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Abstract

Emotion analysis systems are expected by users
to provide reliable results. Optimizing their
robustness, in addition to accuracy, is particu-
larly challenging in noisy environments, such
as social media data or other forms of natu-
rally expressed language. Our hypothesis is
that robustness can be improved by guiding a
language model to pay attention to multiple
emotion signals in the input text. Therefore, re-
questing labels according to multiple emotion
theories may improve robustness. To study this
hypothesis, we run perturbation experiments on
input instances to test the robustness of LLM
configurations based on basic emotions only,
and jointly with valence–arousal, and cognitive
appraisals. We find that adding valence–arousal
and cognitive appraisal along with basic emo-
tion instructions to the emotion classification
improves robustness, with the effect being most
pronounced for adding appraisals. In a fur-
ther analysis, we find that this improvement is
less susceptible to word order perturbations and
more to random word substitutions and dele-
tions. These differences hold across multiple
LLMs studied in our work.

1 Introduction

Text-based emotion detection connects affective
computing with opinion mining, emphasizing the
analysis, interpretation, and extraction of emotion
cues from subjective text (Canales and Martínez-
Barco, 2014; Muhammad et al., 2025). While tra-
ditional sentiment analysis is often confined to la-
beling texts as positive, negative, or neutral (Zhao
et al., 2016), text-based emotion detection allows
for the recognition of a wider spectrum of emo-
tions (Troiano et al., 2023b; Greschner and Klinger,
2025), by relying on various psychological the-
ories, such as Ekman’s discrete model (Ekman
and Friesen, 1978; Ekman, 1992), Russell’s dimen-
sional model of valence and arousal (Russell, 1980)
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Figure 1: Our goal is to identify which LLM config-
uration, whether containing basic emotions, valence–
arousal + basic, or appraisals + basic, yields more ro-
bust emotion-detection outputs between the original text
(black) and the perturbed text (red).

and appraisal theories (Sherer et al., 1982; Smith
and Ellsworth, 1985).

In some cases, downstream tasks, such as mea-
suring the potential attention of a car driver through
their arousal (Cevher et al., 2019) or interpreting
if a piece of art is perceived to be pleasant (Haider
et al., 2020) dictate the choice of a psychological
theory. Nonetheless, when no concrete downstream
task drives the selection, the choice needs to be
made based on other signals.

We take the stance that emotion analysis is inher-
ently subjective, and that variances in the output of
models or model configurations might appear and
be reasonable (often referred to as the phenomenon
of human label variation, Plank, 2022). This aspect
of affective computing does, however, not change
the expectation of users that an automatic system
works reliable and produces comparable results
across similar texts. Nevertheless, we know that
large language model outputs are brittle and sensi-
tive to small meaningless changes to the input texts
(as humans are as well, Li et al., 2025a).



We therefore aim at the optimization of the ro-
bustness and therefore reliability of emotion clas-
sification decisions of prompted large language
models. While text-based emotion detection has
shown promising results across various textual do-
mains (Acheampong et al., 2021; Al Maruf et al.,
2024), including LLMs (Muhammad et al., 2025;
Zhang et al., 2025) tests of their robustness (Khu-
rana et al., 2021; Jeon et al., 2025; Sabour et al.,
2024; Li et al., 2025a) showed that they exhibit
a substantial performance gap relative to humans,
particularly due to their sensitivity to noisy texts
and contextual variation (Li et al., 2025b). Further-
more, even advanced prompting strategies, such
as chain-of-thought approaches, only show limited
improvements (Jeon et al., 2025).

The main idea of our work is that prompting
large language models according to multiple emo-
tion theories improves their robustness in emotion
categorization. The reasoning behind that is that
varying emotion theories guide the language model
towards different parts of the text to make their
classification decision. Theories of affect (Russell,
1980) might, for instance, make the model focus
more on adjectives, while appraisal theories (Smith
and Ellsworth, 1985) move the focus to events and
verbs.

We test this hypothesis by measuring the pair-
wise accuracy (Jeon et al., 2025) between predic-
tions on the original and perturbed texts across
three LLM-based configurations (basic emotions,
valence–arousal+basic, appraisals+basic). We
stress that in our work the pair-wise accuracy met-
ric does not quantify correctness: we do not evalu-
ate the labels of perturbed texts against gold emo-
tion labels. Rather, the pair-wise accuracy metric
measures how consistent the labels of perturbed
texts are with those of the original ones.

This experiment allows us to address the follow-
ing research questions:

RQ1: Which emotion detection configuration
(basic emotions, valence–arousal+basic,
appraisals+basic) contributes most to
LLMs’ predictions robustness under textual
perturbation?

RQ2: Which text perturbation method provokes
more unrobust labels in these configurations
when analyzing their dependency on word,
syntax, or broader semantic context changes
while predicting emotions?

2 Related Work

2.1 Emotion Analysis and Models

Emotion analysis in natural language processing
(NLP) encompasses two major theoretical frame-
works: theories of emotion categories and theories
of emotion dimensions (Cavicchio, 2025). Each
has resulted in numerous available resources for
emotion detection (Bostan and Klinger, 2018).

