. (2023a)). It is becoming increasingly

popular to use large language models (LLMs), which have been trained with language

modeling objectives on massive corpora, as zero-shot learners to perform tasks they

have never seen based solely on a prompt (e.g., Zhang et al. (2023b)). Most large

language models are shown or assumed (as some models and data are proprietary)

to be trained with simple language modeling objectives on plain text corpora (e.g.,

PaLM (Chowdhery et al., 2022), GPT-3 (Brown et al., 2020), GPT-4 (OpenAI, 2023),

LLaMA (Touvron et al., 2023)), although it is likely that some training data from
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various popular tasks has made its way into the large Internet text dumps often used

for these purposes. Meanwhile, inspired by these models’ ability to perform few- or

zero-shot learning via prompting, multiple language model bases have been developed

by fine-tuning smaller language models on a multi-task dataset (e.g., T0 (Sanh et al.,

2021), FLAN (Wei et al., 2021), Tk-Instruct (Wang et al., 2022)).

There are additionally several training methods for teaching a model to perform

multiple tasks. Sometimes auxiliary tasks are used to improve the performance of one

desired main task (e.g., Pujari et al. (2022)), while other times multiple tasks of equal

interest may be optimized jointly (a famous example of this is the pre-training for

language models like BERT (Devlin et al., 2019), where a masked language modeling

task and a next sentence prediction task both contribute to developing a useful, flexible

language model base). Transfer learning can additionally sometimes be seen as a sort

of multi-task learning where a model is trained on multiple tasks in sequence rather

than in parallel (Bengio, 2011).

Multi-task learning has been applied to many different problems across NLP, in-

cluding argument mining (Cheng et al., 2020), stereotype detection (Pujari et al.,

2022), metaphor detection (Le et al., 2020), sentence simplification (Guo et al., 2018a),

sentiment classification (Zhang et al., 2017), representation learning (Xu et al., 2018),

health informatics (Joshi et al., 2019), and emotion classification (Demszky et al., 2020),

among many others. Modern work has often focused on training with a very large

number of tasks at once (e.g., Padmakumar et al. (2022)). In this work we will use

multi-task learning to improve the performance and interpetability of our models in

distress detection, emotion detection, emotion cause detection (the related work for

which we will discuss further in Chapter 6), and explanation generation.
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Chapter 3

Detecting Distress in Social Media

To begin with, we turn to the problem of detecting stress, a universal human

experience that can be a motivator in appropriate quantities, or lead to negative

health outcomes in excess (Lupien et al., 2009; Calcia et al., 2016; Stewart et al., 2019;

Rozanski et al., 1999; Harris et al., 2017). Because harmful levels of stress are common

in our world today,1 we find this to be an area with helpful applications across a

range of domains (for example, in healthcare or in education). As with many affective

phenomena, we find many expressions of stress on social media, where people constantly

express themselves and their worries through text (Panger, 2017; Steinert and Dennis,

2022), and so we are well positioned to apply NLP techniques to this problem.

Stress is a subjective experience whose effects vary from person to person, and its

definition has varied over time. Hans Selye, a prominent and foundational researcher in

the field of stress, defined it as “the nonspecific response of the body to any demand

made upon it” (Selye, 1976b); that is, stress is a reaction to any kind of expectation

or change; this continues to be the accepted definition today (str, 2023a,b). The

experiencer feels some amount of uncertainty to a new demand, which may include

anything from the need to escape from a predator to the desire to be selected for a role

in a musical by performing well in an audition. Selye additionally observes that this

definition affords no value or valence connotation; things that are exciting and things
1https://www.apa.org/news/press/releases/stress/index?tab=2
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that are frightening can both induce stress. Therefore, he differentiates eustress, stress

associated with desirable effects; and distress, stress associated with undesirable effects

(Selye, 1976a). Selye asserts that these types of stress are in fact the same nonspecific

response, and they can be differentiated by the type of stressor that causes them. For

example, a first date would be likely to induce eustress while a dentist appointment

might perhaps induce distress. We note that the same stressor may induce different

reactions in different people and different situations—a job interview may be exciting or

terrifying depending on how thoroughly the applicant has prepared and how attractive

the position is to them.

In our work, we focus on detecting distress, as we view it as the location our

research would be best situated to do the most social good. We define distress by

its negative emotional reaction self-reported by the experiencer. In this chapter, we

will describe our curation of the Dreaddit dataset for stress detection in social media

(Section 3.1), followed by our benchmarking setup (Section 3.2), the benchmark models’

performance (Section 3.3), and a discussion of the dataset’s characteristics and our

results (Section 3.4).

The main contributions of this work (based on work published in Turcan and

McKeown (2019)) include (1) the Dreaddit dataset, a large unlabeled dataset of

expressions of distress on Reddit; (2) an analysis of the dataset content and how it

relates to known trends in psychological literature; and (3) benchmarking of non-neural

and neural models against the dataset.
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3.1 Dreaddit

In order to obtain data for this work, we turn to the social media platform Reddit.2

Reddit is a website characterized by topic-specific subforums called subreddits where

users post messages relating to some subject such as a particular sports team, financial

advice, or support for individuals experiencing a particular illness, and other users engage

with them through comments and binary voting on the quality of the post. Reddit

is home to a variety of support subreddits where users come together to share their

experiences in a particular domain and offer advice and support to others (De Choudhury

and De, 2014); this content allows us to observe natural expressions of many affective

experiences, including various types of stress, across a variety of topics. Reddit data

is typically long-form and not highly structured, which means that its posts provide

ample context to study the nuances of different emotional states and situations. For our

work in detecting distress, we collect and annotate the Dreaddit dataset. We draw posts

from a variety of different subreddits that contain expressions of distress in different

situations and caused by different stressors.

3.1.1 Data Collection

In order to collect expressions of distress, we select categories of subreddits where we

expect posters are likely to discuss topics related to distress. The categories are selected

manually with some guidance from established stressful event scales and inventories

(Holmes and Rahe, 1967), noting that some stressors may often be associated with

eustress (e.g., pregnancy) and some may be difficult to find online (e.g., “beginning or

end of school”):

• Interpersonal conflict: the abuse and social domains. Posters in the abuse
2https://www.reddit.com/
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subreddits are largely survivors of an abusive relationship or situation sharing

stories and support, while posters in the social subreddit post about any difficulty

in a relationship (often but not exclusively romantic) and seek advice for how to

handle the situation.

• Mental illness: the anxiety and Post-Traumatic Stress-Disorder (PTSD) domains.

Posters in these subreddits seek advice about coping with mental illness and its

symptoms, share support and successes, seek diagnoses, and so on.

• Financial need: the financial domain. Posters in the financial subreddits

generally seek financial or material help from other posters.

Each of these domains includes one or more subreddits, since there is not often

a consensus in the community on one central subreddit for a given topic, and some

subreddits may focus on narrower aspects of a topic. For example, r/almosthomeless is

an advice and support group for sharing stories and suggestions and in fact directly

prohibits the solicitation of material aid, while r/food_pantry is a subreddit exclusively

for connecting people in need of food with those who can donate to them. Meanwhile,

r/relationships is perhaps the most well-known relationship advice subreddit and

provides more than enough data for our purposes, but other such subreddits also

exist with different formatting and focuses (r/relationship_advice, r/dating_advice,

r/AmITheAsshole, etc.).

The statistics of our dataset are presented in Table 3.1. We include ten subreddits

across the five domains of abuse, social, anxiety, PTSD, and financial. Using the PRAW

API3, we scrape all available posts on these subreddits between January 1, 2017 and

November 19, 2018; in total, 187,444 unlabeled posts. As we will describe in §3.1.2, we
3https://github.com/praw-dev/praw; note that because of Reddit’s 2023 policy changes (https:

//www.reddit.com/r/reddit/comments/145bram/), it may no longer be possible to replicate this
data scraping with PRAW.
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Domain Subreddit Name Total Posts Avg Tokens/Post Labeled Segments

abuse
r/domesticviolence 1,529 365 388
r/survivorsofabuse 1,372 444 315
Total 2,901 402 703

anxiety
r/anxiety 58,130 193 650
r/stress 1,078 107 78
Total 59,208 191 728

financial

r/almosthomeless 547 261 99
r/assistance 9,243 209 355
r/food_pantry 343 187 43
r/homeless 2,384 143 220
Total 12,517 198 717

PTSD r/ptsd 4,910 265 711
social r/relationships 107,908 578 694

All 187,444 420 3,553

Table 3.1: Dreaddit Data Statistics. We include ten total subreddits from five
domains in our dataset. Because some subreddits are more or less popular, the amount
of data in each domain varies. We endeavor to label a comparable amount of data from
each domain for training and testing.

assign binary distress labels to 3,553 segments of these posts to form a supervised and

semi-supervised training set.

In Table 3.2, we provide examples of labeled segments from the various domains in

our dataset. The samples are fairly typical; the dataset contains mostly first-person

narrative accounts of personal experiences and requests for assistance or advice. Our

data displays a range of topics, language, and agreement levels among annotators,

making it a challenging dataset for contemporary models. The labeled data, with all

identifiable names, emails, and hyperlinks removed, is currently made available online,4

while the larger corpus of unlabeled data is available upon request with the agreement

not to make any personally identifying information (or models that are likely to have

memorized personally identifying information) publicly available.
4http://www.cs.columbia.edu/~eturcan/data/dreaddit.zip
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Text Domain Label Ann. Agreed
I only get it when I have a flashback or strong reaction
to a trigger. I notice it sticks around even when
I feel emotionally calm and can stick around for a
long time after the trigger, like days or weeks. Its
a new symptom I think. Also been having lots of
nightmares again recently. Not sure what to do as
I’m not currently in therapy, but I am waiting to be
seen at a mental health clinic.

PTSD stress 6/7 (86%)

Regardless, that didn’t last long, maybe half a year. I
released that apartment, and most of my belongings
(I kept a few boxes of my things from the military,
personal effects, but little else). Looking back, there
were some signs of emotional manipulation here, but
it was subtle... and you know how it is, love is blind.
We got engaged. It was quite the affair.

abuse not stress 5/5 (100%)

Our dog Jett has been diagnosed with diabetes and
is now in the hospital to stabilize his blood sugar.
Luckily, he seems to be doing well and he will be home
with us soon. Unfortunately, his bill is large enough
that we just can’t cover it on our own (especially with
our poor financial situation). We’re being evicted
from our home soon and trying to find a place with
this bill is just too much for us by ourselves. To help
us pay the bill we’ve set up a GoFundMe.

financial stress 3/5 (60%)

Table 3.2: Dreaddit Data Examples. Examples from our dataset with their domains,
assigned labels, and number of annotators who agreed on the majority label (reproduced
exactly as found, except that a link to the GoFundMe has been removed in the last
example). Annotators labeled these five-sentence segments of larger posts.

3.1.2 Data Annotation

In order to train supervised and semi-supervised models, we annotate a subset of

our data using Amazon Mechanical Turk5. We partition the posts into contiguous

five-sentence chunks for labeling; we wish to annotate segments of the posts because this

will help us understand what sections of the posts express stress, but we find through

manual inspection that some amount of context is important. Providing the entire post

as context would make it difficult for annotators to read and annotate since a single
5https://www.mturk.com/
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post is on average 420 tokens long, so we follow this chunking approach to provide a

useful amount of context for any given sentence. This type of data may be used in the

future not only to classify the presence of stress, but also to locate its expressions in

the text, even if they are diffused throughout the post.

Figure 3.1: Annotation Instructions. Instructions given to our human annotators
on Amazon Mechanical Turk for the distress labeling task. Annotators were given
definitions and examples and asked to label five datapoints at once.

We set up an annotation task in which English-speaking Mechanical Turk Workers

are asked to label five randomly selected text segments (of five sentences each) in the

same Human Intelligence Task (HIT) after taking a qualification test; Workers are
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Abuse Anxiety Financial PTSD Social
55.75% 63.32% 39.47% 58.23% 44.24%

Table 3.3: Dreaddit Distress by Domain. Percentages of each Dreaddit domain
that are labeled as “distress” (according to majority vote).

allowed to select “Stress”, “Not Stress”, or “Can’t Tell” for each segment. Annotators

are given the instructions and examples shown in Figure 3.1; note that, since this task

is being performed by non-experts, we ask our annotators to label “stress” rather than

“distress” and define it as “a state of mental or emotional strain or tension resulting from

adverse or demanding circumstances”. We specifically ask Workers to decide whether

the author is expressing both stress and a negative attitude about it (i.e., expressing

distress), not whether the situation itself seems stressful to the annotators.

We submit 4,000 segments, sampled equally from each domain and uniformly within

domains, to Mechanical Turk to be annotated by at least five Workers each (soliciting

up to 7 annotations if agreement is low) and include in each batch one of 50 “check

questions” which have been previously verified by two in-house annotators and deemed

(subjectively) straightforward by both. Our design does limit the amount of data we

can feasibly label, but we hope to gain an understanding of how difficult this task is

for humans by using a large number of annotators. After removing annotations which

failed the check questions, and data points for which at least half of the annotators

selected “Can’t Tell”, we are left with 3,553 labeled data points from 2,929 different

posts. We take the annotators’ majority vote as the label for each segment and record

the percentage of annotators who agreed. The resulting dataset is nearly balanced,

with 52.3% of the data (1,857 instances) labeled as distress. The specific breakdown of

distress percentage by domain is shown in Table 3.3, where we see that distress does

vary by domain.

Our agreement on all labeled data is κ = 0.47, using Fleiss’s Kappa (Fleiss, 1971),
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considered “moderate agreement” by Landis and Koch (1977). We observe that an-

notators achieved perfect agreement on 39% of the data, and for another 32% the

majority was 3/5 or less.6 This suggests that our data displays significant variation in

how distress is expressed, which we explore in the next section.

3.1.3 Data Analysis

While all our data has the same genre and personal narrative style, we find dis-

tinctions among domains with which classification systems must contend in order to

perform well, and distinctions between distressful and non-distressful data which may

be useful when developing such systems. Posters in each subreddit express distress, but

we expect that their different functions and stressors lead to differences in how they do

so in each subreddit, domain, and broad category.

By domain. We examine the vocabulary patterns of each domain on our training

data only, not including unlabeled data so that we may extend our analysis to the label

level. First, we use the word categories from the Linguistic Inquiry and Word Count

(LIWC) (Pennebaker et al., 2015), a lexicon-based tool that scores text according to

psychologically relevant categories such as sadness or cognitive processes, as a proxy for

topic prevalence and expression variety. We calculate both the percentage of tokens per

domain which are included in a specific LIWC word list, and the percentage of words

in a specific LIWC word list that appear in each domain (“coverage” of the domain).

Results of the analysis are highlighted in Table 3.4. We first note that variety of

expression depends on the domain and topic; for example, the variety in the expression

of negative emotions is particularly low in the financial domain (with 1.54% of words

being negative emotion (“negemo”) words and only 31% of “negemo” words used). We
6It is possible for the majority to be less than 3/5 when more than 5 annotations were solicited; for

example, a 4/7 majority.
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Domain “Negemo” % “Negemo” Coverage “Social” % “Anxiety” Coverage
Abuse 2.96% 39% 12.03% 58%
Anxiety 3.42% 37% 6.76% 62%
Financial 1.54% 31% 8.06% 42%
PTSD 3.29% 42% 7.95% 61%
Social 2.36% 38% 13.21% 59%
All 2.71% 62% 9.62% 81%

Table 3.4: LIWC Analysis by Domain. Results from our analysis using LIWC word
lists. Each term in quotations refers to a specific word list curated by LIWC; percentage
refers to the percent of words in the domain that are included in that word list, and
coverage refers to the percent of words in that word list which appear in the domain.

also see clear topic shifts among domains: the interpersonal domains contain roughly

1.5 times as many social words, proportionally, as the others; and domains are stratified

by their coverage of the anxiety word list (with the most in the mental illness domains

and the least in the financial domain).

Figure 3.2: Lexical Diversity by Domain. Yule’s I measure (on the y-axes) is
plotted against domain size (on the x-axes) and each domain is plotted as a point on
two graphics. a) measures the lexical diversity of all words in the vocabulary, while b)
deletes all words that were not included in LIWC’s negative emotion word list.

We also examine the overall lexical diversity of each domain by calculating Yule’s

I measure (Yule, 1944). Figure 3.2 shows the lexical diversity of our data, both for

all words in the vocabulary and for only words in LIWC’s “negemo” word list. Yule’s

33



I measure reflects the repetitiveness of the data (as opposed to the broader coverage

measured by our LIWC analysis). We notice exceptionally low lexical diversity for the

mental illness domains, which we believe is due to the structured, clinical language

surrounding mental illnesses. For example, posters in these domains discuss topics

such as symptoms, medical care, and diagnoses. When we restrict our analysis to

negative emotion words, this pattern persists only for anxiety; the PTSD domain has

comparatively little lexical variety, but what it does have contributes to its variety of

expression for negative emotions.

Label 1st-Person % “Posemo” % “Negemo” % “Anxiety” Cover. “Social” %
Stress 9.81% 1.77% 3.54% 78% 8.35%
Non-Stress 6.53% 2.78% 1.75% 67% 11.15%

Table 3.5: LIWC Analysis by Label. Results from our analysis using LIWC word
lists, with the same definitions as in Table 3.4. First-person pronouns (“1st-Person”)
use the LIWC “I” word list.

By label. We perform similar analyses on data labeled distressful or non-distressful

by a majority of annotators and present them in Table 3.5). We confirm some common

results in the mental health literature, including that distressful data uses more first-

person pronouns (perhaps reflecting increased self-focus) and that non-distressful data

uses more social words (perhaps reflecting a better social support network).

Measure Stress Non-Stress
% Conjunctions 0.88% 0.74%
Tokens/Segment 100.80 93.39
Clauses/Sentence 4.86 4.33

F-K Grade 5.31 5.60
ARI 4.39 5.01

Table 3.6: Complexity by Label. Measures of syntactic complexity for stressful and
non-stressful data.

Additionally, we calculate measures of syntactic complexity, including the percentage

of words that are conjunctions, average number of tokens per labeled segment, average
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number of clauses per sentence, Flesch-Kincaid Grade Level (Kincaid et al., 1975), and

Automated Readability Index (Senter and Smith, 1967). These scores are comparable

for all splits of our data; however, as shown in Table 3.6, we do see non-significant but

persistent differences between distressful and non-distressful data, with distressful data

being generally longer and more complex but also rated simpler by readability indices.

These findings are intriguing and can be explored in future work.

Figure 3.3: Lexical Diversity by Agreement. Yule’s I measure (on the y-axis)
is plotted against domain size (on the x-axis) for each level of annotator agreement.
Perfect means all annotators agreed; High, 4/5 or more; Medium, 3/5 or more; and
Low, everything else.

By agreement. Finally, we examine the differences among annotator agreement

levels. We find an inverse relationship between the lexical variety and the proportion of

annotators who agree, as shown in Figure 3.3. While the amount of data and lexical

variety seem to be related, Yule’s I measure controls for length, so we believe that this

trend reflects a difference in the type of data that encourages high or low agreement.
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3.2 Basic Modeling

3.2.1 Data Features

In order to train supervised models, we group the labeled segments by post and

randomly select 10% of the posts (≈ 10% of the labeled segments) to form a test set.

This ensures that while there is a reasonable distribution of labels and domains in the

train and test set, the two do not explicitly share any of the same content. This results

in a total of 2,838 train data points (51.6% labeled stressful) and 715 test data points

(52.4% labeled stressful). Because our data is relatively small, we train our traditional

supervised models with 10-fold cross-validation; for our neural models, we break off a

further random 10% of the training data for validation and average the predictions of

10 randomly-initialized trained models.

In addition to the words of the posts (both as bag-of-n-grams and distributed word

embeddings), we include features in three categories:

Lexical features. Average, maximum, and minimum scores for pleasantness,

activation, and imagery from the Dictionary of Affect in Language (DAL) (Whissel,

2009); the full suite of 93 LIWC features; and sentiment calculated using the Pattern

sentiment library (Smedt and Daelemans, 2012).

Syntactic features. Part-of-speech unigrams and bigrams, the Flesch-Kincaid

Grade Level, and the Automated Readability Index.

Social media features. The UTC timestamp of the post; the ratio of upvotes

to downvotes on the post, where an upvote roughly corresponds to a reaction of “like”

and a downvote to “dislike” (upvote ratio); the net score of the post (net score)

(nupvotes − ndownvotes); and the total number of comments in the entire thread under the

post.
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3.2.2 Models

We first experiment with a suite of non-neural models, including Support Vector

Machines (SVMs), logistic regression, Naïve Bayes, Perceptron, and decision trees. We

tune the parameters for these models using grid search and 10-fold cross-validation,

and obtain results for different combinations of input and features.

For input representation, we experiment with bag-of-n-grams (for n ∈ {1..3}),

Google News pre-trained Word2Vec embeddings (300-dimensional) (Mikolov et al.,

2013), Word2Vec embeddings trained on our large unlabeled corpus (300-dimensional,

to match), and BERT embeddings trained on our unlabeled corpus (768-dimensional,

the top-level [CLS] embedding) (Devlin et al., 2019). We experiment with subsets of the

above features, including separating the features by category (lexical, syntactic, social)

and by magnitude of the Pearson correlation coefficient (r) (Freedman et al., 2007)

with the training labels. Finally, we stratify the training data by annotator agreement,

including separate experiments on only data for which all annotators agreed, data for

which at least 4/5 annotators agreed, and so on.

We finally experiment with neural models, although our dataset is relatively small.

We train both a two-layer bidirectional Gated Recurrent Neural Network (GRNN) (Cho

et al., 2014) and Convolutional Neural Network (CNN) (as designed in Kim (2014))

with parallel filters of size 2 and 3, as these have been shown to be effective in the

literature on emotion detection in text (e.g., Xu et al. (2018); Abdul-Mageed and Ungar

(2017)). Because neural models require large amounts of data, we do not cull the data

by annotator agreement for these experiments and use all the labeled data we have. We

experiment with training embeddings with random initialization as well as initializing

with our domain-specific Word2Vec embeddings, and we also concatenate the best

feature set from our non-neural experiments onto the representations after the recurrent

37



and convolutional/pooling layers respectively. Finally, we also apply BERT directly

to our task, fine-tuning the pretrained BERT-base7 on our classification task for three

epochs (as performed in Devlin et al. (2019) when applying BERT to any task).

Parameter Settings. We tune our traditional supervised models’ parameters using

grid search, all as implemented in Python’s scikit-learn library (Pedregosa et al.,

2011). Our best model uses unbalanced class weights, L2 penalty, and a constant term

C=10, with other parameters at their default values. All cross-validation runs were

initialized with the same random seed for comparability and reproducibility.

We train each of our neural models with the Adam optimizer (Kingma and Ba, 2015)

for up to ten epochs with early stopping measured on the validation set. We apply a

dropout rate of 0.5 during training in the recurrent layers and after the convolutional

layers. We set our hidden sizes (i.e., the output of the recurrent and pooling layers)

as well as our batch size to 128, and tune our learning rate to 5 · 10−4; we set these

parameters relatively small to try to work with our small data. We also experiment

with scheduling the learning rate on plateau of the validation loss, and with pre-training

the models on the Stanford Sentiment Treebank (Socher et al., 2013), a much larger

sentiment dataset, to help combat the problem of small data, but this does not improve

the performance of our neural networks.

3.3 Results

We present our results in Table 3.7. Our best model is a logistic regression classifier

with Word2Vec embeddings trained on our unlabeled corpus, high-correlation features

(≥ 0.4 absolute Pearson’s r), and high-agreement data (at least 4/5 annotators agreed);

this model achieves an F-score of 79.8 on our test set, a significant improvement over
7Using the implementation available at https://github.com/huggingface/pytorch-

transformers

38

https://github.com/huggingface/pytorch-transformers
https://github.com/huggingface/pytorch-transformers


Model P R F
Majority baseline 0.5161 1.0000 0.6808
CNN + features* 0.6023 0.8455 0.7035
CNN* 0.5840 0.9322 0.7182
GRNN w/ attention + features* 0.6792 0.7859 0.7286
GRNN w/ attention* 0.7020 0.7724 0.7355
n-gram baseline* 0.7249 0.7642 0.7441
n-grams + features* 0.7474 0.7940 0.7700
LogReg w/ pretrained Word2Vec + features 0.7346 0.8103 0.7706
LogReg w/ fine-tuned BERT LM + features* 0.7704 0.8184 0.7937
LogReg w/ domain Word2Vec + features* 0.7433 0.8320 0.7980
BERT-base* 0.7518 0.8699 0.8065

Table 3.7: Supervised Results. Precision (P), recall (R), and F1-score (F) for our
supervised models. Our best model achieves 79.80 F1-score on our test set, comparable
to the state-of-the-art pretrained BERT-base model. In this table, “features” always
refers to our best-performing feature set (≥ 0.4 absolute Pearson’s r). Models marked
with a * show a significant improvement over the majority baseline (approximate
randomization test, p < 0.01).

the majority baseline, the n-gram baseline, and the pre-trained embedding model (all by

the approximate randomization test, p < 0.01). The high-correlation features used by

this model are LIWC’s clout, tone, and “I” pronoun features, and we investigate the use

of these features in the other model types. Particularly, we apply different architectures

(GRNN and CNN) and different input representations (pretrained Word2Vec, domain-

specific BERT).

