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Abstract
The versatility of Large Language Models (LLMs) in natural
language understanding has made them increasingly popular
in mental health research. While many studies explore LLMs’
capabilities in emotion recognition, a critical gap remains in
evaluating whether LLMs align with human emotions at a fine-
grained level. Existing research typically focuses on classify-
ing emotions into predefined, limited categories, overlooking
more nuanced expressions. To address this gap, we introduce
EXPRESS, a benchmark dataset curated from Reddit com-
munities featuring 251 fine-grained, self-disclosed emotion
labels. Our comprehensive evaluation framework examines
predicted emotion terms and decomposes them into eight basic
emotions using established emotion theories, enabling a fine-
grained comparison. Systematic testing of prevalent LLMs
under various prompt settings reveals that accurately predict-
ing emotions that align with human self-disclosed emotions
remains challenging. Qualitative analysis further shows that
while certain LLMs generate emotion terms consistent with
established emotion theories and definitions, they sometimes
fail to capture contextual cues as effectively as human self-
disclosures. These findings highlight the limitations of LLMs
in fine-grained emotion alignment and offer insights for future
research aimed at enhancing their contextual understanding.

Introduction
LLMs have been trained on vast amounts of written human
language (e.g., from the internet), some of which contains
descriptions of emotional experiences and emotional dis-
course (Achiam et al. 2023; Brown et al. 2020). LLMs have
been designed to interface with users with some knowledge
of human emotion (Wang et al. 2023). From an evolution-
ary standpoint, universal human emotions, like fear, joy, and
disgust, developed to solve unique sets of challenges faced
by ancestral humans, and LLMs can learn about emotions
through training.

Specifically, LLMs can be assessed on competencies in
emotional intelligence, a construct that encompasses how
people can respond strategically to and leverage their emo-
tional experiences in productive ways, regardless of how
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Figure 1: An example of EXPRESS and our emotion recogni-
tion evaluation framework is presented. Language models are
prompted to predict masked emotions in the text. Both the
predicted and self-disclosed emotion words are then decom-
posed into eight basic emotion dimensions and two sentiment
dimensions. In these examples, GPT-4 Turbo fails to accu-
rately capture emotions in human self-disclosures.

adaptive or ill-suited to a modern-day situation an emotional
reaction might initially be (Brackett, Rivers, and Salovey
2011; Salovey and Mayer 1990). While LLMs cannot pos-
sess complete emotional intelligence, their stochastic outputs
can be evaluated in two of the four domains of emotional
intelligence as posited by Salovey and Mayer: accurately
perceiving what emotion is being expressed by a human
via their written expressions of emotional disclosures; and
demonstrating accurate analysis of what a human is likely
experiencing given contextual cues (such as a person’s situa-
tion, appraisals of that situation, and/or corresponding bodily
responses). The extent to which frontier foundation models
can perform such tasks is an empirical question. As shown
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in Figure 1, the LLM’s predicted emotions fail to align with
self-disclosed emotions when asked to provide completions
to various human experience prompts.

Accurate emotion recognition has the potential to substan-
tially enhance a broad spectrum of natural language process-
ing (NLP) tasks. By integrating fine-grained affective under-
standing, dialogue systems can become more emotionally
aware, thereby improving their capacity to comprehend and
generate human-like emotions (Liu et al. 2021b). Moreover,
emotion recognition facilitates quantitative analyses of so-
cial dynamics, such as political discourse, customer service,
and public opinion mining. Finally, it also enables critical
NLP-driven applications, including automated depression
screening (Jurafsky and Martin 2024).

Substantial research efforts have been made to study the
emotion recognition capabilities of LLMs. These studies
usually focus on constructing various emotion recognition
benchmarks from different data sources, domains, and emo-
tion theories (Strapparava and Mihalcea 2007; Chatterjee
et al. 2019). However, current benchmarks face three main
limitations. First, little attention has been given to the self-
disclosure of emotional experiences, with existing research
typically relying on crowdsourcing or expert annotations to
label emotions in text, which might lead to unreliable evalua-
tions (Singh, Caragea, and Li 2024; Sabour et al. 2024). Sec-
ond, these studies are often limited by a short, predefined list
of emotions, restricting their ability to capture fine-grained
nuances in emotional experiences (Feng et al. 2022). Third,
current benchmarks primarily focus on short sentences, con-
texts, or dialogues, neglecting the self-disclosure of emotions
in longer contexts (Demszky et al. 2020).

To address this gap, we construct a new benchmark,
EXPRESS (EXperiences and PRocessed Emotions in Self-
disclosure Stories), which consists of 33,679 human expe-
riences and their associated self-disclosed emotions. The
assessment framework is illustrated in Figure 1. In this frame-
work, we mask emotion words in human self-disclosure texts
and prompt the LMs to predict the masked words. To move
beyond predefined emotion classes and evaluate models’ emo-
tion recognition capabilities at a finer granularity, we decom-
pose the emotions into 10 dimensions of basic emotions and
sentiments based on Plutchik’s Wheel (Plutchik 1980; Mo-
hammad and Turney 2013). Using EXPRESS, we benchmark
the emotion recognition performance of 14 language models.

Our results reveal that the emotion recognition capabili-
ties of LMs correlate with model size, model family, model
architecture, and prompting strategies. While the accuracy
of predicting emotions at the lexical level is low, some LMs
demonstrate the ability to capture the basic emotions under-
lying compound emotions, even when the predicted emotion
word does not exactly match the label. Furthermore, we find
that LLMs are capable of in-context learning for emotion
recognition when provided with examples. We also find that,
under the best settings, LLMs are able to generate emotions
consistent with theoretical definitions, but they are sometimes
less contextually “aware” than the emotions self-disclosed by
humans. These findings are particularly valuable for the de-
velopment of emotion-aware AI systems, especially in future

mental health applications (Hua et al. 2025; Ji et al. 2022;
Adhikary et al. 2024).

This paper makes the following contributions:

• We present EXPRESS, a novel benchmark designed for
emotion recognition that serves as a resource for evaluat-
ing models’ emotion recognition capabilities and facilitat-
ing potential emotion alignment.

• We propose a multi-faceted emotion recognition evalua-
tion framework that encompasses multiple metrics: lexical
accuracy, decomposed emotion vector accuracy, and con-
textual accuracy.

• Our framework incorporates various prompting strate-
gies, including few-shot learning and Chain of Thought
prompting, to evaluate models’ emotional reasoning and
in-context learning capabilities. We release our code and
dataset on GitHub: https://github.com/Computing-for-
Social-Good-CSG/express-emotion-recognition.git

Related Work
Emotion Taxonomy
While emotion theorists have nuanced definitions of emotions
that may differ in their descriptions of emotional features,
most agree that emotions are functional in preparing us to
respond to perceived or real environmental stimuli (Gross and
Feldman Barrett 2011). Theories of emotion define discrete
emotional experiences or reactions to events (real or imag-
ined) as representations that may include correlated physi-
ological responses, appraisal processes, subjective feelings,
and action tendencies (Schiller et al. 2024).

Many theories of emotion are studied in the field of affec-
tive science, but computational models of emotion in NLP
have primarily been based on two families of theories. The
first views emotions as fixed atomic units, often referred to
as basic emotions, while the second conceptualizes emotion
as existing within a multidimensional space (Jurafsky and
Martin 2024). Within the family of fixed atomic unit theories,
one prominent theory proposes six basic emotions: surprise,
happiness, anger, fear, disgust, and sadness (Ekman et al.
1999). Another theory, known as the Plutchik Wheel of Emo-
tion, posits that emotions consist of eight basic emotions in
four opposing pairs: joy-sadness, anger-fear, trust-disgust,
and anticipation-surprise (Plutchik 1980).

Recent advances in psychology have introduced new con-
ceptual and methodological approaches to capturing the more
complex “semantic space” of emotion, which aligns with the
second family of theories (Cowen et al. 2019). These models
typically use two dimensions—valence and arousal—to de-
scribe emotions (Russell 1980). Some models further include
a third dimension, dominance, to provide additional nuance
in describing emotions (Fontaine et al. 2007).

Emotion Recognition Benchmarks
Substantial datasets for emotion recognition exist, each with
varying emotion label domains. Table 1 summarizes key
characteristics of existing datasets, including size, number
of emotion labels, average context length, and annotation
methods.
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Work/Dataset Source Domain Size No. Emo-
tions

Avg Context
Length

Topic
Diversity

Annotator

GoEmotions (Demszky et al. 2020) Reddit General Reddit Comments 58,009 27 13 Unknown Crowdsourced
EmoTrigger (Singh, Caragea, and
Li 2024)

CancerNet, Twitter,
Reddit

Health-related, Natural disasters,
General Reddit posts

900 8 22 5 Expert

EmoWOZ (Feng et al. 2022) Amazon MTurk Human-human + human-machine
conversations

11,000 7 187 / 13 7 Expert

SemEval Task #14 (Strapparava and
Mihalcea 2007)

NYT, CNN, BBC,
Google News

News Headlines 1,250 6 7 13 Trained

EmoContext (Chatterjee et al. 2019) Twitter Conversational agent interactions 38,424 4 23 Unknown Trained
ISEAR (Scherer and Wallbott 1994) Survey Personal narratives on major

emotional events
7,665 7 23 31 Self-reported

DailyDialogue (Li et al. 2017) Various Websites Everyday multi-turn dialogues 13,118 6 115 / 15 10 Expert
EmoBank (Buechel and Hahn 2017) MASC +

SemEval-2007
News headlines, blogs, fiction, etc. 10,548 9 15 33 Crowdsourced

CrowdFlower (Van Pelt and
Sorokin 2012)

Twitter General Twitter tweets 39,740 13 36 9 Crowdsourced

EmoInt (Mohammad and
Bravo-Marquez 2017)

Twitter General Twitter tweets 7097 4 16 46 Crowdsourced

DENS (Liu, Osama, and
De Andrade 2019)

Gutenberg, Wattpad Long-form English narratives 9,710 8 86 7 Crowdsourced
+ Expert

Emotion-Stimulus (Ghazi, Inkpen,
and Szpakowicz 2015)

FrameNet Blogs 820 9 18 28 Expert

Tales Emotion (Alm and Sproat
2005)

Grimm Fairy Tales Blogs 15,302 8 21 10 Trained

XED (Öhman et al. 2018) OPUS Movie subtitles 33,548 8 9 Unknown Crowdsourced
EXPRESS (ours) Reddit Reddit Posts 33,679 251 259 49 Self-disclosed

Table 1: Comparison of emotion datasets in terms of size, domain, number of emotions, average text length, topic diversity, and
annotation method.