Basic emotion theories conceptualize emotions
as discrete categories, defined by how the experi-
encer displays them. Ekman and Friesen (1978)
identified six basic emotions (happiness, fear, sad-
ness, surprise, disgust, and anger) from cross-
cultural facial expression studies, which Plutchik
(1980) extended to eight primary emotions, adding
trust and anticipation, and organized into opposing
pairs (e.g., joy vs. sadness, anger vs. fear).

Dimensional theories, in contrast, represent emo-
tions along continuous dimensions that charac-
terize the experiencer’s attitude toward an event.
Mehrabian and Russell (1974) proposed a three-
dimensional model of valence, arousal, and domi-
nance, while Russell (1980) introduced the two-
dimensional Circumplex Model of Affect, de-
fined by valence (pleasant–unpleasant) and arousal
(calm–activated) alone.

Within the dimensional perspective, cognitive
appraisals offer a distinct approach, proposing that
emotions arise from subjective assessment of situ-
ations (Scherer et al., 2001). It links emotions to
appraisal dimensions (Troiano, 2024; Troiano et al.,
2023a). Appraisals are dynamic, continuously up-
dated assessments, modifiable at any stage of the
emotional response. In contrast to valence–arousal
and basic emotion theories, appraisals center on
evaluating multiple factors of an event as they re-
late to the experiencer, such as its suddenness or
the experiencer’s familiarity with it.

All three theories differ in their perspectives and
application to text-based emotion detection. Ba-
sic emotion theory addresses this task by tracing
emotion lexicons or other explicit lexical cues. The
valence–arousal approach rates the experiencer’s
state along valence and arousal, deriving an emo-
tion from it. In contrast, appraisals evaluate the
experiencer–event relationship across a broader set
of dimensions (Roseman, 1979; Sherer et al., 1982;
Smith and Ellsworth, 1985), demanding the most
context reconstruction of the three theories for emo-
tion analysis. This motivated notable progress in
appraisal-based approaches for emotion detection



across textual domains, including coping strategies
(Troiano et al., 2024), social media (Stranisci et al.,
2022), and emotion event self-reports (Hofmann
et al., 2020). Troiano et al. (2023b) introduced
Crowd-enVent, the most comprehensive appraisal-
annotated dataset for event emotion analysis, and
Greschner et al. (2026b) developed ContArgA, the
largest corpus of arguments annotated for emotions
and appraisals.

These studies reflect a growing shift toward the
cognitive appraisal approach, which offers a more
context- and human-oriented perspective on emo-
tion analysis. This suggests that the appraisal-based
setting may yield more robust emotion categoriza-
tion, since it requires analyzing broader context
and properties, part of the hypothesis we explore.

2.2 Robustness Testing
The robustness in our study is defined as the eval-
uation of models’ capacity to maintain consistent
emotion predictions when the instance’s text is per-
turbed (Pandia and Ettinger, 2021). We emphasize
that the notion of robustness in the present study
refers to how constant a configuration’s prediction
on the original and on the perturbed text is, and
is therefore orthogonal to correctness against gold
emotion labels. A configuration can be robust while
consistently reproducing an incorrect label, or ac-
curate on clean text yet volatile under perturbation.
We adopt robustness rather than gold-label accu-
racy as our primary target because our motivating
concern is deployment reliability, i.e., whether a
system’s output changes for noisy or perturbed in-
puts a user would consider equivalent, a failure
mode that persists independently of how accurate
a configuration is on non-noisy text, and that has
not previously been compared across joint emotion
analysis configurations. Existing methods for LLM
output robustness testing vary across tasks. Within
this context, Liu et al. (2021) explore the language
understanding capabilities of LLMs by introduc-
ing real-world dialogue perturbations, including
linguistic variety, speech characteristics, and noise.
For textual perturbations, the authors employed a
synonym replacement, random insertion, random
swapping, and deletion.

Li et al. (2021) propose a set of perturbation
methods, including random substitutions and word
insertions, to assess the robustness of pretrained
models within the framework of textual adversarial
attacks. These perturbation methods are further
corroborated by Pandia and Ettinger (2021).
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Figure 2: Experimental setup for the robustness study
of emotion detection outputs of three configurations: B,
VA+B, App+B.

In the context of testing LLMs’ sensitivity to
emotion context, Jeon et al. (2025) analyze their
ability to understand emotions under textual pertur-
bations, such as inserting or substituting words re-
ferring to time, place, or agent to create misleading
or distracting content. Furthermore, Khurana et al.
(2021) evaluated BERT-based models’ robustness
in sentiment analysis by introducing part-of-speech
substitutions, spelling errors (e.g., swapping adja-
cent characters), and random word swaps. Spelling
perturbations are also used for LLM prompt brit-
tleness testing by Li et al. (2025a), across offen-
siveness and politeness rating, irony detection, and
emotion classification tasks.

Based on the aforementioned studies, several
strategies are systematically used for robustness
testing of LMs, including in emotion analysis to as-
sess sensitivity to textual manipulations and noise.
The common techniques include synonym replace-
ment, word swapping, deletion, insertion, substitu-
tion, and spelling errors. To the best of our knowl-
edge, these methods have been applied to LMs and
LLMs, but none has yet been used to test the ro-
bustness of predictions of discrete and dimensional
theories that complement one another.