We find that our logistic regression classifier described above achieves compara-

ble performance to BERT-base (approximate randomization test, p > 0.5) with the

added benefits of increased interpretability and less intensive training. Additionally,

domain-specific word embeddings trained on our unlabeled corpus (Word2Vec, BERT)

significantly outperform n-grams or pretrained embeddings, as expected, signaling the

importance of domain knowledge in this problem.

We note that our basic deep learning models do not perform as well as our traditional

supervised models or BERT, although they consistently, significantly outperform the
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majority baseline. We believe this is due to a serious lack of data; our labeled dataset

is orders of magnitude smaller than neural models typically require to perform well.

We expect that neural models can make good use of our large unlabeled dataset. We

believe that the superior performance of the pretrained BERT-base model (which uses

no additional features) on our dataset supports this hypothesis as well.

Agreement Threshold for Data
Any Majority 60% (3/5) 80% (4/5) 100% (5/5)

Features

None 75.40 76.31 78.48 77.69
All 76.90 77.12 77.10 78.28
LIWC 77.91 78.91 78.16 77.66
DAL 75.58 77.06 78.05 77.06
Lexical 76.42 77.92 77.54 77.88
Syntactic 74.63 75.49 76.66 76.19
Social 76.67 76.45 78.38 78.06
|r| ≥ 0.4 77.44 78.76 79.80 78.52
|r| ≥ 0.3 77.01 78.28 79.38 78.31
|r| ≥ 0.2 77.53 78.61 79.02 78.28
|r| ≥ 0.1 76.61 77.07 76.32 77.48

Table 3.8: Feature Sets and Data Sets. The results of our best classifier trained on
different subsets of features and data. Features are grouped by type and by magnitude
of their Pearson correlation with the train labels (no features had an absolute correlation
greater than 0.5); data is separated by the proportion of annotators who agreed. Our
best score (corresponding to our best non-neural model) is shown in bold.

In Table 3.8, we examine the impact of different feature sets and levels of annotator

agreement on our logistic regressor with domain-specific Word2Vec embeddings and find

consistent patterns supporting this model. First, we see a tradeoff between data size and

data quality, where lower-agreement data (which can be seen as lower-quality) results

in worse performance, but the larger 80% agreement data consistently outperforms the

smaller perfect agreement data. Additionally, LIWC features consistently perform well

while syntactic features consistently do not, and we see a trend towards the quality of

features over their quantity; those with the highest Pearson correlation with the train

set (which all happen to be LIWC features) outperform sets with lower correlations,
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which in turn outperform the set of all features. This suggests that distress detection

relies on lexical information more than syntactic or social, and in particular, resources

developed with psychological applications in mind, like LIWC, are very helpful.

We note that the examples misclassified by both models are often, though not

always, ones with low annotator agreement (with the average percent agreement for

misclassified examples being 0.55 for BERT and 0.61 for logistic regression). Both

models seem to have trouble with less explicit expressions of stress, framing negative

experiences in a positive or retrospective way, and stories where another person aside

from the poster is the focus; these types of errors are difficult to capture with the

features we used (primarily lexical), and further work should be aware of them. We

include some examples of these errors in Table 3.9.

3.4 Discussion and Conclusions

Our examination of the Dreaddit dataset tells us about how people express distress

online in a variety of situations. As described in §3.1.3, the topic a person is discussing

(which in our case loosely corresponds to the stressor that is influencing them) and

the way they are presenting themselves (e.g., to ask for help from others vs. to vent

frustration) modulates the type of language they use. Lexical features that are overall

useful to detecting distress, such as the amount of social words and explicit expressions

of negative emotions, vary by domain when distress and non-distress are grouped

together (Table 3.4).

We find distress detection to be a highly lexical problem. Across domains, people

who are experiencing distress use more first-person pronouns, more negative emotion

words, less positive emotion words, and less social words, focusing on themselves and

their own (negative) feelings (Table 3.5). These trends reflect prior findings across
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psychological and social science research. Individuals experiencing negative mental

(and physical) health tend to focus on themselves as individuals and use first-person

singular pronouns (Zimmermann et al., 2013; Lyons et al., 2018) while first-person plural

pronouns emphasize group identity and are less prominent (Orvell et al., 2022). Use of

negative emotion words to explicitly express these struggles is also well-documented

(Lyons et al., 2018; Guo et al., 2022), and it is additionally known that a lack of

close social relationships is related to negative mental (and physical) health outcomes

(Umberson and Montez, 2010).

We note that the three most highly-correlated features in our training dataset reflect

these trends as well (Section 3.3): a count of first-person pronouns by itself is highly

informative, and the other two features are LIWC’s “summary” features, combining

other counts in such a way as to show differences between them (Pennebaker et al.,

2015). The emotional tone feature reflects the difference between positive and negative

emotion words (Cohn et al., 2004) and the clout feature reflects the difference between

first-person singular and plural pronouns (Kacewicz et al., 2014).

Additionally, while we find that there are non-significant but consistent trends

presenting expressions of distress as longer, more complex, and prone to simpler words

than non-distress (Table 3.6), syntactic features are not helpful for our classification

models. We hypothesize that this may be due to the nature of our dataset; perhaps

since expressions of distress are diffused throughout a post, a five-sentence chunk is not

the correct granularity to observe effects of length and single sentences or, alternately,

entire posts would be more illuminating.

Finally, we again draw attention to the effects of lexical diversity and interannotator

agreement (Figure 3.3). It is a feature of highly-agreed-upon text in this dataset that it

uses the same words repeatedly, whether distressful or non-distressful. Because this

analysis is correlational, we cannot infer a specific causal relationship. However, it does
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raise interesting new research questions about whether annotators may perform such

annotation using a form of keyword searching.

The models we present in this chapter struggle with some finer aspects of distress

detection. For example, since they rely heavily on lexical features, they can easily miss

indirect expressions of distress, and they struggle to correctly interpret the writer’s

framing and intentions (such as to identify that an author is telling a story about

someone else who is in distress, and therefore even if they are using emotional words,

this may not be evidence that the author is expressing distress). Our labeled dataset

is also limited in size and drawn from one particular English source (Reddit), which

imposes limitations on the demographics of people it can accurately represent.8 Finally,

we note that the subjective nature of distress leads to variable interannotator agreement,

and a more accurate framing of distress might be on a continuous scale.

Our contributions in this work include (1) the Dreaddit dataset, a large unlabeled

dataset of expressions of distress on Reddit (187,444 posts) with 3,553 segments labeled

by multiple annotators for the binary presence of absence of distress; (2) an analysis of

the content of the dataset by domain, label, and annotator agreement showing that it

conforms to known trends in psychological literature and contains a variety of different

expressions of distress; and (3) non-neural and neural models that achieve 80.65% F1

score on our dataset, displaying competence at the problem of distress detection but

showing that it is a challenging problem with room for improvement.

8https://www.alphr.com/demographics-reddit/

43

https://www.alphr.com/demographics-reddit/


Text Gold
Label Agreement Subreddit

Name
Models
Failed

Hello everyone, A very close friend of
mine was in an accident a few years
ago and deals with PTSD. He has
horrific nightmares that wake him up
and keep him in a state of fright. We
live in separate provinces, so when he
does have his dreams it is difficult to
comfort him. Each time he calls, and
I struggle with what to say on the
phone.

Not Stress 60% ptsd Both

I asked the other day if they’ve set a
date. He laughed in my face and said
’no’ as if it were the most ridiculous
thing he’s ever heard. He comes home
late, and showers immediately. Then,
he showers every morning before he
leaves. He doesn’t talk to my mum
and I, at all, and he’s cagey and se-
cretive about everything, to the point
of hostility towards my sister.

Stress 60% domesticviolence BERT

If he’s the textbook abuser, she is the
textbook victim. She keeps giving
him chances and accepting his apolo-
gies and living in this cycle of abuse.
She thinks she’s the one doing some-
thing wrong. I keep telling her that
the only thing she is doing wrong is
staying with this guy and thinking he
will change. I tell her she does not
deserve this treatment.

Not Stress 100% domesticviolence LogReg

Table 3.9: Error Analysis Examples. Examples of test samples our models failed
to classify correctly.“BERT” refers to the state-of-the-art BERT-base model, while
“LogReg” is our best logistic regressor.
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Chapter 4

Multitask Models for Distress Detection

In Chapter 3, we began studying the problem of psychological distress detection.

We defined distress as a negative reaction to expectation or change and chose to focus

on it because of the negative effects it can have in excess (Lupien et al., 2009; Calcia

et al., 2016; Stewart et al., 2019; Rozanski et al., 1999; Harris et al., 2017) and its

prevalence in the modern world.1 This situates our work in an area where we believe it

has great potential to do social good. Work in this area is particularly relevant because

people worldwide lack access to mental health services for many reasons (Coombs et al.,

2021; Wainberg et al., 2017), including social stigma and a shortage of mental health

professionals (Satiani et al., 2018).2 We collected the Dreaddit dataset, which is a

dataset of segments of Reddit posts annotated for the binary presence or absence of

distress, and benchmarked it, showing it to be a challenging dataset with many different

types of stressors and situations represented.

With our data collected, we proceed to develop more sophisticated models to tackle

this problem. For any model aiming to perform this task, we believe that two major

aspects are vital to consider: psychological distress detection is a sensitive task in which

mistakes by black-box models may lead to serious harms; and it is difficult to train

robust, capable models for this task without an abundance of labeled data. We propose

in this chapter that multitask learning can help solve both of these issues when the
1https://www.apa.org/news/press/releases/stress/index?tab=2
2https://www.apa.org/pubs/reports/practitioner/2022-covid-psychologist-workload
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additional tasks are selected according to domain-specific knowledge from psychology

and associated fields.

The consequences of blindly trusting a model and mislabeling distress levels could

be serious in a deployed application such as a therapeutic chatbot, where some users

might not receive the help they need with the appropriate urgency.3 Research in AI

and medicine suggests that for a high-stakes problem such as mental healthcare, it

is imperative that users be able to trust a model’s predictions, which requires some

understanding of how its decisions are made (Joyce et al., 2023; Chaddad et al., 2023).4

Furthermore, models that make decisions based on emotions that are known to co-occur

with stress will be easier for humans to understand, and their mistakes will be more

obvious. Therefore, in this chapter, it will be our focus to build explainable such models

that draw on information such as emotion in order to make judgments about distress,

and to understand how we can accomplish this influence of the models’ decision-making.

Meanwhile, given that the labeled data for this problem is quite small for training a

supervised model, a common approach might be found in multi-task learning, where

data labeled for tasks other than the primary problem are used to train the model

(Caruana, 1993). We note that psychological distress has been shown to interact with

emotion (Lazarus, 2006; Thoern et al., 2016; Levenson, 2019), a task that has far more

publicly available labeled textual data. In a very traditional “hard parameter sharing”

setting (such as Caruana (1993)), a model is trained to perform multiple tasks using a

stack of shared parameters and some task-specific parameters, typically at the same time.

This means that we would expect to have a single input with labels for multiple tasks.

However, there are no currently available datasets labeled for both psychological distress

and emotion, and therefore in this chapter we will present variations on traditional

multitask learning. In this work, we experiment with a suite of three approaches to
3https://www.newyorker.com/magazine/2023/03/06/can-ai-treat-mental-illness
4https://pewrsr.ch/3KqRDvn
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incorporating semantically related tasks–here, emotion classification–to create emotion-

infused models capable of equally competent, but explainable, psychological distress

detection as compared to a black-box model.

In this chapter, we will first describe the data we use to supplement our Dreaddit

dataset with emotion detection tasks (Section 4.1), then describe our three emotion-

infused multitask models (Section 4.2), present their performance (Section 4.3), and

finally conclude with a discussion of how multitask training changes the way the models

make their predictions (Section 4.4).

The main contributions of this work (based on work published in Turcan et al.

(2021a)) are as follows: (1) a model development paradigm that incorporates domain-

specific knowledge from psychological fields of research in order to enhance machine

learning models; (2) a suite of three approaches to emotion-infused models for predicting

psychological distress, with performance comparable to our best models from Chapter 3;

and (3) a framework for interpreting our models to show the impact of incorporating

domain-specific knowledge in our multitask training.

4.1 Data

Dataset Size
Dreaddit 3,553

GoEmotionsA,E,S 58K
GoEmotionsF SJ 4,136

Vent 1.6M

Table 4.1: Distress and Emotion Data. The datasets we use in this work and their
relative sizes (in terms of total number of data points).

A comparison of all the datasets we use in this work can be seen in Table 4.1. We focus

on our Dreaddit dataset (Chapter 3) as the target task: binary distress classification
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framed in terms of the author and the time–i.e., a post is labeled distressful only if the

poster themselves is currently expressing distress.

Because this dataset is small for training a deep learning model, we also experiment

with larger datasets to provide auxiliary information. We select the GoEmotions dataset

(Demszky et al., 2020), which consists of 58,009 Reddit comments labeled by crowd

workers with one or more of 27 emotions (or Neutral), for its large size and genre

similarity to Dreaddit. Here, we will refer to the dataset in this form as GoEmotionsall

or GoEmotionsA. The authors also published two relabelings of this dataset, achieved

by agglomerative clustering: one where labels are clustered together into the Ekman

6 basic emotions (anger, disgust, fear, joy, sadness, surprise, neutral) (Ekman, 1992)

(GoEmotionsEkman or GoEmotionsE), and one into simple polarity (positive, negative,

ambiguous, neutral) (GoEmotionssentiment or GoEmotionsS). We run our experiments

with each version of this dataset.

We also explore the use of another social media website, Vent. Vent is a platform

more similar to Twitter or Tumblr than Reddit, where users post vents of any length,

tag them as they like, and other users react to them or post comments. The benefit of

Vent for this purpose is that posters self-identify some emotion they are feeling from a

large list of pre-made emotions. The data we use is collected by Malko et al. (2021)

(see also Malko et al. 2023).5 Guided by research that links chronic stress to mood

disorders like depression as well as anxiety disorders (e.g., Khan and Khan (2017)),

we hypothesize that expressions of fear and sadness may be associated with distress.

Because Vent is very large and Dreaddit is very small, we then select Vent data only

from a specific set of emotions to test this hypothesis. We select Vent data that has

been labeled with fear or sadness, which we expect to be most relevant to the domains

gathered for Dreaddit, as well as joy, for a contrast.
5Due to license and ethics policy restrictions, we do not make this data publicly available.

48



We note that this dataset is strictly single-class, whereas, as published, GoEmotions

may have more than one emotion label per data point. In all, there are 1.6M vents

in our dataset, much larger than Dreaddit or GoEmotions; we randomly sample this

data in a stratified manner to create a training, development, and test set with an

80/10/10 ratio. To examine the effects of domain similarity, we also select a subset

of GoEmotions with the corresponding genre labels: we subsample the existing “all”

dataset to select only data points originally labeled with fear, joy, or sadness, for a

final set of 4,136 data points (3,342 of which are the train set). We call this subset

GoEmotionsF SJ , and we compare it against Vent to see whether genre similarity or

data size is more important in this multitask setting.

4.2 Methods

We present several different architectures for our emotion-infused models (§4.2.1)

and compare them against our top-performing deep neural model from Chapter 3. Our

emotion-infused models span three different ways to incorporate emotion information

into our distress detection models, divided into multi-task learning and fine-tuning;

each of the three approaches shares knowledge of the two tasks through the parameters

of the BERT encoder, following the hard parameter sharing paradigm. In our setting,

we consider distress detection to be our primary task and examine how the inclusion of

emotion detection objectives during training changes the way this task is performed by

our models.

4.2.1 Models

MultiAlt. Our first multi-task models, which we refer to as MultiAlt, are simply two

single-task models sharing the same base BERT representation layers. The models are
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(a) The MultiAlt model. (b) The Multi model. (c) The Fine-Tune model.

Figure 4.1: Emotion-Infused Models. The emotion-informed architectures we use in
our experiments.

alternating in that we train them with two different datasets with two different sets of

labels–i.e., we train the distress task with the Dreaddit data and the emotion task with

the GoEmotions or Vent data.

We refer to the variants with a subscript, i.e., MultiAlt
GoEmotionsA

(i.e., all emotions

from GoEmotions), MultiAlt
GoEmotionsE

(i.e., Ekman emotions only), MultiAlt
V ent (i.e., the

Vent data), etc. The MultiAlt models can be seen in Figure 4.1a. One loss step for these

models consists of only one dataset and task, so they are trained with the negative

log-likelihood (NLL) loss for single-label tasks (Dreaddit, Vent, GoEmotionsF SJ) and

the binary cross-entropy (BCE) loss for multi-label tasks (GoEmotionsA,E,S).

Multi. We also experiment with a multi-task learning setup where we perform the

two tasks at the same time on the same input data. We call this architecture Multi.

However, because the Dreaddit data is labeled only with distress, we first separately

train BERT models on the various versions of GoEmotions and use them to predict

emotion labels for Dreaddit. We then take these emotion labels to be “silver data” and
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train on them alongside distress. The Multi model can be seen in Figure 4.1b. Since

distress detection is our main task in this work, we focus on this task where we have gold

labels for distress, but note that it will be interesting in future work to experiment with

other task settings, such as whether distress detection can improve emotion classification.

In these models, the losses of the distress task and the emotion task are summed together

for each batch with a tunable weight parameter, i.e., L = λLdistress + (1 − λ)Lemotion.

Fine-Tune. We experiment with models in which we first endow the BERT

representation with knowledge of the emotion task by fine-tuning and then apply it

to distress detection (as in Phang et al. (2018)). We perform a sequential version of

the MultiAlt models, in which we fine-tune a pre-trained BERT language model on

another task, and then extract the language model parameters to initialize a BERT

model that we continue to fine-tune on Dreaddit. We denote these models as, e.g.,

Fine-TuneGoEmotionsA�Dreaddit for a model that was first trained on GoEmotionsall and

then on Dreaddit (for space, we will abbreviate Fine-Tune as FT). These fine-tuning

models can be seen in Figure 4.1c. These models are trained with the NLL and BCE

losses as in the MultiAlt models.

4.2.2 Baselines

We use as our primary baseline a re-implementation of our BERT-based classifier

from Chapter 3. We re-implement the model so that we can examine its variance

and report an average of 3 runs with distinct random seeds. On average, the re-

implementation scores lower than the single model reported, but with high variance.

Because of this, we assume that our previous performance is from the high end of

this variance and use our average score as our baseline in this work. This model is

a pre-trained BERT language model (released as bert-base-uncased by Wolf et al.

(2019); we use this same pre-trained language model as the basis for all our models)
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followed by a dropout layer and a dense classification layer. We also report a recurrent

neural network (RNN) model, which uses either a long short-term memory network

(LSTM) (Hochreiter and Schmidhuber, 1997) or a gated recurrent unit (GRU) (Cho

et al., 2014) in place of the transformer from BERT and is otherwise the same. These

models are trained with the NLL and BCE losses as with the MultiAlt models.

4.2.3 Training

We train all of our models with minibatch gradient descent using the Adam optimizer

(Kingma and Ba, 2015) with a batch size of 16, given GPU space constraints. We

perform gradient clipping to 1.0 to prevent exploding gradients. When training any

model, we perform early stopping based on the F1 score on the Dreaddit development

set and select the model parameters from the epoch that achieved the best development

score for our final evaluated model.

We tune hyperparameters for all our models using Bayesian Optimization from the

Python library ax.6 All models train the initial learning rate of the Adam optimizer and

the dropout probability before the final classification layer; the Multi models also tune

the loss weight parameter λ, and we also note that the RNN model tunes additional

parameters such as the type of RNN unit, hidden dimension, etc. For all models, we

tune parameters based on the F1 score on the Dreaddit development set; we train

an ensemble of three models with three different, fixed random seeds and average

their performance for a given parameter setting. We report the mean and standard

deviation of three models, with three different random seeds, trained with the best

hyperparameters.

Our MultiAlt
V ent, MultiDreadditS

, and MultiDreadditF SJ
models were trained on one Tesla

V100 GPU with one CPU. All other models were trained on one Nvidia P100 GPU
6https://github.com/facebook/Ax
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with one CPU.

Name Type Range
learning rate continuous [10−6, 10−3]
P (dropout) continuous [0, 1]
λ continuous [0, 0.9]
embedding dim. integer [32, 256]
hidden dim. integer [32, 512]
nlayers integer [1, 3]
RNN categorical {LSTM, GRU}

Table 4.2: Hyperparameter Search Ranges. Hyperparameter ranges for our models.
BERT-based models tuned the first two; the Multi models additionally tuned λ; the
RNN additionally tuned the remainder.

Model Learning Rate P(dropout)
RNN 1.40×10−4 0.86
BERT 4.27×10−5 0.13
MultiAlt

GoEmotionsA
8.47×10−6 0.40

MultiAlt
GoEmotionsE

1.08×10−5 0.00
MultiAlt

GoEmotionsS
1.69×10−5 0.00

MultiAlt
GoEmotionsF SJ

8.98×10−6 0.00
MultiAlt

V ent 4.44×10−5 0.00
MultiDreadditS

1.14×10−5 0.00
MultiDreadditF SJ

1.79×10−5 0.00
FTGoEmotionsA�Dr 7.30×10−5 0.05
FTGoEmotionsE�Dr 1.35×10−5 0.00
FTGoEmotionsS�Dr 1.95×10−5 0.09
FTGoEmotionsF SJ�Dr 5.03×10−6 0.03

Table 4.3: Selected Hyperparameter Values. Our models’ selected hyperparameters
for Dreaddit.

Hyperparameter tuning was done the same way for every model, with Bayesian

optimization as implemented by ax, with the F1 score on the Dreaddit development set

as the criterion to optimize. MultiDreadditS
and MultiDreadditF SJ

were given 35 trials for

time constraints; all other models were given 50 trials. All models were trained with a

patience of 5 epochs and a tolerance of 0.0001 for dev set improvement, and allowed to

run for a maximum of 20 epochs. All models tuned the initial learning rate and the
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dropout probability, with the Multi models also tuning the lambda weight parameter

between their two task losses. Additionally, the RNN model was initialized from scratch

and additionally tuned the embedding dimension, hidden dimension, number of layers,

and type of RNN. Our parameter search ranges are shown in Table 4.2, and the selected

hyperparameters for our models are given in Table 4.3.

4.3 Results

Model Binary F1 Accuracy
RNN 67.58 ± 1.22 68.86 ± 1.10
BERT 78.88 ± 1.09 79.11 ± 1.32
MultiAlt

GoEmotionsA
79.02 ± 0.35 79.72 ± 0.69

MultiAlt
GoEmotionsE

80.24 ± 1.39 81.07 ± 1.13
MultiAlt

GoEmotionsS
79.46 ± 1.05 79.86 ± 0.50

MultiAlt
GoEmotionsF SJ

79.17 ± 0.61 78.69 ± 1.86
MultiAlt

V ent 80.34 ± 1.39 79.67 ± 2.03
MultiDeadditsentiment

78.97 ± 0.24 78.55 ± 0.07
MultiDreadditF SJ

78.90 ± 0.59 78.55 ± 0.07

Table 4.4: Multitask Distress Detection Performance. Results of our multitask
models. The best result under each metric is bold.

We report the results of our multi-task models in Table 4.47. In general, our MultiAlt

models perform similarly, and outperform the Multi models; we assume this is due to

the introduction of noise in labeling the silver emotion data. Of these models, MultiAlt
V ent

performs best. With regards to GoEmotions, the 28-way classification of GoEmotionsA

naturally leads to lower numerical performance than the tasks with smaller numbers

of classes, and we expect that GoEmotionsS may group too many distinctly labeled

emotions together under the same emotion labels; it seems GoEmotionsE is the happy

medium for this model. We also note that the MultiAlt
V ent and MultiAlt

GoEmotionsE
models

7We did compute statistical significance by calculating the majority vote of each of the models’ 3
runs and using the approximate randomization test, but no model is significantly different from BERT.
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perform equally well, which indicates that the genre mismatch is not an issue for this

problem, or that Vent has a similar enough genre to Reddit that it does not affect the

results. Somewhat surprisingly, MultiAlt
GoEmotionsF SJ

does not do as well as MultiAlt
V ent;

however, the GoEmotions data is much smaller than Vent, especially when subsampled

to select specific emotions.

Model Binary F1 Accuracy
BERT 78.88 ± 1.09 79.11 ± 1.32
FTGoEmotionsA�Dreaddit 76.40 ± 0.50 76.83 ± 0.40
FTGoEmotionsE�Dreaddit 79.44 ± 0.29 79.53 ± 0.46
FTGoEmotionsS�Dreaddit 79.75 ± 0.52 80.61 ± 0.40
FTGoEmotionsF SJ�Dr 80.25 ± 0.24 80.98 ± 0.20

Table 4.5: Fine-Tuning Distress Detection Performance. Results of our fine-
tuning models. The best result under each metric is bold.

