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Abstract

Towards Emotionally-Intelligent Al Systems

Hongli Zhan, PhD
The University of Texas at Austin, 2026

SUPERVISOR: Junyi Jessy Li

Emotions form a crucial aspect of people’s well-being. As Artificial Intelligence
(AI) and Large Language Models (LLM) continue to excel across a diverse range of tasks,
it becomes increasingly important to endow these systems with emotional intelligence
and to apply this capability in ways that meaningfully promote human well-being. In
this dissertation, my goal is to examine the extent to which language models comprehend
human emotions and explore how their emotional understanding can be leveraged to benefit
people — for instance, by fostering long-term emotional well-being and delivering empathic

responses. We develop the dissertation into the following three parts:

Part1l. In the first part of the dissertation, we discuss exploring language models’ ability to
decipher emotions from text. We will dive into two papers, where we investigated language
models’ capability to disclose triggers of emotions (Zhan et al., 2022) as well as uncover
cognitive appraisals of emotions (Zhan et al., 2023)) from text. Results showed that Large
Language Models (LLMs) perform on par with (and in some cases better than) laypeople in

uncovering the implicit cognitive information for emotional understanding.

Part 2. We then dive into utilizing the advanced cognitive capability from LLMs to offer

targeted reappraisals for long-term emotional support. In|Zhan et al.|(2024), we employed



expertise from psychologists to guide LLMs on a subset of appraisal dimensions, and showed
that even LLMs at smaller scales could generate cognitive reappraisals that signi cantly
outperform human-written ones if we guide them with psychologically-informed instructions.
Nonetheless, guiding language models using human expertise can be both time-consuming
and expensive. In Zhan etlal. (2025), we proposed a framework to automatically generate
guidance in the form of constitutional principles speci cally tailored to each input query

in real time. Results revealed that models using principles derived from our framework

perform on par with those using principles crafted by professional psychologists.

Part 3. Finally, we explored LLMs' capability to produce supportive messages that display
empathy. LLMs produce responses rated as highly empathic, yet they are also known to
be formulaic generators across tasks. In Zhan et al. (2026), we investigated whether this
formulaicity extends to the level of discourse moves, i.e., what a response does for the person
it is addressing. This question is especially consequential for empathic dialogue, where
effective support demands not just a kind response at one moment but varied strategies as
a conversation unfolds. We found that LLMs reuse the same discourse moves at nearly
double the rate of humans across turns, a rigidity that holds across models and is invisible
to standard similarity metrics. To address this gap, we introdded (M ulti-turn Inter-
tacticNovelty Training), a reinforcement learning framework that optimizes discourse move
diversity across multi-turn empathic dialogue. The bdstiT variant combined an empathy
quality reward with a cross-turn tactic novelty signal, improving empath242%9% and
reducing cross-turn discourse move repetitior2by% on a4B model over the vanilla
baseline. These results suggested that what current models lack is not empathy itself, but

the ability to vary their discourse moves across the arc of a conversation.
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Emotions form a crucial aspect of people's well-being. As Arti cial Intelligence
(Al) and Large Language Models (LLM) continue to excel across a diverse range of tasks,
it becomes increasingly important to endow these systems with emotional intelligence
and to apply this capability in ways that meaningfully promote human well-being. In
this dissertation, my goal is to examine the extent to which language models comprehend
human emotions and explore how their emotional understanding can be leveraged to bene t
people — for instance, by fostering long-term emotional well-being and delivering empathic

responses. This dissertation consists of the following three main parts:

Part 1: Deciphering Emotions from Text. Revealing“Why does the writer feel
[emotion] ?” is important yet remains unexplored in the eld of Natural Language
Processing (NLP). While emotion detection (typically formulated as a classi cation task
among standard emotion taxonomies) is a well-established task, fewer have sthdted
leads to these emotioms the scope of the text concerned in a data-driven manner. Can
we enhance the ability of language models to identify not only the emotions expressed in
text, but also the underlying events and their appraisals that trigger these emotions? In
Zhan et al. (2022) we investigated emotional tolls caused by COVID-19 by introducing
CovIDET (Emotions and theiifriggers duringCovid-19), a dataset ofT; 900 English

Reddit posts related to the pandemic, which contains manual annotations of perceived
emotions and abstractive summaries of their triggers described in the post. Q&smpET,

we developed models that could jointly predict ne-grained emotions given social media
text, and generate a description of what triggered each emotion. Human evaluation showed
that our models are effective in capturing the underlying triggers of the emotions from the

posts.

Nevertheless, the emotions we experience involve more complex processes: the
same situation can often result in different emotional experiences, based on an individual's

subjective evaluations. These are calbegnitive appraisalsand have been extensively

1published in EMNLP 2022; see §1.
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studied in psychology through theoretical, behavioral, and hand-coded studies. While
Zhan et al. (2022) recognized appraisals to be an integral part of emotion triggers, we did
not treat appraisals as an explicit element of those triggers. How well do LLMs perceive
subjective cognitive appraisals, a crucial component that is necessary to interpret why a
particular emotion is experienced by an individual in a particular event? In Zhan et al.
(2023%, we introducedCovIDET-APPRAISALS a comprehensive dataset that accesses
24 appraisal dimensions annotated acr@$$Reddit posts. For each appraisal dimension,
annotators not only rated the extent to which they perceived the narrator is experiencing the
said dimension, but also provided a rationale in their own language to justify their rating
selection. ©VIDET-APPRAISALSServes as an ideal testbed to evaluate LLMs' capability

to automatically assess and explain cognitive appraisals of emotions. Extensive human
evaluation showed that the most powerful LLM at the time, namely Chat&#iisrbo,
performed on par with (and in some cases better than) laypeople in uncovering the implicit
cognitive information for emotional understanding. This opens a new and promising avenue

of opportunities, which we discuss in the next part of the dissertation.

Part 2: Unveiling Advanced Psychological Capabilities from LLMs: A Case of Targeted
Reappraisal. Having established that LLMs possess the cognitive capabilities to uncover
subjective appraisals of emotions from text, we can subsequently zoom in on the speci c
negative appraisals which lead to negative emotions, and try to change them by offering
targetedreappraisals Based on the cognitive appraisal theories of emotions, this provides
a precise, principled way to help regulate people's emotions in the long term. In Zhan
et al. (20249, we dived into instilling such cognitive reappraisal abilities into LLMs. We
proposed a framework for reframing negative appraisals, eniRe8 ORT(REappraisals

for emotionalSuppORT). To maximize coverage across a wide range of situations, we
identi ed 6 common appraisal dimensions. For each dimendgRIBSORTconsists of a
psychologically grounded constitution (i.e., a list of principles that can be used to dictate

2Published in the ndings of EMNLP 2023; see §2.
3Published in COLM 2024; see §3.
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model behavior) designed by expert psychologiRIESORTcan be incorporated as LLM
instructions, and we explored two such approacheividual guided reappraisallNDV)
anditerative guided re nemenfiTER). Our extensive expert evaluations (with practicing
psychologists holding M.S. or Ph.D. degrees) revealed that even LLMs at smaller scales (e.qg.,
7 billion) can generate cognitive reappraisals that signi cantly outperform human-written

ones if we guide them with psychologically-informed instructions.

However, one caveat with guiding language models using human expertise is that
the process can be both time-consuming and expensive, especially when it involves expert
psychologists. Is it possible to automate the guiding process with as little human supervision
as possible? In Zhan et al. (2025)ve proposedSITUATED-PRINCIPLES (SPR), a
framework designed to automatically generate constitutional principles speci cally tailored
to each input query in real time and utilize them to align the respddB® I utilizes a base
model and a critic model, and its algorithm consists of two stages. The rst stage consists of
a base model that comes up with principles and a critic model that helps the base model to
iteratively re ne the principles. The second stage then applies the principles to direct the base
model's response to the speci c user's input, using the generated principles as criteria for
iterative critique and re nement. To evalué® R1| we examined its performance on guiding
LLMs to produce cognitive reappraisals. Results showed that models using principles
derived fromSPRIperform on par with those using principles crafted by professional
psychologists. In addition to cognitive reappraisP,Rlalso excels in two other situations:
guiding LLMs to generate instance-speci ¢ evaluation rubrics for LLM-as-a-judge, and

generating synthetic data for Supervised Fine-Tuning (SFT), which we detail in the paper.

Part 3: Empathic Al.  In the third part of the dissertation, we explored LLMs' capability to
produce supportive messages that display empathy. People consistently rate LLM-generated
responses as more empathic than human-written ones (Lee et al., 2024b), yet empathy over

the course of a conversation demands that the supporter vary their approach as new concerns

4Published in ICML 2025; see §4.
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surface. In Zhan et al. (2026)we showed that LLMs fail to do this: they are repetitive

not at the lexical or semantic level, but at the levetisicourse moveshe communicative
functions a response performs for the seeker. We rst introduced a taxonoh®eohpathy

tactics (e.g.yalidation questioningreappraisa) and showed that LLMs reuse the same
tactic sequences at substantially higher rates than human supporters in single-turn settings.
We then extended this nding to multi-turn conversations, where the rigidity compounds:
once a tactic appears in a supporter turn, LLMs reuse it in the next at nearly double the rate
of human supporter®(60-0:56 vs. 0:27), a pattern consistent across models and invisible

to standard similarity metrics. To address this gap, we introdded (M ulti-turn I nter-
tacticNovelty Training), a reinforcement learning framework that optimizes discourse move
diversity across multi-turn empathic dialogue. The BdstiT variant combined an empathy
quality reward with a cross-turn tactic novelty signal, improving empath24%% and
reducing cross-turn discourse move repetitior2byd% on a4B model over the vanilla
baseline. These results suggested that what current models lack is not empathy itself, but
the ability to vary their discourse moves across the arc of a conversation.

5See §5 for details.
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Chapter 1: Why Do You Feel This Way? Summarizing
Triggers of Emotions in Social Media Post$

Crises such as the COVID-19 pandemic continuously threaten our world and emo-
tionally affect billions of people worldwide in distinct ways. Understanding the triggers
leading to people's emotions is of crucial importance. Social media posts can be a good
source of such analysis, yet these texts tend to be charged with multiple emotions, with trig-
gers scattering across multiple sentences. This paper takes a novel angle, aaragbn
detection and trigger summarizatipaiming to both detect perceived emotions in text, and
summarize events and their appraisals that trigger each emotion. To support this goal, we
introduceCovIDET (Emotions and theiifriggers duringCovid-19), a dataset of 1,900
English Reddit posts related to COVID-19, which contains manual annotations of perceived
emotions and abstractive summaries of their triggers described in the post. We develop
strong baselines to jointly detect emotions and summarize emotion triggers. Our analyses
show thatCovIDET presents new challenges in emotion-speci ¢ summarization, as well as
multi-emotion detection in long social media posts. We rel€aselDET and our code at
https://github.com/honglizhan/CovidET

1.1 Introduction

Large-scale crises such as the COVID-19 pandemic continuously cause emotional
turmoil worldwide. People are emotionally affected in different ways, e.g., online education
has led to mental health issues among students (Akp nar, 2021) as well as parents (Cui
et al., 2021); lock-down policies are protective for the vulnerable (Flaxman et al., 2020;

Hsiang et al., 2020) while economically disastrous for many (Odii et al., 2020). Emotion

1This paper was originally published in the Proceedings of the 2022 Conference on Empirical Methods
in Natural Language Processing (EMNLP 2022) with the following authors: Hongli Zhan*, Tiberiu Sosea*,
Cornelia Caragea, and Junyi Jessy Li (* denotes equal contributions). My role is the rst author. The paper is
available online ahttps://aclanthology.org/2022.emnlp-main.642/
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analysis — botldetectingemotion and understanding whaggersthe emotion — brings
invaluable insights both practically (e.g., for rstresponders, counselors, etc) and in scienti ¢
research (Arora et al., 2021; Uban et al., 2021).