3 Experimental Setup

In the present study, we evaluate the robustness
of predictions of three emotion detection config-
urations. We prompt LLMs for emotion labels
under textual perturbations using basic emotions
(B), valence–arousal+basic emotions (VA+B), and
appraisal+basic emotions (App+B) settings, in or-
der to test their robustness and identify which per-
turbation method (word-, syntax- or semantic-level)
most exposes their sensitivity. The emotion analy-



Configuration Basic emotions Appraisals+Basic VA+Basic
Role & Task You are an expert in text-based emotion classification. Process the statements below.

Output
format

emotion 22 appraisals, . . . emotion valence, arousal,
emotion

Task
description

Single-label classification.
Emotion {anger, disgust,
fear, guilt, joy, sadness,
shame, surprise, trust}.

Task 1: Rate each of 22 appraisals. (1-5 scale).
Task 2: idem Non-joint.

Task 1: Rate valence &
arousal (1-9 scale).
Task 2: idem Non-joint.

Constraints Never write “unknown”, “neutral”, “none”, “n/a”, or “other”. If unsure, pick closest emotion. One line per statement; no
blank lines, headers, or explanations. Outputs not conforming to the expected format are marked INVALID after 3 retries.

Example “I studied all night and still
failed the exam.” →
sadness;

“Blessed with a baby boy
today . . . ” → joy

“I opened my email and found out that I had been awarded
a fully funded research grant I applied for last year.” →

4,3,5,5,5,3,1,2,4,4,4,4,3,4,5,4,4,4,2,5,1,1,joy

“Blessed with a baby boy
today . . . ” → 7.5,2,joy;

“I can’t believe they lied to me.”
→ 2,7,anger

Input Now classify: {text1}, {text2}, . . .

Table 1: Prompt structure.

sis scripts used in this study are publicly available.1

Figure 2 provides a visual overview of the ex-
perimental workflow. Our experiments utilize the
robustness testing strategies detailed in Section 2.2
to perturb selected dataset instances. We perform
emotion analysis using LLMs on both the original
and perturbed instances. To evaluate the stability
of the outputs from both discrete and dimensional
models, described in Section 2.1, we employ joint
and non-joint prompts to obtain predictions. Fi-
nally, we assess robustness by calculating the pair-
wise accuracy scores between the emotion labels
generated for the original instances versus those
for their perturbed counterparts.

3.1 Prompting Method

The prompt structure was adapted from Bagdon
et al. (2024) and is summarized in Table 1. The
prompts differ across the three emotion detec-
tion configurations. Each prompt contains up to
six components. The role and task establish the
model’s roles and provide a general instruction on
what to do. The output format specifies the ex-
pected output structure, which varies across con-
figurations: the B outputs only a categorical label;
the App+B outputs 22 numerical appraisal ratings
(Troiano et al., 2022) followed by a categorical
label; and the VA+B outputs integer or decimal rat-
ings for valence and arousal alongside a categorical
label. The task description provides detailed in-
structions on how to perform the emotion detection
task, and differs across three configurations. The
constraints define the formatting rules the model
must follow and how outputs are parsed: predic-
tions outside the expected format or containing an
emotion label outside the predefined set are marked
INVALID after three unsuccessful retries. Parsing

1https://www.uni-bamberg.de/en/nlproc/
resources/

is rule-based: each model’s raw response is split
into lines, each line is stripped and lower-cased,
and, depending on configuration, either matched
exactly against the fixed emotion-label set (B) or
split on commas and accepted only if it has the ex-
pected number of fields with a valid emotion label
in the last position (VA+B and App+B); the first
line that matches is kept, and the whole request
is retried (up to three times) if no line matches.
This rule-based parser is identical across all three
models. Instance pairs where either the original
or perturbed-text label is INVALID are dropped
from the pair-wise accuracy computation. Overall
dropped percentages per model are: Gemma – 8.05,
Llama – 9.45, Qwen – 16.91.2 The example pro-
vides labeled in-context instances3 that illustrate
the expected output for each configuration. Finally,
the input contains the statements the model is asked
to process.

We adopted the prompt configuration proposed
by Greschner et al. (2026a). It consists of a non-
joint setting, in which emotion categories and ap-
praisal dimensions are predicted within a single
task, and a joint setting, in which both are pre-
dicted together, allowing the two outputs to mutu-
ally inform each other. We adopted and adapted
this framework, for (i) Non-joint prompt, to es-
tablish a baseline, using the B configuration emo-
tion detections; and for (ii) Joint prompt, to test if
VA+B and App+B configuration may benefit from
insights from the other emotion theories, while out-

2Because the parsing procedure does not differ across mod-
els, we suppose that Qwen shows a higher drop rate in its out-
puts more often due to the required format under the strict pars-
ing rule described above, most likely on the 23-field App+B
task, which is the most constrained of the three output formats
(see Table 1).

3We use in-context examples since multiple studies (Brown
et al., 2020; Bareiß et al., 2024; Creanga et al., 2025; Barfi
et al., 2025) highlight that one- and few-shot prompting brings
improvements for emotion classification in LLM-based tasks.

https://www.uni-bamberg.de/en/nlproc/resources/
https://www.uni-bamberg.de/en/nlproc/resources/


Emotion theory Corpus Subset

Appraisals
crowd-enVENT 200
ContArgA 200

Basic emotions
SSEC 200
ISEAR 200

Valence–Arousal
EmoBank 200
Facebook VA 200

Total 1200

Table 2: Overview of evaluation corpora, grouped by
emotion theory. We select two corpora per theory to test
whether results generalize across datasets that share a
theoretical grounding but differ in domain and collection
method, without implying identical label sets within
each group. Each corpus contributes a balanced subset
of 200 instances.

put valence–arousal and appraisals rates alongside
categorical labels.