Emotion label coverage is often limited. Most datasets
include only a small set of predefined emotion categories. For
example, Emotion-Stimulus (Ghazi, Inkpen, and Szpakowicz
2015), Tales Emotions (Alm and Sproat 2005), and SemEval
Task 14 (Strapparava and Mihalcea 2007) rely on Ekman’s six
basic emotions (Ekman et al. 1999), sometimes supplemented
with a few additional labels. XED (Öhman et al. 2018) and
EmoTrigger (Singh, Caragea, and Li 2024) use Plutchik’s
eight primary emotions. These limited sets of emotion labels,
focused on a coarse level of classification, restrict the ability
to study fine-grained emotional nuances.
Context lengths tend to be short. Many datasets are built on
platforms such as Twitter or Reddit comments, or focus on
dialogue utterances and news headlines. As a result, the aver-
age context length for emotion recognition typically ranges
from 10 to 36 words, with CrowdFlower reaching the upper
bound at 36 words (Van Pelt and Sorokin 2012).
Dataset sizes vary. While small datasets like Emotion-
Stimulus contain under 1,000 examples, larger resources such
as EmoContext (Chatterjee et al. 2019), DailyDialogue (Li
et al. 2017), and GoEmotions (Demszky et al. 2020) include
tens of thousands of samples.
Annotations are typically crowdsourced or expert-labeled.
Many benchmarks rely on either expert labeling or crowd-
sourcing, where annotators infer emotions from external text.
ISEAR (Scherer and Wallbott 1994) is an exception that uses
self-reported emotion events, but its ecological validity is
limited by its collection method: participants were asked
to describe experiences for a fixed list of seven predefined
emotions, constraining natural emotional expression and over-
looking subtle or more complex feelings. In addition, relying
on external annotations limits the granularity of emotion
labels.

Prior research provides a foundation for assessing the emo-
tion recognition capabilities of LLMs, though it faces the

limitations mentioned above. Our work addresses these is-
sues by scaling up context length to an average of 259 words
and the range of emotion labels to 251. We use self-disclosed
emotions as ground truth labels without external annotation
because they are considered ecologically valid. As naturally
occurring disclosures, they allow individuals to freely and
authentically share their internal experiences, including emo-
tional reactions to past events, without being constrained by
predefined categories or researcher-led methods (Pennebaker
and Beall 1986; Frattaroli 2006; Davitz 2013). Moreover, self-
report remains a cornerstone of methods for empirically inves-
tigating subjectively felt emotional experiences (Mauss and
Robinson 2009), further supporting the use of self-disclosed
emotions as ground truth. Additionally, our framework allows
models to generate context-based, non-predefined emotions,
ensuring sufficient variation in emotional nuances. Together,
these improvements establish our dataset as an ecologically
valid and fine-grained benchmark for evaluating emotion
recognition capabilities in language models.

EXPRESS: A Comprehensive Benchmark for
Emotion Recognition

Selection of an Emotion Lexicon. The Berkeley Well-Being
Institute synthesized a complete list of 271 emotions (Davis
2024) based on multiple emotion theories: Discrete, Circum-
plex (Russell 1980), Plutchik’s Wheel (Plutchik 1980), and
other emotion theories. Instead of selecting a single emotion
theory, we used the Berkeley Well-Being list of emotions be-
cause it combines multiple theories and represents the largest
available emotion lexicon. A primer on the emotion theories
used in this paper is provided in the Appendix.
Collecting self-disclosed experiences and emotions. Our
primary objective is to assess whether LMs can predict emo-
tions based on real-life nuanced experiences. To achieve this,
we created prompts that embed a self-disclosed emotion.
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Experience Contextualized Prompts Self-disclosed Emotion

Feeling <mask> after getting a role in a movie. [...], now am scared cause the director doesn’t know that I got no acting experiences or skills (am
very bad at memorizing my lines) if he finds out he won’t hire me for the movie. I don’t know what to do.

afraid

How do I do this... I feel <mask>. Battling so many health issues right now, mostly gi related. [...] I am incredibly incredibly <mask> and going
through 1 to 5 juul pods a day... I feel like there’s no way out of this. Any advice? I can’t imagine my depression and fatigue getting worse...

panicked, depressed

Table 2: Examples of naturally occurring emotionally-centered prompts in EXPRESS. Self-disclosed emotions (ground truth) are
replaced by <mask> token.

To ensure we evaluate LMs in scenarios that mirror actual
language usage, we construct our prompts from natural con-
texts that we retrieve from Reddit, rather than crowdsourcing
prompts.

Because of its pseudonymity, Reddit is a popular platform
for discussing real-life experiences. Reddit served as the
primary data source due to its support for longer posts (up to
40,000 characters) which enabled the collection of rich and
nuanced human experiences and the corresponding evoked
emotions. The Reddit API Praw (Boe 2021) 1 was utilized
to collect posts from all subreddits containing at least one
emotion from the Berkeley Well-Being list.
Emotion Masking. To mask the self-disclosed emotions
in the collected posts, we designed a comprehensive regular
expression protocol, as not all emotion keywords in a post are
self-disclosed by the author. For example, the author might
use emotion keywords to describe external events or other
people’s feelings rather than their own. Our protocol includes
three main patterns: ‘I feel + emotion’, ‘I am + emotion’, and
‘no-pronoun + feeling + emotion’. To make the algorithm
robust to variations in natural language phrasing, we designed
a series of rules, with details provided in Appendix.

We included the pattern ‘feel’ because prior work indi-
cates that humans use the word ‘feeling’ interchangeably
with ‘emotion’, even though feelings and emotions are not
the same (Davis 2024). Feelings encompass both emotional
experiences (e.g., feeling sad) and physical sensations (e.g.,
feeling hungry). This distinction justifies our use of the fol-
lowing pattern-matching formats: (I + feel/am + emotion)
and (no-pronoun + feeling + emotion).

Due to the context window size limitations of some lan-
guage models and the fact that some posts are extremely
lengthy, we segmented the posts into chunks of 512 tokens.
During the segmentation process, we ensured that the context
surrounding the target masked emotions was maximized. If
multiple masked emotions existed, they were grouped based
on their relative positions in the text. Table A.1 in Appendix
outlines the algorithm used to perform post segmentation.

The resulting dataset (EXPRESS) comprises 33,697 posts
with an average word count of 259 per post. EXPRESS posts
originate from 6,930 unique subreddits and span the time pe-
riod from June 2009 - April 2024. More details of the dataset
are provided in the Appendix (Table A.2, Table A.3, Ta-
ble A.4). Across the dataset, a total of 52,632 emotion words
were identified covering 251 (92.62%) out of 271 Berkeley

1BSD 2-Clause License: licensed under a permissive license
allowing redistribution and modification with the retention of copy-
right and disclaimer notices

Well-Being emotions. We create prompts from EXPRESS by
replacing the original emotion with a <mask> token. Table 2
depicts examples from our dataset.

Evaluating Emotion Recognition Capabilities
of LLMs

Using EXPRESS, we measured the emotion recognition ca-
pabilities of 14 prevalent language models including four
masked language models, three Seq2Seq language models,
and seven causal language models.

Model Details
Using our dataset, we evaluated several variants of open-
source and closed-source language models widely used in cur-
rent research. We included four prevalent masked language
models, as they are specifically designed for masked lan-
guage modeling tasks. These models are RoBERTa-base (Liu
et al. 2019), Longformer (Beltagy, Peters, and Cohan 2020),
Mental-RoBERTa (Ji et al. 2022), and Mental-Longformer (Ji
et al. 2023), the latter two of which have been further pre-
trained on mental health-related corpora. For Seq2Seq lan-
guage models, we included three models from the Flan-T5
family (large, XL, and XXL) (Chung et al. 2024). For causal
language models, we focused on instruction-tuned models
of varying sizes, as they are fine-tuned to follow instructions.
These include Llama3.1-Instruct (8B, 70B) (Grattafiori et al.
2024), Gemma2-Instruct (2B, 9B, 27B) (Team et al. 2024),
GPT-3.5-turbo, and GPT-4o (OpenAI et al. 2024). The tem-
perature was set to 0.0 for all experiments to minimize the
effects of randomness.

Experimental Setup
We evaluated the performance of the four masked language
models by directly filling in the masked emotions. For the re-
maining 10 models, we prompted them to predict the masked
emotions based on the context. We designed the experiments
with four different settings: zero-shot, few-shot with 4 ran-
dom examples, few-shot with 4 nearest examples, and Chain-
of-Thought (CoT) prompting (Wei et al. 2022).

The zero-shot setting served as the basic test of the emo-
tion recognition ability of LLMs based on self-disclosed
emotional experiences. Models were directly instructed to
predict the <mask> word with an emotion based on the con-
text. The prompt template used in this setting is detailed in
Appendix (Table A.9).