We further report the results of our fine-tuning models in Table 4.5. Because

we expect that genre similarity should play a larger role when the secondary task

can offer no direct training signal during the primary task fine-tuning, we eval-

uate on GoEmotions here and not Vent. Here, we observe that our best model,

Fine-TuneGoEmotionsF SJ�Dreaddit, scores at least one standard deviation above BERT.

We see higher increases in performance for the simpler classification problems in

GoEmotionsS and GoEmotionsF SJ and worsened performance for GoEmotionsA, sug-

gesting that in the sequential paradigm, more complex problems are not able to interact

appropriately with the main task and instead interfere.

Dataset Macro F1
GoEmotionsA 48.98
GoEmotionsE 62.16
GoEmotionsS 69.65
GoEmotionsF SJ 91.87

Table 4.6: Fine-Tuning Emotion Detection Performance. Performance of our
fine-tuning BERT models on the different GoEmotions labelings and datasets.
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We also report the performance of the fine-tuning BERT models we trained on

GoEmotions in order to label Dreaddit with emotion in Table 4.6; these results track

well with the fine-tuning results reported by Demszky et al. (2020). Because these

models are intermediates used for labeling, we report the F1 scores of the single model

we actually used for labeling, although we tuned their parameters with an average

of 3 different instances as with all other models. Many-way classification problems

have much more opportunity for error and noise in an already-noisy process of labeling

unlabeled data, so we use only the two best-performing GoEmotions models, which are

those trained on the fewest-label datasets, GoEmotionsS and GoEmotionsF SJ , for our

Multi models.

Overall, the inclusion of emotion information results in modest improvements, even

though not statistically significant, as compared to BERT. However, our true goal in

this work is to analyze the explainability of all of these models, to which we turn next.

4.4 Analysis

We perform three different analyses to probe our trained models and discover what

information they learn to use. For our MultiAlt models, we investigate the usefulness of

the emotion prediction layers in explaining distress classifications, and for all models,

we use Local Interpretable Model-agnostic Explanations (LIME) (Ribeiro et al., 2016)

to show that our emotion-infused models rely on meaningfully different types of words

than BERT in order to make their predictions.
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GoEmoA GoEmoE GoEmoS GoEmoF SJ*
Dreaddit (gold distress + pred. emotion) 0.3396 0.2554 0.0565 0.3207
GoEmotions (gold emotion + pred. distress) 0.1274 0.2668 0.2786 0.4115

Table 4.7: Learned Task Correlations. Correlations of the gold labels for each dataset
with labels predicted by the other classifier in a MultiAlt model. GoEmotionsF SJ (ab-
breviated for space as GoEmoF SJ) is starred because its emotion data is not multi-label
and therefore the correlation ratio η is used instead of the coefficient of determination
R2 (which is used for the other, multilabel GoEmotions variants).

GoEmotionsS GoEmotionsF SJ

neutral negative ambiguous positive fear sadness joy
Dreaddit -0.3960 0.6128 -0.0106 -0.2759 0.9697 0.7113 0.1386
GoEmotions -0.1021 0.4866 0.0751 -0.3323 0.9545 0.8921 0.0235

Table 4.8: Learned Task Correlations Per Emotion Label. Per-class scores of
emotion and distress for Dreaddit (with gold distress and predicted emotion) and
GoEmotions (with gold emotion and predicted distress). For GoEmotionsS, these
numbers are the Pearson correlation r of each individual emotion label with the distress
labels; for GoEmotionsF SJ , these are the average distress label assigned to data points
in each emotion category, where 0 is non-distress and 1 is distress.

4.4.1 Multitask Knowledge

We perform an analysis of our MultiAlt models to see what information they learn

about emotion.8 We take the development sets of each of the datasets (Dreaddit and

GoEmotions) and predict their labels under the other task (i.e., emotion for Dreaddit

and vice-versa). We report the correlation of these predicted labels with the gold

labels in Table 4.79. In this case, the GoEmotionsF SJ variant is a single-label three-way

classification problem, so we report the correlation ratio η (Fisher, 1925). The other

GoEmotions variants are multi-label, so we report the coefficient of determination R2

(Cohen et al., 2015). We further present breakdowns of the correlations per emotion

category for the polarity and FSJ subsets of GoEmotions in Table 4.8 and include the
8We did perform an equivalent analysis on the Multi models, which shows similar trends, but as

MultiAlt shows better performance, we omit it for space.
9We also note the possibility that different combinations of emotions are relevant to distress; however,

not enough of our data is labeled with multiple emotion labels (4% of Dreaddit’s silver labels from
GoEmotionsS , 9% of GoEmotionsE) to test this hypothesis in this work.
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All and Ekman sets as well as the Vent data in the appendix.

We observe that our multi-task models generally learn a moderate correlation

between the distress labels and the emotion labels; they learn that negative emotions

like fear and sadness are linked to distress and neutral or positive emotions are linked to

non-distress, which makes intuitive sense. These emotion predictions can help explain

the distress classifier’s predictions; imagine, for example, showing a patient or clinician

that the patient’s social media shows a strong pattern of fear and anger as a more

detailed explanation for places a distress classifier detects stress. From a machine

learning perspective, this correlation also suggests the potential for using emotion data

as distantly-labeled distress data to supplement the small extant distress datasets.

4.4.2 LIWC Analysis

We also investigate the types of information each model is using to make its decisions.

In this section, we use the Linguistic Inquiry and Word Count (LIWC) (Pennebaker

et al., 2015), a hand-crafted lexicon which collects words belonging to psychologically

meaningful categories like positive emotion and cognitive processes, to categorize the

information our different models use to predict distress.

We first analyze the unigrams our various models use to perform distress classification

using LIME. LIME accepts an input from our development set, perturbs it in the bag-

of-unigrams space, and runs one of our classifiers on each perturbation to calculate the

importance of various unigrams; through this process, we acquire the 10 unigrams with

the highest magnitude output by LIME for each development example and consider

them “explanations”. We thus have 2,760 individual unigram explanations for the entire

development set to analyze.

We then use the word lists from LIWC 2015’s 72 psychological categories to see what

types of words each classifier tends to use to make decisions of distress vs. non-distress.
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LIWC BERT MultiAlt
GEE

MultiAlt
V ent MultiDrF SJ

FTGEF SJ�Dr

Affective Processes 19% 22% 19% 16% 22%
Positive Emotion 8% 10% 9% 9% 12%
Anger 31% 40% 30% 25% 31%

Cognitive Processes 16% 17% 17% 17% 17%
Certainty 8% 13% 12% 16% 11%

Perceptual Processes 17% 15% 14% 14% 15%
Biological Processes 15% 19% 17% 16% 17%
Achievement 17% 19% 19% 13% 17%
Relativity 15% 14% 17% 16% 17%

Table 4.9: Rationale Prevalence by LIWC Category. A comparison of how often
several of our models rely on words from several LIWC categories to make their decisions,
according to LIME. These numbers represent the percentage of available LIWC words
each model selected in the top 10 LIME explanations for the entire dev set. Dr is
Dreaddit, and GE is GoEmotions.

An abbreviated list of results, showing our best models from each category, is shown in

Table 4.9.10 We observe small but consistent effects suggesting that, in comparison to

the basic BERT model, our emotion-enhanced models broadly learn to use the following

information:

Affective information. Most emotion-infused models except for Multi learn to

use affective information, which includes both positive and negative emotion words,

more often. We see the largest increase in anger, one of the emotions we had identified

as relevant to distress, for MultiAlt
GoEmotionsE

, which makes intuitive sense because anger

is one of the Ekman six basic emotions and thus, is explicitly predicted by this model.

Cognitive processes. All models show some increase in using words related to

cognitive processes as compared to BERT; however, its subcategory Certainty, which

includes words about absoluteness such as never, obvious, and clearly, shows larger

changes. For example, MultiDreadditF SJ
uses Certainty twice as often as BERT. These

cognitive words seem to target the mental aspects of distress. Rumination and a focus
10The full table does not fit comfortable on a page, and so is available at https://github.com/

eturcan/emotion-infused-explanations
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on absoluteness are known signs of anxiety disorders, an extreme form of chronic distress

(Nolen-Hoeksema et al., 2008; Miranda and Mennin, 2007).

Additional differences. We observe other, smaller patterns among LIWC usage

for these models. For example, the MultiAlt models use the most achievement-oriented

words (although most models show modest increases), suggesting that this information,

which includes words about success and failure, is relevant to distress. This makes sense,

since failing to achieve (e.g., failing a class) can be a major stressor. We also see larger

proportions of biological process words used by all emotion-infused models. We suggest

this is because Dreaddit includes posts taken from Reddit communities about anxiety

and PTSD, where posters are likely to describe their physical and mental symptoms

while seeking help.

4.4.3 Salient Words

We then investigate the data itself for highly significant words using the measure of

relative salience proposed by Mohammad (2012):

RelativeSalience (w|T1, T2) = f1

N1
− f2

N2
(4.1)

That is, it measures the importance of a token w in two different corpora T1, T2 by

subtracting their two relative frequencies (where f1, f2 are the counts of token w in

each corpus and N1, N2 are the total tokens in each corpus). We compute this measure

for all words in the Dreaddit training data, taking our two corpora to be the subsets

labeled distress and not-distress.

We take the top 200 unigrams for each label (distress as opposed to non-distress

and vice-versa) and provide some examples in Table 4.10 with the full list of words

available in the appendix. We examine the words and divide them into related groups in
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Category Emotion Words

Distress
Function Words and, but, how, like, no, not, or, where, why
Negative Sentiment awful, bad, cry, fear, hate, stress, stupid
Helplessness alone, can’t, nothing, nowhere, trying

Non-Distress
Function Words a, for, if, some, the, was, who, will, would
Positive Sentiment amazing, best, good, great, hope, nice
Support email, helped, support, thank, together, we

Table 4.10: Example Relative Salience Terms. Some examples of words identified
by relative salience on the Dreaddit training data as indicative of distress or not-
distress. We group the words by hand into semantically meaningful categories for ease
of understanding.

order to understand what types of information should theoretically be most important

to classifying the data. For example, we see that different sets of function words are

actually among the most important for both classes, with words like conjunctions

typically appearing more indicative of distress (which echoes our previous finding that

distressful data is typically longer with more clauses), while non-distress includes words

expressing future-thinking like if, will, and would. We also naturally find negative words

for distress and positive words for non-distress, as well as a dichotomy of isolation and

helplessness for distress vs. support and community for non-distress which is supported

by psychological literature (Grant et al., 2009).

We then look at the intersection between relative salience and LIME explanations,

counting how many LIME explanations are highly salient words for distress or non-

distress; results are shown in Table 4.11. We see that both the BERT baseline and our

emotion-infused models show similar patterns of behavior, including a higher proportion

of distress salient words (∼32%) than non-distress salient words (∼16%). Most, though

not all, emotion-infused models learn to increase the proportion of non-distress words

and decrease the proportion of distress words (e.g., MultiAlt
V ent reduces distress words by

2% and increases non-distress words by 3.5%). We note that the Dreaddit dataset is

nearly balanced (non-distress is the minority class by a slim margin; see §3.1.2) and
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BERT Fine-TuneGEA
Fine-TuneGEE

Fine-TuneGES

distress 33.4% 31.9% 36.2% 33.8%
non-distress 15.1% 17.5% 15.5% 15.3%

Fine-TuneGEF SJ
MultiAlt

GEA
MultiAlt

GEE
MultiAlt

GES

distress 33.3% 33.1% 33.4% 31.9%
non-distress 17.3% 17.5% 16.5% 17.9%

MultiAlt
GEF SJ

MultiAlt
V ent MultiGES

MultiGEF SJ

distress 30.9% 31.5% 33.4% 32.0%
non-distress 17.6% 18.7% 17.4% 18.4%

Table 4.11: Rationale Prevalence by Relative Salience. A comparison of how
often several of our models rely on words identified as salient for distress or non-distress
to make their decisions, according to LIME. These numbers represent the percentage of
available relative salience words each model selected in the top 10 LIME explanations.
So that the table fits on a page, Dreaddit is Dr, and GoEmotions is GE.

that from manual examination, similar categories of words are identified as most salient

for distress and non-distress (Table 4.10).

We can hypothesize several things from these results. First, we observe high-intensity

active words among the negative sentiment words identified for distress (cry, hate)

as opposed to lower-intensity passive words for non-distress (thank, hope, nice). The

nature of our problem means that distress is a very concentrated category of text, while

non-distress is simply “everything else” and may have little cohesive identity. It is

possible that salient words for distress are simply more distinctive or unified in some

way that reflects in our models’ embedding space. Second, because we have seen our

emotion-infused models rely on other classes of words (Table 4.9), it is possible that

our emotion-infused models begin to rely on features other than collections of common

words to identify distress. Perhaps they broaden their space to include similar words

that may not individually be as common, or perhaps they look at combinations of

words together. Further research is needed to test hypotheses such as these.
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4.5 Discussion and Conclusions

In this work, we have examined how multitask learning can influence the way

models make their predictions and allow these predictions to be more intrepretable and

understandable. We believe that it is key to select the tasks in this paradigm intelligently,

perhaps according to domain knowledge; for example, guided by psychological literature

suggesting that that the experiences of distress and emotions correlate (Lazarus, 2006;

Thoern et al., 2016; Levenson, 2019), here we select emotion detection as a task to help

inform our distress detection.

Empirical results show that emotion and distress labels correlate reliably, although

they are not entirely predictive of one another (Table 4.7, Table 4.8), matching with

our intuition and prior psychological research. Models can therefore rely on similar

types of information or cues to predict both tasks effectively, and we identify emotion

as a good candidate problem for our purposes. We note that a model that can perform

multiple tasks inherently gains a measure of human-understandability when the tasks

are related; we may be able to look at an experienced emotion as an explanation for

the distress prediction.

When we incorporate emotion classification into our distress prediction models,

we find observable changes in how these models make predictions about distress as

compared to single-task models, without sacrificing performance on the target task. In

this case, we see that multitask models trained to perform emotion classification use

intuitively emotional words at a higher rate as rationales for their distress predictions

(Table 4.9). These include not only natural matches like positive and negative affective

words, but also words that support less obvious connections, such as personal pronouns,

cognitive processes like certainty and rumination, words that echo helplessness or

community, and biological processes (Table 4.10, Table 4.11).
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We limit our models in this chapter to using one additional task, emotion classifica-

tion, to improve the interpretability of distress prediction, but intuitively many other

types of tasks may be related, such as event detection (to identify stressors), personality

or other demographic detection (since expressions and experiences of distress may vary

from person to person), or any of a number of natural language understanding tasks (to

give the model more grounding in what might be a distressing situation). As we have

noted in Chapter 2, biological signals including voice and facial expressions are also

known strong indicators of distress (including, e.g., voice pitch, voice intensity, blinking;

see Giannakakis et al. (2019); Slavich et al. (2019) for a more detailed treatment). We

will treat event detection throughout Part II, and leave these other tasks to future work.

We also note that this work was completed before the development of large language

models (LLMs) such as GPT-3 (Brown et al., 2020); while we utilize these models

for similar problems in Chapter 8, future work might revisit this problem with these

improved model capabilities.

As in Chapter 3, the data we use in this work limits the demographics of people our

models may accurately represent. Additionally, while GoEmotions is drawn from the

same website as Dreaddit, Vent is a primarily Australian social media platform which

may skew more heavily towards the LGBT+ community than Reddit,11 meaning that

the emotional experiences of users in this dataset may not match those found in our

Dreaddit dataset. Additionally, psychology research suggests that emotional expression

and identification interact with various demographic categories such as gender and

ethnicity, including, e.g., evidence for varying amounts of expressivity by race, gender,

and age, as well as interactions between culture and the frequency of certain emotions

(Chaplin, 2015; Mesquita et al., 2016; Fan et al., 2021). This means that our conclusions

about the interactions of distress and emotion, too, may be limited by the demographics
11https://www.huffpost.com/archive/au/entry/vent-the-australian-social-media-app-

giving-millennials-a-safe_n_9676384
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of our data.

Our contributions in this work include (1) a methodology for incorporating domain-

specific knowledge into classifiers for a related task, namely, using multi-task learning

to train the classifier to perform both tasks; (2) three specific approaches to executing

this methodology to create emotion-infused models: the MultiAlt, Multi, and Fine-Tune

models; and (3) a framework for analyzing and interpreting these models to show how

multitask learning changes their decision-making process by identifying psychologically

relevant categories of words using LIWC (such as affective words as well as cognition,

drives, or biology) and showing that the multitask models rely more often on these

types of words to make decisions about distress prediction than the single-task models.
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Chapter 5

Discussion for Detecting Emotional Reactions

In this section of the thesis, we have presented work that collects a new dataset

for the task of psychological distress detection across a variety of stressful situations

(Chapter 3) and develops emotion-infused models on that data, using the related task

of emotion detection to create more interpretable model behavior (Chapter 4). We

have developed models that detect a certain kind of emotional state and can support

their predictions with more basic emotional states and psychological processes (e.g., the

presence of sentiment-bearing words or words conveying certainty); this is a single proof

of concept that can be expanded to other emotional states by drawing on the proper

psychology research for those emotional states. Looking back at our goals, we can say

that duplicating such a model paradigm for various emotional states of interest would

create a robust and explainable system for answering the question, “What am I feeling?”

As we move forward into the second part of the thesis, we will focus on explaining not

the predictions of the model, but the emotional reaction itself as we detect and explain

the causes of emotional reactions. Before we move on, however, we will briefly close this

part of the thesis with a discussion of our progress as well as future work that might

help us attain our goals.

Two key themes in this section of the thesis include explainability and multitask

learning. First, understanding the predictions of so-called “black-box models” (those

whose parameters are not readily interpretable to humans, usually deep neural networks)
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is difficult and can be approached from many different angles (see a recent survey on the

subject, Dwivedi et al. (2023)). As the usage of AI becomes more widespread, including

for sensitive and important tasks, we believe that it is vital to understand how our

models are making their predictions so that we can identify when they may be mistaken.

While the capabilities of modern language models are impressive, this does not mean

that all of their outputs must be true or logical. Just as a patient might explain their

rationale for a suggested diagnosis while still seeking the advice of a doctor (“My foot

hurts when I put pressure on it, so I think I may have strained a muscle when I fell; do

you agree?”), we envision AI models that can work in tandem with experts by making

helpful predictions but also explaining their logic. Here, we make a first attempt at

such models by training them to be abler to perform multiple relevant tasks at once.

Meanwhile, multitask learning has demonstrated great promise in helping develop

capable, adaptable models for many applications (e.g., Sanh et al. (2021); Wei et al.

(2021); Wang et al. (2022)). We believe that training a model on a variety of different

tasks can help it make connections and express its stored knowledge in different ways

(which we will continue to discuss in Part II). Since the work in this part of the thesis

was completed, a proliferation of massively multitask datasets and models has arisen,

leading to improved robustness, especially for smaller models such as those above.1

In our work, we demonstrate ways in which multitask learning can be built into a

model and increase explainability, helping models support their predictions in ways

understandable by humans.

In summary, our current work has demonstrated a bespoke model that detects

one type of emotional reaction using support from multitask learning. We can now
1We note a separate phenomenon, data contamination, which affects large language models and their

massive training datasets. This occurs when the training text data includes the content of datasets
later used for evaluation, and can contribute to LLMs’ perceived few- or zero-shot performance (Li
and Flanigan, 2023); see also https://hitz-zentroa.github.io/lm-contamination/blog/. This
seems more of a concern for models such as the GPT family which are trained primarily on language
modeling objectives, but research is ongoing.
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envision several core directions for future work in this area. We hope that future work

can explore drawing on knowledge from other fields to support the prediction of other

emotional reactions, investigate how model capabilities for this task have changed with

the advent of LLMs, and understand how emotional reactions may depend on differing

demographic information and ensure that people from a much wider range of groups

are accurately represented in emotional training data.

5.0.1 Contributions

The contributions covered in this part of the thesis are as follows:

A dataset and emotion-infused models for the problem of psychological

distress detection. We present a dataset, Dreaddit, for the new problem of psycho-

logical distress detection, along with multi-pronged analysis of its content (Chapter 3).

We show that Dreaddit contains expressions of distress as well as counterexamples from

varying domains and note some features which may be correlated with distress, including

emotional wording, sentence complexity, and first-person pronouns (a trend which is

supported by psychology literature). We benchmark contemporaneous state-of-the-art

models against this dataset and proceed to develop three types of emotion-infused

models that draw on psychology research linking distress and particular common

emotions to yield more understandable results (Chapter 4). Our Multi, MultiAlt, and

Fine-Tune models use visibly different keywords to make their predictions about distress

as compared to a single-task baseline, focusing more on words representing emotional,

cognitive, and social processes.

An approach to the problem of psychological distress detection that is

inspired by psychological theory. We first define psychological distress by drawing

on established psychological theory (Selye, 1976b) (Chapter 3). We observe trends in our

data that we can corroborate with published psychology research, such as the idea that
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people experiencing distress tend to focus on the self and use more first-person singular

pronouns (Zimmermann et al., 2013; Lyons et al., 2018). Then, when developing our

emotion-infused models, we draw on work that suggests that distress is correlated with

negative emotions (Lazarus, 2006; Thoern et al., 2016; Levenson, 2019) to develop our

multitask models. Finally, when analyzing the results of our emotion-infused models,

we note that we can support their behavior with published work, such as relating words

about “certainty” to distress (Nolen-Hoeksema et al., 2008; Miranda and Mennin, 2007).

In summary, we leverage research from this field in both our model creation and our

analysis of results, and we find that we can create more explainable models as well as

produce empirical support for various psychological theories.

5.0.2 Limitations and Future Work

We acknowledge that the work we present in this thesis is limited in various ways

stemming from all aspects of its implementation. First, and perhaps most importantly,

our models are trained on a limited amount of data from a specific source and cannot

necessarily accurately represent emotional experiences outside of that training data. As

we have previously noted, our Dreaddit dataset is composed of English-language data

from the social media website Reddit, where the userbase leans heavily towards educated

white non-Hispanic males in the United States.2 This means that individuals of other

demographics are not likely to be well-represented in our work. Additionally, while

personal narrative is an intuitive way to represent emotional experiences, this means

that our models may have trouble generalizing to different genres, such as microblogs

(which have far less context). We hope that, in the future, data of various genres

accurately representing the emotional reactions of a wide range of people can continue

to be gathered and made available for training models like ours.
2https://www.alphr.com/demographics-reddit/
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Second, we note that the work in this part of the thesis was done before the advent

of large language models (LLMs), and therefore our model performance is limited by

the types of models we chose at the time. Modern LLMs have shown exceptional

performance across a wide range of tasks (Liang et al., 2023), and it is possible that they

may be able to demonstrate enhanced performance and explainability for ours. One of

the benefits of smaller models like ours over LLMs is that we can build expert knowledge

explicitly into the design of the model; however, LLMs do possess knowledge of a wide

range of fields through their massive training data and are capable of generating fluent

justifications for their predictions. We will investigate using LLMs to perform more

complicated emotional tasks in Chapter 8, although not to tackle the same problems as

in the first part of this thesis.

Third, the work we have presented in this section of the thesis focuses on one

particular type of emotional reaction, psychological distress. There are, naturally, many

other types of emotional reactions, and many of them can be supported by their own

theories from psychology and other fields (for example, in the field of psychotherapy,

anger is often framed as a secondary emotion, meaning that it follows some other more

vulnerable emotion like fear or sadness to protect the experiencer, e.g., Pascual-Leone

et al. (2013)3). Building a bespoke model to detect and explain each different emotional

state we wish to study can help us test various theories of emotion empirically, but

there is also room to build modern models that can detect a wide range of emotions

and explain themselves with different expert knowledge.

3The theory presented describes primary and secondary emotions, but it does not uniquely assign
each emotion to one category. Anger is used as an example here because it is frequently described as a
secondary emotion in the field, but it may also be understood as a primary emotion in some contexts.
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Part II

Understanding Emotions and Their

Causes
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Introduction to Understanding Emotions and Events

While detecting emotional reactions by themselves is an important problem, the

overall goal of improving our mental health relies on understanding the reasoning for our

emotions and then deciding what changes to make. We focus our efforts in this second

part of this thesis on understanding a key component of emotional reactions: the stimuli

that cause them. Stimuli can take many forms, including entities (for example, a spider

causing fear), various types of events (a birthday party causing joy), and many more

complicated situations (perhaps stress is due to a combination of overlapping factors all

at once more than any single factor alone, such as financial strain plus physical injury

and interpersonal conflict). For simplicity, in this thesis, we will primarily consider

situations in which we can identify a singular stimulus, although our work in Chapter 8

will touch on more complex situations as well.

Our goal in this work is to contribute to a more detailed understanding of emotional

reactions beyond simple identification. One method for reaching this more detailed

understanding is to impose a structure on the emotional reaction—in prior work, this

is often done by imposing relations between the emotion and other entities in the

document and identifying those entities. Certain roles can be associated with a given

emotional reaction, such as the cause or experiencer, and can be extracted from a

document in various ways, such as span tagging. For example, in the sentence “Alice

was frustrated with the long line at the bakery”, we can identify the emotional state

frustrated and say that Alice is its experiencer and the long line at the bakery is its cause;
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presenting these pieces of information together gives us a more thorough and actionable

understanding of the situation than does the emotional state by itself. The cause of an

emotion can be viewed in this framework, where the stimulus of an emotion is some

thing in the text (whether a noun phrase entity, some type of verb event, or an arbitrary

span of text); in Chapter 7, we will take a span-tagging approach to identifying the

cause of an emotion.