3.2 LLMs

We select three LLMs adequate for local deploy-
ment for evaluation, based on their established util-
ity and proven performance in text-based emotion
classification tasks (Muhammad et al., 2025; Soligo
et al., 2026; Yacoubi et al., 2025; Huang et al.,
2025; Zhang and Zhong, 2025): Gemma-3-4b (Ka-
math et al., 2025), Llama-3.3-70b (Grattafiori et al.,
2024), and Qwen2.5-7b (Hui et al., 2024). All
models are accessed and executed using the ollama
(version 0.12.9) library4. All models were run at
Ollama’s default quantization level for each model
release (Q4_K_M, 4-bit), without any custom quan-
tization flags.

The decoding configuration was selected to
match the model’s real-world use, with temper-
ature: 1, top_k: 64, top_p: 0.95. These settings
correspond to the default configuration used for
the Gemma-3-4b model in the ollama library. We
also used the default decoding configuration for
Llama-3.3-70b and Qwen2.5-7b with temperature
0.8, top_k 40, and top_p 0.9. The experiments are
run on Nvidia A100 GPUs, with a total estimation
of 646.35 GPU hours (166.16 h for B, 170.17 h for
VA+B, 310.02 h for App+B).

3.3 Emotion Benchmarks and Corpora

This study examines whether B, VA+B, or App+B
configuration produces more robust predictions
under different textual perturbation methods, and
which of these methods acts as more destabiliz-
ing at word, syntax, or broader context levels. We

4https://github.com/ollama/ollama/releases/
tag/v0.12.9

select benchmarks and corpora, summarised in Ta-
ble 2, that are psychologically grounded, empiri-
cally well-established, and compatible in terms of
emotion categories in order to achieve this goal.
We select a subset of corpora that has been used
with each theory before.

For the cognitive appraisals benchmark, we use
crowd-enVENT (Troiano et al., 2022), which pro-
vides ratings across 22 appraisal dimensions (1–
5 scale) grounded in componential appraisal the-
ories (Sherer et al., 1982; Smith and Ellsworth,
1985). It covers nine emotion categories (anger,
disgust, fear, guilt, joy, sadness, shame, surprise,
trust), extending the Ekman set with self-conscious
and social emotions closely tied to specific ap-
praisals. We also apply ContArgA (Greschner et al.,
2026b), which shares these categories and ground-
ing.

For the basic emotions benchmark, we select
SSEC (Schuff et al., 2017) and ISEAR (Scherer
and Wallbott, 1994) as the most compatible bench-
marks with the appraisal corpora in terms of emo-
tion categories, noting that neither covers the full
emotion set: SSEC lacks guilt and shame, while
ISEAR omits trust and surprise.

For the valence–arousal benchmark, we use
EmoBank (Buechel and Hahn, 2017)5 and Face-
book VA (Preoţiuc-Pietro et al., 2016), restrict-
ing the dimensional representation to valence and
arousal, the two most consistently identified dimen-
sions of affective studies (Russell, 1980; Posner
et al., 2005). Prior work shows that VA scores
enable predicting categorical emotion labels with
reasonable accuracy (Buechel and Hahn, 2017),
which also enables us to evaluate whether the VA-
inclusive configuration shows greater robustness in
emotion predictions. We use a combination of all
corpora for all experiments.

3.4 Perturbation Methods

We use nlpaug library6 to apply six perturbation
methods (see Table 3 for examples): synonym re-
placement (SR), random swap (RS), random dele-
tion (RD), misspelling augmentation (MA), Condi-
tional Bidirectional Encoder Representations from
Transformers random substitution (CBERTRS),
and Conditional Bidirectional Encoder Representa-
tions from Transformers random insertions (CBER-

5While EmoBank uses a 5-point scale, we revert to the
original 9-point SAM scale (Bradley and Lang, 1994) in line
with standard practice in affective psychology.

6https://github.com/makcedward/nlpaug

https://github.com/ollama/ollama/releases/tag/v0.12.9
https://github.com/ollama/ollama/releases/tag/v0.12.9
https://github.com/makcedward/nlpaug


Method Text
SR My biggest is loosing you so delight don river ’ thyroxine

earn maine ever so present that fearfulness. You cause
no absolutely no idea how much you mean to maine.

RS My biggest so is loosing you don please ’ t me ever make
face fear. that You no have no absolutely how you idea
to much mean me.

RD My [. . . ] you [. . . ] [. . . ] ’ [. . . ] [. . . ] face. [. . . ] have
absolutely no how much you to.

MA Ma biggest is losing you soo please don ’ it moke My eve
faice that fear. You hvae not absolutely now ideia how
much yu meat to ne.

CBERTRS every secret fear if you only please try ’ f cause me ever
face that fear. will have an absolutely zero problem how
much you enjoy losing me.

CBERTRI and my biggest is loosing precious you dead so please
don ’ t again make me have ever to face that fear. may
you have my no secrets absolutely scary no fucking idea
just how much love you really mean me to please me.