To investigate whether LLMs can enhance their emotion
detection ability by learning from examples, we included two
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few-shot settings. In both settings, we used four examples,
as prior work has shown that using a larger number of exem-
plars does not significantly improve model performance (Min
et al. 2022). Additionally, we ensured that the number of
<mask> tokens in the exemplars matched that of the target
post to avoid confounding effects. The first few-shot set-
ting used four examples randomly selected from EXPRESS,
while the second used the Bert-base-uncased model (Devlin
et al. 2019) to compute sentence embeddings and applied
Euclidean distance to find the four nearest examples to the
Reddit posts (Liu et al. 2021a). By comparing these two
settings, we aimed to explore whether providing similar ex-
periences in the examples could further enhance the models’
ability.

Studies have shown that CoT prompting improves per-
formance across a range of arithmetic, commonsense, and
symbolic reasoning tasks (Wei et al. 2022). However, some
studies have also suggested that CoT prompting may not
enhance performance in socially sensitive domains, such as
addressing harmful questions (Shaikh et al. 2023). In this
work, we included the CoT prompting setting to examine
whether it could further improve the models’ ability to pre-
dict emotions.

Measuring Accuracy of Emotion Recognition
To evaluate LMs’ emotion recognition capabilities on a
fundamental level, beyond calculating lexicon accuracy,
we adopted the approach of the NRC Emotion Lexicon
(EmoLex) (Mohammad and Turney 2013). EmoLex is a
widely used resource that analyzes 14,182 unigrams and as-
sociates these unigrams, through crowdsourcing, with eight
basic emotions—anger, anticipation, disgust, fear, joy, sad-
ness, surprise, and trust—as well as with positive and negative
sentiment. The associations are represented as binary scores
(0 or 1), indicating whether a word is linked to a particular
emotion or sentiment. We leveraged EmoLex to construct
vector representations for each predicted and actual emotion.
These vectors, as shown in Figure 1, are 10-dimensional: 8
dimensions correspond to the basic emotions, and 2 repre-
sent positive and negative sentiment. By converting all words
into these 10-dimensional vectors, we evaluated the model-
predicted emotions against the self-disclosed emotions on a
basic emotion and sentiment level.

During this process, some model-generated emotions were
not included in the NRC Emotion Lexicon. To address this,
we replicated EmoLex’s crowdsourcing task on Amazon Me-
chanical Turk (AMT) to generate vector representations for
these additional emotions. Further details are provided in
Appendix (Figure A.2).

We evaluated the results using three metrics: (1) Lexical
Accuracy (AccL), defined as the percentage of exact lexi-
cal matches (Nlm) from all masks (N ): AccL = Nlm/N ;
(2) Vector Accuracy (AccV ), defined as the percentage of
exact vector matches (Nvm) between the 10-dimensional ba-
sic emotion vectors for the predicted and actual emotions
across all masks: AccV = Nvm/N ; and (3) Average Vec-
tor F-1 score (F1V ), which balances precision and recall to
evaluate the model’s ability to predict each dimension of the
10-dimensional emotion vector. More details on the F1-score

calculation for vectors are provided in the Appendix section
titled Evaluation Metrics.

We included AccV as a metric because predicted and ac-
tual emotions may not align lexically due to the diversity of
emotion vocabulary but could still match at the basic emo-
tion level. For example, ‘angry’ and ‘furious’ share the same
emotion vector but are two different labels lexically. A higher
AccV indicated greater alignment between the actual and
predicted emotions. Similarly, F1V was included to assess
how closely the predicted emotions approximated the self-
disclosed ones, even when there was no exact match across
all dimensions.

Results
Here, we present our findings on the emotion recogni-
tion capabilities of LLMs evaluated on the EXPRESS dataset.

Fine-Grained Emotion Alignment is Challenging
for LMs. Models demonstrated significant variability in
their ability to predict emotions from emotional experiences
in the zero-shot setting, as shown in Table 3. AccL ranged
from 0.051 to 0.318, while AccV , slightly higher, ranged
from 0.097 to 0.388. F1V ranged from 0.434 to 0.711,
compared to a baseline of randomly generated vectors at
0.322. Overall, the results show that it is challenging to
predict human self-disclosed emotions from emotional
experiences. The substantial number of emotion words,
along with the similarity and overlapping nature of some
emotion terms, may contribute to the low AccL. However,
AccV , which evaluates the decomposed vectors of emotion
terms, remains relatively low, increasing by only about 0.06
on average. This indicates that for most models, language
models fail to align with human self-disclosed emotions on
at least one basic emotion or sentiment dimension in the
majority of predictions.

Some models, such as Flan-T5-large, XL, and Gemma2-
2B, have AccV around 0.1, meaning they can only accurately
predict around 10% of the emotions. Their F1V ranges from
0.4 to 0.5, which, although higher than randomly generated
vectors, indicates their limited ability to correctly predict
emotions. On the other hand, some models demonstrate rela-
tively better emotion recognition ability, including the four
masked language models, Llama-3.1-70B, Gemma-2-27B,
and GPT-4o. These models achieve AccV over 0.3 and F1V
exceeding 0.6, indicating a certain degree of alignment with
self-disclosed emotions or, at the very least, some aspects of
them.
Model Family and Size Matter. Although the tested lan-
guage models do not achieve either AccL or AccV higher
than 0.4 under zero-shot settings, the emotion recognition
performance varies significantly between models, as shown
in Figure 2. Three factors appear to have the most signifi-
cant impact on performance: Model Architecture, Model
Family, and Model Size.

The four masked language models are all ranked among
the top seven models in both accuracy metrics, despite having
far fewer parameters (RoBERTa with 125M and Longformer
with 149M). This may be due to their specialization in mask-
filling tasks: they are specifically designed and trained to
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Model
Architecture

Model Zero-shot Few-shot (random) Few-shot (nearest) CoT
Name Variant AccL AccV F1V AccL AccV F1V AccL AccV F1V AccL AccV F1V

Masked LMs
RoBERTa base 0.318 0.369 0.658 - - - - - - - - -

mental 0.313 0.366 0.654 - - - - - - - - -

Longformer base 0.309 0.358 0.645 - - - - - - - - -
mental 0.277 0.330 0.633 - - - - - - - - -

Seq2Seq Flan-T5
large 0.051 0.097 0.434 - - - - - - - - -

xl 0.063 0.111 0.471 - - - - - - - - -
xxl 0.102 0.167 0.532 - - - - - - - - -

Causal LMs

Llama-3.1 8B 0.149 0.222 0.591 0.175 0.248 0.619 0.195 0.265 0.624 0.153 0.228 0.586
70B 0.264 0.338 0.675 0.265 0.343 0.677 0.279 0.356 0.683 0.198 0.272 0.650

Gemma-2
2B 0.078 0.147 0.530 0.105 0.174 0.550 0.122 0.193 0.557 0.052 0.110 0.514
9B 0.223 0.293 0.639 0.268 0.338 0.673 0.278 0.347 0.677 0.152 0.200 0.634
27B 0.268 0.341 0.667 0.290 0.358 0.675 0.298 0.366 0.678 0.154 0.211 0.636

GPT 3.5-turbo 0.217 0.285 0.629 0.247 0.313 0.647 0.250 0.315 0.647 0.176 0.244 0.602
4o 0.313 0.388 0.711 0.350 0.422 0.732 0.364 0.436 0.738 0.310 0.383 0.723

Average (Causal) 0.210 0.272 0.647 0.242 0.314 0.653 0.255 0.325 0.658 0.171 0.235 0.621

Baselines Random - 0.001 0.322 - - - - - - - - -
All-zeros - 0.037 0.000 - - - - - - - - -

Table 3: Performance comparison of language models across different evaluation settings. Metrics include lexical accuracy
(AccL), vector accuracy (AccV ), and average vector F1 (F1V ) across zero-shot, few-shot (random and nearest), and CoT settings.

fill masks and do not need to interpret complex prompts as
Seq2seq or causal language models do. In Seq2seq and causal
language models, the model family plays a crucial role. For
example, with similar model sizes, Flan-T5-xxl, Llama3.1-
8B, and Gemma-2-9B exhibit vastly different AccL, AccV ,
and F1V scores. Flan-T5-xxl and Gemma2-9B have differ-
ences of 0.156, 0.174, and 0.135 in AccL, AccV , and F1V ,
respectively. GPT-3.5-turbo, despite having 175B parameters,
performs worse than smaller models such as Llama-3.1-70B
and Gemma-2-27B.

Another key factor influencing performance is model size.
Within all model families—Flan-T5, Llama-3.1, Gemma-2,
and GPTs—the ability to predict emotions improves con-
sistently as the number of parameters increases, without ex-
ception. Interestingly, the best-performing causal language
model, GPT-4o, with 1.75T parameters, performs similarly
to the three masked language models. This highlights the sig-
nificant gap in mask-filling ability between masked language
models and causal language models in emotion recognition
tasks. The Wilcoxon Signed-Rank tests were conducted, and
the results are shown in Table A.11.
Chain of Thought Doesn’t Help Models Predict Emotions.
Studies show that CoT prompting enables models to reason
step by step to arrive at the final answer and has been proven
to improve performance on various NLP tasks (Wei et al.
2022). Given that most emotional experience texts in our
dataset are long (259 words per post on average), leading
models to reason step by step might be a potential way to
achieve higher performance. To test this, we adapted CoT
prompting by instructing models to ”Think step by step” (Ko-
jima et al. 2022). The prompts we used are shown in the
Appendix (Table A.9).