While emotion detection (typically formulated as a classi cation task among standard
emotion taxonomies) is a well-established task (e.g., Mihalcea and Strapparava (2012);
Wang et al. (2012); Abdul-Mageed and Ungar (2017); Khanpour and Caragea (2018);
Demszky et al. (2020) and in crises contexts (Desai et al., 2020; Sosea et al., 2022)), fewer
have studiedvhat leads to these emotioms the scope of the text concerned in a data-driven
manner. Xia and Ding (2019) adopt an extraction setup to identify emotion “causes” that
is limited to the clause level, where only one (explicitly expressed) emotion and one cause
are associated. This does not generalize to long, spontaneous social media posts that are
emotionally charged. lllustrated in Figure 1.1, distinct emotions are triggered by different

events across multiple sentences.

Additionally, how these events are subjectively evaluated, interpretedmaised
e.g., “l can't do anything about it” in the rst example of Figure 1.1, also contribute to the
emotion (Smith and Ellsworth, 1985; Ellsworth and Scherer, 2003). The fact that different
individuals may have distinct appraisals towards the same event (Moors et al., 2013) further

highlights the challenging nature of understanding what triggers an emotion.

In this work we take a novel view, and formulate emotion-trigger detection as an
abstractive summarizatiaiask that synthesizes a natural language description of the events
and their appraisals that trigger a particular emotion. We frame our woekmasion
detection and trigger summarizatigRigure 1.1), which entails both detecting perceived

emotions in text, and summarizing triggers for each emaotion.

We presenCoVIDET (Emotions and theiffriggers duringCovid-19), a new dataset
sourced froml; 883 English Reddit posts about the COVID-19 pandemic. Each post is
annotated with 7 ne-grained emotion labels; for each emotion, annotators provided a
concise, abstractive summary describing the triggers of the emotion. The triggers are

furthervalidatedin a separate stage&€COVIDET spans from June 2021 to January 2022,
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Figure 1.1: An example fror€oVIDET, with perceived emotion(s) identi ed and their
trigger(s) summarized.

capturing various signi cant events as well as how they were emotionally appraised during
the pandemic. Compared to prior emotion studies that consider only sentence-level texts
(Sosea and Caragea, 2020; Demszky et al., 2020) or (short) tweets (Sosea et al., 2022;
Abdul-Mageed and Ungar, 20170oVIDET is challenging as it contains signi cantly
longer texts. We showcase examples oM ET in Appendix 811.9.1.

Analyses ofCOVIDET reveal that negative emotions suchfear andangerare
prevalent. These emotions co-occur most frequently wiiticipation which consistently
rise after the Omicron subvariant became more dominantfe&hdropping. Topic mod-
eling over the trigger summaries points to irritations toward those who don't mask or get

vaccinated, and positivity towards the vaccines.

Using CovIDET, we benchmark models for emotion detection and emotion-trigger
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summarization. We employ both separate emotion detection and trigger summarization mod-
els, as well as joint models that we designed to simultaneously detect emotions and generate
trigger summaries. Our experiments showcase the distinct nature of our task, emphasizing
that COVIDET is vital to training reliable emotion detection and trigger summarization
approaches in a Covid-19 conteKoVIDET bears various unique characteristics, ranging
from its long sequences and invaluable context to the nature of the task itself. Therefore,
general emotion detection or summarization models unsurprisingly lag behind in perfor-
mance compared to our methods. Moreover, human evaluation of the generated trigger
summaries tailored for emotion-trigger summarization indicates that our models are effective

in capturing the underlying triggers of the post.

1.2 Related Work

Summarization. Recent pre-trained models led to substantial progress in single document
summarization. In the case of abstractive summarization, encoder-decoder transformer
models are used to synthesize a concise description of the most salient concepts in the
input (Lewis et al., 2020; Zhang et al., 2020). Signi cant efforts in summarization focus on
news because of the availability of large datasets such as CNN/DailyMail (Hermann et al.,
2015) and XSum (Narayan et al., 2018); in the domain of social media, TL;DR sentences
has been mined in Reddit to serve as summaries and train modaké\éet al., 2017; Kim

et al., 2019). However, generic summaries tend not to be informative if users are concerned

with speci ¢ emotions expressed.

In this sense our setup ts into settings where only a certain part of the content
is of interest to the user. We could view our task as answering a quatlyy ‘does the
writer feel [emotion]?. However, such queries are more general than query-based summa-
rization (Daung Ill and Marcu, 2006; Otterbacher et al., 2009; Schilder and Kondadadi,
2008; Nema et al., 2017; Baumel et al., 2018; Laskar et al., 2020; Su et al., 2021; Zhong
et al., 2021), where queries tend to be more document-speci c. Perhaps a closer task is

opinion summarization, or aspect-based summarization more generally. In opinion summa-
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rization, models need to summarize affect/opinions about a certain aspect of a service or
product (Popescu and Etzioni, 2005; Angelidis and Lapata, 2018; Huy Tien et al., 2019;
Suhara et al., 2020; Angelidis et al., 2021; Amplayo and Lapata, 2021); on the contrary, our
setup entails identifying the emotions and summarizing the events and how they were made
sense of with respect to each emotion. In aspect-based summarization, existing work has
explored summarizing with respect to pre-designated aspects of certain news (Frermann and
Klementiev, 2019; Ahuja et al., 2022), and entities mentioned in text (Maddela et al., 2022).

Emotion Cause Extraction. Emotion Cause Extraction (ECE) is a task that aims to
extract the events triggering a particular emotion (Khunteta and Singh, 2021). ECE was
rst introduced by Lee et al. (2010), where they de ned the task as extracting word-level
causes to the given emotion in text. Chen et al. (2010) and Gui et al. (2016) expanded the
task to clause-level cause detection; Xia and Ding (2019) aimed to removed the constraint
that emotions must be human-annotated before conducting automatic cause extraction, and
thus proposed Emotion-Cause Pair Extraction (ECPE) aiming to extract potential pairs of
emotions and causes in a document. Most of the datasets are in Chinese, in either micro-blog
or news domains (Gao et al., 2015; Gui et al., 2016; Gao et al., 2017).

In contrast, we study a more generalized notiotrigigers of an emotion where
readers are asked to actively appraise and interpret the emotions together with their stimuli
in the document, rather than solely identifying the events behind each emotion. We use
abstractive summarization to handle triggers, which can better synthesize inter-connected

complex events and abstract concepts, as well as making the output contextually independent.

1.3 Dataset Construction

We presenCoVIDET, a novel dataset from English Reddit posts that is manually
annotated with emotions and summaries of their triggers. This section discusses the data
creation process; ill.4, we discuss inter-annotator agreement and our human veri cation

process.
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[1.3.1 Selecting & Curating Reddit Posts

We gather posts fromlCOVID19 _support 2. We select it as the source of our
data because of its rich personal narration: rather than COVID-19 news snippets, this
subreddit is targeted for people seeking any community support during the pandemic. We
randomly sample posts before (from Jun 23, 2021 to Oct 1, 2021) and after (from Dec 1,
2021 to Jan 25, 2022) Omicron, a COVID-19 variant that emerged during December 2021.

We restrict posts to be betwe&0-400tokens long (punctuation excluded); this
allows us to have posts that are long enough, but still manageable for crowdsourcing tasks.
Close scrutiny shows that the postsGoVvIDET center around 100 tokens in length; the
distribution of the length of the posts is given in Figure 1.2. The average length of posts in
CoVIDET is 1564 tokens (std.dev 83.3). We mask web links with afurl]  token and
do not provide the metadata to our annotators. Note that 6 posts have length under 50 tokens:
this is because we perform@arl]  maskingafter length Itering when collecting the

source data. Details of the full preprocessing procedure are provided in Appendix 811.9.2.

[1.3.2 Annotation Task

Instructions. Annotators are rst asked to annotate Plutchik basic emotions (Plutchik,
2001) they perceiveanger, anticipation, joy, trust, fear, sadness, and disgudultiple
selection is allowed, and we also providea@e of the aboveption in case no emotion is

perceived.

Once the annotators select an emaotion, they are asked to summarize the trigger(s)
to their perceived emotions, speci cally an abstractive summary in their own words, in the
author's voice. The summaries should contain trigger(s) to the emotion rather than just
re ecting the emotion itself. We provide the detailed instructions to our annotation task in
Appendix 811.9.3.

2https://www.reddit.com/r/COVID19_support/
SAfter annotation, we found very littlsurprisein the training and validation sets (59 in total), thus we
leave outsurprisefor this work.
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Figure 1.3: Emotion distribution of

Figure 1.2: Distribution of the length of COVIDET, ranked by the number of ex-
posts in ®VIDET. amples. Colors indicate the inter-annotator

agreement measured by the PEA score.

Annotators. We recruit two different groups of annotators. The rst group consists of
trained turkers from Amazon Mechanical Turk. The workers' locale is the US, and they have
completedb00+ HITs with an acceptance rate95%. This group contributes tBOVIDET's

training and validation sets. The second group consists of 2 linguistic undergraduate students,
who contributes to the test set. To ensure the quali@fIDET, both groups of annotators

are trained and quali ed in a pre-quali cation process. We also ask them to revise their work

when needed during annotation.

Pre-Annotation Training. We trained the annotators before they annoG&IDET. We

set up a quali cation task on the Amazon Mechanical Turk. The quali cation task involves

3 posts, and annotators are required to complete the quali cation task. Through manually
examining the annotators' work on the quali cation task and comparing the annotations to
thegold annotations we develop, we lter high-quality annotators and give them the access
to our annotation task. We also provide feedback to their annotations. The turkers are paid
at least$10 per hour. To ensure this goal is reached, we keep track of their working time on
the backstage and give out bonuses accordingly when needed.
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Annotation Revisions. During the process of the annotation GoVvIDET, we regularly

review the annotations and give feedback accordingly. When needed, we send the annota-
tions back to the annotator along with the original post, and ask them to revise their work
based on our suggestions. Note that the annotator is responsible for the revisiem oivn

work only.

[1.3.3 Benchmark Dataset

We annotated; 485posts on the Amazon Mechanical Turk, each annotated by two
independent workers. Since the neutral class is very infrequent, we remove it from our
experiments. To facilitate our experiments, we split the exampled j@2@0examples for
training and285examples for validation. Our test set — which is annotated by linguistic

undergraduates — contaiB98examples.

If at least one annotator labels a post with an emagidhen we include emotioeas
an emotion label. In cases where both annotators assign an eradti@npost, we consider
the trigger summaries as two separate training examples for the trigger summarization task.
In cases where a post has two different trigger summaries in the validation or the test set, we

consider them as multiple references when computing our metrics.

1.4 Agreement and Validation

To account for the quality o£oVvIDET, we measure the inter-annotator agreement
in emotions §l1.4.1) and triggers§ll.4.2). The annotations are further validated through
human inspection i8l1.4.3. Results reveal that annotators tend to agree with each other in

emotions whilst using varied vocabularies when summarizing the triggers.

[1.4.1 Agreementin Emotions

Percentage Overlap. For each example i@ovIDET, we measure the number of emotions
in which both annotators agree upon. Results show that in 81.4% of the examples in

CoVIDET, both annotators agree on at least 1 emotion label; in 26.6% of the examples,
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both annotators agree on at least 2 emotion labels.

PEA Score. To account for distances between emotions (e.g., disgust is further away from
joy than from anger), we report the Plutchik Emotion Agreement (PEA) metric (Desai et al.,
2020) for the inter-annotator agreement of emotions annotat€dwpET. We rst report

the average PEA score among annotators weighted by their numbers of annotations, which
is 0.8 for the training and validation sets combined, and 0.821 for the test set (0.804 for all

three combined). These numbers indicate high agreement (Desai et al., 2020).

Figure 1.3 shows per-emotion PEA scores, along with the frequency of each emotion.
All emotions have high agreement; the highest are anfieagandanger, with the average

PEA scores at around 0.85; the lowedrisst, with the average PEA score at around 0.74.

Finally, to calculate agreement between students and crowd workers, we randomly
sample 208 examples from the training set and ask the linguistic undergraduate students
to annotate them from scratch. We assign one student per example for validation. The
average PEA score between crowd workers and linguistics students is 0.832, suggesting
high agreement.