Another approach to understanding emotional reactions is to take a less structured

view of the input document and aim to generate a free-text explanation of the emotional

state described. Whereas a structured description of an event may be useful to

another machine application that can expect input in a particular format, a free-text

explanation may be more useful to a human—for example, a therapist responsible for

multiple patients who may need a refresher when each patient returns. We can imagine

interpretative summaries of an input document that explain what emotional reaction is

being felt, why it has happened, how the experiencer is dealing with their emotions,

and much more. While this type of long-form generation problem has historically been

challenging for small models, the advent of LLMs and their remarkable generation

capabilities has recently opened up new doors in this area. In Chapter 8, we will

explore the capabilities of LLMs and smaller distilled models to generate this type of

explanation.

As in Part I, we will ground our work in this part in multitask learning as a

way to improve the explainability and performance of our models. In Chapter 7, the

connectedness of our target tasks motivates our decision to perform them jointly or

in sequence, using one task’s predictions as input information for the other; in this

setting, we find that multitask learning improves model performance. Meanwhile, in

Chapter 8, we draw on current literature and fine-tune a distilled generative model with

multiple relevant auxiliary tasks, examining their effects on the emotional explanations
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it generates while mimicking an LLM. Our work in this part of the thesis draws on a

broader selection of auxiliary tasks than that in Part I and examines the potential for

multiple auxiliary tasks to influence a model at once.

This part of the thesis will begin with an overview of related work in Chapter 6, in-

cluding a discussion of NLP research about emotion cause detection (and other semantic

roles related to emotion causes) and about emotional explanation generation.4 In Chap-

ter 7, we will present three varieties of joint models that perform the emotion detection

and emotion cause tagging tasks in tandem by relying on commonsense reasoning as

well as different multitask paradigms (Turcan et al., 2021a). Then, in Chapter 8, we

will present our work on generating emotion-focused explanations using distilled models,

where we define a new, more complex problem for understanding emotional reactions

and experiment with multitask learning to improve models’ capability to perform it (we

intend to publish this work in the future). Finally, we will conclude with a discussion

in Chapter 9.

The contributions covered in this part of the thesis are as follows:

• Multitask and commonsense-infused models for joint emotion detection and emo-

tion cause extraction in news headlines, showing performance gains (Chapter 7);

• A dataset for the new problem of emotion-focused explanation, and a character-

ization of the abilities of distilled generation models (based on large language

models) for this problem (Chapter 8); and

• An approach to these problems that focuses on incorporating external knowledge

using multitask learning (Chapter 7, Chapter 8) and commonsense reasoning

(Chapter 7) to enhance performance.

4We refer the reader to our first section of related work, Chapter 2, for our broad coverage of
psychology research on emotion as well as multitask learning in NLP, since these features are common
to both parts of the thesis.
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Chapter 6

Related Work for Understanding Emotion and Events

6.1 Emotion-Cause Detection

As we noted in Chapter 2, most modern psychology research accepts that emotions

usually have a stimulus that incites them (along with some other key features such as

behaviors that accompany them), regardless of the definition of emotion used (emo,

2023; Lazarus and Folkman, 1984; Scherer, 2005).1 As it is, of course, impossible to

directly measure what emotion someone is feeling in response to any kind of stimulus,

psychology researchers must match specific stimuli to specific emotions (usually words,

pictures, or videos when in a laboratory setting) ultimately through self-report and

common sense (Pascual-Leone et al., 2015).2

In NLP, much work has looked at identifying the causes of emotions in text,

sometimes along with other salient role information such as the experiencer of the

emotion or its target. This work contributes to a more structured understanding of

emotions as compared to simply detecting their presence or ranking their intensity by

taking into account emotions’ inherent relationships to other entities in the world of

their experiencers.
1Although, of course, research is hardly unanimous on the causal nature of the stimulus; see for

example Schachter and Singer (1962).
2Certain measurable biological processes may of course be linked to certain emotions, such as

elevated heart rate and fear, but these are not ironclad (e.g., elevated heart rate may also plausibly be
linked to anger or excitement) and therefore also ultimately rely on self-report and common sense.
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Past and current work has examined many types of semantic roles associated with

emotions (e.g., Oberländer et al. (2020)), such as the experiencer (the person who feels

the emotion), target (the thing the emotion is detected towards, if one exists–e.g., one

can be angry at someone else), cause (the thing that elicits the emotion), and so on.3

The cause of an emotion is usually defined in agreement with the colloquial usage of

the word, such that it is equivalent to the emotion stimulus from psychology research–it

is the person or event that elicits an emotional reaction. Therefore, since the emotion

cause has a clear antecedent in psychology literature and is a core component of defining

an emotion, we choose to focus on this particular semantic role in our research. The

emotion cause extraction problem has largely been treated in Chinese and English, with

some work in additional languages such as Italian (Russo et al., 2011).

A large body of work has examined this problem as a clause-wise classification

task based on a Chinese dataset published by Gui et al. (2016). In this task, a single

sentence which contains some emotional reaction and its cause is broken up into multiple

clauses, and the goal is usually to identify which clause contains the expression of an

emotion and which contains its cause (there may be multiple emotion-cause pairs in

one sentence, although this is not common in the data). A wide variety of models and

methods have been applied to this dataset (Fan et al., 2020; Chen et al., 2018; Xia

et al., 2019; Xia and Ding, 2019; Wei et al., 2020; Ding et al., 2020; Yuan et al., 2020)

as well as other similar clause-level datasets (e.g., Chen et al. (2010)). The original

authors took a span-extraction approach to the problem, noting that some of their

causes were expressed as verb phrases and others as noun phrases. In this setting,

each individual word in the input is classified with a tag, often in a scheme like IOB

(Ramshaw and Marcus, 1995), and a span of contiguous tags4 identifies the part of the
3Note that a semantic role in linguistics is typically defined as a relationship between a noun

phrase and a governing verb; these emotional semantic roles can be seen as akin to arguments in event
extraction, if the reader prefers.

4In the IOB scheme, a B tag (“beginning”) followed by any number of I tags (“inside”) forms a
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sentence expressing the cause. However, the clause-level task is much more tractable

and has remained more popular.

Work dealing with English data in this area popularly annotates a handful of semantic

roles, not just cause, and often deals with small datasets annotated by multiple human

annotators. While some early work treated emotion cause detection as a classification

problem (e.g., Mohammad et al. (2014)), much later work instead frames this task as

a span extraction problem (Ghazi et al., 2015; Kim and Klinger, 2018; Poria et al.,

2020; Bostan et al., 2020; Oberländer et al., 2020). Oberländer and Klinger (2020)

additionally published work (contemporary to ours in Chapter 7) in which they compare

the span-level and clause-level settings and argue that the span-level formulation is

more appropriate for capturing emotion causes in English. Most existing work publishes

small, human-annotated datasets for this problem from domains like novels and news

headlines, and as a result, a significant challenge in this area is adjudicating various

human-annotated spans into one correct gold cause. We would argue that there is

frequently no single correct gold cause for a given emotion in text, making this a

challenging problem for traditional supervised machine learning models and evaluation

metrics.

6.1.1 Related Problems

As noted in §2.2.2, emotion analysis in NLP is closely linked to sentiment analysis;

the most important difference is that sentiment is typically treated as a binary or a

categorical or continuous scale from “negative” to “positive” while emotions have a

broader, multidimensional label space. Just as emotions have a stimulus or cause,

sentiment is often framed as an attitude towards something or some aspect of something–

for example, a sentiment can be held towards a mobile phone, or more specifically

span separated from the rest of the sentence, tagged with O (“outside”)
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towards aspects of a phone such as its battery life, screen resolution, and so on. This

problem is called aspect-based sentiment analysis (e.g., Pontiki et al. (2014); Sun et al.

(2019); Xu et al. (2020a,b) and while it is distinct from emotion-cause detection, we

wish to acknowledge that there are similarities between the two.

The target or aspect of a sentiment may be seen as analogous to the target of an

emotion, which can arguably be the same as its cause. For example, Alice may be angry

at Bob (making Bob the target of the emotion angry) because of the cause “Bob ate

her last red velvet cupcake”, but perhaps Alice may also be angry at “the shortage of

replacement red velvet cupcakes at the store”, which is both the cause and the target.

In the first case, sentiment target is not the same as emotion cause, while in the second,

they are equivalent (if we assume that anger necessarily implies a negative sentiment).

With regards to aspect-based sentiment, one might see the aspect in question as a cause

for the sentiment; for example, if I say, “the battery life of my new phone is abysmal

and I wish I hadn’t bought it,” my sentiment towards the battery life (aspect) of the

phone (target) is negative, and the cause for my negative sentiment towards the phone

is the battery life. However, overall, these are two separate fields with distinct bodies

of work and treatment in the literature, and in this thesis we will focus on emotion

cause rather than any form of sentiment analysis. We refer readers to recent surveys of

sentiment analysis for a discussion of these and similar problems (Poria et al., 2023).

Affective Events. Another related NLP task is affective events (Ding and Riloff,

2016), which are events with some emotional effect on their experiencer–that is, this is

a way of looking at the stimulus of an emotion specifically as an event. The focus is on

identifying the emotion associated with an event (a classification problem), rather than

identifying the event that has caused an emotion as in much of the literature on emotion

cause detection. Some of this work has focused on applying psychological theory to

gain a deeper understanding of the events (Ding and Riloff, 2018), and various other
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work has applied a variety of techniques to improve the affect classification, including

data augmentation via modern LLMs (Saito et al., 2019; Zhuang et al., 2020; Zhuang

and Riloff, 2023).

6.2 Emotional Summaries and Explanations

Existing work has also begun to branch out from a low-level syntactic formulation

of emotion causes into more high-level generative framing. Rather than an extraction

problem which yields a span of text or a label, we can treat emotion cause detection

as a generation or especially summarization problem that creates a natural language

explanation of the cause, creating room to integrate additional aspects like multiple

documents or external world knowledge to explain nuances of the cause. Just as

with syntactic emotion cause extraction, terminology in this field is disparate and

evolving; when we present our work in this area in Chapter 8, we will call our output an

explanation of the emotion, though some similar work may discuss emotional summaries

or emotion triggers.

We note at this point that while we do generally strive to create models that are

understandable and explainable, this particular work aims to generate explanations

of a different kind. In our work on this subject, we focus on explaining the content

of our inputs, rather than how the models make their predictions. We can consider

there to be some work that bridges the gap between these two fields, in that it trains

models to explain their predictions by explaining why they are true (e.g., the well-known

chain-of-thought or step-by-step prompting (Wei et al., 2022)). However, overall, this

field is distinct from generating explanations of emotion causes, and we refer the reader

to a survey on the topic of explainable models for more information (Lai et al., 2021).

Because this area is new and growing, there is little related work at the time of
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writing. The most similar work to ours in this field is that of Zhan et al. (2022), who

generate abstractive summaries of emotion triggers on Reddit about the COVID-19

pandemic, jointly with identifying the emotion expressed. Sosea et al. (2023) further

extend this work by integrating emotion detection directly into extractive summarization

for the same dataset. We will discuss work in a similar setting in Chapter 8, where

we use a broader range of triggering events, an additional event extraction task, and

different definitions of the text to be generated.

We also note several related but distinct problems studied in this area. Some

work focuses on emotional summaries as a summarization problem first, integrating

an emotional focus (e.g., Zhou et al. (2023)). Adjacent fields such as aspect-based

sentiment analysis have also begun to incorporate summarization (e.g., Musto et al.

(2019)); again, the goals and frameworks of these fields are distinct from our own,

though their methodologies may be relevant in interesting ways. Finally, this type of

emotion-focused summarization is also studied in non-text or multimodal settings (e.g.,

Tu et al. (2020)).
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Chapter 7

Emotion-Cause Pair Extraction

Having examined several emotion and emotion-adjacent classification problems in

text (Part I), we begin our more detailed exploration of their causes by considering

the extraction of causes that are mentioned directly in the text. Emotion is commonly

defined in psychology research as a reaction to an experience (emo, 2023); something

is typically understood to have caused or elicited an emotional reaction. If the cause

of an emotional reaction is explicitly given in the text, we can frame the question

of “What has caused this emotional reaction?” as an information extraction problem

and apply NLP techniques. We will begin with relatively concrete causes that can be

expressed as a short span of text, usually describing an event; while not all emotional

reactions necessarily have such a cause (for example, perhaps the experience causing

an emotion is an ongoing situation or is not understood by the experiencer), many

interesting and important reactions do, such as those reported in news headlines or

given in microblogs.1

Prior work in NLP has treated the emotion-cause detection problem as a classification

task with the goal of selecting which clause of a sentence expresses the emotion and

which expresses the cause (see Chapter 6 for a detailed discussion). Bolstered by

contemporary work (Bostan et al., 2020; Oberländer and Klinger, 2020), we argue

that a more flexible approach is needed to capture causes; for example, in English,
1We will turn to causes that do not need to be stated in such a short, explicit manner in Chapter 8.
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an emotion cause can be expressed syntactically as a clause (as troops open fire on

protestors), noun phrase (1,000 non-perishable food donations), or verb phrase (jumped

into an ice-cold river). Therefore, we approach emotion-cause detection in this work

as a span-tagging problem, which has the flexibility to capture any span of words as a

cause. We also believe that understanding the cause and understanding the emotional

reaction are mutually beneficial aims, and therefore we handle both emotion recognition

and emotion cause tagging jointly as our objectives in this work.

In order to tackle this problem, we propose several ways in which to approach these

two tasks. First, these two tasks should not be independent; because the cause is

the trigger for the emotion, knowledge about what the cause is should narrow down

what emotion may be expressed, and vice versa. Therefore, we present a multi-task

learning framework to model them jointly. Second, considering that common-sense

knowledge plays an important role in understanding implicitly expressed emotions and

the reasons for those emotions (see, for example, similar work in emotion detection

(Ghosal et al., 2020)), we additionally propose that a grounding in natural language

understanding should be beneficial to semantic tasks such as these, and we explore

the use of common-sense knowledge via adapted knowledge models (COMET, Bosselut

et al. (2019)) for both tasks. A key feature of our approach is to combine these adapted

knowledge models (i.e., COMET), which are specifically trained to use and express

common-sense knowledge, with pre-trained language models such as BERT (Devlin

et al., 2019).

In this chapter, we will begin by describing the dataset we use for this work

(Section 7.1) and proceed to present each of our three types of emotion-cause detection

models (Section 7.2): single-task (§7.2.1), multitask (§7.2.2), and adapted knowledge

models (§7.2.3). We will present our results (Section 7.3), give an analysis of our model

outputs (Section 7.4), and finally conclude with a discussion (Section 7.5).
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Our contributions in this work (based on work published in Turcan et al. (2021b))

are as follows: (1) an under-studied formulation of the emotion-cause detection problem

as a sequence tagging problem; (2) a set of three types of models that perform the

emotion classification and emotion cause tagging tasks jointly while using commonsense

knowledge with improved performance; and (3) analysis to gain insight into both model

performance and the contents of the dataset we use.

7.1 Data

Figure 7.1: Semantic Roles in GoodNewsEveryone. An example of the semantic
roles annotated by Bostan et al. (2020)

For our experiments, we use the GoodNewsEveryone corpus (Bostan et al., 2020),

which contains 5,000 news headlines labeled with emotions and semantic roles such as

the target, experiencer, and cause of the emotion, as shown in Figure 7.1.2 We focus on

the emotion detection and cause tagging tasks in this work. At the time of this work,

GoodNewsEveryone was the largest English dataset labeled for both of these tasks.

In our experiments, we limit ourselves to the data points for which a cause span was

annotated (4,798). We also note that this dataset uses a 15-way emotion classification

scheme, an extended set including the eight basic Plutchik emotions as well as additional

emotions like shame and optimism. While a more fine-grained label set is useful for
2As formulated in this dataset, the emotions detected are not those of any author or reader, but of

actors mentioned in the text.
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Figure 7.2: GoodNewsEveryone Label Distribution. Distribution of adjudicated
emotion labels in the GoodNewsEveryone train data, as a percentage of the data points.
“Positive” and “Negative” are abbreviated as + and -.

capturing subtle nuances of emotion, many external resources focus on a smaller set

of emotions. We also note that the label distribution of this dataset heavily favors

the more basic emotions, as shown in Figure 7.2. Therefore, for our work, we choose

to limit ourselves to the six Ekman emotions (anger, fear, disgust, joy, surprise, and

sadness). We also choose to keep positive surprise and negative surprise separated, to

avoid severely unbalancing the label distribution for our experiments. We randomly

split the remaining data (2,503 data points) into 80% train, 10% development, and 10%

test.

7.2 Modeling

An important feature showcased by the GoodNewsEveryone dataset is that causes

of emotions can be expressed through different syntactic constituents such as clauses,

verb phrases, or noun-phrases. Thus, we approach the cause detection problem as
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a sequence tagging problem using the IOB scheme (Ramshaw and Marcus, 1995):

C = {I-cause, O, B-cause}. Our approach is supported by results from Oberländer and

Klinger (2020) and Yuan et al. (2020), whose work was published contemporaneously

with ours (Turcan et al., 2021b); this work shows that modeling emotion cause detection

as a sequence tagging problem is better suited than a clause classification problem

We tackle the emotion detection task as a seven-way classification task with E =

{anger, disgust, fear, joy, sadness, negative surprise, positive surprise}.

7.2.1 Single-Task Models

As a baseline, we train single-task models for each of emotion classification and cause

span tagging. We use a pre-trained BERT language model (Devlin et al., 2019),3 which

we fine-tune on our data, as the basis of this model. Our preprocessing strategy for all

of our models consists of the pretrained BERT vocabulary and WordPiece tokenizer

(Wu et al., 2016)4 from Huggingface (Wolf et al., 2019). Therefore, for a sequence

of n WordPiece tokens, our input to the BERT model is a sequence of n+2 tokens,

X = [[CLS], x1, x2, ...xn, [SEP]], where each xi is from a finite WordPiece vocabulary

and [CLS] and [SEP] are BERT’s begin and end tokens. Passing X through BERT yields

a sequence of vector hidden states H = [h[CLS], h1, h2, ..., hn, h[SEP ]] with dimension

dBERT = 768. For emotion classification, we pool these hidden states and allow

hyperparameter tuning to select the best type: selecting the [CLS] token (hf = h[CLS]),

mean pooling (hf =
∑n

i=1 hi

n
), max pooling (hf,j = max hi,j), or attention as formulated

by Bahdanau et al. (2015):
3We use BERT-base-uncased. We experimented with BERT-base-cased, but it underperformed

as the headlines incorporated into GoodNewsEveryone come from different news sources and have
different capitalization styles.

4In the tagging setting, we ignore all tags predicted for subword tokens and use only the tag of the
first subword.
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hf =
n∑

i=1
αihi (7.1)

where αi = exp (Wahi+ba)∑n

j=1 exp (Wahj+ba) for trainable weights Wa ∈ R1×dBERT and ba ∈ R1.

Then, the final distribution of emotion scores is calculated by a single dense layer and a

softmax:

e = softmax (Wehf + be) (7.2)

with e ∈ R|E| and for trainable parameters We ∈ R|E|×dBERT and be ∈ R|E|. For cause

tagging, a tag probability distribution is calculated directly on each hidden state:

ci = softmax(Wchi + bc) (7.3)

with ci ∈ R|C| and for trainable parameters Wc ∈ R|C|×dBERT and bc ∈ R|C|. We refer

to both of these single-task models as BERT; if the task is not clear from the context,

we will refer to the emotion detection model as BERTE and the cause tagging model as

BERTC . Our training loss for emotion classification as well as emotion cause tagging is

the mean negative log-likelihood (NLL) loss per minibatch of size b:

NLLemo = −1
b

∑
j

∑
k

yjk log ejk (7.4)

NLLcause = −1
b

∑
i

∑
j

∑
k

yijk log cijk (7.5)

where j is the index of the sentence in the minibatch, k is the index of the label

being considered (emotion labels for NLLemo and IOB tags for NLLcause), i is the index

of the ith token in the jth sentence in the minibatch, yjk ∈ {0, 1} is the gold probability

of the kth emotion label for the jth sentence, yijk ∈ {0, 1} is the gold probability of
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the kth cause tag for the ith token in the jth sentence, and ejk and cijk are the output

probabilities of the kth emotion label and of the kth cause label for the ith token, both

for the jth sentence.

7.2.2 Multi-Task Models

Our hypothesis is that the emotion detection and cause tagging tasks are closely

related and can inform each other; therefore, we propose three multi-task learning models

to test this hypothesis. For all multi-task models, we use the same base architecture

(BERT) as the single models. Additionally, for these models, we combine the losses

of both tasks and weight them with a tunable lambda parameter: λNLLemo + (1 −

λ)NLLcause, using NLLemo and NLLcause from Equation 7.4 and Equation 7.5.

Multi. The first model, Multi, is the classical multi-task learning framework with

hard parameter sharing, where both tasks share the same BERT layers. Two dense

layers for emotion classification and cause tagging operate at the same time from the

same BERT layers, and we train both of the tasks simultaneously. That is, we calculate

our emotion scores e and cause tag scores c from the same set of hidden states H.

(a) The MultiC�E model. (b) The MultiE�C model.

Figure 7.3: Multi-Task Models. Our multi-task models for concurrent emotion
detection and emotion cause tagging.

We further develop two additional multi-task models with the intuition that we can
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design more explicit and concrete task dependencies than simple parameter sharing in

the representation layer.

MultiC�E. We assume that if a certain text span is given as the cause of an emotion,

it should be possible to classify that emotion correctly while looking only at the words of

the cause span. Therefore, we propose the MultiC�E model, the architecture of which is

illustrated in Figure 7.3a. This model begins with the single-task cause detection model,

BERTC , which produces a probability distribution P (yi|xi) over IOB tags for each

token xi, where P (yi|xi) = ci from Equation 7.3. Then, for each token, we calculate

the probability that it is part of the cause as P (Cause|xi) = P (B|xi) + P (I|xi) =

1 − P (O|xi). We feed the resulting probabilities through a softmax over the sequence

and use them as an attention distribution over the input tokens in order to pool

the hidden representations and perform emotion classification: attention is computed

as in Equation 7.1, where αi = exp P (Cause|xi)∑n

j=1 exp P (Cause|xi)
, and emotion classification as in

Equation 7.2. For the MultiC�E model, we apply teacher forcing at training time,

and the gold cause spans are used to create the attention weights before emotion

classification (which means that P (Cause|xi) ∈ {0, 1}). At inference time, the model

uses the predicted cause span instead.

MultiE�C. Next, we hypothesize that knowledge of the predicted emotion should

help us identify salient cause words. The MultiE�C model first performs emotion classifi-

cation, which results in a probability distribution over predicted emotion labels, as in the

BERTE model and Equation 7.2. We additionally keep an emotion embedding matrix E,

where E[i] is a learnable representation of the i-th emotion label (see Figure 7.3b) with

dimension de (in our experiments, we set de = 300). We use the predicted label probabil-

ities e to calculate a weighted sum of the emotion embeddings, i.e., M = ∑
i ei ·E[i]. We

then concatenate M to the hidden representation of each token and perform emotion

cause tagging with a final dense layer, i.e., ci = softmax(Wc′ [hi; M ] + bc′), where ;
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is the concatenation operator and Wc′ ∈ R|C|×(dBERT +de) and bc′ ∈ R|C| are trainable

parameters. In the MultiE�C model, we again do teacher forcing and use the gold

emotion labels before doing the sequence tagging for cause detection (i.e., e is a one-hot

vector where the gold emotion label has probability 1 and all other emotion labels have

probability 0). At inference time, the model will use the predicted emotion distribution

instead.

7.2.3 Adapted Knowledge Models

Figure 7.4: Adapted Knowledge Model Architecture. The architecture of our
proposed MultiCOMET

C�E model.

Contemporary work has shown that fine-tuning pre-trained language models such as

GPT-2 on knowledge graph tuples such as ConceptNet (Li et al., 2016) or ATOMIC (Sap

et al., 2018) allows these models to express their implicit knowledge directly (Bosselut

et al., 2019). These adapted knowledge models (e.g., COMET (Bosselut et al., 2019))

can produce common-sense knowledge on-demand for any entity, relation or event.

Considering that common-sense knowledge plays an important role in understanding
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implicitly expressed emotions and the reasons for those emotions, we explore the use

of common-sense knowledge for our tasks, in particular the use of COMET adaptively

pre-trained on the ATOMIC event-centric knowledge base. ATOMIC’s event relations

include “xReact” and “oReact”, which describe the feelings of certain entities after

the input event occurs. For example, ATOMIC’s authors present the example of

<PersonX pays PersonY a compliment, xReact, PersonX will feel good>. xReact

refers to the feelings of the primary entity in the event, and oReact refers to the

feelings of others (in this instance, oReact yields “PersonY will feel flattered”). For

example, using the headline “Sudan protests: Outrage as troops open fire on protestors”,

COMET-ATOMIC outputs that PersonX feels justified, PersonX feels angry, Others

feel angry, and so on (Figure 7.4). To use this knowledge model in our task, we modify

our approach by reframing our single-sequence classification task as a sequence-pair

classification task (for which BERT can be used directly). We feed our input headlines

into COMET-ATOMIC (using the model weights released by the authors), collect the

top two outputs for xReact and oReact using beam search decoding, and then feed them

into BERT alongside the input headlines, as a second sequence using the SEP token.