However, as Table 3 shows, for all seven tested models
across three model families and various sizes, performance
consistently worsened, with average decreases of 0.039,
0.037, and 0.026 for AccL, AccV , and F1V , respectively.
The only models unaffected were GPT-4o and Llama-3.1-

8B. Notably, for the three Gemma-2 models, regardless of
size, the models’ ability to respond in the correct format as
instructed deteriorated significantly, dropping from an av-
erage of 99.9% to 76%. The Wilcoxon Signed-Rank tests
were conducted and the results show that all models, except
for these two, perform statistically significantly worse un-
der CoT settings (p < 0.001). For smaller models, such as
Gemma-2-9B, CoT prompting sometimes caused them to
deviate from the original instruction and fail to respond with
emotion words. For larger models, while CoT prompting did
not reduce the rate of valid responses, overall performance
declined. This aligns with prior findings (Shaikh et al. 2023),
suggesting that CoT may underperform in socially situated
tasks. It also echoes recent work (Chochlakis et al. 2025),
which found that CoT fails to improve outcomes in complex,
context-sensitive, and subjective tasks, particularly for larger
models, which tend to rely heavily on their built-in prior
knowledge, potentially leading them to overlook or disregard
the specific context provided in the prompt.
Error Analysis. To better understand the details of the pre-
diction errors, we conducted an error analysis on the best-
performing causal language models: Llama-3.1-70B-Instruct,
Gemma-2-27B-It, and GPT-4o. We observed a significant
difference between the distribution of emotion words used
in human self-disclosures and those predicted by the models.
Humans tend to use emotion words such as happy, scared,
sad, tired, and embarrassed, whereas the models frequently
overused emotion words such as anxious, grateful, over-
whelmed, ashamed, frustrated, and relieved, as shown in
Figure A.3 in the Appendix.

Among the most common mispredictions, errors frequently
occur when the model predicts a similar but distinct emotion,
or one with a different intensity. For example, models often
predict grateful, a deeper and more enduring emotional ex-
pression, when the true label is thankful. They also tend to
overuse words like frustrated and anxious to represent a wide
range of emotional experiences, whereas humans express
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Figure 2: A comparison of model size, family, and emotion detection vector accuracy. The results show that model performance
is significantly influenced by the model family and generally improves with increasing model size across four causal language
model families.

these emotions more diversely and subtly in these cases using
words like disheartened, demoralized, irritated, annoyed, rest-
less, panicked, agitated, and stressed. Additionally, models
often reduce emotional intensity by predicting angry instead
of furious, or afraid instead of terrified. Table A.6 in the Ap-
pendix presents the normalized mispredictions commonly
made by these three models.
Impact of Dataset Segmentation on Model Performance
When constructing EXPRESS, we segmented long posts into
segments of 512 tokens to ensure a fair and consistent evalua-
tion across LLMs with different context length. However, this
segmentation may limit the ability of LLMs with extended
context windows, like GPT-4o to fully utilize their contex-
tual reasoning capabilities, potentially underestimating their
performance. To assess this trade-off, we conducted an addi-
tional analysis comparing model performance on segmented
versus full posts. We randomly sampled 1,000 posts from
the EXPRESS and evaluated GPT-4o, our best-performing
model with a 128k-token context window, on both settings.

As Table 4 shows, despite a substantial increase in post
length (approximately 1,000 additional words), performance
remained effectively unchanged across all metrics. This sug-
gests that a 512-token context window provides sufficient
context for models to make comparable decisions on this task.
Post segmentation not only ensures a fair and consistent eval-
uation across LLMs with different context lengths, but also
does not disadvantage models with larger context capacities
in this setting.

Setting Avg Post Length (words) AccL AccV F1V

Segmented Post 353 0.348 0.404 0.717
Full Post 1353 0.346 0.406 0.715

Table 4: Comparison of GPT-4o’s performance on segmented
vs. full posts.

Are Models Good Learners of Emotions?
Our results in the previous section indicate that accurately
predicting self-disclosed emotions based on emotional expe-
riences remains a challenge for language models, both at the
lexical level and the basic emotion vector level. Even the best-
performing models, including the four masked language mod-
els, Llama-3.1-70B-Instruct, Gemma-2-27B-Instruct, and
GPT-4o, incorrectly predict at least one basic emotion di-
mension in the emotion vector for nearly 65% of instances.

However, most language models are neither designed nor
trained specifically for emotional intelligence tasks, such as
emotion recognition. As a result, they may lack the implicit
capacity to predict emotions in a human-like manner. There-
fore, it is crucial to examine whether LLMs can learn and
improve their emotion detection capabilities. Demonstrat-
ing this potential would highlight their utility in assisting
mental health-related tasks, particularly when specifically
designed and trained for such applications. To evaluate this,
we established two few-shot experimental settings.

The two few-shot settings use different strategies to select
examples. The first setting is designed to examine whether
LLMs can learn from random examples of emotions, serv-
ing as a baseline. The second few-shot setting is designed
to assess whether LLMs learn better when provided with
examples of similar emotional experiences. To achieve this,
we use the BERT-base-uncased model (Devlin et al. 2019)
to compute sentence embeddings and apply cosine similar-
ity to identify the four nearest examples to the test query as
few-shot examples.
Result As shown in Table 3 and Figure 3, all tested LLMs
demonstrate improved emotion recognition ability when ex-
posed to random examples. The average improvements in
AccL, AccV , and F1V are 0.032, 0.042, and 0.006, respec-
tively. Similar to, but even better than, the first few-shot set-
ting, the few-shot setting with the nearest distanced examples
further boosts the models’ performance on emotion recogni-
tion. This setting outperforms the first setting for all models,

2171



0.0 0.1 0.2 0.3 0.4 0.5
Vector Accuracy

Zero-shot

Few-shot
(random)

Few-shot
(Nearest)

CoT

 

Figure 3: A comparison of zero-shot results and the other
three settings. Models learn from examples and perform bet-
ter compared to the zero-shot setting.

with average improvements in AccL, AccV , and F1V of
0.045, 0.053, and 0.011, respectively, compared to the zero-
shot setting. This indicates that models can learn better when
exposed to examples with similar emotional experiences. The
improved results of the two few-shot settings demonstrate the
ability of models to learn from provided examples, indicating
their potential to become more emotionally aware in future
training and adapt to mental health applications.

Human Evaluation of Predicted and Actual
Emotions

To contextualize our empirical evaluation of LMs’ emotion
recognition capabilities across the previous experiments, we
conducted a qualitative analysis of a subset of the predicted
(by LLMs) and actual emotions. Our first research objective
was to assess which emotion (predicted/actual) would be
picked by a domain emotion expert as being more plausible,
or consistent with academic theory and empirical research
about emotion experience.

Our second research question was: “How might a domain
expert in emotion research determine that a certain emotion
fits the natural contexts in the posts (e.g., select an LLM-
generated vs. ground truth emotion as being accurate)?”
Essentially, we aim to compute a form of contextual accu-
racy to assess whether the predicted or ground truth emotion
aligns with the local context of the text. Hence, we perform a
qualitative analysis on a small subset of our dataset to com-
pute this contextual accuracy, utilizing human evaluation by
three emotion experts, whose backgrounds are detailed in the
Human Evaluation section of the Appendix.

We framed this task as a Turing test (Turing 2009), aiming
to see if an LLM can mimic human emotional intelligence by
attempting to deceive the emotion experts into selecting the
LLM’s output over the self-disclosed emotion. To maximize
the challenge, we utilize the best-performing model’s outputs
(GPT-4o with few-shot-nearest setting) for this task.

Setup
Our sample includes 213 EXPRESS posts, the associated self-
disclosed emotions, and the corresponding predictions from
the best-performing model. We selected the posts where the
emotions predicted by the LLM differ from the self-disclosed
emotions at the vector level. We randomized the order of
presenting predicted or actual emotions first, and asked the
coders to read each post and select one of the following
options without knowing which options were predicted or
actual: (1) self-disclosed emotion (SD), (2) LLM-generated
emotion (LLM), (3) both emotions equally fit (BOTH), and
(4) neither emotion fits (NEITHER). For clarity, it is impor-
tant to note that selecting one emotion does not necessarily
imply that the other option is unsuitable; rather, it indicates
that the chosen emotion is preferred by the coders.

In the next phase, one coder went through all samples and
provided rationales for their selections. Open coding (Khand-
kar 2009) was then conducted on the rationales to understand
what the common themes were to justify the selections made,
as presented in Table A.7 in Appendix. The codes were then
presented to the other coders, who were also free to add addi-
tional codes; however, no additional codes were introduced.

Results
Two coders selected LLM over SD more frequently, while the
third coder selected SD more often. We used a majority vote
to aggregate the results from the three coders. Overall, SD
was selected 89 times (40.0%), whereas LLM was selected 97
times (43.7%). The coders also considered BOTH emotions
plausible 5 times (4.7%), and there were 22 instances (11.6%)
where all three chose different options. However, given the
subtle distinctions between emotions, agreement among the
coders was relatively low, with only 36.2% of the samples
receiving unanimous selection and a Fleiss’ Kappa score of
0.21 (fair agreement).

We aggregated the codes from the three coders and re-
ported the frequency of codes in Table A.7 in the Appendix.
The most common reason for coders selecting the SD emo-
tions was that the selection better matched other terms pro-
viding context for the affective experience (Code 3, N=101).
The second most common reason was that the selection
was judged as better fitting the degree of specificity in the
affective experience being described (Code 2, N=39). For
the LLM emotions, the most common reasons were similar
(Code 2, N=69; Code 3, N=58, and Code 5, N=57). However,
when choosing SD, Code 3 was significantly more frequent
(36.4%), indicating that coders believed SD emotions were
more contextually appropriate in many cases. In contrast,
when choosing LLM, Code 2 and Code 5 were significantly
more frequent (23% and 19%), suggesting that coders pre-
ferred LLM-generated emotions due to their higher specificity
in describing the affective experience and better alignment
with emotion definitions and theories. Examples of code se-
lections and the corresponding rationales are presented in
Table A.8.