Table 3: Outputs for 50% of the perturbed context
for an original instance My biggest is loosing you so
please don’t make me ever face that fear. You have no
absolutely no idea how much you mean to me.

TRI). The methods are drawn from various bench-
marks, as described below.

Easy Data Augmentation (EDA) (Wei and Zou,
2019) presents SR, which substitutes randomly se-
lected words with synonyms retrieved from a lexi-
cal database (Miller, 1994), and it is part-of-speech-
aware, meaning a verb is replaced with a verb syn-
onym and a noun with a noun synonym; RS, which
randomly selects word positions and swaps each
chosen word with its immediate neighbor; and RD,
randomly selects words and removes them from
the sentence entirely.

MA (Pruthi et al., 2019) replaces randomly se-
lected words with common misspellings from a
pre-compiled dictionary of real human spelling er-
rors. The words are chosen randomly, as are the
misspellings from the available candidates for that
word.

Conditional Bidirectional Encoder Represen-
tations from Transformers (CBERT) (Wu et al.,
2019; Anaby-Tavor et al., 2019) uses BERT-base-
uncased (Devlin et al., 2019) to perform context-
aware random substitution (CBERTRS), masking
and replacing randomly selected words, and ran-
dom insertions (CBERTRI), inserting new words at
randomly chosen positions between existing tokens.
These substitutions and insertions are sampled ran-
domly from the top-k predictions.

3.5 Implementation
We perform experiments to test the robustness of
outputs of three emotion detection configurations
(B, VA+B, App+B) under textual perturbation.
Holding each configuration fixed, we also ablate

over the six perturbation methods to determine
which type of textual change most destabilizes its
predictions to understand whether these configura-
tions are more sensitive to word-level, syntactic, or
semantic-level changes.

To perform the experiments, we follow the steps
outlined next. We start with an initial dataset of
1.200 instances (see Table 2). We apply textual
perturbations using the methods described in Sec-
tion 3.4. Each of the 1.200 original instances
is run 10 times per fraction, yielding 12.000 in-
stances per fraction. Multiplied across 10 incre-
mental fractions of modified content (10%, 20%,
. . . , 100%), this gives 120.000 instances per per-
turbation method, and multiplied across 6 pertur-
bation methods, a total of 720.000 perturbed in-
stances. We run emotion predictions on both orig-
inal and perturbed instances using the prompting
methods from Section 3.1 and the LLMs from Sec-
tion 3.2. We compute pair-wise accuracy between
predictions on original and perturbed instances
to measure the robustness of the three configu-
rations (B, VA+B, App+B). Finally, we analyze
predictions across perturbation methods to evalu-
ate each configuration’s sensitivity at three levels:
word (SR, MA), syntactic (RS, RD), and semantic
(CBERTRS, CBERTRI).

4 Results

In this section, we present the results and analysis
following the implementation in Section 3.5, and
answer the proposed research questions. We eval-
uate the robustness of three emotion detection set-
tings (B, VA+B, App+B) by measuring pair-wise
accuracy between the original and perturbed texts’
emotion outputs. We also analyze which perturba-
tion method, word-level (SR, MA), syntactic-level
(RS, RD), or semantic-level (CBERTRS, CBER-
TRI), most affects robustness, exposing each con-
figurations’ sensitivity.

4.1 RQ1: Which emotion detection
configuration (basic emotions,
valence–arousal + basic, appraisals +
basic) contributes most to LLMs’
predictions robustness under textual
perturbation?

Figure 3 illustrates the average variation in LLM
configurations’ prediction robustness across per-
turbation fractions. All three settings (B, VA+B,
App+B) show decreasing robustness as the per-
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Figure 3: Pair-wise accuracy average curves for emotion predictions between original and perturbed texts. Each
panel corresponds to one model (Gemma, LLama, Qwen), with curves comparing three settings (B, VA+B, App+B).
Each point is an averaged pair-wise accuracy. For a given perturbation method and perturbation fraction (10%,
20%, 30%, etc.), 10 runs are averaged into one mean per fraction. Repeating this across all 6 methods gives 6
method-level averages per fraction, which are averaged again into the plotted value. The shaded band shows the
standard deviation across those 6 method-level averages, not the 10 runs.

turbation fraction increases from 10% to 100%.
Nonetheless, notable differences emerge across the
three configurations.

The B setting (blue curve), our baseline, yields
the lowest accuracy overall, starting below 0.5 for
Gemma and Qwen and below 0.2 for Llama at 10%
perturbation, and dropping to less than 0.2 at full
perturbation. The VA+B setting (orange curve)
shows higher accuracy throughout, suggesting that
the additional valence–arousal rating task in a joint
prompt stabilizes robustness. Within the App+B
setting (green curve), all models achieve substan-
tially higher pair-wise accuracy across all perturba-
tion fractions, remaining above roughly 0.3 even
at maximum perturbation and approaching 0.8 at
10% fraction for Gemma and Llama. This shows
that the appraisal-inclusive configuration produces
more robust predictions than either other setting,
even as the perturbation fraction increases. It is
further validated by the CheckList Invariance test
(Ribeiro et al., 2020), specifically by mean fail
rates, as Figure 5 shows in Appendix A.