11.4.2 Similarity in Triggers

We further examine the similarity in the annotated summaries of triggers when two
annotators both select the same emotion for one example, using ROUGE (Lin, 2004) for
lexical overlap and BERTScore (Zhang* et al., 2020) for semantic similarity. The average
BERTScore (F1) between the two annotators is 0.883, indicating highly similar summaries.
Yet the lexical overlap is low: the average ROUGE F scores between two annotators are:
ROUGE-1: 0.255, ROUGE-2: 0.055, ROUGE-L: 0.190.

For those posts doubly annotated by linguistics students and crowd workers, the
ROUGE values are similar for students vs. workers: BERTScore: 0.876; ROUGE-1: 0.246,
ROUGE-2: 0.063, ROUGE-L: 0.188.

“Multi-reference ROUGE and BERTScore are applied in cases where all 3 annotators agree in the same
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‘AGR DSG FER JOY SDN TRS ANC Avg

Emotion 0.96 0.92 0.96 1 0.96 0.88 0.92 0.94
Trigger |0.92 0.92 0.96 1 0.96 0.84 0.88 0.93

Table 1.1: Human validation results on the annotated emotions and abstractive summaries

of triggers.
AGR | DSG | FER | JOY | SDN | TRS | ANC
covid | disgusted covid happy sad trust covid
annoyed| covid afraid covid covid covid expect
people | people | getting |vaccinated feel vaccine | looking
angry feel scared | pandemic|pandemicinformation know
don don going vaccine life people |interested
vaccinateglpandemic vaccine | getting don believe people
pandemig getting | worried | people like vaccines |symptoms
just like risk feel just help test
want vaccine |concerned Dbetter people | pandemic| getting
life just health good friends | vaccinated want
going mask |vaccinated able time credible | going
vaccine | going |[symptoms really lost protect |vaccinated
getting |vaccinated fear know going know vaccine
family want don news really end positive
really family effects |vaccination want feel guidance

Table 1.2: Results of topic modelling through LDA (Blei et al., 2003). The words are

associated with the most prominent topic among the abstractive summaries of triggers of
each emotion category inGvIDET.

[1.4.3 Human Validation

In addition to the automatic evaluation metrics above, we also validate the emotion-

trigger annotations iI€OVIDET through human inspections. We set up a human validation

task on the Amazon Mechanical Turk, and recruit a new group of quali ed workers. We

randomly sample 300 examples from our training set for validation. The emotion annotations,
as well as the abstractive summaries of triggers, are validated.

We describe the validation framework as follows. The validators are given an

emotion.
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Figure 1.4: Emotion distribution in @/IDET over time (by week).

annotated trigger summary. We rst validate whether the summary actually indicates the
annotated emotion by asking a yes/no question. Next, if the validator con rms the presence
of emotion in the summary, we then ask whether the summary indeed expressggtre

and not theemotionby raising another yes/no question. We present the validation results
based on the abstractive summaries in Table 1.1. The numbers indicate the proportion of

examples on which validators con rm upon.

Overall, the human validation results indicate fairly high correctness in our annota-
tions. It should be noted that annotators commonly adopt some sentence patterns that can be
easily identi ed as emotion triggers. For example, in expressing the abstractive trigger for
anger, an annotation ifCoVvIDET is | am angry that they would put me at risk of catching

COVID and not tell mea sentence which is highly linguistically explicit of the emotion.

1.5 Data Analysis

Emotion Distribution. On average, there aB46 emotions (“none” excluded) per exam-
ple in CovIDET. Figure 1.3 shows the general emotion distributiol€olVIDET. Fear is
the most common emotion @OVIDET, closely followed byanticipation There is clearly
a gap among the emotions, with positively valenced emotions sucbhsasndjoy rarely

presentin ©@VIDET. This is predicted given the catastrophic nature of our domain.
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Figure 1.5 Emotion co-occurrences inggyre 1.6: Architecture of our joint emotion
CovIDET. detection and trigger summarization model.

We present the emotion co-occurrence heatmap in Figuréhitcipationco-occurs
with fear andangermost frequently inCoviDET. Close scrutiny of the data reveals that the
poster is either predicting negative events during COVID-19, or expecting advice on what

do do under austere situations.

Emotion Trend. We present a temporal analysis of the emotion distribution by week in
Figure 1.4, using a red vertical line to separate pre- and post-Omicron. Interestingly, we
notice that the amount @nticipationconsistently rises after the outbreak of the Omicron
COVID-19 variant, whereas the expression of negative emotions inclaaiggrandfear
becomes less prevalent, possibly due to the nature of the Omicron variant, which was less
harmful compared to previous variants (Sigal, 2022). This result is also unsurprising in that

people are getting weary and tired after two years of avoiding COVID-19.

Trigger Summary Abstractiveness. The average length of trigger summariesli809
characters 26:9 words /1:2 sentences. We measure the abstractiveness of the annotated
abstractive summaries of triggers by computing the ROUGE score between the abstractive

summaries and the post. we use ROUGE-n precision scores to calculate how abstractive the
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annotated abstractive summaries are compared to the post. Results are: ROUGE-1: 0.576,
ROUGE-2: 0.149, ROUGE-L: 0.392. The results indicate that the trigger summaries are
fairly abstractive with respect to the original posts io\GDET.

Topic Variation.  To better understand the triggers of each emotion, we use Latent Dirichlet
Allocation (LDA) (Blei et al., 2003) to extract the topics in the trigger summaries of each
emotion. The triggers are lower-cased, and punctuation as well as stopwords are removed.
We showcase the unigrams corresponding to the most prominent topics in Table 1.2. We
observe a clear difference among the topics of triggers behind the emotions. For example,
we notice words such adon, vaccinategd andmaskin emotions likeanger or disgust
suggesting that the posters are annoyed that people are not masking or vaccinated to prevent
the spread of the pandemic. On the other hand, we see words suatcas believe and
crediblein trust, denoting that the posters believe in the capability of the vaccines to protect

them from the virus.

1.6 Methods

We discuss our methods across three main dimensions: emotion detection, summa-

rization, and joint emotion detection and trigger summarization.

I1.L6.1 Separate Models

Emotion Detection. To perform emotion detection, we experiment wihEmolLex, a

weak baseline based on the EmoLex lexicon (Mohammad and Turney, 2013), where words
are associated with Plutchik basic emotions. For each post, we assign an eaibticare

exists a word from EmoLex associated w&?) GoEmotions (Demszky et al., 2020), which
involves training a BERT-large model (Devlin et al., 2019) on the GoEmotions dataset, which

is composed of sentence-level examples from a general Reddit dagh&larricaneEMO

(Desai et al., 2020), the same approach with the model trained on a Twitter disaster dataset.
Finally, we use &) BERT-large model ne-tuned o€oVIDET using the [CLS] token and
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an additional linear layer to classify the entire post.

Abstractive Summarization. We perform abstractive trigger summarization using two
backbone modelst) Pegasus (Zhang et al., 2020) pretrained on Reddit TIFU (Kim et al.,
2019) and?) BART (Lewis et al., 2020) pretrained on CNN/DailyMail (Hermann et al.,
2015). For each model, we evaluate the summaries with and without ne-tuning on
CovIDET. We employ a separate summarization model for each emetiamich we
ne-tune using the abstractive summaries of triggersfoie also experiment with two
standard heuristic baselines: i.e., considering the rst sentence in thelpssi\(T) or the

rst three sentences (3€NT) as the trigger summary.

[1.6.2 Joint Emotion Detection and Trigger Summarization

We propose a joint model based on BART that can be trained to simultaneously
perform emotion detection and abstractive trigger summarization for a particular emotion
e using a multitasking framework. The model follows the architecture of BART (Lewis
et al., 2020), where we add a single linear layer for emotion classi cation. We show
the architecture of our model in Figure 1.6 and detail our training procedure as follows:
Given an emotiore and a batch size @, we rst sample a positive set (% examples:

Xp = F(X1; Y15 81); (X2 Y25 S2); :::(x%;y%;s%)g, where
yi=z=e j i= 1:::% (1.2)

ands; is an abstractive summary of the trigger for emotiprand postx;. Next, we

sample a set of negative examples for classi cation of the same size as follows:

f(Xg.11Y5.1)i (X521 Ye.0)i i(Xe 1Y )G, where:
. . _B
yi6e | i= ?::B (1.2)
Finally, we use a weighted combinations of the summarization and classi cation losses to
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‘AGR DSG FER JOY SDN TRS ANC AVG

EMOLEX | 356 205 567 487 425 135 178 336
GOEMOTIONS| 454 201 653 504 583 151 413 422
HURRICANEEMO| 37:1 168 583 452 607 172 437 399
BERT-LARGE| 681 202 868 542 695 203 645 548

BART—FT—JOlNT\69:5y 206 878 547 713 20:8 659 558Y

Table 1.3: Results of our models in terms of F1 on emotion detection. We report the average
performance of ve independent runs. We use bootstrap statistical signi ¢aeseng over
BERT-LARGE with p < 0:05and200samples of siz&0%of the test set.

train our model:

N

B
L = Le(Xisyi)+ (1 ) Ls(Xi;si) (1.3)
i=0 i=0

whereL . andL g are the regular classi cation and summarization losses.

[I.7 Experiments and Results

11.7.1 Experimental Setup

We carry out all our experiments on an Nvidi&®@00GPU. We use the HuggingFace
Transformers (Wolf et al., 2020) library for our model implementations and we will make
the code for our methods and data available. We report the performance for emotion
detection in terms of F1 and use automatic approaches such as ROUGE (Lin, 2004) and
BERTScore (Zhang* et al., 2020) to evaluate the summarization performance. To enable a
fair comparison with the joint model, for summarization, we only consider test examples
where the joint model emotion predictions are correct to compute summarization metrics.
We run our approaches ve times with different model initializations and report average
values. We provide extensive details about our hyperparameters, such as batch size or loss
weighting in Appendix8ll.9.4. Additionally, we carry out an extensive human evaluation
of trigger summaries generated by our BART-FT-JOINT model and a general BART (Lewis
et al., 2020) model trained on CNN/DailyMail.
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ANGER DISGUST FEAR Joy SADNESS TRUST ANTICIPATION
R-L BERTSc| R-L BERTSc| RL BERTSc| R-L BERTSc| R-L BERTSc| RL BERTSc| R-L BERTSc

1-seNT | 0:121 Q575 | 0:112 Q545 | 0:122 0528 | 0:103 Q518 | 0:115 Q506 | 0:118 Q537 | 0:119 Q507
3-SENT | 0:142 0598 | 0:129 0562 | 0:153 Q0535 | 0:154 0537 | 0:134 Q517 | 0:152 0548 | 0:142 Q527
PEGASUsS| 0:164 0594 | 0:141 0560 | 0:161 Q548 | 0:155 0536 | 0:153 (0562 | 0:151 Q546 | 0:153 (0542
BART | 0:161 (0587 | 0:138 0558 | 0:164 0529 | 0:149 0551 | 0:157 Q559 | 0:158 Q571 | 0:164 Q558
PEGASUSFT | 0:185 Q0681 | 0:155 Q713 | 0:199 Q739 | 0:158 0683 | 0:173 Q705 | 0:164 0663 | 0:193 Q736
BART-FT | 0:190 Q705 | 0:159 Q695 | 0:206 Q748 | 0:165 Q699 | 0:177 Q718 | 0:162 0653 | 0:198 Q749

BART-FT-JOINT | 0:190 Q701 | 0:158 Q706 | 0:203 Q729 |0:163 Q694 | 0:175 Q713 | 0:165 Q659 | 0:196 Q746

Table 1.4: Results of our models in terms of ROUGE-L and BERTScore on the trigger
summarization subtask of emotion detection and trigger summarization. We report the
average performance of ve independent runs.