Our results unexpectedly show that experts slightly pre-
ferred the LLM’s predicted emotions over the self-disclosed
emotions. The low agreement between coders further reveals
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that both SD and LLM-generated emotions are plausible,
differing primarily in nuanced ways. This finding highlights
the inherent complexity and subtlety of our task, where hu-
man understanding and expression of emotions are highly
subjective, shaped by an individual’s unique experiences,
personality, emotion granularity, and perspective. This pat-
tern of findings, across the three coders, suggests that while
our best-performing LLM is able to generate emotions con-
sistent with theoretical definitions and convincing as being
appropriate, there are also instances where LLM may miss
important contextual cues in the excerpts that may seem intu-
itive to human coders. However, it is important to note that
these findings are specific to the best-performing model un-
der optimal settings, which may represent the upper bound of
LLM performance. Further investigation is needed to explore
whether, in such cases where a human coder can articulate
how an important clue in an excerpt is ”missed” by the LLM,
the LLM is making ”errors” (such as by not accounting for
certain information) or registering the contextual information
but making predictions based on different information within
the excerpt, potentially relying on ”internal world modeling”
specific to the LLM.

Conclusion
Higher emotional understanding and prediction abilities in
LLMs are crucial for empathetic interactions (Mayer and
Geher 1996), as users often prefer models that align with their
beliefs (Kirk et al. 2024). Misjudging or failing to respond
empathetically in dialogue can lead to user discomfort (Ball
and Breese 2001). However, existing benchmarks are limited
by unreliable labels, a narrow range of emotion categories,
and short emotional contexts.

To address these gaps, we constructed EXPRESS, an emo-
tion recognition dataset created by masking self-disclosed
emotions in Reddit posts. Our systematic evaluation revealed
that LLMs still face challenges in aligning with human emo-
tional expressions. Performance varied across model archi-
tectures and families, with consistent improvements as model
size increased. Notably, while model performance varied
among model families, masked language models performed
comparably to some larger causal language models, such as
GPT-4o. Given their significantly smaller model sizes, they
offer a cost-effective alternative with similar performance.

We also tested whether CoT prompting improves LLM per-
formance. Our findings, consistent with prior work (Shaikh
et al. 2023; Chochlakis et al. 2025), show that CoT degrades
performance in subjective tasks, possibly due to models rely-
ing too heavily on prior knowledge instead of contextual cues.
Few-shot prompting, however, showed promise, indicating
that with targeted design and exposure, LLMs can improve
their emotion recognition performance even without explicit
emotion-task training.

For the qualitative analysis, future research could explore
how the affective terms predicted by LLMs differ from self-
disclosed emotions and how expert observations might be
used to fine-tune models for improved emotion recognition.
The analysis also shows that LLM-generated emotions were
preferred by experts half of the time, suggesting that GPT-4o,
under the best settings, has the ability to generate reasonable

emotions that fit the context. However, the error analysis
and qualitative analysis reveal that while LLM emotions are
sometimes more specific than SD emotions and consistent
with emotion theories, they can also be overly general, fre-
quently predicting common emotions such as ‘anxious’ or
‘frustrated.’ Moreover, LLMs are sometimes less effective at
capturing contextual cues than SD emotions. These findings,
along with the low alignment with SD emotions, highlight the
importance of self-disclosed emotions in fine-grained emo-
tion recognition tasks, which not only serve as a benchmark
for evaluation but also provide valuable training material to
improve model alignment.

Our benchmark and evaluation framework offer a system-
atic way to assess LLMs’ capacity to understand and pre-
dict fine-grained, self-disclosed emotions. While our setup
is intentionally controlled, it provides foundational insights
into how models handle nuanced emotional expressions, a
prerequisite for deployment in sensitive, real-world appli-
cations such as mental health support tools or social media
moderation. As these applications demand accurate emotion
recognition, models that underperform in our benchmark
may require further careful examination before being reliably
applied in such contexts.

Limitations
Diversity in emotion expression. While our research pro-
vides valuable insights into emotion recognition, it is pri-
marily focused on neurotypical ways of expressing emotions.
This limitation highlights the need for further research to ex-
plore and understand how emotional expressions may differ
in neurodivergent populations, as differences in emotional ex-
pression are well-documented (Trevisan et al. 2017). Expand-
ing the scope of future studies to include a more diverse range
of emotional expressions will help create more inclusive mod-
els and improve the accuracy and applicability of emotion
recognition systems across different populations (Mazefsky,
Pelphrey, and Dahl 2012).
Bias in User Demographics. Reddit’s user base is not fully
representative of the general population. Studies have shown
that Reddit users are predominantly male, young adults,
with a strong representation from North America and Eu-
rope (Barthel et al. 2016; Singer et al. 2014). This demo-
graphic bias may influence the types of emotions expressed
and the language used on the platform. Thus, fine-tuning
models on EXPRESS may not generalize well to other pop-
ulations, leading to potential biases in the emotion recogni-
tion model when applied to more diverse or global datasets.
Future work could broaden the demographic coverage by
incorporating data from other platforms, such as Quora, or
region-specific platforms like Zhihu (Chinese) in other lan-
guages. Future work can also oversample specific subreddits
to target different demographic groups, such as r/askwomen
for women and r/over60 for older adults.
Limitations to Human Evaluation Approach. There are
few, if any, real-world scenarios where a person would be
tasked with predicting the emotion term that an emotion-
experiencer would express via a written vignette. Rather,
real-world scenarios involve some discussion and clarifying
questions for an individual to learn about what a person might
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be feeling or have experienced in the past (e.g., emotional
disclosure to a friend, or a therapist). A task similar to the
one in this study is a subscale of an emotional intelligence
measure in which participants determine what emotion a
person is feeling based on a scenario described. However, this
task uses standardized vignettes developed by researchers,
rather than disclosed in colloquial terms by everyday people.
As suggested by the instances where both the self-disclosed
and LLM terms were considered by the expert as plausible
colloquial descriptions of affect, there may be cases where a
term cannot be predicted by a human (at least without more
context provided). Furthermore, future work could include
further refinement through iterative codebook development
and discussions to improve agreement among coders.

Ethics Statement
Emotion detection ability in LLMs could bring significant
benefits to mental health applications. It would allow for the
automation of mental health services, directing individuals
to appropriate and personalized resources. This approach
could enhance the accessibility of mental health support,
particularly for vulnerable populations, such as ethnic minori-
ties, where seeking help is often more stigmatized compared
to majority groups (Stade et al. 2024; Habicht et al. 2024).
However, there are potential risks as well. With increased
emotional intelligence, large language models might become
more persuasive, increasing the potential to manipulate vul-
nerable populations. Additionally, LLMs tend to be sycophan-
tic (Sharma et al. 2024), and their emotional intelligence may
lead them to better align with a human’s opinions and senti-
ments. This personalization carries risks, as it can reinforce
the user’s existing beliefs (Kirk et al. 2024). Consequently,
LLMs may avoid suggesting mental health resources that fall
outside the user’s comfort zone, instead adhering to assump-
tions based on the user’s prompts and selectively presenting
information that reflects the user’s biases and beliefs.

The annotations used to obtain the basic emotion vectors
for Plutchik’s eight basic emotions were crowd-sourced, with
workers receiving $0.10 per assignment, ensuring that com-
pensation complied with the minimum wage requirements
in the authors’ location. Each HIT allowed sufficient time of
3 minutes for completion, aligned with the number of ques-
tions included. To ensure quality, only workers with a HIT
approval rate of 95% or higher, at least 5,000 approved HITs,
and who passed a task-specific qualification test were allowed
to perform the annotations. We also recruited one domain
expert on Upwork for qualitative analysis, compensating the
expert at $30 per hour, with the entire evaluation process
taking 11 hours. To maintain data anonymity, we discarded
post IDs and account names before feeding the posts into
the LLMs. Our dataset is self-annotated, strictly extracting
emotions explicitly expressed by the post author.
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of your work? Yes, see the Ethics Statement
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(b) Did you include complete proofs of all theoretical re-
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collect any identifiable information into our dataset and
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(g) If you are curating or releasing new datasets, did you
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Appendix
Theories of Emotion
There are several popular theories of emotion. One class of
theories views emotions as being discrete, otherwise known
as basic emotions. Plutchik’s wheel of emotion (Plutchik
1980) consists of 8 discrete emotions: joy, sadness, anger,
fear, trust, disgust, anticipation, and surprise. Another sim-
ilar theory is Ekman’s basic emotions (Ekman, Sorenson,
and Friesen 1969), consisting of 6 basic emotions: happi-
ness, anger, fear, sadness, disgust, and surprise. On the other
hand, some theories view emotions in a multi-dimensional
space, such as Russel’s Circumplex model of affect (Russell
1980). The VAD model places emotions among dimensions
of valence, arousal, and dominance. Valence, arousal, and
dominance are dimensions used to describe emotions: va-
lence indicates the positivity or negativity of emotion, arousal
reflects the intensity of emotional activation, and dominance
measures the degree of control or influence an emotion exerts
over an individual (Russell 1980).

Many works use these theories as a basis to create lexi-
cons for emotion. Popular lexicons include the NRC Word-
Emotion Association Lexicon, also known as EmoLex (Mo-
hammad and Turney 2013), and the NRC Valence, Arousal,
and Dominance lexicon (Mohammad 2018).

Emotion Masking Algorithm
We included the pattern ‘feel’ because prior work indicated
that humans use the word feeling’ interchangeably with
emotion, even though feelings and emotions are not the
same (Davis 2024). Feelings encompass both emotional expe-
riences (e.g., feeling sad) and physical sensations (e.g., feel-
ing hungry). This distinction justifies our pattern-matching
format (I + feel/am + emotion) or (no-pronoun + feeling +
emotion). Up to three words can be added between ‘I’ and
‘feel/am’, and between ‘feel/am’ and the emotion, allowing
the patterns to capture cases where extra words such as ad-
verbs are present. For example, the word ‘angry’ in the phrase
‘I have felt extremely angry’ will be masked.