That is, our input to BERT is now X = [[CLS], x1, x2, ..., xn, [SEP], z1, z2, ..., zm, [SEP]],

where zi are the m WordPiece tokens of our COMET output and are preprocessed in

the same way as xi. We hypothesize that, since pre-trained BERT is trained with a

next sentence prediction objective, expressing the COMET outputs as a grammatical

sentence will help BERT make better use of them, so we formulate this second sequence

as complete sentences (e.g., “This person feels... Others feel...”) (Figure 7.4).

This approach allows us to incorporate information from COMET into all our single-

and multi-task BERT-based models; the example shown in Figure 7.4 is our MultiC�E

model. We refer to the COMET variants of these models as: BERTCOMET (single-task

models) and MultiCOMET , MultiCOMET
C�E , MultiCOMET

E�C for the three multi-task models.
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7.2.4 Experimental Setup

Evaluation Metrics For emotion classification, we report macro-averaged F1 and

accuracy. For cause tagging, we report exact span-level F1 (which we refer to as span

F1 ), as developed for named entity recognition (e.g., Tjong Kim Sang and De Meulder

(2003)), where a span is marked as correct if and only if its type and span boundaries

match the gold exactly.5

Training and Hyperparameter Selection The classification layers are initialized

randomly from a uniform distribution over [−0.07, 0.07]6, and all the parameters are

trained on our dataset for up to 20 epochs, with early stopping based on the performance

on the validation data (macro F1 for emotion, span F1 for cause). All models are

trained with the Adam optimizer (Kingma and Ba, 2015). We highlight again that

for our MultiC�E and MultiE�C models, we use teacher forcing during training to

avoid cascading training error. Because the subset of the data we use is relatively

small, we follow best practices for dealing with neural models on small data and select

hyperparameters and models using the average performance of five models with different

fixed random seeds on the development set. We then base our models’ performance

on the average of the results from these five runs (e.g., reported emotion F1 is the

average of the emotion F1 scores for each of our five runs). For our joint models, since

our novel models revolve around using one task as input for the other, we separately

tune two sets of hyperparameters for each model, one based on each of the single-task

metrics, yielding, for example, one Multi model optimized for predicting emotion and

one optimized for predicting cause. The hyperparameters we tune are dropout in our
5Our cause tagging task has only one type, “cause”, as GoodNewsEveryone is aggregated such that

each data point has exactly one emotion-cause pair. We note that this problem formulation leaves
open the possibility of multiple emotion-cause pairs.

6The default initialization from the gluon package: https://mxnet.apache.org/versions/1.7.
0/api/python/docs/api/gluon/index.html
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linear layers, initial learning rate of the optimizer, COMET relation type, lambda weight

for our multi-task models, and the type of pooler for emotion classification (enumerated

in §7.2.1).

Parameter Name Type Range or Values
pooler Categorical [cls, mean, max, attention]
learning rate Continuous [10−6, 10−4]
dropout Continuous [0, 0.9]
lambda Continuous [0.1, 0.9]
comet_relations Categorical [xReact, oReact, both]

Table 7.1: Emotion Detection and Cause Extraction Hyperparameter Search
Ranges. Our hyperparameter search ranges for all models.

Model Target Task Parameter Name Parameter Value

BERTE Emotion
pooler cls
dropout 0.8999992513311351
lr 2.0872134970009262 × 10−5

BERTC Cause dropout 0.04011659404129298
lr 9.609926650689472 × 10−5

BERTCOMET
E Emotion

pooler cls
dropout 0.6467089448672897
lr 3.548213539029209 × 10−5

comet_relations both

BERTCOMET
C Cause

dropout 0.8806119007595122
lr 9.913585728926367 × 10−5

comet_relations xReact

Table 7.2: Single-Task Model Hyperparameters. The selected hyperparameter
values for our single-task models.

We include descriptions of our hyperparameter tuning setup and the selected

hyperparmeters for each of our models in Table 7.1; we note that single-task cause models

(BERTC and COMETC) do not tune the pooler, all single-task models do not tune the

lambda parameter, and all non-common-sense models do not tune comet_relations.

The parameters selected by all of our models can be seen in Table 7.2, Table 7.3, and

Table 7.4. All of our models are trained with minibatches of size b = 32.
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Model Target Task Parameter Name Parameter Value

Multi

Emotion

pooler mean
dropout 0.1438975482079587
lr 2.170218150294524 × 10−5

lambda 0.3736515054477897

Cause

pooler cls
dropout 0.8929935089177194
lr 9.929740332732521 × 10−5

lambda 0.6103686494768474

MultiE�C

Emotion

pooler max
dropout 0.2511612834815036
lr 3.179072019077849 × 10−5

lambda 0.4938386162506444

Cause

pooler max
dropout 0.763419047616446
lr 8.680439371509037 × 10−5

lambda 0.1341940851689314

MultiC�E

Emotion

pooler max
dropout 0.8138762283528274
lr 4.2586257586160994 × 10−5

lambda 0.8531247637209994

Cause

pooler mean
dropout 0.6992099059226856
lr 9.859155309987275 × 10−5

lambda 0.4855821360212248

Table 7.3: Multi-Task Hyperparameters. The selected hyperparameter values for
our multi-task BERT models.

We used Bayesian optimization as implemented by Amazon SageMaker7 to tune

these parameters, giving the learning rate a logarithmic scale and the dropout and

lambda a linear one and allowing 75 iterations of parameter choice before selecting the

setting with the best performance on the development set. Each individual instance of

each model consisted of five different restarts with five distinct random seeds.
7https://aws.amazon.com/sagemaker/
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Model Target Task Parameter Name Parameter Value

MultiCOMET

Emotion

pooler max
dropout 0.22350077887111716
lr 3.137385699389837 × 10−5

lambda 0.7676911585403968
comet_relations both

Cause

pooler mean
dropout 0.8891347000216091
lr 8.123006047625093 × 10−5

lambda 0.1
comet_relations both

MultiCOMET
E�C

Emotion

pooler mean
dropout 0.1372637910712323
lr 3.0408118480380588 × 10−5

lambda 0.8968243966922735
comet_relations both

Cause

pooler max
dropout 0.5319636087561394
lr 7.581334242472624 × 10−5

lambda 0.10896064677810494
comet_relations both

MultiCOMET
C�E

Emotion

pooler cls
dropout 0.7359624181177503
lr 1.9853909769532754 × 10−5

lambda 0.7947522633173147
comet_relations both

Cause

pooler max
dropout 0.01896406469706125
lr 8.360862387915605 × 10−5

lambda 0.14588492191321054
comet_relations oReact

Table 7.4: Multi-Task Adapted Knowledge Model Hyperparameters. The
selected hyperparameter values for our multi-task COMET models.
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7.3 Results

We present the results of our models in Table 7.5.8 We see that the overall best model

for each task is a multi-task adapted knowledge model, with MultiCOMET
C�E performing

best for emotion (which is a statistically significant improvement over BERT by the

paired t-test, p < 0.05) and MultiCOMET performing best for cause. These results seem

to support our two hypotheses: 1) emotion recognition and emotion cause detection

can inform each other and 2) common-sense knowledge is helpful to infer the emotion

and the cause for that emotion expressed in text.

Emotion Macro F1 Emotion Accuracy Cause Span F1
BERT 37.25 ± 1.30 38.50 ± 0.84 37.49 ± 1.94
BERTCOMET 37.74 ± 0.84 38.50 ± 1.14 39.27 ± 1.85
Multi 36.91 ± 1.48 38.34 ± 1.94 38.35 ± 3.89
MultiC�E 37.74 ± 2.12 38.74 ± 2.07 39.08 ± 3.73
MultiE�C 38.26 ± 3.28 39.69 ± 3.41 38.83 ± 1.60
MultiCOMET 37.06 ± 2.04 39.05 ± 0.98 39.50 ± 2.25
MultiCOMET

C�E 39.26* ± 1.13 40.79 ± 2.17 38.68 ± 1.36
MultiCOMET

E�C 37.44 ± 1.37 38.58 ± 1.44 36.27 ± 1.31

Table 7.5: Emotion Detection and Emotion Cause Tagging Performance. The
results of our models, averaged over five runs with the same five distinct random seeds.
The model with the highest mean performance under each metric is bolded. Results
marked with a * are statistically significant above the single-task BERT baseline by the
paired t-test (p < 0.05).

We wish to draw attention to the specific contribution of synthesizing common-sense

reasoning and multi-task models: MultiC�E alone does not outperform BERT on either

cause or emotion, but MultiCOMET
C�E outperforms both BERT and MultiC�E on both

tasks. For cause, we also see additional benefits of common-sense reasoning alone:

BERTCOMET outperforms BERT (multi-task modeling alone, Multi, also outperforms
8Oberländer and Klinger (2020) report an F1 score of 34 in this problem setting on this dataset,

but on a larger subset of the data (as they do not limit themselves to the Ekman emotions) and so we
cannot directly compare our work to theirs.
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BERT for this task) and MultiCOMET outperforms Multi. These results speak to the

differences between the two tasks, suggesting that common-sense reasoning and cause

information may be complementary for emotion detection, but that for cause tagging,

common-sense reasoning and emotion information may overlap, perhaps with emotion

information as a subset of that provided by common-sense reasoning. The common-sense

reasoning we have used in this task (xReact and oReact from ATOMIC) is expressed as

possible emotional reactions to an input string, so this makes intuitive sense.

Figure 7.5: Emotion Detection Performance by Label. Performance of the BERT
and MultiCOMET

C�E models on emotion classification.

Figure 7.6: Emotion Cause Tagging Performance by Label Performance of the
BERT and MultiCOMET models on cause tagging, broken down by emotion.

Finally, we also present per-emotion results for our best model for each task

(MultiCOMET
C�E for emotion and MultiCOMET for cause) against the single-task BERT
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baselines in Figure 7.5 and Figure 7.6; these per-emotion scores are again the average

performance of models trained with each of our five random seeds. We see that each

task improves on a different set of emotions: for emotion classification MultiCOMET
C�E

consistently improves over BERT by a significant margin on joy and to a lesser extent

on anger and sadness. Meanwhile, for cause tagging, MultiCOMET improves over BERT

on anger, disgust, and fear, while yielding very similar performance on the rest of the

emotions.

7.4 Analysis

In order to understand the impact of common-sense reasoning and multi-task

modeling in our models, we provide several types of analysis. In addition to our results

in Section 7.3, we include examples of our various models’ outputs showcasing the

impact of our methods (§7.4.1) as well as an analysis of the dataset itself, which we

find to contain variable labels from multiple annotators (§7.4.2).

7.4.1 Example Outputs

We provide some example outputs from our systems for both cause and emotion

in Table 7.6; the various Multi models have been grouped together for readability

and because they often produce similar outputs, but the outputs for every model are

available in Appendix A. In the first example, the addition of COMET to BERT

informs the model enough to choose the gold emotion label; in the third and fourth,

either COMET or multi-task learning is enough to help the model select key words that

should be included in the cause (return and triple shooting). We also particularly note

the second example, in which multi-task learning is needed both for the BERT and

BERTCOMET models to be able to correctly predict the gold emotion. This suggests
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BERT Multitask BERTCOMET MultitaskCOMET

Mexico reels from shooting attack in El Paso
fear

negative surprise negative surprise fear fear
Insane video shows Viking Sky cruise ship thrown into chaos at sea

fear
negative surprise fear negative surprise fear

Durant could return for Game 3
positive surprise

for game could return for game
Dan Fagan: Triple shooting near New Orleans School yet another sign of city’s crime problem

negative surprise
school yet another sign

of city’s crime
: triple shooting near new orleans school yet another sign of city’s

crime

Table 7.6: Example Outputs. For each example, the gold cause is highlighted in
yellow and the gold emotion is given under the text; the first two examples give our
models’ emotion outputs; the latter two, their causes. Joined cells show that multiple
models produced the same output. To make this table easier to read, “Multitask” here
may refer to Multi, MultiE�C , or MultiC�E (details on selection and results for each
individual model available in appendix; most multi-task models gave similar outputs).

that for cause, both common-sense reasoning and emotion classification may carry

overlapping useful information for cause tagging, while for emotion, different instances

may be helped more by different aspects of our models.

7.4.2 Label Agreement

Upon inspection of the GoodNewsEveryone data, we discover significant variation in

the emotion labels produced by annotators as cautioned by the authors in their original

publication.9 From our inspection of the development data, we see recurring cases

where different annotators give directly opposing labels for the same input, depending

on how they interpret the headline and whose emotions they choose to focus on. For

example, our development set includes the following example: Simona Stuns Serena at

Wimbledon: Game, Set and “Best Match” for Halep. The gold adjudicated emotion
9While the authors selected data according to agreement on the emotion labeling task, they found

that in only 75% of cases do at least 3 annotators agree, with diminishing numbers for larger annotators.
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label for this example is negative surprise, but annotators actually included multiple

primary and secondary emotion labels including joy, negative surprise, positive surprise,

pride, and shame, which can be understood as various emotions felt by the different

entities and even reader. For this input, COMET suggests xReact may be happy or

proud and oReact may be happy–these reactions are likely most appropriate for tennis

player Simona Halep, or a reader who is a fan of hers, but not the only possible emotion

that can be inferred from the headline.

Metric BERT BERTCOMET Multi MultiE�C MultiC�E MultiCOM MultiCOMET
E�C MultiCOMET

C�E

Acc.
(Gold) 38.50 38.50 38.34 39.68 38.74 39.05 38.58 40.79

Acc.
(¬Gold) 23.48 23.24 22.37 21.11 22.85 21.26 22.45 20.08

Table 7.7: Model Accuracy on Alternative Emotion Labels. Comparison of gold
accuracy and non-gold (¬gold) accuracy for our emotion classification models.

Inspired by the variation in the data, we compute also models’ accuracy using the

human annotations that did not agree with the gold (i.e., a predicted emotion label is

correct if it was suggested by a human annotator but was not part of a majority vote

to be included in the gold). We denote this ¬Gold, and we compare the performance of

our models with respect to Gold and ¬Gold. We present the results of this analysis in

Table 7.710. In this table, a higher ¬Gold accuracy means that the model is more likely

to produce emotion labels that were not the gold but were suggested by some annotator.

First of all, we note that all models have a relatively high ¬Gold accuracy (about

half the magnitude of their gold accuracy); we believe this reflects the wide variety of

annotations given by the annotators. We see a tradeoff between the Gold and ¬Gold

accuracy, and we note that generally the single-task models have higher ¬Gold accuracy

and the COMET-enhanced multi-task models have higher Gold accuracy. This suggests

that our language models have general knowledge about emotion already, but that
10Note that we perform this analysis on just one of our ensemble of five models, so the accuracy

numbers do not exactly correspond to those in Table 7.5.
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applying common-sense knowledge helps pare down the space of plausible outputs to

those that are most commonly selected by human annotators. (Recall that this dataset

was annotated by taking the most frequent of the annotator-provided emotion labels.)

Furthermore, since the multi-task models have higher Gold accuracy and lower ¬Gold

accuracy than the single-task models, this suggests that also predicting the cause of an

emotion causes the model to narrow down the space of possible emotion labels to only

those that are most common.

7.5 Discussion and Conclusion

Our multitask and adapted knowledge models show consistently increased perfor-

mance on both the emotion recognition and emotion cause tagging tasks (Table 7.5),

making use of the connections between these two tasks as well as the clarifying influence

of common-sense reasoning. Both of these factors contribute to increased performance

in isolation, and combining them in the same model improves performance further,

particularly for accurate emotion recognition. We find that our best models improve

differently on different sets of emotions (Figure 7.5, Figure 7.6), typically improving

on medium-data labels like anger, while the baseline already performs well on the

highly-represented surprise labels. By examining some sample outputs (§7.4.1), we can

see potential mechanisms by which common-sense reasoning and multitask learning

contribute to our models’ performance, helping them refine guesses among similar

emotion labels or target the correct entities as emotion causes, rather than just their

effects. Overall, our results indicate that emotion recognition and emotion cause tagging

are complex problems that can benefit from a variety of relevant information about

situational understanding and the human experience.

An interesting discussion that arises from this work is about the annotation of
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emotional tasks for machine learning. As we see in this work (§7.4.2), human annotators

can and do often disagree about the emotions being expressed in a given situation.

Emotional states are complex; a person may be able to name multiple, even conflicting,

emotions at the same time about different aspects of the same situation. The more

distinct emotion labels a dataset includes, the finer the distinctions between them,

and the more likely it is that a person would select multiple labels to describe their

emotions at a given time. For example, in the complete GoodNewsEverywhere dataset,

the emotions trust, love, and joy are certainly distinct, but we can easily imagine many

situations in which they might co-occur (spending time with beloved family or friends,

for example). Our recommendation from this work is that emotion is not inherently a

single-label problem; being able to describe the different facets of a person’s emotional

reaction gives more complete and useful information.

In the GoodNewsEveryone dataset used in this work, annotators are asked to label a

set of emotions for one experiencer about one situation, although there may be multiple

experiencers mentioned in the text and each may be attributed different emotions

about the same or even different situations. With data such as news headlines, the

reader themselves may even be considered an experiencer (which would explain the high

prevalence of surprise labels in this dataset), opening the door to an even broader range

of potential emotional reactions depending on how the reader perceives the described

situation. Thus, although the authors did adjudicate one “correct” answer, they also

provided multiple options offered by the annotators for each label and urged researchers

to consider the entire distribution of annotator labels in their work.

This highlights the difficulty of annotating data for emotional tasks like these. While

we are able to develop annotation schemes that yield singular answers and create

classification models that learn them competently, doing so erases a significant portion

of the full picture of emotional understanding possible from text. Conversely, treating
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emotional reactions as a distribution or multi-output problem may provide a more

comprehensive emotional picture, but obtaining a reliable and stable gold target in this

case may require a significant financial and time investment that is not feasible. Moving

forward, researchers will need to develop new strategies for gathering and labeling

emotional data—two possible directions may be to leverage the labeling capabilities of

large language models (Dubois et al., 2023) or perhaps to incorporate structured label

spaces that use the relationships between emotions to define richer types of labels for

individual datapoints.

We note some limitations of the models we present in this chapter. Our data comes

from a highly structured domain, news headlines, which is likely to present the relevant

semantic roles clearly and concisely; we will treat input where causes and emotions are

not necessarily stated this way in Chapter 8, although many domains remain to be

addressed. Additionally, the inherently subjective, multifaceted nature of emotional

tasks places inherent limitations on the work we can do in a discrete setting. Finally,

our incorporation of common-sense reasoning is also limited to ATOMIC’s emotion

relations, xReact and oReact; it is possible that additional forms of common-sense

would improve performance on this and many other tasks in different ways.11

Our contributions in this work include the following:

1. a formulation of the emotion-cause detection problem as a sequence tagging

problem, a formulation that little research has used, allowing our models the

flexibility to capture emotion causes expressed as various semantic constructions;

2. a set of models that perform the emotion classification and emotion cause tagging

tasks jointly and incorporate commonsense knowledge, including:

(a) single-task BERT,
11We do note that we experimented with a selection of other ATOMIC relations and found these to

perform best in this work, but this area is open to future work.

102



(b) Multi,

(c) our sequential multitask models MultiE�C and MultiC�E, and

(d) our adapted knowledge model variants of i-iii incorporating COMET)

with MultiCOMET
E�C performing best on emotion recognition and MultiCOMET per-

forming best on emotion cause tagging; and

3. analysis of our models and data showing how commonsense knowledge and

multitask learning can improve predictions of these tasks and how these features

interact with a variously human-labeled dataset to produce humanlike predictions.
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Chapter 8

Generating Emotion-Focused Explanations

While it is useful to be able to pinpoint the event that causes an emotional reaction,

extracting emotion causes as text spans (as we have just discussed in Chapter 7) is a

very structured problem that provides no additional information. As we have noted

several times, there are many possible extra factors to consider when analyzing an

emotional reaction to a triggering event—for example, semantic roles such as the target,

or additional knowledge such as the relationships between participants or relevant social

norms. Recall that we hope to deploy our models in settings related to mental health,

where this additional nuance and context can be very important for healthcare workers

to decide what resources or treatments may be most effective for a particular case.

In this chapter, we will move from a structured tagging problem to a less structured

but more informative explanation generation problem with the aim of creating a more

well-rounded understanding of emotional reactions and the events that trigger them.

We create a new dataset of Reddit posts, Generating Emotional Descriptions (GEDdit),

which draws from Dreaddit as well as other emotional subreddits, and we produce

explanations that perform three simultaneous tasks: emotion identification, triggering

event extraction, and explanation generation.

The advent of large language models (LLMs) has enabled a host of new generation

problems in NLP, and so we would expect them to be a vital tool for this problem. While

open-source LLMs have become more common, they can still require many resources
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to run, and the size of an LLM makes it difficult to fine-tune if it cannot perform a

given task in a zero-shot or in-context setting. In this work, we leverage the capability

of LLMs to generate data for our problem, where human annotation is likely to be

costly and time-consuming, but in order to create a customizable model that actually

tackles the problem of explanation generation, we turn to distilled models. We aim to

benchmark small language models on this task, training them to mimic the outputs

of LLMs, and explore various facets of their capabilities. In developing these distilled

models, we are inspired by previous work which incorporates multitask learning (such as

Dankers et al. (2019) and including our own work from Chapter 4 and Chapter 7). We

leverage a variety of related tasks, including question answering, paraphrase detection,

figurative language and metaphor understanding, and emotion detection, to enhance

our distilled models’ outputs and show that they benefit performance across all three

of our target tasks.

In this chapter, we first begin by defining our problem (Section 8.1) and the criteria

that a good explanation should meet (§8.1.1). We then introduce the data we use in

this work (Section 8.2), including our pipeline from human seed annotations (§8.2.1),

to LLM data generation (§8.2.2), to test set curation (§8.2.3). We then proceed to

describe our methods (Section 8.3), including a suite of distilled models for this problem

(§8.3.1) as well as our evaluation procedures (§8.3.2). Finally, we present our results

(Section 8.4) and conclude with a discussion (Section 8.5).

Our contributions in this work (based on work yet to be published) are as follows:

(1) the new problem of emotional explanation generation, including multiple criteria by

which an explanation should be judged; (2) a new dataset, GEDdit, for this problem

consisting of Reddit posts from various emotional subreddits, along with a seed set of

human explanations and a larger set of silver GPT-3 generated explanations; and (3) a

suite of distilled models incorporating multitask learning for this dataset, along with an
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examination of their capabilities across three tasks (explanation generation, emotion

identification, and triggering event extraction).

8.1 Problem Definition

Our goal in this work is to generate free-form explanations of a person’s emotional

state and what has caused it. There can be many potential facets to such an explanation;

for example, a person tasked with writing an explanation may include details about

what support network the author has and how that affects their emotions, how much

control they feel they have over the situation, whether the situation is shocking or has

happened before, and so on. Let us take the following (artificial) story as an example

document.

“My (17F) sister May (22F) is driving me crazy. So, she has a dog (Rocky)

and we live with our parents. The thing is, she never takes care of Rocky

at all. She doesn’t take him for walks, she doesn’t brush him...and I end

up taking care of the dog all the time. I sort of felt bad for Rocky initially

and sometimes I would take him with me when I went out running, and I

guess my parents and May just assume I’m the one who takes care of him

now? He’s not my dog and I’m actually super busy (I do track, I’m trying

to apply for college, never mind seeing my boyfriend ever).

I’ve tried to tell my mom that it’s not my job to take care of Rocky but we

just got into an argument about it and nothing changed. I feel really bad

thinking about what it’ll be like for him when I go away to college but I’m

so tired of all this.”

The author is clearly expressing frustration about her situation: feeling as though

she is being made to take care of an animal that is not hers during a high-stress period
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in her life. She expresses resentment towards her sister and her dog, as well as pity

towards the dog and a myriad of other emotions we may be able to infer, such as anger

or guilt. The author seems to feel as though she is in an unjust situation and has little

control over it. It is likely that her anxiety over things like her school applications is

exacerbating her frustration and resentment. To an outside observer, the situation may

seem rather low-stakes, but the author is clearly very upset about it. Overall, she gives

the impression that she is having trouble standing up for herself.

In this post, therefore, we can discuss many facets of the situation: multiple emotions

the author is feeling (frustration, resentment, anger, guilt); the cause for these emotions

(being obliged to take care of an animal she does not have time for); secondary stressors

that interact with the cause (track and field, college applications, the author’s boyfriend);

the author’s implied appraisals of the situation (she lacks control over her life, her

family does not care about her feelings); potential coping or resolution strategies the

author has tried (talking to her mother); and so on.