[1.7.2 Results

Emotion Detection. We show the F1s obtained using our models on emotion detection

in Table 1.3. First, we observe that our lexicon-based EmoLex approach performs poorly
compared to other methods. We also note that approaches trained outside our domain lag
behind considerably compared to approaches trained on our data. Speci cally, a BERT large
model trained on our data outperforms the GoEmotions model by as m@3%&is F1 on

anger an®8%in fear. We observe the same trend for models trained on hurricane disasters,
which decrease the performance38foon fear and% on joy. This result indicates that
models trained on natural disasters generalize poorly to Covid-19, further emphasizing the
uniqueness of our dataset. We also note that our BART-FT-JOINT model, which is trained
on our data to perform both detection and summarization obtains an average improvement

of 1% over the BERT-large model.

Trigger Summarization. We show in Table 1.4 the results obtained in terms of ROUGE-L

and BERTScore on the summarization task. First, we note that basic approaches such as 1-
SENT or 3-SENT, which select the rst sentences in a post as the trigger summaries, perform
similarly to general summarization models like the Pegasus model trained on Reddit TIFU
or the BART trained on CNN/DailyMail. This result highlights the distinct nature of our
trigger summarization task, which bears very few similarities with a general summarization
task. Fine-tuning these models on our data, however, brings substantial improvements. We

see improvements as large89in terms of BERTScore by ne-tuning a BART model
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METRIC | Coherence Consistency Fluency Relevance Extractiveness
BART | 4:947 5000 4974 2158 4970
BART-FT-JOINT | 4:262 3548 4286 4048 2530

Table 1.5: Results of our trigger summary human evaluation procedure along four quality
assessment dimensions.

on anger and9%on anticipation. Our ne-tuned models also consistently outperform the
baselines in ROUGE-L. For instance, our ne-tuned Pegasus obtains an improvement of
4:2% ROUGE-L on fear an@% on sadness. We note that applying our joint model results

in no loss of performance across all emotions.

We emphasize that in practice, generating trigger summaries and detecting emotions
using a joint model has various advantages over single-task approaches, such as reduced
memory footprint (i.e., by using a single model) and reduced inference time. Moreover, our
approach improves the performance in emotion detection.

[1.7.3 Human Evaluation of Model Summaries

We perform human evaluation and qualitative analysis of our model-generated trigger
summaries to measure the overall quality and compare our BART-FT-JOINT model against
a general BART summarization model.

Following Fabbri et al. (2021), we instruct two expert annotators with linguistics
expertise to grade with a score frdinto 5 (wherelis the lowest score1trigger summaries
generated by our joint model (three per emotion) along four dimensiGudterence
ConsistencyFluency andRelevanceCoherence refers to the collective quality of all the
sentences in the summary and consistency measures the factual alignment between the
summary and the summarized source. Next, we evaluate the quality of individual sentences
from the post using uency and measure how well the summary captures the emotion
triggers through relevance. To offer a better understanding of these metrics, we detail them

further in Appendix&l1.9.5. Additionally, we also evaluate the summaries for the amount of
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Extractivenes$i.e., the amount of information copied from the original post).

We show the evaluation results in Table 1.5. The reported metrics are the average
scores of the two individual annotators' scores. We measure the agreement between the two

annotators by computing the average score differences between their responses.

Evaluation of BART-FT-JOINT yields a small average differenc@:600, indicating
that the two annotators have good agreement on the assigned scores. The generated sum-
maries have a good quality, with an average scork d¥e also note that the lowest score of
3:548is obtained on consistency, indicating that the model can introduce non-factual details,
and emphasize that our summarization model performs well identifying triggers, where it
obtains a score a£.048 To offer additional insights into the summaries generated by our
joint model, we show an example in Figure 1.7. The post is annotated as joy and anticipation,
and we provide both the gold and the model generated summaries. The summary for joy
emotion is extremely effective capturing the trigger; i.e., the progress towards beating the
Delta variant. However, we also note some model errors, such as the repetition of the word
“hopeful”. The annotators indicate that the model outputs tends to be two sentences long and
the overall quality is good. Besides scoring the summaries, we also instruct annotators to
spot such mistakes of the model in order to identify potential areas of improvement. We
detail our ndings in Appendix 811.9.6.

As mentioned, we also provide in Table 1.5 the Likert scoring of the generic sum-
marization model by linguistic experts. Inspection of the data reveals that the generic
summaries tend to be word-to-word extractive of the original post, leading to high scores
in coherence, consistency, and uency. However, the generic summaries perform badly in
terms of relevance, suggesting that the models are not capturing the triggers of the emotions.

This is also re ected in the low BERTScore performance for the generic models.

1.8 Conclusion

We propose a new task entitlechotion detection and trigger summarizatiovhich

aims to jointly detect perceived emotions in text and summarize the events as well as their
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Figure 1.7: Human Evaluation Example.
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appraisals that trigger each emotion. To address the task, we intrGdwee ET, a dataset

of 1;883 English Reddit posts on COVID-19 annotated with emotions and abstractive
summaries of their triggers. Experiments using our proposed joint model on the dataset
reveal thatCoVIDET is a vital resource for training models to capture emotions and their
triggers in text. Our thorough evaluation of model-generated summaries emphasizes that
CoVIDET is a challenging benchmark, and our error analysis indicates potential areas of

improvement (e.g., improving the factuality of the summaries).

1.9 Appendix

[1.9.1 Dataset Examples

An example ofCoVvIDET is shown in Figure 1.8. This example includes annotations

from both annotators. Annotations for different emotions are in distinct colors.

[1.9.2 Data Curation Details

Here we detail the preprocessing procedure over the source data. We preprocess the
source data using regular expressions. As the rst step, we tokenize posts into individual
words. Speci cally, we apply the following regular expressions in combination with the

NLTK word_tokenize package to tokenize posts into words:

re.sub("\s+"," ", post)
re.sub(r'(?<=[.,'2D="\s])', r' ', post)
re.sub(r'\s([?.!,:"](?:\s|$))', r'\1', post)
nitk.tokenize.word_tokenize(post)

Then we exclude punctuation from the tokenized posts and Iter the posts that are
50-400 tokens long. Finally, we mask web links by substituting them[untp  tokens

using the following regular expressions:

pandas.Series.  str .replace(r'http\S+', '[url]’). str.strip()
pandas.Series.  str .replace(r"'(?i)\b((?:https?://www\d{0,3}[.]|[a
-20-9.\-J+[[a-z){2,4}/)(?:[\sO<>]+N([MNsO<>]+(M[\s()
<>4)))  *\HEN((\sO<>1HMMsO<>]+) *VINs™10
\NG:,<>2<<s>> )™, urd]). str.strip()
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Figure 1.8: Example of GVIDET.

[1.9.3 Annotation Instructions

Comprehensive instructions are provided to the annotators, as demonstrated in Figure
1.9. Note that the instruction page pops up as a modal before every annotation, so as to
remind the annotators of the task framework. We also ask the annotators to pay special
attention to a few principles as follows. For the emotion annotations, we ask annotators
to follow the emotion guidelines on the Six Seconds websital interpreanticipation
as (good or badgxpectancyPlutchik, 1958). For the trigger annotations, we instruct
annotators to annotate summaries contaitiiggersthat lead to the emotion instead of

sentences expressing thenotionitself.

Shttps://www.6seconds.org/2020/08/11/plutchik-wheel-emotions/
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‘ANGER DISGUST FEAR JOY SADNESS TRUST ANTICIPATION

Batch Size| 32 32 32 8 32 8 16
LearningRate] 2¢ 5 4 5 5 5 3 5 3 5 5B 5 e 5
Loss weight 01 01 0.2 01 01 02 01

Table 1.6: Hyperparameters of our BART-FT-JOINT model.

The layout of our annotation task is shown in Figure 1.10.

11.9.4 Hyperparameters

In this section, we detail the hyperparameter search space and the nal hyperpa-
rameters used by our joint BART-FT-JOINT model, which were chosen based on the best
validation performance. Speci cally, we show the values for the learning rate, batch size and
multitasking loss weighting termin Table 1.6. In terms of search space, we tried batches
intherangel! 64andlearning ratesintherange 5! 9e 5withastepofle 5.

We also search a suitablen the rangeé):1! 0:9. We decode our summaries using beam
search decoding and a beam sizé.ofraining BART-FT-JOINT model on our B000GPU

takes 1 hour to complete for each emotion.

[1.9.5 Human Evaluation Instructions

We provide the detailed instructions for human evaluation in Figure 1.11.

11.9.6 Human Evaluation Summary Errors

We instructed our expert human evaluators to nd potential areas of improvement of
our BART-FT-JOINT summarization model by identifying frequent errors the model makes.
In this section, we analyze our ndings and present a few examples in Table 1.7. Speci cally,
the annotators pointed out four main model errdidNon-factual relative clause&) Model
summary includes information in the summary that is not discussed in the3)édtleast a
few sentences in the model summary are formatted to make the text dif cult to read) and

The overall model summary is not well-structured.
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Figure 1.9: Annotation instructions (always shown before annotating).
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Figure 1.10: The annotation task layout of an example hit on the Amazon Mechanical Turk.
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Figure 1.11: Human Evaluation Instructions.
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PosT

SUMMARY

Non-factual relative clauses

1 am visiting family this week. All of my family members who are eligible for the vaccine, including myself. have gd
vaccinated. The only people who arent are my niece and nephew, because they are only 4 and 1 years old. |
see an old friend from high school, but | found out that this friend did not get vaccinated. My brother and sister
are asking that | avoid seeing people who are not vaccinated since their children cannot be vaccinated. Is it t
to completely avoid seeing this person at the wishes of my brother, or would it be safe enough to see this pers)
outdoor setting socially distanced? | know this is a stupid question, but Im curious what you all would do.

ttelfm looking for any advice about whether it's safe to see a

Variteghtbwho isn't vaccinateavhen their children can't be

in legcinated or whether | should follow the wishes of my
0 brotter and sister-in-law, who want me to avoid this person.

pn.in an

My country is in a third wave. Its never ending. Im sure this post will get removed because Im too depressed/deq
for Reddit. Im broke because of the pandemic. Im struggling to work because my anxiety gives me physical syn
My friends dont talk to me anymore, or when | do talk to them they just tell me to see a therapist even though | 3
do (and can barely afford it). Im thinking about stopping eating so | can afford therapy. Theres no point to any
Every death that is about to happen here could have been prevented, and no one cares and they call me crazy. ||
the endless hurt.

ressixgect that this post will be removed from Redoicause
pttrmsoo depressed to postit because | expect that no one
Iramitiywant to read it and everyone will think that I'm crazy
pf thisthinking that | should stop eating so that | can afford to
m szl atherapist. .

Model Summary includes information in the summary not discussed in the post

israel imposed their mask mandate, despite being one of the most vaccinated countries. i feel like this will never
| don't need stupid replies like “hang in there” or “it will be okay.” and don't remove this post because it “causes an:
I'm not. I'm simply worried that we'll never get back to normal.

end'anafraid that we're never going to be able to get back to

Kietydrmal after COVID, because Israel has a mandate and Israel
is one of the most vaccinated countries in the world, and
that's putting a strain on our health systemsand on our
mental health.

| am fully vaccinated with the Moderna shot, and have been getting back to my regular life. | live in a state (MA]
extremely high vaccination rates, but nonetheless Im concerned about the Delta variant. Ive been hearing

withm disgusted to see myself being sel sh because | have
oriemefall | can to prevent COVID and | want to live my life

breakthroughs of the variant in fully vaccinated people, so | am concerned. At the same time, Im extremely tired
| feel sel sh for saying this, Ive done all I can do to protect myself and others against COVID, and | want to contir)
live my life after over a year of taking precautions. Anyone else feel the same?

ofaisisf | had not had any COVID side effects at all since |
ueht@ve taken every precaution possible to prevent the COVID
variant.