Regarding overall LLMs performance, Llama
consistently achieves the highest pair-wise accu-
racy values across joint configurations and pertur-
bation fractions, while Gemma and Qwen perform
comparably, especially for the App+B setting ex-
hibiting the best results. Despite the differences
in model sizes, the overall improvement is con-
sistently observed in the App+B setting across
all models, suggesting it is more robust even for

the smaller models. As for the explanation of the
shaded bands representing one standard deviation,
the answer to RQ2 provides it.

4.2 RQ2: Which text perturbation method
provokes more unrobust labels in these
configurations when analyzing their
dependency on word, syntax, or broader
semantic context changes while predicting
emotions?

We ablate across the six perturbation methods to
identify which kind of textual change most desta-
bilizes the configuration’s (B, VA+B, App+B)
predictions, revealing whether a given setting is
more sensitive to word-level, syntactic, or semantic
changes.

Figure 4 presents the prediction robustness, mea-
sured in pair-wise accuracy, of three LLMs across
six perturbation types, synonym replacement (SR),
random swap (RS), random deletion (RD), mis-
spelling augmentation (MA), and CBERT-based
random substitution (CBERTRS) and insertion
(CBERTRI), for each emotion detection configura-
tion. Differences in robustness emerge across both
perturbation types and configurations. CBERTRS
and RD consistently yield the lowest accuracy
across all settings, proving the most destabilizing,
while RS and SR yield the highest.

The B setting shows the lowest accuracy values
overall across all perturbation types. The predic-
tions from the CBERTRS and RD methods in this



RD
CBERTRI MA

CBERTRS RS SR
0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Ac
cu

ra
cy

Gemma3 4B

RD
CBERTRI MA

CBERTRS RS SR

LLaMA 3.3 70B

RD
CBERTRI MA

CBERTRS RS SR

Qwen 2.5 7B

B VA + B App + B

Figure 4: Average pair-wise accuracy by perturbation method and setting. Each bar height is a single average. For
one method (e.g., CBERTRI), setting (e.g., VA+B), and model, the data already contains one average pair-wise
accuracy per perturbation fraction (10%, 20%, ..., 100%), each itself the average of the 10 runs at that fraction. The
bar chart averages those 10 fraction-level values once more into the bar height. A bar thus answers: on average
across all fractions from 10% to 100%, how robust were this model’s predictions under this perturbation method
and setting?

Text Perturbed B B pert. App+B App+B pert.
I asked my partner to do a task for me Asked partner do for me sadness trust trust trust
I put someone down without thinking to make
myself feel better

put someone without make my-
self better

surprise guilt guilt guilt

I failed my driving test that I really wanted to
pass

Failed driving I really pass fear anger sadness sadness

You’ll also find bargain clothes for sale at the
markets and on push-carts.

’ll bargain clothes markets on-
carts.

surprise trust joy surprise

thinks that for girls boys are easily found. But
GIRLS don’t realize they need MEN!!

that for girls found. But ’ they
MEN!!

surprise joy disgust surprise

Someone vomited on the street. Vomited on the. anger disgust disgust disgust
A mother who shouts at her child for nothing. A mother for nothing. disgust sadness anger anger
Finding out that I passed my final masters ex-
ams with a first (distinction)

Finding I final masters (distinc-
tion)

anger sadness joy joy

I felt shame when I ate a lot of food because I
was sad rather than hungry.

I felt shame I ate food was sad. fear anger shame shame

when i failed my driving test i failed my driving fear sadness sadness sadness

Table 4: Llama predictions for the original and perturbed text of RD of 50% fraction across B and App+B
configurations. Labels in bold indicate the predictions of the App+B configuration, which are more robust than
those of the B setting.

setting are the least robust. In contrast, RS, CBER-
TRI, MA and SR perturbations exhibit higher accu-
racy values, indicating that these perturbation meth-
ods enable the B setting to make more robust pre-
dictions. The VA+B setting exhibits a similar pat-
tern across perturbation types but maintains slightly
higher accuracy values throughout. This configura-
tion also suffers most under the CBERTRS method,
followed by the RD, which produce the least robust
results.

In the App+B setting, all models achieve sub-
stantially higher pair-wise accuracy across all per-
turbation methods. RS, CBERTRI, MA, and
SR remain the least destabilizing, while RD and
CBERTRS continue to produce the greatest robust-

ness drops, though considerably smaller than in the
other two configurations.

This tendency suggests that the additional con-
text provided in the App+B setting helps the mod-
els anchor their predictions more robustly, reducing
their sensitivity to surface-level lexical and struc-
tural changes. Notably, the most disruptive per-
turbations are those that alter or remove textual
content rather than merely paraphrase it, indicat-
ing that the instability stems from genuine shifts
in meaning rather than superficial noise. This is
further supported by the CheckList Invariance test
(Ribeiro et al., 2020), specifically the mean failure
rates in Figure 6 (Appendix A).



5 Discussion

Table 4 presents examples and outputs for the B
and App+B configurations with Llama, the best-
performing model in this study, illustrating how
one of the most destabilizing perturbation methods,
RD, affects emotion detection. It reveals a consis-
tent pattern for the B setting, our baseline, which
proves uniformly unstable across all ten instances.
This may stem from the B setting’s reliance on
specific textual traits that, when disrupted, lose
the emotion hints needed for correct identification.
Consequently, any perturbation of these elements
yields less robust predictions. The B configura-
tion thus appears particularly vulnerable when both
syntactic and lexical structure are disturbed, as by
random deletion.