There is also some important information missing from the story: the author

mentions speaking with her mother about the issue, but not with her sister, who she

seems to regard as the source of the problem. She does not disclose what she discussed

with her mother that led to an argument, or what her relationships with any of her

family members are like outside this particular situation. Our picture of any event from

the perspective of only one person is always incomplete; sometimes we can reasonably

speculate on missing information, but we must always be aware of what assumptions

we are making.

8.1.1 Criteria for an Explanation

In this preliminary work, we aim to benchmark current models’ abilities to generate

the type of explanation we describe above. Because we must develop data from scratch,
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we choose to begin by defining three basic components of the explanation: a list of

emotional states the author is experiencing, the triggering event that has caused

them, and a long-form, natural language explanation that may encapsulate any or all

of the other potential facets that may be present. When we evaluate the quality of our

explanations, we select a handful of initial criteria for what makes a “good” explanation,

though we are interested in future work that examines explanations on a more critical

level. There may be a very large space of quality outputs that focus on various aspects

of the explanation, give more or less detail, and so on; therefore, in this work, we focus

on more general criteria.

First, it is important that an explanation does not hallucinate information that is

not present, including details as minor as the demographic information of the author;

the explanation should be factually consistent with the input. It is acceptable for an

explanation to speculate about the reasons for and possible outcomes of the situation, as

humans do, though we prefer that speculation be marked with words like “might” and

not presented as fact. Second, and in direct tension with the first criterion, we would

like our explanations to be informative. Simple restatement of the input is unlikely to

be helpful to a professional trying to assist the posters; the “summaries” we generate

should have some useful or insightful commentary on the post and be informative to the

reader. We define an uninformative explanation to be a simple summary of the input

and an informative explanation to introduce some new information not explicitly stated

in the input, whether through insightful summarization, inclusion of world knowledge,

or any other creative generation. In order for the summary to agree with both the

factually consistent and informative criteria at once, the creative generation must not

factually contradict the input.1 Finally, since the explanations are generated by models

(and in our case, smaller language models that are not as capable as LLMs), we need
1The creative generation may or may not be reasonable, that is, logically sound to a human reader,

but this is a criterion for future work.
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them to be grammatically fluent and coherent.

We provide some manually constructed examples of factual consistency and in-

formativeness, along with rationales for each, for an anonymized post in Table 8.1

(fluency is a criterion that has been discussed in much previous work and is generally

self-explanatory to annotators).

8.2 Data

In order to create a new dataset for this problem, we once again turn to the social

media website Reddit.2 We hand-select several subreddits, or topic-specific subforums,

where posters are anecdotally likely to write the kinds of long-form narrative posts we

are interested in to serve as our dataset. We initially recruit student social workers

to develop our explanations and write sample explanations for a small set of posts

(§8.2.1). Then, we use these explanations as seed data to prompt GPT-3 (Brown et al.,

2020) to generate explanations for the remainder of our dataset (§8.2.2). Finally, we

also generate our test set from this data, using human judgments to select a quality

subset of the data (§8.2.3). The final dataset, consisting of all these pieces, is called

Generating Emotional Descriptions, or GEDdit.

To gather our data, we begin by identifying the anxiety and interpersonal do-

mains from the Dreaddit dataset we created in Chapter 3 as highly emotional and

narrative in style and therefore appropriate for this new work. As discussed in that

chapter, the anxiety domain contains posts from r/stress and r/anxiety, and the in-

terpersonal domain contains posts from r/relationships. We also identify additional

negative affective states which may provide a wider variety of data: sadness (r/sad),

grief (r/GriefSupport, r/widowers, r/PetLoss, r/Miscarriage, r/SuicideBereavement,
2https://www.reddit.com/
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Example input
Got a whole week of exams starting tomorrow and I’m freaking out! Last time, my
grades took a hit, and it turned into a week of non-stop anxiety attacks, ending with a
major panic attack. To top it off, a bunch of people were disappointed, making me feel
even worse. These tests are deciding my whole year’s grades. Any words of wisdom or
good vibes would be much appreciated!

Factually consistent Factually inconsistent
The poster is anxious about their important
upcoming exam week and recalls that their
last exam week turned out badly. They may
be worried this exam week will also go badly
and negatively impact their final grades.

The poster is anxious about her upcoming
science presentation and worries that her
mother will be disappointed if she scores
poorly.

Rationale: The explanation correctly sum-
marizes events and does not make any un-
marked assumptions.

Rationale: The explanation makes un-
founded assumptions such as the gender
of the poster or that the poster’s mother
will be disappointed, and incorrectly recalls
details (a presentation instead of exams).

Informative Not informative
This person is worried about their school
exams; their previous exam week went badly
for them and they are worried it may hap-
pen again. They say these tests will decide
the whole year’s grades, which could put
them at a big disadvantage (such as needing
to repeat classes) if they score badly. The
poster does seem overall hopeful as they ask
for advice or well-wishes.

The poster is worried about their school
exams because the tests are important and
their last exam week went badly, resulting
in anxiety and disappointment. They are
seeking wisdom and good vibes.

Rationale: The explanation makes some
inferences explicit (e.g., “they are worried
it may happen again”), incorporates world
knowledge (overall failing grades may neces-
sitate repeating classes), and comments on
the high-level tone of the poster (anxious
but hopeful).

Rationale: The explanation does nothing
but summarize the input using mostly the
same words.

Table 8.1: Emotional Explanation Criteria Examples. Manually constructed
positive and negative examples of factually consistent and informative explanations for
a sample social media post. Note that the input is from our dataset but paraphrased in
order to minimize searchability.

110



Domain Subreddit Name Total Posts Avg Tokens/Post

anger
r/Anger 1,407 242
r/angry 593 261
Total 2,000 248

anxiety
r/anxiety 1,986 233
r/stress 14 214
Total 2,000 233

grief

r/bereavement 7 234
r/COVIDgrief 3 194
r/grief 51 220
r/GriefSupport 736 234
r/Grieving 32 230
r/Miscarriage 330 237
r/Petloss 344 246
r/SuicideBereavement 150 235
r/widowers 347 235
Total 2,000 236

sadness r/sad 2,000 234
interpersonal r/relationships 2,000 278

All 10,000 246

Table 8.2: GEDdit Data Statistics. Data contained in our GEDdit dataset, broken
down by subreddit. The average length of a post in each subreddit, in tokens (rounded
to the nearest integer) according to Huggingface’s pretrained google/flan-t5-large
tokenizer, is given as well.

r/grief, r/Grieving, r/bereavement, r/COVIDgrief), and anger (r/Anger, r/angry). We

gather the anxiety and interpersonal domains from our full (labeled and unlabeled)

Dreaddit dataset and randomly sample the three new domains from all of Reddit using

the Pushshift Reddit dataset (Baumgartner et al., 2020);3 we set a target of 10,000

datapoints and sample equally from all sources to obtain our data for this work. When

gathering data, we target posts between 100 and 300 tokens in order to strike a balance

between having a detailed narrative and being able to fit a post comfortably into an

LLM prompt. The statistics are shown in Table 8.2. When partitioning the data, we

reserve 10% (1,000 posts) for development and further reserve 200 posts for creating a
3Note that with 2023 changes to Reddit and Pushshift’s API policies, it may no longer be possible

to gather exactly the same data.
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test set (which we will describe in §8.2.3), leaving us with 8,800 datapoints for training.

All splits are sampled randomly but stratified such that the source domains remain in

consistent proportions in each split.

Emotional Content

Subreddit Name Anger Anticipation Disgust Fear Joy Sadness Surprise Trust Positive Negative
r/Anger 6.87 3.13 3.71 4.43 2.17 4.30 1.82 3.18 4.98 9.9
r/angry 3.88 3.19 3.25 3.09 2.60 3.21 1.54 3.70 5.62 7.08
All Anger 5.98 3.15 3.57 4.03 2.30 3.97 1.74 3.34 5.17 9.11
r/anxiety 4.03 5.38 2.24 5.71 2.44 5.02 1.67 3.65 5.65 8.34
r/stress 2.32 4.08 2.12 3.95 2.41 3.90 0.97 4.22 6.76 5.88
All Anxiety 4.02 5.37 2.24 5.70 2.44 5.01 1.66 3.65 5.66 8.33
r/bereavement 3.20 3.41 2.14 3.50 2.79 4.49 1.57 3.18 5.89 6.86
r/COVIDGrief 3.74 5.91 2.60 4.63 3.29 5.12 2.54 3.59 5.18 6.62
r/grief 2.78 4.33 2.38 4.06 4.13 5.63 2.20 4.38 6.88 7.18
r/GriefSupport 2.80 3.90 2.04 3.75 3.32 5.19 1.92 4.15 6.03 6.79
r/Grieving 2.85 4.43 1.89 3.18 3.51 4.94 2.61 3.60 6.10 6.51
r/Miscarriage 2.03 4.09 2.58 3.79 3.52 4.45 1.56 4.09 6.34 6.42
r/Petloss 2.30 3.90 1.90 3.46 3.79 4.44 1.97 3.72 6.19 6.30
r/SuicideBereavement 3.07 3.83 2.00 3.67 3.67 5.01 2.11 4.29 6.23 6.70
r/widowers 2.44 4.28 1.83 3.22 3.82 4.31 1.95 3.99 6.52 5.80
All Grief 2.55 4.01 2.07 3.61 3.57 4.78 1.91 4.04 6.23 6.47
r/sad 2.85 3.90 2.24 3.37 3.69 4.28 1.80 4.19 6.31 6.38
r/relationships 2.03 3.63 1.48 2.22 3.23 2.68 1.50 4.09 6.14 4.47
All 3.49 4.01 2.32 3.79 3.05 4.15 1.72 3.86 5.90 6.95

Table 8.3: Emotions in GEDdit. Scores are broken down by domain and further by
subreddit. For the eight Plutchik basic emotions and two polarities (positive, negative),
we present the average percentage of words in a single post that are marked by the
NRC Emolex (Mohammad and Turney, 2013) for that emotion. Note that r/sad and
r/relationships each make up their own domain.

In order to gain a rough overview of the emotional content of our dataset, we use

existing emotion lexicons (the NRC Emotion-Word Association Lexicon, or EmoLex

(Mohammad and Turney, 2013), and NRC Valence-Arousal-Dominance Lexicon (Mo-

hammad, 2018)). EmoLex offers binary emotion associations for the eight Plutchik

basic emotions (anger, anticipation, disgust, fear, joy, sadness, surprise, and trust)

(Plutchik, 1980) as well as binary polarity (positive and negative) for individual words,

while the NRC-VAD Lexicon provides real-valued valence, arousal, and dominance

scores (following the circumplex model (Russell, 1980)) for individual words on a scale
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of 0-1.4 Therefore, we calculate two types of metrics for a particular partition of our

dataset (a subreddit or domain), one type for each lexicon. Using EmoLex, for each

post we tally the percentage of non-stopwords (according to the static list of Bird

et al. (2009), the Natural Language Toolkit) associated with each emotion or polarity

category. We present the average of this percentage across all posts in a partition as a

score for that partition. Then, using the NRC-VAD Lexicon, we collect all VAD-bearing

non-stopwords in a post and calculate their average magnitude. The average of this

average magnitude across all posts in a partition is presented for that partition. The

results of this analysis can be seen in Table 8.3 and Table 8.4.

Subreddit Name Valence Arousal Dominance
r/Anger 0.538 0.496 0.514
r/angry 0.548 0.484 0.499
All Anger 0.541 0.492 0.509
r/anxiety 0.563 0.480 0.505
r/stress 0.580 0.474 0.518
All Anxiety 0.563 0.480 0.505
r/bereavement 0.611 0.443 0.523
r/COVIDGrief 0.582 0.455 0.494
r/grief 0.588 0.453 0.507
r/GriefSupport 0.589 0.452 0.508
r/Grieving 0.601 0.456 0.509
r/Miscarriage 0.580 0.458 0.504
r/Petloss 0.587 0.441 0.489
r/SuicideBereavement 0.588 0.459 0.508
r/widowers 0.603 0.450 0.507
All Grief 0.589 0.451 0.504
r/sad 0.594 0.457 0.505
r/relationships 0.616 0.457 0.520
All 0.581 0.468 0.509

Table 8.4: VAD in GEDdit. Scores are broken down by domain and further by
subreddit. We present the average magnitude of all posts in that category, where the
magnitude of a single post is defined as the average magnitude of all VAD-bearing
words in the post. Note that r/sad and r/relationships each make up their own domain.

4A score of 1 indicates positive valence, maximum arousal or activity, and maximum dominance or
power.
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We can see some expected trends, such as a high percentage of angry words in

r/Anger and a high percentage of fearful words in r/anxiety. We also note several

interesting outliers5. r/COVIDGrief has a high percentage of anger words, much higher

than any other grief-related subreddit, suggesting unique circumstances about deaths

from the COVID-19 pandemic that elicit anger. The anger domain also contains

relatively high percentages of disgust words as compared to the rest of the corpus,

suggesting that the two emotions are correlated in some way. All domains and subreddits

score similarly on arousal and dominance, suggesting similar intensities of emotion

across the corpus. We also note that all domains, despite having been selected for

negative emotional reactions, contain approximately 2-3% joy words and 4-6% positive

words, indicating some emotional nuance in our data and lexicons.

8.2.1 Human Annotations

In order to generate the types of emotional explanations we want, we first solicit seed

annotations from student social workers, with the intention of using them to prompt

a LLM to generate similar explanations on a large dataset. After running a five-item

pilot study with computer science students, we recruit three social work students to

annotate a selection of 30 randomly-queried posts from the chosen subreddits (avoiding

the posts used in the dataset itself), resulting in 90 unique annotations. Each annotator

annotates each post, meaning that each post has three unique explanations. The nature

of our dataset does not lend itself to agreement statistics, and, in fact, we hope that

these varying annotations will lead to variety in our outputs downstream.

Annotators are provided with the social media post and asked to label the emotions

felt by the poster, the event that has caused the emotional reaction, and an explanation
5Note that, aside from the percentage of angry words in r/Anger, all of these values lie within one

standard deviation of the mean as calculated from the entire corpus; these observations are not meant
to carry statistical weight.
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of the emotional reaction. Annotators are provided with the Ekman basic emotion

set (Ekman, 1992) as a prompt but also allowed and encouraged to provide their own

emotion labels freely; this is intended to cultivate variety in the data. Annotators are

allowed a high degree of freedom in designing the explanations, simply being asked to

describe why the emotional reaction has occurred and what is interesting or useful in

the field of social work to discuss with respect to the post; we intend for this to impart

real-world utility to the explanations.

Post: Got a whole week of exams starting tomorrow and I’m freaking out! Last time,
my grades took a hit, and it turned into a week of non-stop anxiety attacks, ending
with a major panic attack. To top it off, a bunch of people were disappointed, making
me feel even worse. School pressure is no joke, and now these tests are deciding my
whole year’s grades. Honestly, I’m terrified and clueless about what to do. Any words
of wisdom or good vibes would be much appreciated!

Emotions: fear
Event: starting exam week at school

Explanation: The author is terrified of exam week at school because of how
it has gone for them in the past. Previously, tests have not only affected the author’s
grades a lot but also caused severe emotional distress and brought social shame for
them. They feel helpless because they feel it is unavoidable that the exam week will
once again trigger severe anxiety for them and will result in poor academic performance
and disappointment from their community.

Figure 8.1: Example Annotation. A sample datapoint and explanation from GEDdit.
Please note that the source datapoint has been paraphrased (using ChatGPT) so as to
limit searchability.

We present a sample annotation in Figure 8.1. The annotator summarizes or

rephrases much of the post, but also provides some insight (for example, making explicit

the author’s fear that this exam week will be the same as the last one, which they only

express implicitly in the post).
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8.2.2 Data Generation by Prompting

The annotation process for a free-response task such as ours may be time-consuming

and expensive to an extent that it prohibits collecting enough data to train a compu-

tational model. Meanwhile, LLMs have demonstrated great proficiency in performing

a range of similar language tasks in a few- or zero-shot setting (Liang et al., 2023).

Therefore, in this work, we choose to generate explanations for our dataset using an

LLM, in our case, GPT-3 (Brown et al., 2020) (chosen for its cost). We generate

explanations for all of GEDdit in this way, including the test set; we will describe in

§8.2.3 how we ensure its quality.

For each input we provide to GPT-3, we include natural-language instructions as

well as two in-context examples sampled from our seed annotations.6 We reproduce

a full example prompt here, noting that for the purposes of this dissertation we have

paraphrased all social media posts so as to limit their searchability. Additionally, for

illustrative purposes, each part of the prompt is labeled in italics and square brackets;

these labels are not provided to the model. However, all other aspects of the prompts,

including the explanations provide by our annotators, remain unchanged; aside from the

wording of the posts, this is a real prompt fed to GPT-3 to generate a silver explanation

for this datapoint. The prompt consists of instructions, two full examples separated by

blank lines, and finally a target datapoint for which an explanation should be generated,

terminating in a prompt (“Emotions:”).

[Instructions]

Read the following social media posts and describe the emotions felt by the

people who wrote them, including what is causing the emotions and how
6Two examples were selected because the inputs are very long, but we wanted the model to have

more than one example to mitigate potential copying behavior.
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the author is handling them. Be careful to describe the emotions as the

author seems to feel them, and not as you think they should. Try not to

assume demographic information we do not know about the author. Add as

much detail as you need to fully convey your thoughts.

[Example 1]

Post: Just wanted to send a huge thank you to everyone here. Dealing

with a miscarriage has been the toughest journey for me, but reading all

your posts and comments has been a huge source of comfort. Finally got

back into therapy yesterday after over a year, and when my therapist asked

how I’ve been, I couldn’t hold back the tears. She asked if I’d done any

grief counseling, and I told her no, but that I found an amazing supportive

community online. Miscarriage can feel isolating, but the support I’ve found

here has been truly incredible. Just wanted to express my gratitude.

Emotions: joy, sadness

Event: Receiving support after miscarriage

Explanation: The author is devastated and grieving as they recently suffered

losing their unborn child. They mention crying when trying to go to therapy,

how hard the process has been, and even further, that they feel alone in

their experience. However, the author also expresses their gratitude to the

community for the supportive messages that have helped them through the

process. Considering the impact of a miscarriage, receiving helpful support

from strangers online was likely surprising and poignant, making the author

feel happier and better able to grieve.
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[Example 2]

Post: Got a whole week of exams starting tomorrow and I’m freaking out!

Last time, my grades took a hit, and it turned into a week of non-stop

anxiety attacks, ending with a major panic attack. To top it off, a bunch of

people were disappointed, making me feel even worse. School pressure is no

joke, and now these tests are deciding my whole year’s grades. Honestly,

I’m terrified and clueless about what to do. Any words of wisdom or good

vibes would be much appreciated!

Emotions: fear

Event: starting exam week at school

Explanation: The author is terrified of exam week at school because of how

it has gone for them in the past. Previously, tests have not only affected the

author’s grades a lot but also caused severe emotional distress and brought

social shame for them. They feel helpless because they feel it is unavoidable

that the exam week will once again trigger severe anxiety for them and

will result in poor academic performance and disappointment from their

community.

[Target Post]

Post: I absolutely adore my college campus – it feels more like home than my

actual home sometimes. But whenever I have to leave, I start feeling pretty

down and dealing with intrusive thoughts. Managed to stay on campus for

fall semester, but now that I’m home for the holidays, I’m feeling pretty

blue and missing my crew a ton. Anyone else ever feel like this? And any

tips on how to shake off the blues? Should I distract myself or try tackling
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this head-on?

Emotions:

GPT-3 begins generating its explanation with the very next token. We provide the

LLM with the same instructions given to our human annotators7 as well as two examples

from our set of human-annotated posts to demonstrate the task using in-context learning

(Radford et al., 2019; Brown et al., 2020). So that no one example or annotator’s

style biases the dataset, we sample the examples uniformly without replacement anew

for each datapoint we give to the LLM. We set the temperature to 0.7 to encourage

creativity.

8.2.3 Test Set Generation

As part of our evaluation, which we will describe in detail in §8.3.2, we wish to

have a small test set that can be used for human evaluation. However, as part of a

well-rounded analysis of the results, we also wish to calculate some reference-based

metrics (e.g., ROUGE (Lin, 2004)) on this test set, necessitating that it have some

“gold” explanations to use for comparison. We opt to use the generated explanations

of GPT-3 as our “gold” explanations when calculating these reference-based metrics.

However, because these explanations are still model outputs, we pare down our 200

dedicated test examples using annotator-based filtering to decide which outputs are

good or bad quality and therefore should or should not remain in the test set.

We recruit seven NLP graduate students (all native English speakers) to annotate

the test set. To mitigate the bias of any one annotator pair, we assign annotator pairs

to each datapoint uniformly, that is, ensuring that each annotator is matched equally

often with each other annotator. For each datapoint, each annotator is asked to provide
7We did experiment with various types of prompts; these humanlike instructions produced the best

outputs based on qualitative examination.
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a yes-or-no answer to the following questions, corresponding to our criteria for a good

explanation in §8.1.1:

1. Is the explanation factually consistent with the social media post?

2. Is the explanation informative; that is, does it provide some new information now

explicitly stated in the post? This new information may be world knowledge,

commonsense knowledge, speculation, or simply making explicit something that

the original poster only implied.

3. Is the explanation fluent?

4. Is the provided list of emotions reasonable given the social media post?

5. Is the provided triggering event reasonable given the social media post?

An explanation is only accepted if both annotators answer “yes” to every question.

Because raw answers from the annotators show a significant amount of disagreement,

we further have annotators discuss their answers until they agree on a final adjudicated

answer for each question. This results in a final test set of 72 quality explanations.

8.3 Methods

In order to tackle this problem, the obvious answer with modern models is to use an

LLM such as the one that generated the training data. However, most LLMs suffer from

a number of drawbacks, including an unwieldy number of parameters for fine-tuning,

proprietary training data, and high cost. Therefore, in this work, we seek to characterize

the capability of smaller generative models to produce the types of explanations we are

interested in; we fine-tune pre-trained Flan-T5-Large models (Chung et al., 2022) on

the training data produced by GPT-3 to examine their capabilities. We present variants
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of these models trained to mimic every component of the output at once (Flan-T5GP T )

versus each component individually (Flan-T5Split). We then leverage multitask learning

to enhance our models’ performance by training them on a range of additional tasks,

including question answering, paraphrase detection, figurative language and metaphor

understanding, and emotion detection (Flan-T5Split+datasets).

8.3.1 Models

Distilled Model

The base for each of our models is a T5 model (Raffel et al., 2019) using Flan

instruction fine-tuning (Chung et al., 2022), which we select because of its performance

on limited-data tasks and its similar framing to the data generation prompts given

to GPT-3. All of our presented models use the google/flan-t5-large pre-trained

checkpoint hosted by Huggingface (Wolf et al., 2019). Our data consists of three

separate tasks: emotion identification, event extraction, and explanation generation. In

its most basic form, our model learns to perform all three of these tasks simultaneously,

the same as GPT-3, and is trained on the plaintext output of the LLM (line breaks and

task headers included). We also provide the model with instructions for the task, as the

Flan fine-tuning data is usually formatted; in our case, because of space considerations,

we provide an abbreviated set of instructions (“Read the following social media post

and describe the emotions felt by the person who wrote it.”) and do not provide any

in-context examples, as multiple social media posts will rapidly become too large for

the model.8 We call this basic variant of our model Flan-T5GP T , as it aims to mimic

the output from GPT-3 completely.
8We did try teaching Flan-T5 the task without a prompt, but it was not capable of learning the

task format.
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Multitask Model

We hypothesize that a smaller generative model will have an easier time learning to

perform each task individually rather than as a block of output. Providing the model

with separate tasks with separate prompts should allow the model to ignore formatting9

and place some amount of importance on the actual content of the instructions, which

can be completely ignored in the case of Flan-T5GP T because they are static across ann

inputs. Thus, we also create a model variant, Flan-T5Split, with the same architecture

but modified training.

A single training datapoint for this model is split into three datapoints, one for

each task (emotion, event, and explanation). Each task is presented to the model

with a different prompt or set of instructions (which can be seen in Appendix B). We

continue framing each individual task as a generation task and use the same language

modeling head as in the basic model, relying on the prompts to dictate which task is

being performed.

External Tasks

Finally, we also hypothesize that a model like Flan-T5, which has been fine-tuned

with a variety of different tasks, may be able to benefit from the inclusion of various

pre-existing tasks such as paraphrasing or emotion detection which may indirectly

provide it with additional training signal and mitigate overfitting or overwriting of prior

task knowledge. We select a number of tasks which may be relevant to fluency and

creativity: question answering (Natural Questions (Kwiatkowski et al., 2019), SQuAD

v2 (Rajpurkar et al., 2018)), paraphrase detection (Quora Question Pairs,10 Para-NMT
9Although T5 is able to produce the expected format consistently, some amount of parameters

must still be used to learn it.
10First published as part of GLUE (Wang et al., 2018) and available originally from https://

quoradata.quora.com/First-Quora-Dataset-Release-Question-Pairs.
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Task Dataset Present in Flan? Type
figurative language understanding BIG-bench Metaphor Boolean No generation
figurative language understanding BIG-bench Understanding Metaphor No generation
summarization BIG-bench Understanding Fables No generation
paraphrasing BIG-bench Rephrase No generation
suicide risk detection BIG-bench Suicide Risk No generation
figurative language understanding FLUTE No generation

emotion detection GoEmotions No multi-label
classification

question answering Natural Questions Yes generation
paraphrasing Para-NMT Yes regression
paraphrasing Quora Question Pairs Yes generation
question answering SQuAD Yes generation

Table 8.5: External Tasks. External tasks and datasets used in the Flan-T5Split
+dataset models.