Some sentences in the model summary are formatted to make the text dif cult to read

So the Vaccine team in Iceland is taking a summer holiday for a month that extends over the time when | was sugpdsieust that the vaccine will help protect me from catching
get my second Astra Zeneca shot. They offered me to get it sooner but | heard it will decrease it's effectiveness py @IW¥.ID andl'll get it as soon as | can get it | trust that
Should | get the shot 7 weeks after my rst shot or should | wait until they come back and get it at least 15 weekis &@@vID will do what it's supposed to do and do it it will

after my rst shot. Iceland has stopped all restrictions so i am a bit nervous.

do its bestto protect me and my family from COVID.

Is anyone else experiencing bad post-outing anxiety? Ive been trying to push myself out of my comfort zor|
sometimes | even get excited to) and so | get ahead of myself and leave my house. No bars or clubs, but | di
an outdoor gathering thats weighing heavy on my mind. While Im out, Ive surprisingly found Im quite bored w
leave my house, but the real problem comes the day afterwards. | sit and think was that too soon? Can | re-¢
bubble now that people have seen me? Am | a hypocrite? And these questions ow through my brain in a never|
sequence. Feeling that Ive been perceived by others and | cant take it back feels unbearable, yet | took the de
leave my house so | then encounter feelings of embarrassment, guilt and shame. Not to mention the obviou:
the delta variant, and overall uncertainty over cdc recommendations. (I wish someone could spell out a good

reintegration besides - rip off the mask and live!) Everyone | know has returned to life normally and Im here in a
limbo. I know a lot of people in this struggle with just leaving the house, but is anyone else out there struggling wit]
they feel once they do?

e (and it hard to leave the house and it surprises me when
d dttedcbut that I'm not feeling the same way when | do.
helnféel embarrassed and ashamed that I've been seen out in
2ntpubtig and that | can't go back and change what I've done.
ending

cision to

5 fear of

plan for

weird

h how

The overall model summary was not well-structured.

I've recently heard of stories that people who are getting mildly sick after being vaccinated are still coming dow
long covid. People on the covid long hauler subreddit are saying that we're going to have a huge problem on ou
because no vaccine protects against long covid....This isn't going to end, isn't it? Right as | think I've tasted free|
nd out information that makes me want to stay inside forever like a hermit...

h wifbel sad and hopeless because | think I've tasted freedom
r handshen | nd out more information that makes me want to
dostay inside like a hermit. | wish | could just be free from this
virus for a while but it doesn't look like that will be possible.

This makes me really just not want to go out and about again.... I've been on this sub for a while and posted a Io|
or less this pandemic has crushed my mental health and with having some health issues makes me really hesi
anything. | was nally getting my life back a little and this Delta variant makes me want to go back to old habits an
stay home and see no one... | really am at a loss of what to do and am feeling super overwhelmed.

. Morat a loss for what to do and don't know what | can do to

angeo lolck on track with my health issues, so | just want to go

d jistck to my old ways and stay home and see no one. | was
nally getting my life back before the pandemic hit.

Table 1.7: Example of common model errors identi ed by the expert evaluators.
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Chapter 2: Evaluating Subjective Cognitive Appraisals of
Emotions from Large Language Models

The emotions we experience involve complex processes; besides physiological as-
pects, research in psychology has studiegnitive appraisalsvhere people assess their
situations subjectively, according to their own values (Scherer, 2005). Thus, the same
situation can often result in different emotional experiences. Whilelétectionof emotion
is a well-established task, there is very limited work so far on the automatic prediction of
cognitive appraisals. This work lls the gap by present@gvIDET-APPRAISALS the most
comprehensive dataset to-date that assesses 24 appraisal dimensions, each with a natural
language rationale, across 241 Reddit po§isvIDET-APPRAISALS presents an ideal
testbed to evaluate the ability of large language models — excelling at a wide range of NLP
tasks — to automatically assess and explain cognitive appraisals. We found that while the
best models are performant, open-sourced LLMs fall short at this task, presenting a new chal-
lenge in the future development of emotionally intelligent modéls.release our dataset at

https://github.com/honglizhan/CovidET-Appraisals-Public

1.1 Introduction

Emotions constitute a crucial aspect of people's lives, and understanding them has
a profound impact on improving public mental health problems as well as policy-making
(De Choudhury and De, 2014; GjurkévandSnajder, 2018; Arora et al., 2021; Uban
et al., 2021). The emotions we experience involve complex processes: the same situation
can often result in different emotional experiences, based on an individual's subjective

evaluations. These are calledgnitive appraisalsand have been extensively studied in

1This paper was originally published in the Findings of the Association for Computational Linguistics:
EMNLP 2023 (EMNLP 2023 Findings) with the following authors: Hongli Zhan, Desmond Ong, and Junyi
Jessy Li. My role is the rst author. The paper is available onlinatgds://aclanthology.org/
2023.findings-emnlp.962/
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psychology through theoretical, behavioral, and hand-coded studies (Arnold, 1960; Lazarus,
1966; Lazarus et al., 1980; Roseman, 1984; Scherer et al., 1984; Smith and Ellsworth, 1985;
Weiner, 1985; Clore and Ortony, 2000; Roseman and Smith, 2001; Scherer et al., 2001,
Ellsworth and Scherer, 2003; Sander et al., 2005; Ong et al., 2015, 2019; Ortony et al.,
2022; Yeo and Ong, 2024). For instance, being red from a job, if judged to be due to
one's own controllable mistakes, could result in regret; if evaluated to be unfair and due
to someone else's intentional actions, would make one feel angry; and if appraised to be
leaving a toxic work environment, could instead result in relief and even happifless.
different dimensions along which people subjectively interpret orappraisethe situation

characterizes the speci ¢ emotions they fegMoors et al., 2013).

Although emotiondetectionis a well-established NLP task (Strapparava and Mi-
halcea, 2007; Mihalcea and Strapparava, 2012; Wang et al., 2012; Lei et al., 2014; Abdul-
Mageed and Ungar, 2017; Khanpour and Caragea, 2018; Liu et al., 2019; Sosea and Caragea,
2020; Demszky et al., 2020; Desai et al., 2020; Sosea et al., 2022), it mostly involves classi-
cation from text to emotion labels directly, skipping the appraisal step that is necessary
to interpret why the emotion is experienced by an individual in a particular event. Hence,
we do not yet have a data-driven understanding of these cognitive appraisals in textual
data. Yet recent work has started to show its necessity: Hofmann et al. (2020) showed
that appraisals are informative for an emotion detection model; Zhan et al. (2022) further
recognized appraisals to be an integral part of emotion triggers, though appraisals were not

explicit in their work.

This work aims at construing an empirical, explicit understandingesteived
cognitive appraisals in human readers and large language models (LLMs) alike, via a
comprehensiv@4 dimensions, along with their corresponding natural language rationales.
A language model's capability of assessing cognitive appraisals re ects a more nuanced
understanding of emotions, where it could contextualize individual subjectivity in responses
to the same situation, while offering explanations (“they are feekmgdtiorj because of
[appraisal”). This could be groundwork for emotional support agents, e.g., one capable of

positive reframing (Ziems et al., 2022) or producing empathetic responses.
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Figure 2.1: An example fror@oVvIDET-APPRAISALS The fact that the narrator is blaming
nobody but circumstances beyond anyone's control for causing long-COVID contributes
to their feeling ofsadnessWe showcase an annotation together with LLMSs' responses in
Appendix 811.9.1.

We rst introduce CovIDET-APPRAISALS a dataset 024 appraisal dimensions
annotated acros341 Reddit posts sourced from Zhan et al. (2022) about COVID-19. Each
post was manually annotated widd appraisal dimensions from a recent meta-analysis
covering all appraisal dimensions proposed and studied in the literature (Yeo and Ong, 2024).
For each appraisal dimension, annotators not only rated the extent to which they perceived
the narrator is experiencing the said dimension, but also providatbaalein their own
language to justify their rating selection. An example fr@@VIDET-APPRAISALSIS

shown in Figure 2.1.
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ID Abbrv. Reader-Friendly Labels
1 srsp Self-responsibility
2 orsp Other-responsibility
3 crsp Circumstances-responsibility
4 pfc Problem-focused coping
5 grlv Goal Relevance
6 attn Attentional activity
7 efc Emotion-focused coping
8 scrl Self-Controllable
9 ocrl Other-Controllable
10 ccrl Circumstances-Controllable

11 prd Predictability
12 thr Threat

13 pls Pleasantness

14 crt Certainty

15 gcnd Goal Conduciveness

16 fair Fairness

17 fex Future expectancy

18 csn Consistency with social norms
19 loss Loss

20 fml Familiarity

21 eff Effort

22 chl Challenge

23 civ Consistency with internal values
24 exp Expectedness

Table 2.1: The 24 appraisal dimensions and their abbreviations we used throughout this
paper. See Appendi&il.9.2 for full questions for each dimension, and Figure 2.1 for an
example of how the items for Eelf-responsibility2: other-responsibility3: circumstances-
responsibility and 24:expectednessere framed.

CoVIDET-APPRAISALS serves as an ideal testbed to evaluate the capability of
a model to uncover implicit information for emotion understanding. Benchmarking on
CoVvIDET-APPRAISALS we evaluate the performance of LLMs to (1) provide Likert-scale
ratings for the appraisal dimensions; and (2) generate natural language rationales for their
ratings. The elicitation of the rationales can be seen as a way of probing (Le Scao and Rush,
2021; Gu et al., 2022), where we pre x a question with an elaborated situation. We evaluate
a range of LLMs, including ChatGPT, Flan-T5 (Chung et al., 2024), Alpaca (Taori et al.,
2023), Dolly (Conover et al., 2023). With an extensive human evaluation of the natural
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language rationales from LLMs as well as our annotators, we nd that ChatGPT performs
on par with (and in some cases better than) human-annotated data; this opens a new avenue
of investigation to improve its performance on emotion-related tasks fKetal., 2023).

In comparison, other open-sourced LLMs fall short on this task, presenting a new challenge
in the future development of emotionally intelligent open models.

We publicly release our annotated dataséoviDET-APPRAISALS model
outputs, and our human evaluation datahdtps://github.com/honglizhan/
CovidET-Appraisals-Public

[I.2 Background and Related Work

Cognitive Appraisal Theories. The cognitive appraisal theories of emotion state that
emotions arise from an individual's subjective understanding and interpretation of situations
that hold personal importance for their overall well-being (Arnold, 1960; Lazarus, 1966;
Lazarus et al., 1980; Roseman, 1984; Scherer et al., 1984; Smith and Ellsworth, 1985;
Weiner, 1985; Clore and Ortony, 2000; Roseman and Smith, 2001; Scherer et al., 2001,
Sander et al., 2005; Ortony et al., 2022). In practical terms, people interpret and appraise
situations along a range of different dimensions, and it is the speci c manner in which they
appraise their situations that give rise to the distinct emotions they experience. The primary
focus of cognitive appraisal theories of emotions revolves around the identi cation of these
appraisal dimensions that are associated with speci ¢ emotional experiences and how these
dimensions contribute to distinguishing between different emotional states (Lazarus, 1993;
Roseman, 1996; Scherer et al., 2001; Moors, 2010; Scherer and Moors, 2019).

While appraisal theorists agree on the importance of motivationally-relevant ap-
praisals in triggering emotions, they have not reached a consensus on the speci ¢ appraisal
dimensions that play a signi cant role in this process (Yeo and Ong, 2024). Various theories
have put forth distinct sets of appraisal dimensions that are considered crucial in triggering
and distinguishing emotions. From prior literature, Yeo and Ong (2024) identi ed and
assembled a taxonomy of all appraisal dimensions that have been studied, and produced a
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condensed list 024 cognitive appraisal dimensions which we focus on in this paper.

Cognitive Appraisals in NLP. Appraisals provide the necessary computational structure
allowing for the distillation of real-life situations that depend on a multitude of factors into

a (large but) nite set of appraisal dimensions (Ong et al., 2015). Despite its importance,
however, few works have explored the implications of cognitive appraisals on emotions in
NLP. Hofmann et al. (2020) experimented with a small set of cognitive appraisal dimensions
(includingattention certainty, effort, pleasantnessesponsibility control, andcircumstancg

to assist the automatic detection of emotions in text, and found that accurate predictions of
appraisal dimensions boost emotion classi cation performance. They introduced a dataset of
1; 001sentences following the template “I feelotior), when ...” (average sentence length:

27 tokens). In comparison, our work covers a much wider ran@d appraisal dimensions
found in prior literature, over lengthy (176 tokens on average) Reddit posts that were natural
and emotionally charged. We also collect natural language rationales as a key contribution
to reveal human's in-depth understanding of such cognitive appraisals in context.