The App+B configuration, by contrast, exhibits
greater stability, preserving the emotion label in
eight of ten cases.7 Unlike the B setting, which
proves to depend more on textual cues, App+B
draws on deeper contextual features not strictly
tied to lexical-syntactic structure. This broader
contextual grounding makes App+B more resilient.

Taken together, these observations indicate that
the joint App+B setting owes its greater robustness
to drawing on broader contextual cues beyond the
lexical-syntactic features the non-joint B setting
depends on.

6 Conclusions

We studied whether the robustness of LLM-based
emotion detection improves by jointly requesting
labels from multiple emotion theories (basic emo-
tions, valence–arousal, or appraisal-based). Our
findings show that LLMs are more robust when
instructed to predict emotions following more than
one theory. Further analysis reveals that the App+B
setting considerably stabilizes emotion detection.
This effect is most pronounced for word order and
least for random word deletions and substitutions.

The divergence between joint (App+B) and non-
joint (B) outputs further underscores this effect.
While both suffer from random word substitutions
and deletions, the non-joint setting relies more on
lexical and syntactic cues, yielding less robust pre-
dictions, whereas the joint setting captures emo-
tions from a broader contextual basis, yielding
more robust outputs. This suggests that combining

7We also performed a statistical significance test to validate
these results, as shown in Appendix B.

appraisal and basic emotion theories not only im-
proves robustness but also captures a richer set of
emotion cues from the input.

Our research reveals that appraisal and basic
emotion theories jointly make LLM predictions
more robust. This raises two questions: how LLMs
encode appraisals and basic emotions, and which
contextual elements this configuration focuses on
when predicting. Future research should address
both. The first calls for systematic probing of in-
ternal model representations. The second demands
investigating how the App+B configuration re-
lies on lexical-syntactic context, particularly given
that word deletions and substitutions produced the
strongest destabilizing effects.

Limitations

Before our emotion-detection configurations can
be considered fully robust for text-based emotion
analysis, they must be evaluated on a broader scale.
Despite promising results in emotion detection ro-
bustness, several potential limitations warrant fur-
ther discussion.

The results we present are based on a limited
number of LLMs. Our study is restricted to three
of them, Gemma, Llama, and Qwen. Different
model families, sizes, and training parameters may
respond differently to textual perturbations while
predicting emotions, and conclusions drawn from
this selection may not be universal. Our model
selection also leaves a size gap between the largest
model (Llama) and the smaller ones (Gemma and
Qwen); adding a mid-size model would help clarify
whether the observed robustness gains scale with
model size or are specific to the emotion theories
tested.

The prompts we used in this study follow a rela-
tively constrained structure, and neither the prompt
parameters nor the overall prompt design were
systematically varied or optimized. Alternative
prompting approaches, such as chain-of-thought or
instruction-tuned prompt formats, may yield differ-
ent robustness patterns for all three configurations.

A further limitation concerns the scope of our
robustness assessment. We evaluated the robust-
ness of the categorical emotion labels alone, and
did not assess whether the numerical outputs of the
VA and APP dimensions within the joint settings
are robust in the same manner. This reflects the
focus of the present work: our primary interest lies
in the categorical emotion labels robustness than in



the VA and APP dimensional outputs. We therefore
leave a systematic evaluation of the robustness of
these numerical predictions to future work.

Regarding the text perturbation methods, only
six were employed in this study. While these rep-
resent a reasonable selection of state-of-the-art ap-
proaches, a broader range of perturbation meth-
ods could extend and refine the conclusions about
which types of textual modifications are most desta-
bilizing across the three configurations.

As noted in Section 2.2, our study evaluates how
constant a model’s prediction is on the original
and on the perturbed text, not correctness against
the gold emotion labels that the underlying bench-
marks already provide. A configuration could in
principle score well on every metric in this pa-
per while being consistently wrong under noisi-
ness. We chose robustness as our primary mo-
tivation because it targets deployment reliability
rather than clean-text accuracy. An evaluation of
robustness alongside gold-label accuracy across
configurations is left to future work.

Additionally, all perturbations applied in this
study are synthetically generated on selected bench-
mark texts. Among these benchmarks, there is nat-
urally occurring noisy user-generated text, such
as organic typos, slang, or code-switching, since
at least one of these benchmarks originates from
social media. Nonetheless, we consider evaluat-
ing robustness on larger, naturally noisy real-world
user-generated corpora an important direction for
future work.

Finally, the analysis is constrained to joint and
non-joint prompt configurations, namely B, VA+B,
App+B. Non-joint configurations, in which ba-
sic emotions, valence–arousal, and appraisals are
prompted independently, could not be included be-
cause there is currently no established method to
map their outputs in an all-to-all manner, making
direct robustness comparisons across them infeasi-
ble.

Ethical Considerations

This work is intended to serve the research com-
munity by demonstrating that certain LLM config-
urations, specifically those in which multiple psy-
chological emotion theories operate in conjunction,
can improve the robustness of emotion detection
outputs. Our findings aim to illuminate principled
criteria for selecting robust configurations for the
emotion detection task, thereby reducing unneces-

sary expenditure of computational resources and
time during the configuration search process.