(Wieting and Gimpel, 2018)), figurative language and metaphor understanding (FLUTE

(Chakrabarty et al., 2022), BIG-bench tasks (Srivastava et al., 2023)), and emotion

detection (GoEmotions (Demszky et al., 2020), BIG-bench tasks). A selection of these

tasks are present in the Flan fine-tuning data and are therefore being re-presented to

the model during our fine-tuning phase, and some tasks are new to the model. The full

list of tasks is shown in Table 8.5.

We train various model variants, Flan-T5Split+dataset, adding one or more external

tasks to the training data of the Flan-T5Split model. We also express models trained

with entire categories of additional tasks this way, for example, Flan-T5Split+QA, which

includes both Natural Questions and SQuAD. Note that most datasets are expressed

as generation tasks, to match the style of Flan fine-tuning; some datasets are naturally

generative, such as question answering datasets, and some are easily adaptable (e.g.,

BIG-bench’s boolean metaphor task requires a simple true or false answer, which

can be expressed as asking the model a yes or no question). Two datasets require

additional modeling heads: Para-NMT, which is a regression task asking the model to

rate the similarity of two potential paraphrases, and GoEmotions, which is a multi-label

classification task.
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8.3.2 Evaluation

When evaluating our models, we utilize a combination of automatic metrics and

human judgments Automated metrics are useful for benchmarking performance; we

then also use more qualitative human judgments to obtain a more detailed picture of

our models’ capabilities.

Automatic Evaluation

Our automatic metrics are divided into several categories: extractiveness measure-

ments, reference-based metrics, and factuality measurements. Many of these metrics

are typically used in a summarization context, framing our generated explanation as a

sort of emotional summary of the post. To judge models’ extractiveness, we calculate

extractive fragment coverage (the percentage of words in the explanation that are

present in the source post) and extractive fragment density (the average length of

an extractive fragment copied into the explanation from the source post) as formulated

by Grusky et al. (2018).11 In general, we would like our explanations to summarize

rather than completely restate the post, so a lower score on these metrics is preferable;

however, it is not necessarily our goal to minimize them, because extractiveness is not

inherently undesirable.12 We also compare the generated explanations to their silver

GPT-3 generated counterparts using reference-based metrics: ROUGE (-1, -2, and

-L) (Lin, 2004) and BERTScore (Zhang et al., 2020); a higher score on these metrics

indicates that the model is behaving like GPT-3 (and like its training data), but again,

it is not necessarily desirable to maximize them, since the space of acceptable potential
11We totally ignore function words from a pre-generated list of English stopwords (Montani et al.,

2023) when calculating these metrics so as to avoid penalizing the model for their use.
12For example, an explanation could directly quote from the post to make a point, and the names of

entities or events described in the post (e.g., family members) should probably be directly quoted in
the explanation instead of using synonyms or paraphrases.
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explanations is quite broad. Finally, we use two metrics to evaluate the explanation’s

faithfulness or factual consistency with the source post: QAFactEval (Fabbri et al.,

2022) and SummaC (Laban et al., 2022); these metrics are generally straightforwardly

desirable to maximize.

Because the majority of our models perform each of our three tasks (explanation

generation, emotion identification, event extraction) separately, we evaluate each of the

tasks separately using all of the metrics above, treating each as a separate generation

task. The nature of the emotion task in particular (outputting a list of emotion words)

makes it most suited to evaluation by ROUGE-1 (essentially unigram overlap between

the reference and the prediction) or BERTScore (which incorporates similarity), but we

report all metrics for emotion for completeness. We also report classical precision, recall,

and F1 scores for emotion words (comparing the set of predicted emotions against the

set of reference emotion words), though we find a similarity metric like BERTScore most

appropriate because the potential set of emotion labels is bound only by the model’s

vocabulary.

While human evaluation (or LLM evaluation) remains the standard for evaluating

high-order generative tasks such as this one, obtaining these judgments can be costly

and/or time-consuming. We use these automatic metrics to obtain a broader picture of

many models’ performance without needing to solicit human judgments for each model

variation we present.

Human Evaluation

In order to gain a deeper understanding of the strengths and weaknesses of our

models, we conduct a human evaluation of a small sample of test set outputs from two

selected models. We feel that the emotion and event tasks can be accurately represented

by automatic metrics because of their short length and uncomplicated objective, so we
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Figure 8.2: Human Evaluation Instructions. The annotation instructions for our
human evaluation of our generated emotional explanations. Annotators could collapse
the HTML element containing the instructions for readability, and a link to contact the
primary author was provided at the bottom.
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Figure 8.3: Human Evaluation Interface. The annotation interface for our human
evaluation of our generated emotional explanations. Student social workers completed
annotations for 21 items each using this interface on Amazon Mechanical Turk.
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focus our human evaluation efforts on the longer and more complex explanation task.

For this evaluation, we recruit a set of four student social workers (distinct from the set

of annotators who created our seed annotations in §8.2.1) to evaluate a random sample

of 21 items from the test set. We structure the annotations in the same manner as

those in §8.2.3 to create our test set: each annotator is matched equally with each of

the three other annotators to avoid any systematic bias (selecting 21 items allows us to

ensure that each annotator pair is matched exactly seven times). Annotators are paid

$20/hr for their work according to institutional standards.

We present the instructions and interface for our human evaluation in Figure 8.2

and Figure 8.3, respectively. Because our annotators are researchers in social work

rather than computer science, we first bring the instructions before a focus group of

our interdisciplinary grant collaborators for feedback, which allows us to frame the

annotations in more understandable ways. For example, a layperson may not understand

that automatically generated text may sometimes hallucinate or become grammatically

incoherent, and it is helpful to give detailed context about the current state of our

technology and the situations in which it may be used in the future.13

We ask annotators to evaluate an explanation on all the criteria from §8.1.1, including

both numerical ratings and free responses. Given the general fluency of LLMs, we fold

fluency into an overall “quality” metric, which we evaluate on a 4-point Likert scale.

Informativeness is also ranked on a 4-point Likert scale, while factual consistency is a

binary judgment. We also add a new criterion in question 8, utility, evaluating whether

the explanations in their current state would be useful in a real-world setting of the

type we envision (also evaluated on a 4-point Likert scale). Annotators were asked to

explain in their own words what they did or did not like about the explanations and
13So as not to bias our annotators, we did allow them to think some explanations may have been

written by a human, though in fact all the evaluated data was automatically generated. The nature of
the data was revealed after the annotations were complete, as part of a debriefing.
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Figure 8.4: Explanation Automatic Evaluation Results. The results of our
models on the test set, for the explanation task. The cells have been colored from
red (undesirable score) to green (desirable score), and the best score in each column is
bolded (see subsubsection 8.3.2 for discussion).

why an explanation a) was not factually consistent or b) was informative.

8.4 Results and Analysis

8.4.1 Automated Metrics

We present the results of our automated metrics on the test set in Figure 8.4

(explanation), Figure 8.5 (emotion), and Figure 8.6 (event). For readability, and

because we expect their behavior to be most stable on the explanation task, we present

the models with groups of additional tasks only and show results on the individual

multitask models in the appendix. Additionally, we render these tables as images and

color the cells corresponding to each metric in a gradient such that the least desirable

score is red and the most desirable score is green (refer to subsubsection 8.3.2 for a

discussion of whether a higher or lower score is best for each metric).

We see that overall, Flan-T5Split+QA and Flan-T5GP T perform best on

the explanation task. This is according to our automated metrics, which means

that these models mimic the behavior of GPT-3 well. Flan-T5Split+QA performs very

slightly better on reference-based metrics, and Flan-T5GP T performs slightly better with
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Figure 8.5: Emotion Automatic Evaluation Results. The results of our models on
the test set, for the emotion task. The cells have been colored from red (undesirable
score) to green (desirable score), and the best score in each column is bolded (see
subsubsection 8.3.2 for discussion).

respect to factuality. We also note that Flan-T5Split, as well as models that include QA

tasks, are highly extractive; other combinations of tasks such as the paraphrase tasks

can reduce extractiveness. Interestingly, the addition of QA tasks does not improve

factuality, nor does the addition of any other task reduce factuality as compared to

Flan-T5GP T .

For emotion detection, overall, Flan-T5Split+All performs best. As we

discussed in subsubsection 8.3.2, we feel ROUGE-1 and BERTScore are the most

appropriate metrics by which to measure emotion detection, though we present all

metrics for completeness. Flan-T5Split+Emotion, as expected, also performs quite

well. Flan-T5Split+All is highly extractive, meaning that it produces emotions directly

mentioned by the author in the post; Flan-T5Split, Flan-T5Split+Paraphrase, and sur-

prisingly, Flan-T5Split+QA perform more abstractively. Density for almost every model

is zero, which is expected because the output is a list of emotion words; surprisingly,

Flan-T5GP T and Flan-T5Split+Paraphrase achieve a small but nonzero score on density.

As expected, factuality scores carry little meaning for evaluating this task, particularly

under SummaC. This is also the task for which the Flan-T5GP T baseline performs the

worst; while it performs well on the other two tasks, this shows that T5-large may still

have some difficulty outputting multiple tasks at once, unlike LLMs.
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Figure 8.6: Event Automatic Evaluation Results. The results of our models on
the test set, for the explanation task. The cells have been colored from red (undesirable
score) to green (desirable score), and the best score in each column is bolded (see
subsubsection 8.3.2 for discussion).

For the event task, we see that Flan-T5Split+QA and Flan-T5GP T per-

form best. Overall, with respect to grouped models, Flan-T5Split+QA performs

most like GPT-3 according to the reference-based metrics; Flan-T5GP T also performs

very well on reference-based metrics, and both these models are highly extractive.

Flan-T5Split+Metaphor, Flan-T5Split+Paraphrase, and Flan-T5Split+Emotion are more

abstractive. Surprisingly, Flan-T5Split performs best on factuality. We note that actually

the best overall scores on the event task come from adding single additional tasks at

once (particularly Para-NMT, though QQP, NQ, and SQuAD also perform well).14

Because our main focus is on explanation generation, none of the additional tasks we

use are focused on event extraction, so it is possible that for this particular task they

interfere with one another during training.

Interestingly, we do not observe a substantial difference between the performance

of tasks already present in Flan’s instruction-based fine-tuning (QA and paraphrasing

tasks) and tasks that are new to the model. Flan’s data is very large, so it is possible

that the specifics of the tasks have not been fully retained by the time we finish our

task-specific fine-tuning.
14See Appendix C
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Model Quality Factuality Informativeness Utility
Flan-T5GP T 2.71 ± 0.83 0.51 ± 0.50 2.15 ± 0.93 2.76 ± 1.05
Flan-T5Split+QA 2.41 ± 0.94 0.29 ± 0.45 2.07 ± 0.92 2.46 ± 1.04

Table 8.6: Sample Human Annotation Results. The collected results of our human
evaluation. Each cell shows the mean ± standard deviation of the collected scores under
each metric. The mean of the best model under each metric is bolded. No differences
are significant under the approximate randomization test.

8.4.2 Human Evaluation

The two models we select for human evaluation are Flan-T5GP T +QA (a baseline)

and Flan-T5Split+QA, because we observe the best performance under the automatic

metrics for these two models on the explanation task, and they represent two different

training styles. We also hope that the addition of QA tasks will change the model’s

behavior on metrics like factuality. We present the results of this human evaluation

in Table 8.6. In this table, the reported scores are the average across all evaluated

datapoints from the given model; factuality is binary, where 0 is “not factually consistent”

and 1 is “factually consistent’, and the remaining criteria range from 1 to 4, where 1 is

“not at all” or “very bad” and 4 is “significantly” or “very good”.

Overall, the two models perform quite similarly; while Flan-T5GP T , which mimics

the behavior of GPT-3, actually performs slightly better across most metrics, the

differences are not significant and the variance is quite high (per metric, the observed

variance for each model is similar). On average, both models score between 2 and 3 on

the Likert metrics, which means that the annotators overall rank the explanations as

average or neutral (since 2 is “bad” and 3 is “good”). Surprisingly, the largest difference

is in factual consistency, where Flan-T5GP T outperforms Flan-T5Split+QA (again, not

significantly); this matches the automatic evaluation results according to QAFactEval.

The models overall perform worst on informativeness, which is a reasonably subjective

criterion—it makes sense that it would be difficult for a human to judge and for a model
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to achieve. When annotators provide their free thoughts on the model outputs, they

generally praise both models for accurately identifying emotions and events even in a

complex post and selecting important phrases from the input post to include in their

summary, while noting that the models both tend to miss important context and are

not often informative.

These results highlight that human evaluation of a good explanation is a difficult

and unsolved problem. The results of this evaluation and the automatic evaluation do

not conclusively select one model as the best overall performer, but show that different

approaches have advantages over others in different ways, for example:

• When performing multitask fine-tuning, models trained on QA tasks (Flan-T5Split+QA,

Flan-T5Split+All) are more skilled at generating GPT-like outputs (i.e., they score

highly on reference-based metrics).

• Models trained on QA tasks also generally generate extractive explanations that

quote the input.

• Models trained on emotional tasks (Flan-T5Split+Emotion, Flan-T5Split+All) can

more accurately identify emotions.

• Flan-T5GP T , trained to mimic the style of GPT-3 completely, appears to generate

explanations that are more subjectively useful to humans, though it struggles

with emotion detection.

8.4.3 Qualitative Analysis

In this section, we present several sample outputs from our models in individual

tables for readability. We caution the reader that in this section we will explicitly show

social media posts that deal with topics including death of a pet, grief, social anxiety,
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Input Post
Today, I unexpectedly lost my beloved Yorkshire Terrier, my baby girl for 13 years,
to a sudden heart attack. I wasn’t there when it happened, and coming home to the
news was devastating. She’d been healthy until a bout of ovarian cancer last year,
swiftly treated with surgery. Her passing was so sudden, I’m struggling to accept it.
She’s been my closest friend since I was 7, and she has just been the most important
companion all that time. I’m heartbroken that I couldn’t be there for her in her final
moments. Saying goodbye was agonizing, especially knowing she couldn’t hear me. I’m
overwhelmed with grief and unsure how to begin healing. Wishing her peaceful rest.

Flan-T5Split+All Output
Emotions: grief, guilt, sadness
Event: losing a baby to heart attack
Explanation: The author is feeling immense guilt and regret for not being able to
do something to save their baby, who was on their way home when they were a child.
They are also feeling regret for not being able to do something to save their baby, and
for not being able to say goodbye to their baby. The author is also feeling a sense of
sadness for the loss of their baby, and for not being able to be with them when they
needed them.

Flan-T5Split+Emotion Output
Emotions: grief, sorrow, guilt
Event: Loss of a pet
Explanation: The author is feeling a deep sense of grief and sadness over the loss of
their beloved pet. They feel guilty for not being able to do anything to prevent the
death, and for not being able to be there for their pet in its final moments. They are
also feeling a deep sense of loss, as their pet had been a part of their life since they
were a young child. The author expresses a deep sense of loss and is struggling to find
a way to cope with their grief.

Table 8.7: Emotion vs. All Multitask Model Example. A pair of example outputs
from our models. Note that as always within this chapter, the source social media post
is paraphrased to minimize searchability.
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and abusive relationships. For the purposes of this discussion section, the posts are

anonymized by automatic paraphrasing and summarizing,15 so they are not reproduced

exactly as found, but any key features of the input that are discussed in the model

outputs will remain. Note that this does complicate visualizing the models’ copying

behavior in these examples, though where salient we have tried to make it clear that

the outputs use the same words as the inputs.

First, in Table 8.7, we show two outputs for the same post from our Flan-T5Split

+Emotion and Flan-T5Split+All model, demonstrating potential interference by the

additional tasks. For this post, the +Emotion model is factually consistent with the

input and correctly identifies both the emotional reaction and its triggering event, while

the +All model misunderstands the input, not connecting the phrase “baby girl” to a

pet dog. The +Emotion model output is overall more coherent and informative, and

makes explicit connections such as “[The author is] feeling a deep sense of loss, as

their pet had been part of their life since they were a young child,” which is stated

less explicitly in the source post. We also note that the +Emotion model has chosen

sorrow where the +All model has chosen sadness as an emotion label, sorrow being

a less common term with arguably more appropriate connotations for grief. In this

case, it seems that adding additional tasks may have hampered the model’s ability to

generate a high-quality emotional explanation.

Next, in Table 8.8, we show two outputs from our Flan-T5Split+Emotion model and

our Flan-T5GP T model that demonstrate the tradeoff between factual consistency and

informativeness. In this instance, we see that Flan-T5GP T first of all makes a factual

mistake (misattributing the author’s line about “especially someone I was interested in”

and conflating this person with the other woman in the narrative), where the +Emotion

model, while somewhat disfluent, is factually consistent with the input. The two models
15Thanks to ChatGPT, with some manual editing.
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Input Post
I’m struggling a bit with making friends at my new job. I tend to speak without
filtering, and it’s caused some awkward moments. One girl I’ve been getting to know
has only been talking about her miserable life, and I unintentionally called her out for
it. It didn’t go over well with others, especially someone I was interested in. I worry I’m
trying too hard to have something relevant to say and might be coming off as annoying.
I want to engage with people, but I worry it’s better if I keep my mouth shut. Any
advice that’s not just "think before you speak"?

Flan-T5GP T Output
Emotions: insecurity, fear, anxiety
Event: Accidentally calling out a girl
Explanation: The author is feeling insecure and anxious because they have been
working up the courage to ask out a girl, and they feel like they have been trying too
hard to input something relevant to the other people, which may have come off as
annoying. The author is afraid that if they keep their mouth shut, they may not be
able to talk to people.

Flan-T5Split+Emotion Output
Emotions: anxiety, worry
Event: Accidentally making a mistake at work
Explanation: The author is feeling anxious and fearful because they have a problem
with saying things without thinking about the people they are at work with. They are
worried that they may have messed up their words and that they may have messed
things up. They are also feeling insecure because they are trying to talk to people, but
they feel like it would be better to keep their mouth shut. They are trying to talk to
people, but they feel like it would be better to just keep their mouth shut.

Table 8.8: Multitask Emotion vs. Combined Model Example. A pair of example
outputs from our models. Note that as always within this chapter, the source social
media post is paraphrased to minimize searchability.
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Input Post
I’ve been with this guy for five years, and I love him desperately. He’s a pastor, confident,
and outgoing, but our relationship has been toxic and abusive, filled with lies. Despite
leaving, he came back claiming he’s changed. There’s been some improvement, but I
still don’t fully trust him. He’s controlling and lies all the time, and I’m considering
leaving, but I’m torn. He sells himself well, talking about how rich and self-sufficient
and attractive he is. He’s very confident, and I admire that about him. I don’t think I
can do better than him. But my friends don’t support us being together. How do I
move on from someone I admire like this?

Flan-T5Split+All Output
Emotions: confusion, fear, sadness
Event: Relationship with a man they care about
Explanation: The author is feeling a range of emotions due to the fact that they
have been in a relationship with a man they care about for a while. They feel fear and
sadness due to the fact that they have been in an abusive relationship for a long time,
and they don’t know how to move on. They also feel confusion because they don’t know
if they are missing on something great or if they are missing out on something great.
The author is also feeling hopelessness because they don’t know how to move on and
don’t know how to move on.

Flan-T5Split+QA Output
Emotions: confusion, guilt, sadness
Event: Being in a toxic toxic relationship
Explanation: The author is feeling confused and uncertain about how to move on
from the relationship they have been in for five years. They feel guilty for not being
able to trust the man they have been in a relationship with for a long time, and for
not being able to trust him enough to talk about his accomplishments. They are also
worried that they may be missing out on something great, and are unsure if they can
trust him enough to talk about his accomplishments. The author is feeling overwhelmed
and uncertain about how to move on from the relationship, and is asking for advice on
how to do so.

Table 8.9: QA vs. All Multitask Model Example. A pair of example outputs from
our models. Note that as always within this chapter, the source social media post is
paraphrased to minimize searchability.
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make different choices in what segments of the input to emphasize; the output of

Flan-T5Split is overall shorter and picks the very salient segment about “trying too hard

to input something relevant to the other people”, while the +Emotion model carefully

paraphrases the entire post. Overall, in this instance Flan-T5GP T is more creative with

its output, which in this instance leads to hallucinations and factual mistakes.

Finally, in Table 8.9, we give two examples from our Flan-T5Split+QA and Flan-T5Split

+All models. One interesting difference between these two models is their choice of

triggering event, with the +QA model correctly (if disfluently) using the word “toxic”

to describe the relationship, while the +All model describes it as a “relationship with a

man they care about” (which is also true, according to the first sentence of the post,

though probably less salient to the reader). We see the +All model make some insight-

ful choices, such as suggesting that the length of the abusive relationship specifically

leads to fear and sadness. The +QA model introduces some factual inconsistencies

(e.g., nowhere in the post does the author mention not being able to talk about their

partner’s accomplishments), which is surprising given that the +QA model scores well

on QA-based factuality metrics. In this instance, it is difficult to say that one output is

higher quality than the other in all respects.

Overall, we see that each of our models has its own advantages and its own weaknesses.

No one multitask approach seems conclusively best to train a distilled model to perform

multiple concurrent tasks. We do see some evidence confirming that this is a difficult

task for distilled models to learn to mimic the outputs of an LLM, as some prior

research has suggested (Gudibande et al., 2023); in the previous examples, we find

that Flan-T5-Large is easily able to learn the desired format as well as the general

style, though the content and internal logic can be somewhat disjointed. We conclude

that further research is needed to understand how multitask learning can best assist

small models with problems like these. For example, with a small number of tasks, it is
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possible that rearranging the multitask curriculum or selecting different tasks may be

useful (e.g., Varshney et al. (2022); Zhang et al. (2023d)).

8.5 Discussion and Conclusion

In this chapter of the thesis, we introduce a new task, explanation generation, suitable

for the dawning era of more nuanced affective NLP with LLMs. Through dialogue with

social science researchers, we define criteria for a useful and good explanation (§8.1.1)

and develop a dataset, GEDdit, sourced from Reddit and supplemented with expert-

written seed examples (§8.2.1) and LLM-generated explanations (§8.2.2). We train

a suite of distilled Flan-T5-Large models to imitate the outputs of GPT-3, including

multitask training with a variety of different tasks (§8.3.1), and we discuss appropriate

evaluation metrics for our models (§8.3.2). While the results of our experiments in this

chapter are inconclusive, we demonstrate that relatively small models are able to make

good progress on our explanation generation task (Figure 8.4) while simultaneously

performing two additional tasks, emotion detection and triggering event extraction

(Figure 8.5, Figure 8.6).

We find the explanation generation task to be a challenging task for models to

perform and also for humans to quantify and evaluate. Outputs of models that perform

well under automated metrics (reference-based and otherwise) do not always appear

high-quality under manual inspection (§8.4.3), supporting prior research that automated

metrics do not necessarily capture human intuitions about quality (e.g., Callison-Burch

et al. (2006)). We find that different arrangements of multitask learning lead to improved

performance according to automatic evaluation for each of our tasks.

• According to reference-based metrics, Flan-T5Split+QA performs best on the

explanation generation task, while Flan-T5GP T generates the most factual expla-
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nations.

• According to almost all metrics, Flan-T5Split+All performs best on the emotion

detection task, while Flan-T5Split+Metaphor scores highest on QAFactEval.

• Flan-T5Split+QA scores highest on the reference-based metrics for event extraction,

while Flan-T5Split performs best according to factuality metrics.

• There is no strong consensus on which models perform most extractively or

most abstractively, though Flan-T5Split+Metaphor, Flan-T5Split+Paraphrase, and

Flan-T5Split+Emotion consistently perform fairly abstractively across tasks.

Overall, according to automatic and human evaluation, our models generally excel

at accurately summarizing the emotional state described in the input and rely on

copying appropriate segments of the input, though they struggle with the more creative

and thoughtful aspects of explanation generation, such as making generalizations or

incorporating world knowledge (which we describe in this work as informativeness).

As with all work, our work is limited by the problem formulation, data, and models

we choose. Because of cost limitations, the data we use in this work is relatively small.

Since this work was begun, newer LLMs have been released, including multiple that

are open-source (e.g., LLaMa (Touvron et al., 2023), Mistral (Jiang et al., 2023)),

which may be able to label more data more efficiently, or even perform the explanation

generation problem on a large scale. As with all of our work in this thesis, the choice of

social media data from Reddit additionally limits the demographics to which we can

say our work applies.