Recent studies (Zhan et al., 2022; Sosea et al., 2023) acknowledged/aith
happened and how one appraised the situatisinherent components of emotion triggers,
although the appraisal of events was not explicit in their work. Instead we provide datasets
and perform evaluation on appraisals explicitly, such that language models can build on this
work to achieve a comprehensive and explicit understanding of cognitive appraisals from

written text.

LLMs on Emotion-Related Tasks. Autoregressive LLMs have been explored extensively

in emotion-related tasks such as sentiment analysis (Zhong et al., 2023; Qin et al., 2023;
Susnjak, 2024), emotion recognition (Kdtet al., 2023), disclosing the representation of
human emotions encapsulated in LLMs (Li et al., 2023b), and interpreting mental health
analysis (Yang et al., 2023). However, few have tapped into the understanding of cognitive
appraisals of emotions innate in LLMs. In this work, we dive into the extent to which LLMs

comprehend the profound cognitive appraisals underlying emotions in situations, and further
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elicit natural language rationales from the language models to disclose the reason behind
such predictions from the otherwise baf ing black-box LLMs (Gilpin et al., 2018). Aligning
with Marasove et al. (2020) who performed human evaluation on rationales generated by
GPT, we additionally perform an in-depth human evaluation of the rationales from human
annotators and LLMs alike on the novel task of providing natural language explanations for

cognitive appraisals of situations that underlie narrators' emotional experiences.

.3 The CovIDET-APPRAISALSDataset

CoVvIDET-APPRAISALS contains 241 Reddit posts sampled from the
CovIDET dataset (Zhan et al., 2022), where the Reddit posts are sourced from
r/COVID19 _support . Each post is manually annotated with one or more ofthe
emotions: anger, anticipation joy, trust, fear, sadnessanddisgust The 241 posts in
CoVvIDET-APPRAISALS have an average df7582 tokens and2:67 emotions per post.
From Yeo and Ong (2024)'s work, we identi#4 cognitive emotion appraisal dimensions
(Table 2.1). We provide the instructions given to the annotators (including the full questions

for each of these 24 dimensions) in Appendix 811.9.2.

Annotators. We recruited linguistics students at a university to work on our annotation
task; both of them are native speakers of English. Both annotators underwent training using
a set of posts already annotated by our group. Throughout the annotation, we monitored the
inter-annotator agreement and provided feedback on their work.

Instructions. Given a Reddit post fron€oVvVIDET, annotators are asked to juddé
emotion appraisal dimensions pertaining to how the narrator feels about and views the
situation that they are going through (e.g., whether the narrator feels the situation they are in
is something they could control). For each appraisal dimension, annotators need to select a
Likert rating on the scales dfto 9. A “not mentionetd(NA) option is provided in case the

dimension being asked is absent in the given post. In addition, we also ask the annotators to
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Table 2.2 Percentage dhot mentioned” labels in each dimension ICOVIDET-
APPRAISALS

provide rationales for their ratings in the formmdtural language explanations

On average, our trained annotators spent ar@@dinutes to complete the anno-
tation of one post. Owing to the immense effort involved, we doubly annotate 40 posts to

measure inter-annotator agreement while leaving the rest annotated by one annotator.

Post-Processing and Aggregation. Given a xed topic (COVID-19 in our case), it is
highly likely that certain dimensions frequently don't apply (Yeo and Ong, 2024). This
can be seen in Figure 2.2 which plots the percentage of NA labels: dimensions ixh as
(consistency with internal valuedair (fairness), angsn(consistency with social norms)
contain mostly NA labels (aroun80%). Therefore, we remove these dimensions from
subsequent analyses and evaluations of the dafsistresults in a total of 21applicable

appraisal dimensions inCoVIDET-APPRAISALS

We collected?41posts in total. For the subset 40 posts that are doubly annotated,
we aggregate the Likert-scale ratings by taking the mean of each post's ratings for each
appraisal dimension (if an annotator labels a dimension as NA, we then exclude the particular
dimension of that post that they annotate). In terms of the rationales, we consider both

rationales as ground truth references and use multi-reference metrics in our experiments.
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Inter-Annotator Agreement. We report inter-annotator agreement on the Likert-scale
ratings. Since there is no reliable, automatic way to evaluate natural language rationales (as

discussed in 8ll.4), we evaluate them with human validation in 811.7.2.

To measure the agreement for selecting the NA label, we average the Fleiss' Kappa
values (Fleiss, 1971; Randolph, 2005) acrals24 appraisal dimensions, yielding a value

of 0:769indicating substantial agreement (Artstein and Poesio, 2008).

For thel-9 Likert-scale ratings, we report on tt24 applicable dimensions: (1)
Spearman's between our two annotators, calculated per dimension then averaged across
all dimensions; (2) Krippendorff's alpha (using interval distance) (Krippendorff, 1980);
and (3) mean absolute differenabg. deltd. Here the agreement is calculated if neither
annotator gave a NA judgment. Krippendorff's alpha yields a valué @47 indicating
substantial agreement (Artstein and Poesio, 2008). The average Spearman’s correlation
is 0:497with signi cance, and the absolute delta values also have a small melan3zf
These measures indicate that while the task is subjective, annotators do align with each other
with only a small difference compared to the scale of ratirig8)( Agreement values differ

by dimension, which we showcase in Appendix 11.9.3.

1.4 Dataset Analysis

How do the scales distribute across dimensions and emotions? he distribution of the
Likert-scale ratings is shown in Figure 2.2. The ratings for some dimensions are consistent
(e.g., dimensionsrsp (circumstances-responsibilityerl (circumstances-controllable), and

chl (challenge)), whereas for some other dimensions, the ratings have higher variance (e.g.,

dimensioncrl (other-controllable) antbsy.

We analyze the connections between our Likert-scale annotatiorS@i ET's
emotion annotations. Figure 2.3 shows the mean Likert-scale rating for each dimension
within each post with respect to the perceived emotion. While it is evident that most dimen-
sions show consistency (the posts are all related to COVID-19), some emotions stand out

distinctly in particular dimensions. For examplieist andjoy have higher Likert-scale rat-
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Figure 2.3: Mean Likert-scale ratings for
Figure 2.2: Distribution of the ratings for each dimension in each emotion.

each dimension.

ings on dimensionpfc (problem-focused coping) argtnd(goal conduciveness) compared
to other emotions, suggesting the inter-correlation between these appraisal dimensions with
positive emotions. We further explore whether appraisal dimensions alone are indicative of

perceived emotions already annotated tMDET in Appendix 811.9.4.1.

What are the characteristics of the natural language rationales? On average, each
rationale isl:2 sentences (std.dev0:4) and289 tokens (std.dew 10:0) long. Following
Marfurt and Henderson (2021), we also measure the abstractiveness of the rationales from
our human annotators by calculating the percentage of novel bigrams in the rationales with
respect to the Reddit posts and instructions (i.e., evaluating a speci c appraisal dimension)
that the annotators were given. As shown in Table 2.5, our human annotators attain a % of
novel bigrams 0B6:7%, indicating a high abstractiveness. We showcase the most prominent
topics extracted from the annotated rationales using Latent Dirichlet Allocation (LDA) (Blei

et al., 2003) in Appendix 811.9.4.2.

Are rationales repetitive? We also look into automatic measures of similarity to assess
how much rationales from different annotators, or from different dimensions/posts, differ
from one another. Speci cally, we calculate BLEU-4 (Papineni et al., 2002), ROUGE-L
(Lin, 2004), and re-scaled BERTScore (Zhang* et al., 2020) between our two annotators'
rationales. We establishrandom baselines for comparison: (1) rationales of the same

dimension from different posts; (2) rationales from different dimensions within the same
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RATIONALE
BLEU-4 | ROUGE-L | BERTSC

ANNOTATORS 0:042 0:253 0.357
BASELINE-P 0.060 0.261 0:336
BASELINE-D 0:059 0:247 0:332

Table 2.3: Automatic measures of similarity on the natural language rationalzsvob ET-
APPRAISALS BASELINE-P denotes “baseline (same dimensidifferent posty, and
BASELINE-D denotes “baseline (same padifferent dimensions.

post. In each case we report similarity betw@andomly sampled rationales and the

annotated ones.

Table 2.3 shows that the textual similarity in all conditions are somewhat low; the
BLEU and ROUGE scores show that there is very little lexical overlap, although BERTScore
shows higher semantic similarity between two annotators for the same dimension within
the same post. Upon closer inspection, we observe that these commonly used automatic
measures do not adequately capture semantic similarity in our dataset (see Aghendi3
for an example). This adds to the challenge of evaluating rationales; as a result, we resort to

the human evaluation in 811.7.2.

[I.5 Can LLMs understand emotional appraisals?

CoVvIDET-APPRAISALSprovides an ideal testbed that evaluates models' perfor-
mance on predicting both the Likert ratings, as well as their natural language explanations.
Using CoVvIDET-APPRAISALS we evaluate the zero-shot performance of LLMs in an
attempt to evaluate their innate ability to comprehend emotional appraisals from social

media text without in-context learning.
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Models. We evaluate the following instruction-tuned LLRAsl) ChatGPT, i.e., GPT-3.5-
Turbo;2) FLAN-T5-XXL (11B) (Chung et al., 2024), which is the instruction ne-tuned
version of T5 (Raffel et al., 20208) Alpaca (7B, 13B)(Taori et al., 2023) is ne-tuned
from LLaMA (7B and 13B) (Touvron et al., 2023a) &K instruction-following examples
created with GPT text-davinci-003 in the manner of self-instruct (Wang et al., 20p3);
Dolly-V2 (7B, 12B) (Conover et al., 2023) is an instruction-tuned LLM trained d8k™

demonstrations consisting of both instructions and responses.

Prompts and Setup. The templates for prompting the LLMs are shown in Appendix
Figure 2.16. After extensive experimentation, we found that only ChatGPT is able to
generate both a rating and a rationale with a single prompt; this type of “1-step” prompting
leads to ill-formed responses for other models. Thus, for models other than ChatGPT, we
instead use a pipeline or “2-step” prompting similar to the strategy used in Press et al. (2023):
we rst elicit the rating for the appraisal dimension, then conditioned on the response for

the rating we further elicit the rationale for the selection.

We carry out all our experiments @Nvidia A40 GPUs. We use the HuggingFace
Transformers (Wolf et al., 2020) library for model inference. We set the temperature value
of all models ta0:1.2 To enable a fair comparison of models, we sample from the LLMs
ve times with different model initializations and report average values for both scales and

rationales.
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SCALE NA

MAE | SPEARMAN'S F1
CHATGPT 1.694 0.388Y 0.918
FLAN-T5 3:266 0:.225 0:852
ALPACA-7B 2:353 0:.081 0.918
ALPACA-13B || 3:872 0:035 0:602
DOLLY-7B 2:812 0:013 0:645
DoLLy-128 2:747 0:022 0:711

Table 2.4: Experiment results from LLMS.indicatesp < 0:1 for Spearman correlation,
andY’ indicatesp < 0:05. In addition, we also provide the results of the F1 score on
measuring the agreement between the models' ratings and the gold ratings for selecting the
“not mentionetllabel acrossall 24 dimensions.