We do not seek to establish the superiority of
any emotion theory over the others. Such a claim
would be scientifically inappropriate, given that
all theories referenced in this work are empiri-
cally grounded, theoretically validated, and widely
adopted within the research. Rather, our goal is to
demonstrate how emotion theories can be mutually
reinforcing when applied jointly within LLM-based
emotion detection. Similarly, we make no claim
that any particular LLM is inherently superior or
inferior to others; instead, we examine the extent
to which different models may benefit from config-
urations grounded in combined emotion theories.

Furthermore, emotion analysis carries inherent
ethical risks, particularly when applied to manipu-
late human behavior. These risks may be amplified
as LLMs become increasingly capable and con-
vincing in human-computer interaction, potentially
enabling more sophisticated forms of emotional
manipulation. In our study, we remained mindful of
these implications and prioritized transparency and
safeguards against misuse when deploying emotion
analysis configurations.

All datasets used in this study are publicly avail-
able, serve as established benchmarks for emotion
analysis in the research community, and contain no
personally identifiable information. Their use in
this work is strictly limited to advancing research
in emotion analysis and does not involve any direct
interaction with human participants. All datasets
used in this study were employed in accordance
with their respective copyright standards, properly
cited, and used in compliance with the Creative
Commons (CC) license terms.

Finally, AI assistance was used in the preparation
of this paper. Specifically, we used the Claude
Code extension (version 2.1.143) for Visual Studio
Code for programming support, and Claude Sonnet
4.6 for assistance with LaTeX tables formatting and
the rephrasing of text for clarity and grammar.
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Figure 5: Robustness degradation curves under increasing perturbation fractions per model and setting.
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A Appendix: CheckList Mean Fail Rate

Figure 5 quantifies emotion predictions robustness
using the CheckList framework’s Invariance test
(Ribeiro et al., 2020), which treats each (original
text, perturbed text) pair as a test case and flags a
failure whenever the perturbed prediction diverges
from the original one. For every model and emo-
tion detection setting (B, VA + B, and App + B),
the six perturbation methods (SR, RS, RD, MA,
CBERTRS, CBERTRI) were each applied at ten
perturbation fractions (10-100%), with ten repeated
runs per perturbation fraction. For each (method,

fraction) pair, the fail rate was first averaged across
the ten runs; these six method-level means were
then averaged again within each fraction to produce
the plotted point, with the standard deviation across
methods rendered as the shaded band. Figure 5
cross-validates that the App + B setting tends to
produce more robust emotion labels under pertur-
bations, reported by the pair-wise accuracy metrics
in Section 4.1.

Figure 6 summarizes the same INV test results
to show which perturbation method degrades each
model’s label robustness the most. For every
(model, emotion detection setting) combination,
we obtain a per-run fail rates across all ten fractions
and all runs for each method into a single mean.
The resulting bars validate previously observed
patterns in Section 4.2 that RD and CBERTRS
are consistently the most disruptive perturbation
methods across all three settings and models. This
convergence between two independently computed



Model Setting Agree. (A) Agree. (B) Diff. (A−B) Significant
Gemma3 B vs. App+B 0.320 0.583 -0.263 Yes (< 0.0001)
Gemma3 B vs. VA+B 0.320 0.328 -0.007 No (p=0.1614)
Gemma3 App+B vs. VA+B 0.586 0.326 +0.260 Yes (< 0.0001)
Llama B vs. App+B 0.178 0.552 -0.374 Yes (< 0.0001)
Llama B vs. VA+B 0.178 0.523 -0.345 Yes (< 0.0001)
Llama App+B vs. VA+B 0.551 0.522 +0.030 Yes (p=0.0013)
Qwen B vs. App+B 0.308 0.428 -0.120 Yes (< 0.0001)
Qwen B vs. VA+B 0.315 0.301 +0.014 Yes (p=0.0343)
Qwen App+B vs. VA+B 0.428 0.292 +0.137 Yes (< 0.0001)

Table 5: Paired bootstrap significance test resutls. Acc A and Acc B report the pairwise accuracy of the two settings
listed in the Setting column: Acc A for the first setting, Acc B for the second. Results with p < 0.05 are treated as
significant.

metrics (pair-wise accuracy and Checklist mean
fail rates), one measuring prediction robustness
(pair-wise accuracy) and the other measuring pre-
diction invariance under perturbation, validates the
fragility observed across perturbation methods.

B Appendix: Significance Test Results

We performed a bootstrap test (Koehn, 2004) to
make sure our results are statistically significant.
Table 5 summarizes these results. For each model,
we first compute a per-instance accuracy for each
setting (B, App+B, VA+B) between original and
perturbed texts, aggregating across all perturbation
methods, fractions, and runs. We then compare two
settings using a bootstrap test: from the original
instances with a valid label and at least one valid
prediction in both settings, we draw 10,000 resam-
ples with replacement. The p-value is the fraction
of resamples in which the accuracy ranking of the
two settings flips relative to the ranking actually
observed.

Under this test, the App+B joint setting is signif-
icantly more accurate than the B non-joint setting
across all three models (Gemma3: ∆ = +0.263,
p < 0.0001; Llama: ∆ = +0.374, p < 0.0001;
Qwen: ∆ = +0.120, p < 0.0001), indicating
that incorporating appraisal theory consistently im-
proves accuracy regardless of perturbation method
or underlying model.
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