Our contributions in this work include (1) a formulation of the new problem of

emotional explanation generation, including multiple criteria by which an explanation

should be judged (factual consistency, informativeness, and fluency); (2) a new dataset
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for this problem consisting of 10,000 Reddit posts from various emotional subreddits,

along with a seed set of 90 human explanations and a larger set of silver GPT-3

generated explanations; and (3) a suite of distilled models incorporating multitask

learning for this dataset, along with an examination of their capabilities across three

tasks (explanation generation, emotion identification, and triggering event extraction).
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Chapter 9

Discussion for Understanding Emotions and Events

In this section of the thesis, we have presented two types of models designed for

a deeper understanding of emotional reactions: joint emotion-cause detection models

supplemented with commonsense reasoning (Chapter 7) and distilled generative models

trained to explain an emotional reaction in a free-text way (Chapter 8). These two

problems are related but distinct in both scope and execution: we begin by using

sequence tagging to identify the cause of a single emotion as a text span, and we then

proceed to broaden our scope to the more general problem of explaining a holistic

emotional reaction with generated text. These systems also perform emotion detection,

albeit with the help of black-box models rather than expert knowledge thus, we present

unified systems for emotional state detection and explanation. In contrast to Part I of

this thesis, in this part we explore the use of LLMs, which are typically highly capable

but minimally interpretable, to understand and explain emotional reactions. We believe

that the next promising research direction for future work is to combine the model

philosophies from the two parts of this thesis to create capable models that can perform

multiple tasks with the competence of LLMs but the explainability that comes from

integrating domain and expert knowledge into their architecture. To conclude this

thesis, we will begin by reflecting on the themes discussed in this second part.

In Part II of the thesis, we continue to revisit the themes of explainability and

multitask learning found throughout Part I, and we also explore a third theme: the
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inherent fuzziness of emotional tasks. As we discussed in Part I, expert research does not

even necessarily agree on the definition of an emotion, let alone any adjacent concepts.

We find that in NLP, where much of our research is empirical, affective problems are

difficult to operationalize and evaluate because emotion is inherently subjective and

inextricably linked to the person experiencing it. We will discuss each of these themes

in turn.

First, we focus in this part of the thesis on different architectures. In the first part of

the thesis, we primarily used parameter sharing and off-the-shelf post-hoc explainability

frameworks to understand our models’ behavior (Chapter 4), and in this part, we

examine two distinct modeling paradigms. In Chapter 7, we develop more sophisticated

multitask frameworks that perform tasks sequentially, feeding the predictions from one

task in as input for the other, and we create our models to incorporate parameters whose

function should be intuitive to humans. Our models in this section follow a philosophy

of surfacing important predictions at multiple steps to make their processes more

transparent (e.g., using natural language commonsense derived from COMET). Then,

as we proceed to develop models that make use of LLMs (Chapter 8), we demonstrate

a very different and largely non-explainable type of model. While LLMs are capable

of performing more complex tasks such as writing explanations for a given emotional

reaction, it is currently opaque how they arrive at their outputs, and we hope that

future work will make interpertability and explainability a focus.

Second, as in Part I, our models in the second part of this thesis leverage multitask

learning—in this case, as a way to share knowledge between different tasks and improve

model performance. This is in contrast to the first part of the thesis, where we use

multitask learning primarily to improve models’ explainability. In this second part, we

experiment with different mechanisms of incorporating multiple tasks (Chapter 7) and

incorporating many tasks at once (Chapter 8), a more detailed treatment which leads
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to improved performance. We continue to prioritize explainability (for example, using

COMET and sequential multitask learning) and believe there is ample room for future

work to examine the effects of multitask learning on the explainability of larger models

with more target tasks.

Third, we wish to remark on the inherent variability and fuzziness of emotional

problems in NLP. As we saw in Chapter 7, emotion labeling is a task with high variability

even for human annotators. Human emotional states are not often able to be fully

described by a single word. We believe that emotion detection is not inherently a

single-label classification problem; it is likely best described by a vastly multilabel

regression problem where people feel multiple different things at different intensities at

once. As in any branch of science, we can develop theoretical models of emotion that

make some simplifications and are still useful, but as the capability of our computational

models increases, we believe NLP researchers should increasingly focus on understanding

emotion as a more complex problem. We make some initial strides toward this goal

in this thesis, and we find that even defining more complex emotional problems and

the criteria that would characterize a good output is challenging and deserving of

dedicated research in its own right. Different research develops different names and

definitions for the same or similar problems (for example, is it the “cause” of an emotion

or its “stimulus”, and is this interchangeable with the “target”?), and while this is

desirable because it inspires and facilitates many distinct threads of research, we call

for systematic examination of different emotional tasks in NLP, their similarities and

differences, and how they may or may not interact.

9.1 Contributions

The contributions covered in this part of the thesis are as follows:
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Multitask and commonsense-infused models for joint emotion detection

and emotion cause extraction. We present three varieties of multitask model in

Chapter 7 (Multi, MultiC�E, and MultiE�C), along with adapted knowledge model

variants of each that incorporate commonsense reasoning using COMET. We train and

evaluate these models on emotion detection and emotion cause tagging for news headlines,

with each model sharing knowledge differently between the two tasks. A combination

of multitask learning and commonsense reasoning yields the best performance on both

tasks, outperforming single-task baselines as well as either technique alone.

A dataset for the new problem of emotion-focused explanation, and a

characterization of the abilities of distilled generation models. We define

the new problem of emotional explanation generation (Chapter 8), including basic

criteria for a good explanation, and collect a dataset for this problem from Reddit,

Generating Emotional Descriptions (GEDdit). We collect expert human annotations

for a small seed set of data and label a larger corpus with silver outputs generated by

a LLM; we then proceed to train several varieties of distilled models based on T5 to

replicate its behavior, including Flan-T5GP T , Flan-T5Split, and Flan-T5Split+dataset

variants for multiple different kinds of external datasets. Results show that Flan-T5GP T ,

Flan-T5Split+QA, and Flan-T5Split + All perform best at this task at a macro level,

but that overall, this is a complex problem where no one distilled model is superior to

others on automated metrics and human evaluations.

An approach to these problems that is inspired by psychology theory and

incorporates domain knowledge where possible. As we develop our joint emotion

detection and emotion-cause extraction models in Chapter 7, we draw on the external

knowledge model COMET in order to enhance our models’ performance on both tasks.

Meanwhile, when we turn to generating emotional explanations (Chapter 8), we rely

on experts in social science to help us develop our problem definition, create our seed
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annotations, and evaluate the quality of our outputs, giving us a clearer picture of how

our models can actually be useful in a real-world setting.

9.2 Limitations and Future Work

As with any practical, empirical work, the definitions, data, and techniques we

choose impose certain limitations on our results. A significant limitation that applies

to our work in Part I also applies here: data representation. While we use more and

different sources of data in this part of the thesis than just Dreaddit, any selection

of data imposes limitations and bias upon models it is used to train. Our work in

Chapter 8 used GEDdit, which is still sourced from Reddit, albeit more recent data than

Dreaddit. The GoodNewsEveryone dataset we use in Chapter 7 draws on more varied

sources (including a variety of United States news sources), but news headlines are quite

short with little context (making accurate emotion detection difficult), and we have no

readily-accessible information about the demographics of the people represented therein.

As with Part I, we continue to hope that future work will consider the emotional

experiences of all people as expressed in many different genres.

In developing our models, we are struck with the capability of LLMs to perform

complex emotional tasks, as opposed to smaller models. Models based on smaller

language models like BERT demonstrate competence at lower-level tasks such as

sequence tagging, even if the underlying problem is emotionally complex in nature

(such as identifying expressions of emotions and their causes (Chapter 7)). However, we

believe that generation is a much more promising format for understanding emotional

reactions, as paragraph-level output gives our models the space and freedom to include

details and and explanations for their conclusions. We hope that future work will explore

the utility of LLMs for complex emotional problems like these while increasing their
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explainability and transparency. In particular, we believe there is room to incorporate

the kind of expert knowledge we leverage in Part I—for example, by prompting LLMs

to perform relevant side tasks in addition to the target task.

In this work, we also largely limit ourselves to understanding the cause of emotional

reactions, motivated by the widespread acceptance in psychological theory that an

emotion has a stimulus. However, as we have discussed (Chapter 6), NLP research has

examined many other facets of emotions, such as identifying the experiencer or target.

We can also imagine models which focus on explaining other facets of the reaction, such

as what steps a person is taking to handle a negative emotional reaction or how the

emotional reaction is influenced by or influences other people’s emotional states. The

types of free-text explanations we produce in Chapter 8 would be flexible enough to

accommodate many of these additional focuses, and we believe that the logical next step

in this research would be to explore developing different types of emotional explanations

focusing on different aspects of the emotional reactions.

In summary, we have developed models that can flexibly perform emotion detection

for a variety of emotional states and also concurrently perform tasks centering on

understanding these emotions in a deeper way. There are many exciting new directions

for research in this area, including exploring a range of different understanding-related

tasks (such as identifying other semantic roles or explaining relevant social connections

in an emotional situation), developing LLM-based models that incorporate concrete

aspects of expert knowledge such as psychological theory to increase their explainability

and transparency, and ensuring that people across different demographics (gender, race,

nationality, and so on) are accurately represented in training data and future models.
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Chapter 10

Conclusion

Finally, with the emotion-infused distress detection models of Part I and the broader,

more flexible explanation models of Part II, we arrive at the conclusion to this thesis. In

Part I, we began by detecting emotional reactions, presenting both a new dataset for the

new problem of psychological distress detection (based on definitions from psychology

literature) and a suite of models incorporating further psychology research and leveraging

emotion detection to create more human-understandable model predictions for this

problem. In Part II we sought a deeper understanding of the reasons for emotional

reactions, first using multitask models with commonsense reasoning to perform joint

emotion-cause detection, and then using models that generate free-text explanations

of an emotional reaction and its cause. As we set out to do in our introduction, we

have developed computational models that begin to answer the ambitious questions of

“What am I feeling?” and “Why am I feeling this?”

Throughout this work, we have used multitask learning and drawn on domain

knowledge in our models to improve their explainability and performance. We advocate

strongly for the creation of theory-guided models in various areas moving forward.

While we have developed models for limited use cases (for example, theory-guided

models for one type of emotional reaction, distress), as we will discuss in Section 10.2,

future work has many potential avenues to pursue. We believe that it is possible to

fuse our bespoke theory-guided modeling approaches with the adaptive power of LLMs
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to create models capable of understanding a wide range of emotional experiences in

detail and of supporting their conclusions with human-understandable evidence drawn

from research and knowledge in fields like psychology.

This thesis is completed at a very exciting time in NLP, when the rise of LLMs

has dramatically increased the capabilities of our models and enabled a host of new

tasks in a generative setting. Over the course of the thesis, our work evolves from

binary distress detection in Chapter 3 to free-text explanation generation in Chapter 8

thanks in part to the evolution of new models. This progression has allowed us a deeper

understanding of emotional reactions from the beginning to the end of the thesis, and

future research will be capable of many new and exciting tasks. We can envision tools

that produce coherent emotional narratives from a series of texts, provide personalized

access to mental health resources based on individual factors, or interact with users to

build a collaborative understanding of their current emotional state that is meaningful

for the users. We hope that further research in this area will take full advantage of

powerful modern models while keeping explainability at the forefront of its design goals.

10.1 Contributions

We once again summarize the contributions of this thesis:

A dataset for psychological distress detection (Chapter 3), and emotion-

infused models that incorporate emotion detection with existing emotion

datasets (Chapter 4). We present our dataset, Dreaddit, for the new problem

of psychological distress detection, along with multi-pronged analysis of its content

(Chapter 3). We show that Dreaddit contains expressions of distress as well as counterex-

amples from various domains and uncover some features which may be correlated with

distress, including emotional wording, sentence complexity, and first-person pronouns.
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We benchmark contemporaneous state-of-the-art models against this dataset, finding it

to be challenging, and proceed to develop three types of emotion-infused models that

draw on psychology research linking distress and particular common emotions to yield

more understandable results (Chapter 4). Our Multi, MultiAlt, and Fine-Tune models

use visibly different keywords to make their predictions about distress as compared to

a single-task baseline, focusing more on words representing emotional, cognitive, and

social processes.

Multitask and commonsense-infused models for joint emotion detection

and emotion cause extraction in news headlines, showing performance gains

(Chapter 7). To perform the tasks of emotion detection and emotion cause tagging

concurrently, we present three varieties of multitask model (Multi, MultiC�E, and

MultiE�C), along with adapted knowledge model variants of each that incorporate

commonsense reasoning using COMET. We train and evaluate these models on emotion

detection and emotion cause tagging for news headlines, with each model sharing

knowledge differently between the two tasks. A combination of multitask learning

and commonsense reasoning yields the best performance on both tasks (MultiCOMET
C�E

for emotion and MultiCOMET for cause), outperforming single-task baselines as well as

either technique alone.

A dataset for the new problem of emotion-focused explanation, and a

characterization of the abilities of distilled generation models (based on large

language models) for this problem (Chapter 8). We define the new problem

of emotional explanation generation, including basic criteria for a good explanation,

and collect GEDdit, a dataset for this problem from Reddit. We collect expert human

annotations for a small seed set of data and label a larger corpus with silver outputs

generated by a LLM. We then proceed to train several varieties of distilled models based

on T5 to replicate its behavior: Flan-T5GP T , Flan-T5Split, and Flan-T5Split+dataset,
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for a variety of additional datasets and tasks including metaphorical language under-

standing, paraphrasing, question answering, and emotion identification. We evaluate

our explanations using both automatic metrics (for extractiveness, similarity to GPT-3

through reference-based metrics, and factuality) and human evaluation of their quality.

Results show that this is a difficult problem to perform and evaluate, but that overall,

Flan-T5GP T , Flan-T5Split+QA, and Flan-T5Split+All perform well.

An overarching approach that is inspired by psychology theory and

incorporates expert knowledge into our models where possible, enhancing

explanability and performance. We are motivated by theory as we develop our

datasets and models in this thesis. We define the problem of psychological distress

detection throughout Part I by drawing on established psychological theory (Selye,

1976b). In Chapter 8, we also use seed explanations written by domain experts, student

social workers, to define a good target explanation of an emotional reaction. We design

our models with insight from published psychology research, including our multitask

models in Chapter 4 for distress detection and Chapter 7 for joint emotion-cause

detection. Finally, as we analyze trends in our data and results, we support them with

research from other fields (for example, the idea that people experiencing distress tend

to focus on the self and use more first-person singular pronouns (Zimmermann et al.,

2013; Lyons et al., 2018), which we observe in Chapter 3). This approach makes our

models more understandable and their predictions more explainable by drawing on

domain knowledge and it also results in improved performance throughout Part II.

10.2 Limitations and Future Work

In our previous discussions (Chapter 5, Chapter 9), we have laid out several limita-

tions of this work, chiefly including that we have limited ourselves to a specific emotional
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state in Part I (psychological distress), that we have limited ourselves to a particular

additional aspect of emotion in Part II (cause, as opposed to target, experiencer, etc.),

and that our choice of data limits the types of people whose emotional states we can

learn to represent. We also note that our work is unimodal, but there is a proliferation

of image, video, and audio data that carries much emotional meaning, often paired with

text in a multimodal setting (such as social media). Our work furthermore focuses only

on English data; however, the majority of people worldwide express their emotional

experiences in a multitude of other languages, which we cannot assume simply align

with English. We also acknowledge that while responsible and explainable AI is a focus

of our work, there are myriad other ethical considerations involved in developing and

deploying models for mental health in the real world beyond those we consider here,

such as data privacy and the responsibilities of AI models that are deployed without

human oversight.

The first key direction we envision for future work is to combine the domain

knowledge of our emotion detection models with the power and capability of modern

large models. In Part I, we developed bespoke small-scale models for a particular

type of emotional reaction, supported by psychological theory about the nature of

distress. However, since this work was done, much larger models have been deployed

and attain top performance across a range of NLP tasks; the prevailing trend is towards

flexible models that can perform many tasks at once, often with little or no extra

training. These LLMs typically perform well, but because they are so massive, their

inner workings are largely opaque to human interpretation.

Our focus in Part I of the thesis was on developing explainable, responsible models,

which we tackled by incorporating domain knowledge into small-scale models for a

specific type of emotional reaction. Moving into Part II and particularly Chapter 8, we

developed broader models to detect and explain a variety of emotional states, which
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in this work meant that they did not incorporate knowledge about particular theories.

Because we believe it is paramount that AI be deployed alongside (not in place of)

humans and that humans understand how AI makes its predictions (and when it may

be mistaken), we propose a synthesis of these approaches. The size of LLMs and the

number of tasks they are expected to perform generally make it infeasible to modify

existing architectures to incorporate domain knowledge for any particular task. We do

believe that emotional reactions in addition to distress and theories relating to them

should be studied in detail as we did throughout Part I, as computational models can

uncover strong empirical evidence for or against theory. However, our architectures in

Chapter 4 simply applied multitask learning with a related task, leaving the underlying

model’s form intact. Therefore, it should be feasible to incorporate domain knowledge to

arbitrary tasks (including detection of myriad emotional reactions) by simply fine-tuning

existing models in intelligent ways.1

Furthermore, it is a mistake to trust the outputs of models without checking them,

even though the generations of LLMs are typically convincing and high-quality. We

believe that future models should be trained to produce evidence and thought processes

for their predictions (which has also previously been shown to improve performance,

e.g., Chakrabarty et al. (2022); Wei et al. (2022)). Future models trained to provide real

citations alongside their predictions, perform multiple related structured tasks at once

(such as with our explanations in Chapter 8), or provide information about what trends

or gaps in their training data are relevant at prediction time may have great potential

to become more grounded, trustworthy, and understandable. In the world of detecting

emotional reactions, this may include things like detecting multiple semantic roles at

once (cause, experiencer, etc.), giving the model’s best guess about the experiencer’s
1We do also advocate for careful consideration of how future models are designed, including particular

modules that can be readily interpreted. However, this is out of scope of our current research.
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demographics2 or about their personality, or providing the names of relevant concepts

or explicitly discussing the emotional reaction in the context of a relevant theory.

The second major strand of future work we hope receives focus is increasing the

variety of people whose experiences can be understood by computational models in

an unbiased and inclusive way. This is a significant challenge because humans are not

unbiased and not always inclusive, and so any data we generate and any research we

perform is subject to our biases. People can express and perceive emotion differently

in social settings depending on aspects like the ethnicity and gender of the person

expressing and the person perceiving (e.g., Kring and Gordon (1998); LaFrance et al.

(2003); Soto and Levenson (2009)).3 Many further pieces of demographic information

can influence a person’s identity and how they experience the world, such as age, religion,

nationality, sexual orientation, and so on, intersecting to create each individual’s unique

experience. This means that the best judge of what a person is feeling will always be

the person themselves. While it may not be possible for a single model (or a single

person!) to fully understand every possible experience, in order to give our emotion

models the best chance of understanding the experiences of different people, we believe

it is vital they are trained on the experiences of different people.

One important first step in this direction will be to examine the current capabilities

and biases of the models on which we rely for tasks like these. We call for studies on

the accuracy of our models (particularly LLMs) on emotional tasks, additionally broken

down by the demographics of the person whose experience is being analyzed. Here, again,

we may find it enlightening to understand whether our models can correctly predict

what kind of person wrote the text they are analyzing. Moving forward from simply

benchmarking LLMs’ impressive performance, analyzing the emotional capabilities of
2In a demonstrative sense to make hidden biases explicit, rather than as a target task the model

should strive to perform well.
3We are not aware of any research examining whether these visual effects persist in written text

but hope this can be investigated.
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LLMs is a new and developing field among many other facets of study and we hope

that future work will keep diversity one of its primary goals in this area.

Of course, we also advocate for the development and collection of data that represents

different people when we train our emotional models. While we may expect that the

training data of LLMs contains much relevant data by virtue of their size, we both do

not know the data composition of proprietary LLMs and cannot yet say the same about

the smaller curated datasets we use for fine-tuning and evaluation. Gathering this data

will likely be expensive and time-consuming, particularly because we believe we should

also value participants’ privacy when dealing with demographic information, but we

hope that the community will agree that it is important.

In conclusion, in this thesis we have developed limited prototype models for both

detecting and understanding emotional reactions in social media. In Part I, we focused

on developing models to detect a particular type of emotional reaction, psychological

distress; and in Part II, we broadened our scope to develop models that identify the

causes of and generate explanations for a variety of emotional reactions. In our work,

we have utilized both multitask learning and expert knowledge (including psychology

research and commonsense knowledge databases) to design models with enhanced

explainability and performance for our tasks. As the field of NLP moves forward with

future work, we hope that we will develop models that 1) are underpinned by theory

and expert knowledge and 2) represent the experiences of many different types of people

from many different demographic groups.
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Appendix A: Emotion-Cause Joint Extraction Extended

Examples

We include the output of all models for our four selected examples in §7.4.1 in

Table A.1, Table A.2, Table A.3, and Table A.4.

Mexico reels from shooting attack in El Paso
fear

Model Output
BERT negative surprise
BERTCOMET fear
Multi negative surprise
MultiC�E negative surprise
MultiE�C negative surprise
MultiCOMET fear
MultiCOMET

C�E fear
MultiCOMET

E�C fear

Table A.1: All Outputs for Emotion-Cause Example 1. Full model outputs for
our first provided example from Chapter 7.

Insane video shows Viking Sky cruise ship thrown into chaos at sea
fear

Model Output
BERT negative surprise
BERTCOMET negative surprise
Multi fear
MultiC�E negative surprise
MultiE�C fear
MultiCOMET fear
MultiCOMET

C�E fear
MultiCOMET

E�C negative surprise

Table A.2: All Outputs for Emotion-Cause Example 2. Full model outputs for
our second provided example from Chapter 7.
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Durant could return for Game 3
positive surprise

Model Output
BERT for game
BERTCOMET could return for game
Multi could return for game
MultiC�E could return for game
MultiE�C could return for game
MultiCOMET could return for game
MultiCOMET

C�E could return for game
MultiCOMET

E�C could return for game

Table A.3: All Outputs for Emotion-Cause Example 3. Full model outputs for
our third provided example from Chapter 7.

Dan Fagan: Triple shooting near New Orleans School yet another sign of city’s crime problem
negative surprise

Model Output
BERT school yet another sign of city’s crime
BERTCOMET : triple shooting near new orleans school yet another sign of city’s crime
Multi shooting near new orleans school yet another sign of city’s crime
MultiC�E : triple shooting near new orleans school yet another sign of city’s crime
MultiE�C : triple shooting near new orleans school yet another sign of city’s crime
MultiCOMET : triple shooting near new orleans school yet another sign of city’s crime
MultiCOMET

C�E : triple shooting near new orleans school yet another sign of city’s crime
MultiCOMET

E�C : triple shooting near new orleans school yet another sign of city’s crime

Table A.4: All Outputs for Emotion-Cause Example 4. Full model outputs for
our fourth provided example from Chapter 7.
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Appendix B: Emotional Explanation Prompts

Task Instructions or Prompt
Emotion Identification (Ours) What emotions is this person feeling?
Event Extraction (Ours) What event has triggered this person’s emotions?
Explanation Generation (Ours) Explain the feelings this person is experiencing.
BIG-bench Metaphor Boolean Is the second sentence the correct interpretation of the first?
BIG-bench Understanding Metaphor What is the literal intrepetation of this metaphor?
BIG-bench Understanding Fables What is the moral of this fable?

BIG-bench Rephrase Rephrase the given sentence so that it retains its meaning, but
contains the given keyword.

BIG-bench Suicide Risk What level of suicide risk can we identify from this text?
FLUTE Does this premise entail or contradict this hypothesis? Why?
GoEmotions What emotions is this comment expressing?

Natural Questions Read the following document and answer a question about it
in a complete sentence.

Para-NMT On a scale of 0-1, about how similar are these two sentences?
Quora Question Pairs Are these two questions asking the same thing?

SQuAD
Read the following document and answer a question about it
in a complete sentence. If the question cannot be answered from
the text, explain this and offer a plausible guess.

Table B.1: Task Prompts. Individual instructions or prompts given to the Flan-T5Split

+dataset models in Chapter 8.

A full list of prompts and instructions for each of our tasks, as used in the

Flan-T5Split+dataset series of models in Chapter 8, is shown in Table B.1. Note

that classification and regression tasks include classification or regression heads rather

than the language modeling head, but we still pass the model instructions so as to

match the rest of its training.
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Appendix C: Full Individual Model Results for Explanation

Generation Models

The full results of our models from Chapter 8 are shown in Figure C.1, Figure C.2,

and Figure C.3. These tables include models trained with each one of the individual tasks

that compose the group models, and we do find that in many cases their performance

matches or exceeds the performance of the grouped models.

Figure C.1: Explanation Automatic Evaluation Results (Full). The results of all
of our models on the test set, for the explanation generation task. The cells have been
colored from red (undesirable score) to green (desirable score), and the best score in
each column is bolded (see subsubsection 8.3.2 for discussion).
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Figure C.2: Emotion Automatic Evaluation Results (Full). The results of all
of our models on the test set, for the emotion detection task. The cells have been
colored from red (undesirable score) to green (desirable score), and the best score in
each column is bolded (see subsubsection 8.3.2 for discussion).

Figure C.3: Event Automatic Evaluation Results (Full). The results of all of our
models on the test set, for the event extraction task. The cells have been colored from
red (undesirable score) to green (desirable score), and the best score in each column is
bolded (see subsubsection 8.3.2 for discussion).
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