LENGTH ABSTRACTIVENESS AUTO EVAL HUMAN EvAL

# TOKENS || %NOVEL BIGRAMS || BLEU-4 | ROUGE-L | BERTSC || FAC | REL | JUS | USE
ANNOTATORS || 28.9 || 86.7% I — | 0:73 ] 0.88 ] 0.95| 0:72
CHATGPT 580 81:8% 0.044 0:224 0.347 || 0.84 | 0.88 | 0:93 | 0.85
FLAN-TS 453 16:.0% 0:008 0:066 0:053 0:40 | 0:29 | 0:24 | 0:13
ALPACA-TB 48:6 71:9% 0:040 0.230 0:297 || 0:55 | 0:82 | 0:82 | 0:51

Table 2.5: Experiment results from LLMs. Additional evaluationslbtanguage models
(including Alpaca-13B, Dolly-7B, and Dolly-12B) are provided in Table 2.12. A more
comprehensive report of the automatic metBdsEU-4, ROUGE-L, andBERTSCOREIs
provided in Table 2.10, Appendix 811.9.6.

[1.6 Evaluation: Likert-Scale Ratings

We report model performance for Likert-scale ratings onzhapplicabledimen-
sions using two standard regression metrics: Mean Absolute Error (MAE) and Spearman's
correlation. We treat the selection of the NA labels as a binary classi cation task and report

F1 measures acroal 24 dimensions. For thd0gold examples that were doubly annotated

2While we have also experimented with non-instruction-tuned LLMs (including GPT-3 davinci and LLaMA
(7B and 13B), they largely fail to generate sensible outputs for this task. We showcase examples of responses
from non-instruction-tuned models in Appendit.9.1. For these reasons, we do not include their results in
this paper.

3We experimented with higher temperatures on a validation set consistiifgR¥ddit posts annotated
by our group which are not included ®ovIDET-APPRAISALS and the models yielded worse and more
unstable performance.
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by human annotators, we consider a dimension as NA when both annotators select the label.

Results. To evaluate the performance, we clean the responses elicited from the LLMs.
Speci cally, we use regular expressions to extract the rst numeric value rangingifrém
from the scale responsed he results of the models' performance are shown in Table 2.4.
We showcase examples of the models' responses in App&idixl. Additional analyses

of the LLMs' responses are shown in Appendix 811.9.7.

For the NA labels (Table 2.4, right), ChatGPT and Alpaca-7B score the highest with
an F1 of0:918 In general, the average performance across the language models we evaluate
is 0:774for F1, indicating these models are performant at predicting whether a dimension

applies.

For the Likert-rating predictions, results show that ChatGPT-3.5 consistently yields
the highest performance compared to the other language models, with a signi cant Spear-
man's correlation 00:388and an MAE 0f1:694 We note that FLAN-T5-XXL is the
second best-performing model. Alpaca and Dolly perform poorly on our task, with negative
correlations with the gold labélsinterestingly, we notice a drop in performance when the
size of the model parameters increases for Alpaca. The results highlight the challenging
nature of our task, and the gap between open-sourced LLMs vs. ChatGPT (Gudibande et al.,
2023).

Additionally, we also measure the systems' performance oPdadbpraisal dimen-
sions, including thé& appraisal dimensions where the NA rates are ar@0% Results
revealed marginal change in performance across all LLMs. For most LLMs the performance

dropped as expected: measured with SpearmarhatGPT-3.5# 0:018, Alpaca-7B

“For example, one of Alpaca-7B's scale responséshie narrator thought that Circumstances Beyond
Anyone's Control were responsible for causing the situation to a moderate extent (4 on a scale of 1-9).j/s¢”
After cleaning, the response is formatted4d .

5As shown in Appendix Figure 2.8, the ratings generated by the language models (speci cally, Alpaca-7B
and Dolly-12B) for some of the dimensions lack variance (i.e., they gave a constant rating for certain appraisal
dimensions). Therefore, the Spearman correlation is set to zero in these dimensions, indicating no correlation.
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(# 0:008, and Dolly-12B ¢ 0:.007). On the other hand, the performance of FLAN-T5
(" 0:005, Alpaca-13B { 0:027), and Dolly-7B ( 0:020 increased.

1.7 Evaluation: Rationales

As rationalizing emotional appraisals with natural language is a novel task, we

perform both automatic (811.7.1) and human evaluation (811.7.2).

[1.7.1 Automatic Evaluation

We use commonly used automatic reference-based metrics including BLEU (Pap-
ineni et al., 2002), ROUGE (Lin, 2004) and BERTScore (Zhang* et al., 2020), comparing

generated rationales vs. annotated ones (in a multi-reference fashion).

Results. Similar to the performance in selecting Likert-scale ratings, ChatGPT remains
the best-performing language model in providing natural language rationales (Table 2.5).
The values ChatGPT achieves are lower than, though comparable to, those between different
rationales from our two annotators. Alpaca-7B also achieves comparable performance in
these automatic measures, despite its relatively poor capability in terms of selecting Likert-
scale ratings. We note that FLAN-T5 lags behind considerably compared to ChatGPT and
Alpaca-7B. We provide the additional auto-evaluation statistics for other LLMs including
Dolly-7B, Dolly-12B, and Alpaca-13B in Appendix Table 2.12.

How long and how abstractive are the rationales generated by LLMs? In addition, we

also measure the length and abstractiveness of the rationales generated by LLMs. Following
the setup irgll.4, we evaluate abstractiveness using % of novel bigrams, comparing LLMs'
generated rationales against the Reddit posts as well as the prompts (i.e., evaluating a speci ¢
appraisal dimension) they were given. As shown in Table 2.5, rationales generated by LLMs
are at leasf:5x longer than those provided by our annotators, with ChatGPT being the

most verbose. The LLMs also provide rationales that are more extractive compared to our
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annotators, with FLAN-T5 being the most extractive.

[1.7.2 Human Evaluation

Data. Because the natural language rationales are explanations for a particular rating, we
only evaluate and analyze LLM-generated rationales when the model made a near-correct
prediction of the Likert-scale rating for that particular dimension compared against the gold
human ratings. Speci cally, we sample timersectionof (post, dimension) tuples where

the 3 best-performind_.LMs' (i.e., ChatGPT, FLAN-T5, and Alpaca-7B) ratings fall in the
range of an absolute difference bfo one of the annotated scale-ratings. In cases where
there are? gold annotations for a particular dimension, both are evaluated. In Appendix
811.9.6 we also show the human evaluation of rationales for such intersectaihldfMs.

We additionally evaluatbuman-written rationales as well, and we mix those (in random

order) with LLMs' responses.

The above desiderata results in an evaluatiohO8frationales annotated by human
annotators an@5 natural language rationales from each LLM. The evaluation covers
19 out of the21 applicable dimensions (no such overlap is found for dimensuwsg
(circumstances-responsibiljtandpls (pleasantneg$. Moreover, we make sure that there

are no ground truth labels annotated by the human annotators in which the rating is NA.

Instructions. Given a Reddit post and the scale provided by the human annotators or the
LLM (blinded to the annotators), annotators are asked to judge the rationales pertaining to
the emotion appraisal dimension regarding the post as well as the stated scale. The rationales
are distributed to annotators at random. We evaluate the natural language rationales based
on the following criteria. In Appendi%gll.9.8, We provide the detailed instructions and

examples given to the annotators, together with the layout of the human evaluation task.

1) Factuality. For the rationale, the model may not generate something that is
factual: sometimes it generates rationales for the sole purpose of justifying its answer (Ye

and Durrett, 2022). Therefore, we include the aspetiatiticination and factualityas one
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of our evaluation criteria, and ask evaluators whether the rationale faithfully re ects what's

stated in the post. Options oYés, “ Minor Error”, and “No” are provided.

2) Relevance We evaluate whether the rationale directly addresses the specic
appraisal dimension question that is being asked about the post. We ask evaluators on a
Likert-scale ofl to 5, with 1 being “least relevaritand 5 being “most relevarit whether
the rationale focuses on the speci ¢ aspect of the post that is being appraised, and whether it

strays off-topic or provides irrelevant information.

3) Justi cation: We ask human evaluators whether the rationale justi es the selected
scale by adequately explaining why the selected rating scale is the most appropriate or
relevant one to use for the aspect being evaluated. Annotators need to selecty@ther
[1] NO”_

4) UsefulnessFinally, we evaluate whether the rationale provides useful or infor-
mative insights or explanations of useful information pertaining to the appraisal dimension

being judged. Options ofYes, “ Maybée, and “No’ can be selected.

Annotators. We recruit annotators from the Amazon Mechanical Turk (MTurk) to work
on our human evaluation task. The crowd workers were involved in a pre-annotation
quali cation as well as trainingorocess before commencing the evaluation of the natural
language rationales. We assignrowd workers per natural language rationale evaluation.

We ensure that the crowd workers earn a minimum salaryl0p®r hour.

We report the inter-evaluator agreement using Krippendorff's Alpha with interval
distance in Table 2.6, showing substantial agreement (Artstein and Poesio, 2008) across all

criteria.

Label Transformation. For the convenience of measuring inter-annotator agreement as
well as interpreting the results, we convert the labels of each criterion to numeric values
within the range oD to 1. Speci cally, for criteriaFactuality, Justi cation, andUsefulness
“Yes is converted tal, “Minor Error/Maybé to 0:5, and ‘No’ to 0. As for the criterion
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| FAC REL JUS  USE
EVALUATORS\O:SQO Q718 Q576 Q668

Table 2.6: Inter-annotator agreement statistics for the human evaluation task, measured
using Krippendorff's Alpha with interval distance.

Relevancevhich is judged on a 5-scale Likert rating, we map the Likert scalkinfo 0, 2
into 0:25, 3into 0:5, 4into 0:75, and5 into 1.

Results. The result of the mean ratings for each criterion from the human evaluation task
is provided in Table 2.5. We provide box plots of the ratings as well as the human evaluation

results for the rationales from @ILLMs in Appendix §11.9.6.

From Table 2.5 we observe that our human annotators and ChatGPT provide natural
language rationales of the highest quality among all models, according to human evaluators.
Surprisingly, we nd ChatGPT performs on par with our human annotators, with (slightly)
better performance in terms &dctuality and usefulness This can be attributed to the
verbosity and extractiveness of ChatGPT (as shown in Table 2.5), especially in dimensions
where the scale rating is low. We showcase an example in Appendix 811.9.9.

Alpaca-7B attains lower results compared to the other LLMs, especially in terms of
the criteriafactualityandusefulnessFLAN-T5, on the other hand, ranks the worst on all
criteria among the LLMs. Further analysis reveals that FLAN-T5 occasionally generates
responses for natural language rationales that are the same as its scale answers, resulting in

irrelevant and useless rationales.

1.8 Conclusion

To achieve a more accurate and holistic understanding of emotions from written
text, NLP models need to work towards understanding the subjective cognitive appraisals
of emotions underlying situations. In this work, we construe an empirical and explicit

understanding operceivedcognitive appraisals in human readers and LLMs alike. We
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presentCoVIDET-APPRAISALS a dataset 0241 Reddit posts annotated with a compre-
hensive range d4 subjective cognitive appraisals that follow a situation, along with their
corresponding natural language rationales. Experiments reve&dvab ET-APPRAISALS

is a vital resource to evaluate the capability of a language model to uncover implicit infor-
mation for emotional understanding. Our thorough evaluation of LLMs' performance on
assessing emotion appraisal dimensions emphasizeSdvab ET-APPRAISALSIS a chal-
lenging benchmark, and our in-depth human evaluation of the natural language rationales
indicates potential areas of improvement (e.g., improvingdabtualityandusefulnessf

the rationales) for open-source LLMs.

1.9 Appendix

11.9.1 Dataset Example and LLM Responses

In Figure 2.9, Figure 2.10, and Figure 2.11, we showcase an annotation from
CoVIDET-APPRAISALS together with LLMs' responses regarding dimensi®recrsp
(circumstances-responsibility). In addition to LLMs evaluated in this paper (including
ChatGPT, FLAN-T5-XXL, Alpaca (7B, 13B), and Dolly-V2 (7B, 12B)), we also present
responses elicited from other non-instruction-tuned models such as GPT-3-davinci (a vanilla
base model of GPT-3) and LLaMA (7B, 13B) (Touvron et al., 2023a) using the “2-step”
prompting template given in Figure 2.16. As the example shows, these non-instruction-tuned
LLMs perform poorly on our task of cognitive emotion appraisal, generating nonsensical
responses for both selecting Likert-scale ratings as well as providing natural language

rationales.