In addition to these basic patterns, several guidelines were
introduced to ensure the accuracy of masking self-disclosed
emotion words:
1. We avoided masking the word if there is a pronoun, noun,

or verb between ‘feel’ and the emotion word, to exclude
phrases like ‘I feel he was sad.’

2. We avoided masking the word if there is an interrogative
word between ‘feel’ or ‘am’ and the emotion word, to
exclude phrases like ‘I feel how happy he is.’

3. For the ‘I am’ pattern, we ensured that the emotion word
is an adjective.

4. Finally, we performed a manual review to filter out posts
that did not satisfy the conditions but were not detected
by the protocol.

Post Segmentation
We segment the posts into chunks of 512 tokens using
RoBERTa tokenizer due to input context length constraints of
RoBERTa and Longformer. Table A.1 outlines the algorithm
used to perform post segmentation.

Evaluation Metrics
The F1-score for a vector vi is computed as:

F1(vi) =
2 · Precision(vi) · Recall(vi)

Precision(vi) + Recall(vi)

where:

Precision(vi) =
TPi

TPi + FPi
, Recall(vi) =

TPi

TPi + FNi

Here, TPi, FPi, and FNi represent the true positives, false
positives, and false negatives for the prediction of the ten
dimensions in vector vi, respectively.

The final F1-score across all vectors is obtained by averag-
ing the vector-level F1-scores:

Final F1 =
1

n

n∑
i=1

F1(vi)

where n is the total number of vectors.
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Post Segmentation Algorithm
Step 1: Initialize grouping of [MASK] tokens
Step 1.1: Traverse through the tokens of the post one by one.
Step 1.2: Whenever a [MASK] token is encountered, start a new group if it’s the first one, or add it to the current group if it’s the first [MASK]
token found.
Step 2: Group nearby [MASK] tokens
Step 2.1: Check the distance between the current [MASK] token and the last [MASK] token in the current group.
Step 2.2: If the distance is less than or equal to 235 tokens, add this [MASK] token to the current group.
Step 2.3: Else, finalize the current group and start a new group with this [MASK] token.
Step 3: Compute centroid for each [MASK] group
For each group of [MASK] tokens, calculate the mean position by averaging the positions of all [MASK] tokens in that group.
Step 4: Create segments around centroids
For each centroid, create a segment by selecting tokens around this central position. Take n/2 tokens to the left and n/2 tokens to the right of the
centroid to create a segment of n tokens in total (510 tokens).
Step 5: Clip the segments
Ensure that each segment makes sense contextually by clipping the segment to sentence boundaries. Clip the segment slightly to align with the
nearest sentence-ending characters.
Step 6: Return the segments
Once all [MASK] token groups have been segmented and clipped, return the list of these segments as the output.

Table A.1: Details the algorithm for clipping the dataset into 510-token segments

mean median min max
Words per Post 259 (±132.26) 281 20 492
Emotion words per Post 1.56 (±0.87) 1 1 5

Table A.2: Statistics of the Reddit posts in our dataset

Text Label

My family’s absolutely wonderful traditional Japanese New Year feast. Soy sauce *everywhere*, but this year I felt <mask> to just be with everyone,
instead of sad I can’t eat. They even made me separate rice balls with plain seaweed - sometimes family gatherings are stressful but this was great!

grateful

Today I decided to post this bare face photo to Snapchat instead of using a filter and actually preferred how I looked without it I dont have perfect
skin, but I officially feel more <mask> without any makeup than I do with.

confident

Show this page on Pinterest the other day, and was instantly eager to recreate it on my journal, i hope i did justice. Also, on the right side is my
playlist that i made last night with few of my favourite mood lifters and i feel <mask> about it. Love to hear your feedbacks! :).

happy

Decided to draw while high last night... then proceeded to write 8 pages trying to prove a 4th spatial dimension. I feel <mask> and like this picture
represents a dark part of my emotions.

enlightened

My mom has been super into canning lately and was excited for summer fruits and veggies, but she broke her wrist last week and had to have
surgery. I feel so <mask> for her. Any ideas about how to support her canning passion while she recovers?

sad

The rest of the gallery erupted in cheers and applause as the judge handed down the death sentence and I too felt a wave of <mask> that this monster
would face justice. I recognized the fairness of the court, but hounded by an agonizing regret I also wondered where I went wrong and longed
bitterly for a do-over for the little boy my son had once been.

relief

I feel so <mask> when there’s no one beside me, as long as someone is there, a friend or a boyfriend nor a group of friends. I feel good and <mask>.
The minute am alone it starts to feel lonely, like I have no one in the world.

lonely, cheerful

I just finished a two-year solo project and I feel <mask> and depressed at the same time. I’m playing with my app now ... it’s alive! A ton of
research, scrounging, all night coding around family life. Learned a ton, aged a lot but it was something I had to do after all those years of working
on someone else’s project. I’m so <mask> but I feel this weird sense of depression at the same time. A sort of loss. Since I’m a solo keyboard
warrior, I guess you guys are the ones with whom I sharing this weird feeling(s).

elated, happy

Lately I feel immense <mask> for my life and I wish I knew who to thank. Lately I feel overwhelmingly <mask> for the good things that have come
into my life. I even feel <mask> for some of the bad things that have happened to me in the last couple years, because without those I wouldn’t be a
person ready to accept the good things that are happening lately. I don’t believe in God but I quite often throughout my life feel that there is some
energy looking out for me. Someone who has my best interest at heart and has the wisdom and ability to nudge me in the directions I need to go.
Not always the directions I want to go, but always the ones I need. I wish I knew who that was, so I could thank them.

gratitude, grateful,
grateful

Table A.3: Examples from EXPRESS

Topic Modeling

We use BERTopic to perform topic modeling on our dataset.
BERTopic leverages document embeddings, reducing their
dimensionality before clustering them (Grootendorst 2022).
To optimize our model’s performance, we conducted hyper-

parameter tuning on the HDBSCAN algorithm.2 The highest

2We experiment with two hyperparameters:
min sample = [2, 3, 5, 10, 15, 20, 25, 30, 50, 100]
min cluster size = [20, 25, 30, 50, 100, 150, 200, 220, 240, 250,
260, 280, 300, 330, 350, 380, 400, 420, 450, 460, 500, 520, 540,
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Emotion Count Emotion Count Emotion Count

happy 2999 guilty 2778 scared 2637
sad 2212 tired 1853 afraid 1624
anxious 1405 comfortable 1115 embarrassed 1113
angry 1107 worried 1100 depressed 1078
lonely 1055 grateful 991 confused 954
excited 924 nervous 894 confident 857
upset 826 overwhelmed 798 uncomfortable 776
proud 668 numb 645 ashamed 619
hopeless 596 surprised 522 uneasy 501
guilt 471 helpless 462 frustrated 458
interested 456 hurt 454 humiliated 424
thankful 414 disgusted 394 disappointed 386
miserable 370 mad 363 terrified 344
hopeful 329 love 326 shocked 319
stuck 313 isolated 289 jealous 283
restless 277 relief 275 loved 254
calm 248 fear 248 shame 243
optimistic 235 weak 234 unsure 232
anger 225 relieved 217 joy 213
stressed 209 bored 201 anxiety 192

Table A.4: Top 60 most frequent emotion lexicons in the
EXPRESS dataset.

coherence score (Cv) achieved was 0.494, with a min sample
value of 3 and a min cluster size of 100, as illustrated in Fig-
ure A.1. This configuration resulted in the identification of 49
distinct topics, which are detailed in Table A.5, including the
top four representative words and qualitative labels assigned
to each topic.

We conducted similar topic modeling on other datasets if
they did not report topic diversity and presented the results
in Table 1.

Human Evaluation
Coder Background. All three of our coders are domain
experts with Ph.D. degrees in related fields:

• Coder One: A domain expert with a Ph.D. in Psychologi-
cal Science, specializing in Affective Science, with over
10 years of research experience using a combination of
quantitative surveys, qualitative interviews, and experi-
mental designs to understand emotional experience and
regulation, as well as lay beliefs and academic theories
about emotion.

• Coder Two: A domain expert with a Ph.D. in Psychol-
ogy and Social Behavior, with multiple peer-reviewed
publications related to emotion.

• Coder Three: A domain expert with a Ph.D. in Coun-
seling Psychology. They have extensive experience work-
ing with diverse adult populations in various clinical set-
tings, including VA Medical Centers. Their therapeutic
approach emphasizes two main roles: providing empa-
thetic support for clients’ immediate concerns and foster-
ing deeper self-awareness of internal and interpersonal
patterns that may contribute to distress or dissatisfaction.
They also have experience teaching as an adjunct instruc-
tor at major universities.

550, 560, 600, 620, 640, 650, 660, 670, 700]

Prompt Design
We manually tested multiple prompt variations, using accu-
racy score as a metric to assess performance improvements.
Multiple prompt variations were tested, with accuracy score
serving as the primary metric for evaluation. Our final prompt,
which achieved the highest accuracy on our sample dataset,
is detailed in Table A.9.

A critical consideration in our design was the definition of
“emotion”. We observed that providing an explicit definition
of “emotion” often constrained the model’s output, limiting
it to a narrow set of predefined emotion terms. This con-
flicted with our objective of allowing the model to generate
contextually appropriate emotion terms. To address this, we
adopted a more flexible approach that avoids explicitly im-
posing a strict definition of emotions. This approach enables
the model to capture nuanced emotional expressions without
being restricted to predefined categories.

Amazon Mechanical Turk Annotation
Figures A.2 include screenshots of the user interface created
for workers to provide annotations for the 10 dimension
emotion vector.