[1.9.2 Dataset Annotation Framework

We provide the instructions given to the annotators in Figure 2.12. In addition, we
also provide the layout for the annotation task (which includes the full questions for each
of the 24 cognitive emotion appraisal dimensions abbreviated in Table 2.1) in Figures 2.13,
2.14, 2.15.
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Figure 2.4: Inter-annotator agreement of the Likert-scale ratings within each dimension.
The dimensions are ranked by the order of Spearmarasd the colors indicate the inter-
annotator agreement measured by Krippendorff's alpha using interval distance.

11.9.3 Inter-Annotator Agreement by Dimension in COVIDET-APPRAISALS

To better understand the inter-annotator agreement pertaining to each emotion ap-
praisal dimension ilCOVIDET-APPRAISALS we measure Spearman'and Krippendorff's
alpha on each of thel applicable dimensions. We provide the inter-annotator agreement
statistics per dimension in Figure 2.4. As the plot shows, the human annotators have strong
agreement on dimensions suchefs(emotion-focused coping) amadc (problem-focused
coping), whilst disagreeing with each other most often on dimengjduggoal relevance),
exp(expectedness), adss This can be attributed to the nature of our domain: in these
Reddit posts, the narrator is mainly sharing their experiences in life around COVID-19,

while preserving doubts about the future.

11.9.4 Additional Dataset Analyses
[1.9.4.1 Are the Dimensions Informative for Emotions?

The cognitive appraisal theories provide insights into the nature of the appraisal
dimensions in distinguishing various emotions (Hofmann et al., 2020; Yeo and Ong, 2024):

while different individuals may appraise the same situation distinctively, they are more
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F1| 0:18 Q13 Q40 026 029 Q06 (23 | 0.22

Table 2.7: F1 scores of each emotion using the trained logistic regression model on the test
set.

likely to experience the same emotion when a consistent appraisal pattern emerges. For
example, the cognitive dimensiqis (pleasantness) is often linked to joy, but unlikely

to be associated with disgust (Smith and Ellsworth, 1985). Therefore, speci ¢ emotions
are hypothesized to stem from corresponding appraisal patterns (Yeo and Ong, 2024). By
understanding how individuals appraise the situations they experience, we can subsequently
make predictions regarding their emotional state. As a result, appraisal dimensions are
valuable in differentiating emotional states, especially in cases where the emotions are highly
interchangeable (e.gljsgustandangel).

Here, using the cognitive appraisal dimensions annotat€dbinDET-APPRAISALS
we further explore and validate whether these appraisal dimensions alone are indicative
of perceived emotions already annotatemvIDET. While in the ideal scenario, both
the appraisal and the objective event need to be present for emotion prediction, this small
experiment will allow us to gauge which dimensions are more likely discriminative for a
particular emotion. For each of tileemotion classes labeled@oVvIDET, we train a logistic
regression model using the scales of the annotatexpplicable appraisal dimensions as
features. We spliCoVIDET-APPRAISALSUSINg a randon80:20 train-test partitioning,
and aggregate the Likert-scale ratings for 4@gposts that are doubly annotated by our
human annotators following the aggregation setup discussgid.31 We down-sample
the training data for each logistic regression model to handle class imbalance issues. In
addition, we encode th@mot mentioned”(NA) labels as an independent real-valued feature,
and substitute their values with To prevent features of different scales or magnitudes from
having a disproportionate in uence on the models,Zvaormalize the scale ratings within

each dimension for each annotator.
The F1 scores for each emotion using the trained logistic regression models on the
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test set are reported in Table 2.7. We observe that the models are most capable at predicting
emotions such afear andsadnesswhilst performing poorly on emotiordisgustandtrust.

This is possibly due to the domain of our datasetCovIDET, fear andsadnessre the

most commonly found emotions wheredisgustandtrust are scarcely present. On average,

the classi ers achieve an average F10dt2 on the test set across all emotions.

To reveal the appraisal dimensions that are indicative of each emotion, we examine
the weights from the trained logistic regression models. Speci cally, we aim to validate
the emotion appraisal dimensions that Yeo and Ong (2024) identi ed to be predictive of
emotions (includingnger, fear, joy, sadnessanddisgusj from prior studies in psychology.

In Table 2.8, we show the appraisal dimensions found to be either positively predicjioe (
negatively predictive () of emotions. Please note that these indications are extracted from
a recent meta-analysis from Yeo and Ong (2024) with signi capce (:05). In Table 2.8,

we highlight the indicative appraisal dimensions captured by our logistic regression models
that are in line with Yeo and Ong (2024)'s ndings. We observe a certain degree of overlap
between Yeo and Ong (2024)'s identi ed emotion appraisal dimensions that are predictive
of emotions and those captured by our logistic regression models. It should be noted that
some appraisal dimensions may not be useful for all emotions included in Table 2.8, since in
CovIDET there are no Reddit posts annotated with neutral emotions: for example, as shown
in Table 2.8 crsp (circumstances-responsibility) is found to be positively indicativefdar
andsadnesswhile neutral for all other emotions. However, when compared to neutral emo-
tions (i.e., in texts where no emotions are preseamgy (circumstances-responsibility) may

be a negative indicator fatisgust Therefore, experimenting witGovIDET-APPRAISALS

may not reveal the extensive range of appraisal dimensions indicative of each emaotion.
Further investigations are needed to explore the predictability of these appraisal dimensions

for emotions compared against neutral emotions.

11.9.4.2 Topic Variations in Rationales

We use Latent Dirichlet Allocation (LDA) (Blei et al., 2003) to extract topics from

the natural language rationales annotate@@vIDET-APPRAISALS Stop-words such

69



as common English function words and words that occur frequently in our instructions
(e.g.,narrator, situatiorn) are removed prior to the topic modeling. The most prominent
topic extracted by the LDA model for each dimension is shown in Table 2.9. We notice
clear patterns of topics related to the appraisal dimension being assessed. For example,
in dimensioncrsp (circumstances-responsibility) we observe narrators of Reddit posts
worrying about and blaming Delta, a COVID-19 variant, for causing the status quo, whereas
in dimensionfml (familiarity) we note people are generally unfamiliar with the situation, as

they are prone to seek advice and probe for information on the forum.

11.9.4.3 An Example of Semantic Similarity

As discussed igll.4, commonly used automatic measures such as BLEU (Papineni
et al., 2002), ROUGE (Lin, 2004), and BERTScore (Zhang* et al., 2020) do not adequately
capture semantic similarity i@OVIDET-APPRAISALS Taking the post in Figure 2.1 for
example. Both rationales for dimensi@d, namely“The narrator mentions how people
who are vaccinated and mildly sick are still experiencing long COVID symptoms. They seem
surprised by the continued COVID symptoms people are experiencing and how the situation
seems to evolveand“The narrator really didn't expect this situation since they mention
being able to taste freedom, believing the pandemic is ending, when suddenly they heard
news that vaccinated people are still getting long covid and now they think the pandemic
will never end.” convey the reasons for why the narrator fails to expect the situation to occur.
However, the automatic metrics reveal low agreement between these two rationales, with a
BLEU-4 score 0f0:018 ROUGE-Lof 0:231, and a re-scaleBERT ScoREof 0:237. This
nding is in line with work showing the challenges efaluatinggeneration (Gehrmann
et al., 2021; Celikyilmaz et al., 2020); we similarly conclude that automatic evaluation
metrics may poorly re ect the correctness of a rationale for a subjective emotion appraisal

dimension.
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[1.9.5 Prompt Templates

The templates for prompting the LLMs are shown in Figure 2.16. We use “1-step”
prompting to elicit both a rating and a rationale with a single prompt from ChatGPT. For all
other language models, we apply “2-step” prompting, which rst elicits the rating for the
appraisal dimension, then conditioned on the response for the rating we further elicit the

rationale for the selection.

[1.9.6 Full LLM Rationale Measures

Rationale Automatic Evaluation. We provide the full statistics of the automatic ratio-
nale agreement measured using BLEU (Papineni et al., 2002), ROUGE (Lin, 2004), and
BERTScore (Zhang* et al., 2020) for tia#l 6 LLMS' responsesagainst the gold annotations

in Table 2.10.

As discussed igll.7.1, ChatGPT is the most performant language model in pro-
viding natural language rationales, with values from these metrics comparable to those
between different rationales from our two annotators. Alpaca-7B also achieves comparable
performance in these automatic measures, despite its relatively poor capability in terms of

selecting Likert-scale ratings.

In addition, we observe that other language models such as FLAN-T5 and Dolly lag
behind considerably compared to ChatGPT and Alpaca-7B. Enchantingly, the automatic
metrics suggest that Alpaca-13B is the worst language model among our LLMs under
assessment, with a markable degradation from Alpaca-7B. Further investigation reveals that
Alpaca-13B tends to respond witfiéll us why.j/s¢ when prompted to generate the natural
language rationale for the Likert-scale rating it selects, which takes up mor84baof
its rationale responses. The debasement of the Alpaca model in spite of the increase in the
model's scale raises questions regarding the scaling law in our current task of appraising

cognitive emotion dimensions in context.
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Figure 2.5: Box plots of the results from the human evaluation tasth@®most-performant
3 LLMs (i.e., ChatGPT, Alpaca-7B, and FLAN-T5).

Rationale Human Evaluation. We provide the box plots of the results from the human
evaluation forthe most-performan® language models (i.e., ChatGPT, Alpaca-7B, and
FLAN-T5) in Figure 2.5.

Furthermore, we also provide the results for the human evaluation reganiding
6 LLMs assessed in this paper. Following the setupliry.2, we evaluate and analyze
LLM-generated rationales when the model made a near-correct prediction of the Likert-scale
rating for that particular dimension compared against the gold human ratings. Speci cally,
we sample théntersectionof dimensions (post, dimension) tuples whele6 LLMs' (i.e.,
ChatGPT, FLAN-T5, Alpaca-7B, Alpaca-13B, Dolly-7B, and Dolly-12B) ratings fall in the
range of an absolute difference bto one ofthe annotated scale-ratings. This results in
30rationales annotated by human annotatorszwiatural language rationales from each

LLM. We report the inter-evaluator agreement using Krippendorff's Alpha with interval
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Figure 2.6: Box plots of the results from the human evaluation tasalf@LLMs.

distance in Table 2.11, which shows substantial agreement (Artstein and Poesio, 2008)

across all criteria.

Results from the human evaluation fdl 6 LLMs are reported in Table 2.12. We
observe that apart from ChatGPT and Alpaca-7B, all other LLMs including FLAN-T5,
Alpaca-13B, Dolly-7B, and Dolly-12B achieve similarly low performance on providing
natural language rationales for cognitive emotion appraisals. We provide the box plots of

the results from the human evaluation & 6 language models in Figure 2.6.

11.9.7 Model Responses Analyses

The LLMs' performance in terms of Likert-scale rating selections measured using
Spearman correlation and Krippendorff's alpha against the gold annotations are shown in

Figure 2.7. Additionally, the box plots for each LLM's Likert-scale ratings are shown in
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Figure 2.8.

Figure 2.7: LLMs' performance in terms of Spearman correlation and Krippendorff's alpha
(using interval distance) against the gold annotations within each group of dimensions
(averaged performance acrdsmdependent runs).

[1.9.8 Human Evaluation Framework

We provide the instructions given to the human evaluators of the rationales (described
in 811.7.2) in Figure 2.17 and Figure 2.18. Additionally, we showcase the human evaluation

task layout in Figure 2.19.

11.9.9 Why Does ChatGPT Perform (Slightly) Better Than Human Annotators in
Providing Rationales?

As discussed i8ll.7.2, ChatGPT was scored slightly higher in termsaaftualityand
usefulnessn providing natural language rationales than our human annotators, according
to human evaluators. This can be attributed to ChatGPT's wordiness and extractiveness
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