Statistical Modeling
We conducted a Wilcoxon Signed-Rank Test to compare the
LLMs’ performance across the zero-shot, CoT, and two few-
shot settings. This statistical test was applied to determine
whether LLMs in the few-shot setting performed significantly
better than those in the zero-shot setting, as well as whether
the CoT setting performed significantly worse than the zero-
shot setting. The LLMs, along with their corresponding p-
values and Cohen’s d, are presented in Table A.10.

In most cases, the few-shot settings outperform the zero-
shot setting, while CoT settings perform worse than zero-shot.
Only two settings do not show a significant difference from
zero-shot: Llama-3.1-8B-instruct under the CoT setting and
Llama-3.1-70B-instruct under the few-shot (random) setting.
Additionally, the few-shot (nearest) setting consistently yields
higher Cohen’s d scores across all conditions.

To compare of performance of different models under zero-
shot setting, we also conducted Wilcoxon Signed-Rank Tests
across models. The results are presented in Table A.11.
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Topic ID and Name Qualitative label
-1 serenejsan disgustawe no topic
0 like friend dont know relationships
1 back could eye one sex and pregnancy (sex)
2 job work year like new career or career transition (career)
3 like day trip time drugs and mental illness (drugs)
4 game player play character gaming
5 woman men trans gay sexuality and identity
6 weight lb mile race health and weight loss
7 god church jesus christian christianity
8 makeup comfortable confident dress self-confidence and body image (self-confidence)
9 hair skin picking acne personal appearance
10 anxiety anxious panic attack anxiety
11 husband wife ha told marriage
12 grief died mom life death
13 dog cat vet puppy pets
14 meditation experience like life meditation
15 film movie character season movies
16 team optimistic player league sports
17 anger angry like emotion anger
18 worthy art posting drawing art
19 pain symptom doctor day medical symptoms and issues (medical symptoms)
20 song album music uzi music
21 sad cheer today depressed sadness and loneliness (loneliness)
22 patient nurse surgery hospital surgery and medical procedures (medical procedures)
23 happy today joy happiness happiness
24 excited excitement tender enjoy excitement
25 people like dont think social isolation
26 school class teacher student school
27 drinking drink sober alcohol alcoholism
28 embarrassed humiliated like today embarrassment
29 grateful gratitude today thankful gratitude
30 fear scared tara douma fear
31 guilty guilt like dont guilt
32 porn sex sexual lust sexual and porn addiction (sexual addiction)
33 vegan meat food eat veganism
34 wedding sister family friend weddings
35 confident today lb confidence confidence due to weight loss (confidence)
36 sleep bed wake night sleep
37 dream like nightmare woke dreams and nightmares
38 pride shame proud sense pride and shame
39 ocd thought like intrusive OCD
40 book ron read character books
41 ako house lang hector housing
42 insulted offended insult coach insult
43 birthday gift today friend birthdays
44 affection affectionate love hug love
45 lust passion lustful passionate lust
46 manager office customer work workplace dynamics
47 happiness happy joy life happiness and depression
48 agony despair fazgoo anguish pain

Table A.5: The top 4 words for each topic generated through topic modeling and their respective qualitative labels.

Figure A.1: The topic coherence graph illustrates the coherence scores for all the hyperparameter combinations tested. The
highest coherence score achieved is 0.494. The x-axis represents the different hyperparameter combination pairs.
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Figure A.2: Amazon Mechanical Turk user interface for EmoLex annotations
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Figure A.3: Top 75 emotion counts: human labels vs. model predictions (GPT-4o, Llama 3.1-70B Instruct, Gemma 2-27B).
Emotions are sorted by label frequency; larger differences are highlighted in bold.

Label Prediction Frequency

thankful grateful 0.60
disheartened frustrated 0.33
demoralized frustrated 0.32
eager excited 0.31
furious angry 0.29
pleased proud 0.29
optimistic hopeful 0.27
terrified afraid 0.27
restless anxious 0.25
scared afraid 0.24
irritated frustrated 0.24
panicked anxious 0.24
agitated anxious 0.23
powerless helpless 0.23
thrilled excited 0.23
stress anxiety 0.23
annoyed frustrated 0.23
disoriented overwhelmed 0.23
impatient frustrated 0.22
passionate excited 0.21

Table A.6: Top normalized mispredictions (vector level) by
top three causal language models.
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Category Qualitative Code Description Example
Applies
to SD
and
LLM

Code 1 (NSD = 24, NLLM = 19): Valence (positive/-
pleasant or negative/unpleasant) matched the context of the
situation and/or the affective reaction described (N=18)

My sister just suffered an ectopic pregnancy. I feel guilty for being thankful that it happened before
her state banned abortion. Yesterday my pregnant sister was rushed to the ER with excruciating
pain. She was 7 weeks pregnant. Once they realized she had an ectopic pregnancy, the doctors gave
her the medicine to stop it. Luckily, my sister is fine, nothing ruptured. I am <mask> but also livid -
what if this happened four weeks later? What if the doctors didn’t give her the proper care, so my
sister had to endure the pain and potentially put her life at risk? What if it causes her to never have
children again? All because of the Supreme Courts f*cked up decision to overturn Roe v Wade.
label: sad, predicted: relieved

Code 2 (NSD = 39, NLLM = 69): Terms have similar
valence (positive/pleasant or negative/unpleasant) but the selec-
tion was judged as better fitting the degree of specificity in the
affective experience being described (more general vs. more
specific)

Am I a bad friend for feeling <mask> that my friend is replacing me? for the longest time, ive been
really close to one of my friends. we always gossip together, go everywhere together, and do so
many things together. unfortunately shes struggled with making friends for a really long time but
recently shes been doing really well and making new friends and ive felt really proud of her. a
friend of mine was hanging out with the both of us and the friend of mine had brought another
friend. the friend of the friend has instantly clicked with my close friend and they were almost
inseparable afterwards. i feel like i shouldnt feel sad that shes getting closer to other people but she
doesnt really talk to me when the other girl is there.
label: upset, predicted: jealous

Code 3 (NSD = 101, NLLM = 58): Selection better
matches other term(s) providing context of the the affective
experience

Feel hatred for family sometimes. Like, when I say I’m <mask> or depressed. They tell me ”then
change it” like there’s some f*cking switch you can flip and it all gets better. I’m working my body
and brain into dust just to make rent. It ain’t like the movies folks, the people closest to you cut the
deepest
label: unhappy, predicted: frustrated

Code 4 (NSD = 20, NLLM = 37): Degree of intensity
(greater or lesser) of the selection is better matched to or re-
flective of typical responses to the scenario described

I feel so <mask>. I need advice please. I was in school I I’ve gotten a weird feeling like I was about
to throw up, well I did not but there was this loud sound of like choking or something (?) I just
heard people giggle in the back what do i do now? Please give me some advice i feel horrible right
now
label: humiliated, predicted: embarrassed

Code 5 (NSD = 25, NLLM = 57): Selection better fits a
definition of the emotion described in the scenario, as proposed
by a peer-reviewed published theory/definition of the emotion

I feel riddled with <mask> about whether hrt will be illegal within the near future, how can I deal
with this? The far right has been launching an war on trans people and gender affirming care
providers and I’m afraid that within a few years or less than a year, it will no longer be legal for me
to access hrt. If the right doesn’t ban hrt via legislature, they will at least try to intimidate doctors
away from prescribing it via violent threats and intimidate pharmacies away from distributing it.
And I don’t want to go back to the way I was before, hrt has done so much for my happiness and
confidence. But now it’s going to be taken away from me again. And it causes me a ton of anxiety
and sadness not knowing if I’ll be forced to detransition someday soon.
label: fear, predicted: anxiety

Code 6 (NSD = 16, NLLM = 16): Selection reflects
whether the event/scenario described has already occurred
(post-goal emotion, e.g., happiness/joy or down) or is likely to
occur (pre-goal emotion, e.g., excitement or nervous)

Feeling so <mask>. I (27F) posted in here a few weeks ago about the proposal that wasnt. Ive
already been clear with my (30M) boyfriend on my timeline and hes on board. I just feel so taken
for granted knowing that he has nothing planned for the foreseeable future. (Our weekends are all
pretty much booked and spoken for from now until the end of the holiday season). Trying to shake
this feeling of sadness and irritability whenever I see him.
label: melancholy, predicted: disappointed

Code 7 (NSD = 9, NLLM = 11): Alternative does not fit
as well with evidence-based normative descriptions of affective
experience in similar scenarios

I feel <mask> to admit that i like the last of us part 2! i enjoyed the game and the story not at all
bad! as youtubers and people made it seem. (according to me) and i enjoyed the gameplay and it
felt good. the only thing weird was the ¿!dual protaganist!¡ but i had no problems with it! and the
game looks so amazing im on a ps4 and its 60 fps too!i really enjoyed the game as much as i did
the first one.
label: scared, predicted: embarrassed

Code 8 (NSD = 18, NLLM = 13): Alternative is not
as consistent with colloquial descriptions of similar scenarios
(according to the coder)

My parents refuse me medical attention for my depression because they believe God will heal me
even though i attempted suicide. Help me make sense of it all. hello all. Its not going good with me.
My religious parents refuse me medical treatment for my depression and instead pray and force
me to fast once a week. I tried to commit suicide last year November because i am messed up in
life, in love with a black girl and they found out. My dad rambled racist stuff and i felt <mask> and
lost. she is the only thing i have so i overdosed. I have had mental issues for a year now and things
compounded and i found my way in hospital. My parents promised to get me helo. They didn’t and
change the topic. I am really suffering and God evem left me. I am 15 and will become an atheist
because of this. I already tore a Bible in anger. Why would God allow this to happen and harden
my parents heart and not even care. My girlfriends family are waay better to be around and they
all non religious. They not bigotic and treat me well. all efforts to help me are shut down by my
parents. they tell me God is testing me and i must be strong and not weak. help. I think i will leave
religion if rhis continues.
label: hopeless, predicted: lost

Code 9 (NSD = 25, NLLM = 20): Alternative does not
logically follow as well as the alternative from the described
situation, based on coder’s lay theory of normative affective
experience in similar situations

Feeling <mask> after quiting weed. So I quit smoking weed at night 2 and a half weeks ago. I feel
better and I’m not having any problems right now. But I feel so bored. I have stuff to do clean and
cook, bake etc. I’m a stay at home mom and my husband works alot. I really want to play the Sims
3 on my laptop but I don’t play it anymore because I used to be addicted to playing it. I’m figured I
couldn’t control my usage because of episodes before I was unmedicated and not diagnosed, but
I’m stable now and think I can regulate how much I play but I’ve tried playing GTA on my ps4 and
I still feel so <mask> idk if games would do anything for me. I don’t feel like watching tv at all. I’m
just here being bored all day. What do yall think what should I do? Has anyone been through this
after stopping smoking weed?
label: bored, bored, predicted: anxious, disinterested

Neither Code 10 (N = 4): No information provided on the object/-
subject about which affect is being expressed (Unclear what
the person is feeling affect about)

Feeling <mask>. You guys are gonna have to deal with my attempts as I try to figure out face paint
label: melancholy, predicted: nervous

Both Code 11 (N = 57): Not enough information about the situ-
ation to determine whether on affect term was a better fit to
the situation; rather, both terms could be applied such that the
expression of affect would be equally or similarly believable

Just put my pc to sleep and felt very happy for some reason. Decided to take a picture. For absolutely
no reason I felt very <mask> for having a computer like this. Its not the best out there but its mine.
Does that happen to anyone else?
label: thankful, predicted: grateful

Table A.7: Descriptions of the qualitative codes developed by the emotion expert to categorize instances from the dataset. The
underlined text indicates the option selected by the expert.
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Code Selection and Reasoning Example
9 Selection of hopeless (SD) instead of confused (LLM): based

on the description of the situation indicating that the person
appraises the situation as being bad, rather than unclear or con-
fusing.

I feel <mask> and don’t know what to do. To lay out a long story short. I have been in a relationship
for over six years. . . Within two months of my transferring, she cheated on me with another girl.
She continued to talk to this girl despite me not wanting her to. . . This continued and she got more
abusive again.

9 Selection of frustrated (LLM) instead of numb (SD): based on
the coder’s lay theory that feeling the other emotions indicated in
the excerpt would not constitute “numbness”, or lack of ability
to feel.

I’m <mask> because I got tired of seeing my mom and dads disappointing faces in everything
I tried so hard at, just to fail. My parents have paid for multiple classes so I could actually be
good at something but I never show any promise and It always ends up worse than when I started
trying. I have one friend and I feel like hes my opposite. . . I’m starting to hate everything I once
enjoyed because the thought of him being better than me at everything creeps into my mind. At
this point I feel like there is no hope for me to be happy, just numb.

9 Selection of grateful (LLM) instead of happy (SD): based on the
assumption that the person is sharing an account of less-than-
ideal situation, rather than a situation to be happy for.

Unfortunately I’m still low contact with them despite wanting to be no-contact (long story short, I
got caught packing up my stuff and it turned into this huge f****** ordeal to the point where my
online friend turned roommate who works a job involved with law enforcement had to drive 600
miles to rescue me and lowkey intimidated my family into letting me go), but GOD I will take the
mental equivalent of weekly probation calls over the shit I was dealing with before. Hopefully I
can fully ditch their asses someday. I’m just so <mask> to be able to exist, indulge myself in my
hobbies and go to places without immediately being interrogated about what I’m doing or where
I’m going or being.

2 Selection of upset (SD) instead of jealous (LLM); based on lack
of specificity of the alternative, that would be required to meet cri-
teria for the definition of jealousy as a discrete emotion (Chung
and Harris 2018).

am i bad friend for feeling <mask> that my friend is replacing me?...i feel like i shouldnt feel sad
that shes getting closer to other people but she doesnt really talk to me when the other girl is there.

4 Selection of ashamed (LLM) instead of embarrassment (SD):
given the use of the descriptor of feeling as being “so intense”,
and based on findings that shame is relatively intense in terms
of both negative valence, and physiological arousal, relative to
embarrassment (Tangney et al. 1996).

. . . After the break up the feeling I felt was so intense and awful. Id just cry myself to sleep in
silence because I knew no one understood how miserable I was and am. I never talk about it
because Im <mask> I still care. . .

5 Selection of angry (SD) instead of frustrated (LLM): based im-
portant criteria met for the definition of anger as involving at-
tribution of the other person as being at blame (rather than the
self) for negative situation, in addition to goal blockage (Siemer,
Mauss, and Gross 2007).

. . . I messaged her again yesterday, she responded playing the blame game, wouldnt call me,
said my family and I publicly posting that she fled was embarrassing her, were messed up for
trying to hurt and embarrass her, etc. Basically blaming us for why she wouldnt reach out. I was
<mask> and in tears. Classic behavior of someone struggling with addiction who wants to take no
responsibility. . . This has been going on for years. I lost my adoptive father to alcohol and drugs.
I sat with him as he was dying. I cannot watch my sister die. I cannot do this again.

6 Selection of scared (SD) instead of guilty (LLM): based on the
description of the goal (maintaining the status quo in family in
the context of the father’s death) as being in future, rather than
being in the past (attained, or not attained) (Harmon-Jones, Price,
and Gable 2012).

I feel like I want to die (not really), sort of, because I wanted so bad to be there for my Dad, who
I adored, and I just couldn’t do it. . . I loved him so much, and I came back to the hospital after
he passed, and held him forever, sobbing, telling him how much I missed him. He was so still,
but I wasn’t scared then for some reason.? I think I was more <mask> that I was braver than my
siblings, and wanted to stay, but didn’t’ want to upset the stupid family dynamic, when everyone
was like ”well I’m not staying, I can’t take this, ” and I felt compelled to leave as well, some
stupid, weak show of solidarity. I hate myself. . .

Table A.8: Examples of selection and the reasoning for the selection of emotion terms, including corresponding codes and related
theories for reference.

Zero-shot Prompt:
You are an assistant tasked with predicting emotion words masked as ¡mask¿ in a given self-disclosure text from social media. Predict the {number of labels} ¡mask¿ tokens based on
the context.
Provide your answer in the format [example format]. The length of the list must be {number of labels}. Only include words describing emotions, and provide no extra text or reasoning.

Text: {post}
Answer:

Chain-of-Thought (CoT) Prompt:
You are an assistant tasked with predicting emotion words masked as ¡mask¿ in a given self-disclosure text from social media. Predict the {number of labels} ¡mask¿ tokens based on
the context.
Think step by step to arrive at the final answer. In your response, first provide the reasoning, then provide your answer in the format: [example format]. The length of the list must be
{number of labels}. Only include words describing emotions in the list.

Text: {post}
Answer:

Few-shot Prompt:
You are an assistant tasked with predicting emotion words masked as ¡mask¿ in a given self-disclosure text from social media. Predict the {number of labels} ¡mask¿ tokens based on
the context.
Provide your answer in the format [example format]. The length of the list must be {number of labels}. Only include words describing emotions, and provide no extra text or reasoning.

Examples:
Text: { example text }
Answer: { example answer }
Text: { example text }
Answer: { example answer }
Text: { example text }
Answer: { example answer }
Text: { example text }
Answer: { example answer }

Now, use this pattern for the given text.
Text: {post}
Answer:

Table A.9: Prompt templates for Zero-shot, Chain-of-Thought (CoT), and Few-shot setups. {number of labels} and [exam-
ple format] are adjustable based on the number of masks in the post.
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Model Name Setting p-value cohen’s d

Llama-3.1-8B-instruct
Few-shot (random) 7.08e-11 0.027
Few-shot (nearest) 7.32e-66 0.077
CoT 1.0 -0.013

Llama-3.1-70B-instruct
Few-shot (random) 1.0 -0.34
Few-shot (nearest) 2.70e-06 0.015
CoT 0.0 0.161

Gemma-2-2B-it
Few-shot (random) 1.39e-08 0.026
Few-shot (nearest) 2.12e-68 0.086
CoT 1.86e-246 0.120

Gemma-2-9B-it
Few-shot (random) 5.91e-54 0.061
Few-shot (nearest) 1.82e-89 0.082
CoT 0.0 0.204

Gemma-2-27B-it
Few-shot (random) 0.000125 0.014
Few-shot (nearest) 1.79e-13 0.028
CoT 0.0 0.314

GPT-3.5-turbo
Few-shot (random) 7.99e-22 0.035
Few-shot (nearest) 1.11e-37 0.048
CoT 4.79e-234 0.116

GPT-4o
Few-shot (random) 1.66e-53 0.058
Few-shot (nearest) 6.25e-111 0.086
CoT 4.79e-234 0.116

Table A.10: P-values of different models and settings.

Model Name 1 Model Name 2 p-value cohen’s D

Flan-t5-xxl Llama-3.1-8B-instruct 2.33e-34 0.084
Gemma-2-9B-it 2.32e-86 0.144

GPT-3.5-turbo Llama-3.1-70B-instruct 6.17e-22 0.043
Gemma-2-27B-it 1.37e-82 0.087

Gemma-2-27B-it Gemma-2-2B-it 0.0 0.468
Gemma-2-9B-it 2.31e-129 0.099

Gemma-2-9B-it Gemma-2-2B-it 0.0 0.367

Llama-3.1-70B-instruct Llama-3.1-8B-instruct 0.0 0.233

GPT-4o GPT-3.5-turbo 2.173e-277 0.160

Table A.11: P-values of different models and settings.
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