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Abstract
Emotion Recognition in Conversation (ERC) focuses on identifying static emotional states, overlooking the cognitive
mechanisms that drive emotional transitions. This work introduces a novel emotion prediction task grounded in
Appraisal Theory, which conceptualizes emotion as a cognitive evaluation of expectations and their violations. To
address this task, we develop a prompt-based reasoning framework that breaks emotional dynamics into three
interpretable stages, e.g., expectation inference, violation detection, and emotion-shift prediction, thereby explaining
not only which emotion is expressed, but also why it emerges. To examine whether LLMs exhibit human-like affective
reasoning, we design six appraisal-informed prompting tasks and evaluate eight representative LLMs across four
conversational corpora. A unified two-level evaluation, which measures both emotion classification and transition
dynamics, reveals that explicit expectation cues improve accuracy by up to +2.4%, whereas violation-only cues often
degrade performance. Our analysis uncovers a robust appraisal pattern across models and datasets: expectation
construction is the primary contributor to accurate emotion prediction, while isolated violation cues tend to induce
misattribution rather than improve causal reasoning. Beyond label accuracy, transition-level evaluation shows that
LLMs capture emotion-shift direction above chance but exhibit a marked stability bias, over-predicting no-change
trajectories and under-detecting fine-grained shifts. These findings demonstrate both the promise and the cur-
rent limits of LLMs in appraisal-driven affective reasoning, and motivate a new cognitively-grounded research direction.
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1. Introduction

Emotions are fundamental to human cognition and
behavior, consequently, modeling and understand-
ing emotions constitute a critical aspect of artificial
intelligence (Cambria et al., 2023). Emotion Recog-
nition in Conversation (ERC) has recently emerged
as a prominent direction in natural language pro-
cessing research, driven by the increasing avail-
ability of large-scale conversational data (Xie and
Mao, 2025; Fan et al., 2024). ERC enables the au-
tomatic inference of affective states from dialogic
interactions, facilitating deeper insights into human
communication dynamics. Beyond its utility for opin-
ion mining and social media analytics, ERC holds
substantial promise for affective computing applica-
tions in domains such as mental health monitoring,
empathetic dialogue systems, and emotion-aware
educational technologies (Mao et al., 2025).

Despite remarkable progress, current ERC re-
search is still struggling to bridge the gap between
surface-level prediction and underlying cognitive
mechanisms. Early approaches based on sequen-
tial and graph neural networks (Majumder et al.,
2019; Ghosal et al., 2019) have modeled contex-
tual dependencies within dialogues, yet they largely
treat emotion as a static label, lacking interpretabil-
ity regarding why emotional shifts occur.

Recent causal frameworks (Li et al., 2023b; Ma
et al., 2024a) attempt to infer the antecedents of
emotion but fail to capture the latent cognitive vari-
able of expectation–reality discrepancy, a key psy-
chological driver of emotional change. Emerging
appraisal-based models, such as CAPE (Liu et al.,
2025) and Third-Person Appraisal Agent (Hong
et al., 2025), integrated theoretical constructs from
appraisal theory to enhance interpretability. How-
ever, these efforts remain fragmented and have yet
to provide systematic validation of whether LLMs
exhibit human-like consistency and reasoning in
tracing emotional transitions.

To address these gaps, this study reconceptual-
izes the ERC task from the perspective of Appraisal
Theory, proposing a new task, termed emotion pre-
diction. Specifically, emotional understanding is
modeled as a cognitive reasoning chain, namely
expectation, violation, and emotional response. By
introducing psychological variables through prompt-
driven generative mechanisms, our framework en-
ables LLMs to simulate cognitive appraisals under-
lying emotion shifts. Through comprehensive eval-
uations in multiple models and datasets, we aim to
assess the ability of LLMs to understand emotions,
cognitive coherence, and psychological plausibility,
offering a theoretically grounded and interpretable
paradigm to advance affective computing.
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This study investigates whether LLMs possess
human-like emotional reasoning abilities. Through
extensive experiments conducted on four multi-
emotion dialog datasets, e.g., DailyDialog (Li et al.,
2017), EmoryNLP (Zahiri and Choi, 2018), IEMO-
CAP (Busso et al., 2008), and MELD (Poria et al.,
2019), we demonstrate that explicitly embedding
appraisal-theoretic constructs (expectation and vi-
olation) enhances both emotion and emotion-shift
prediction. Compared with the baseline condition
without explicit prompts, the appraisal-informed
prompts yield an average improvement of approx-
imately 1.0% in accuracy, with the most notable
gain observed on the MELD dataset (+2.4%).

The contributions of this work are twofold.
1) We introduce a novel emotion prediction task

that reframes traditional ERC into a reasoning-
oriented problem grounded in expectation–violation
appraisal. Instead of recognizing static emotion la-
bels, the model is required to infer how a speaker’s
emotional state evolves based on whether their psy-
chological expectations are fulfilled or disrupted.

2) We systematically evaluate eight LLMs across
four conversational corpora using a two-level frame-
work measuring label accuracy and transition dy-
namics. Results reveal intrinsic emotional inertia
and appraisal consistency biases, providing evi-
dence of human-like affective reasoning.

2. Related Work

ERC has emerged as a central research fo-
cus for understanding emotion dynamics in hu-
man–machine interaction. Early approaches pri-
marily treated ERC as a classification problem,
leveraging recurrent and graph neural networks
such as DialogueRNN and DialogueGCN to cap-
ture contextual and speaker dependencies (Ma-
jumder et al., 2019; Ghosal et al., 2019). These
methods improved temporal coherence and dia-
logue modeling but still treated emotions as static,
failing to address the challenges of similar emo-
tions and emotion transitions. MMGCN (Hu et al.,
2021) injects speaker information through speaker
embeddings while capturing long-range contextual
dependencies. GraphMFT (Li et al., 2023a) im-
proves the graph construction of MMGCN, but the
model misclassifies similar emotions and rushes
to identify many emotions as neutral. Although
GA2MIF (Li et al., 2024b) addresses the challenges
of MMGCN from heterogeneous graphs, it does not
solve the notorious similar emotions and emotion
transfer problems in conversational emotion recog-
nition. Although BiGMF (Lu et al., 2024) explicitly
models relationships, the current ERC model still
has the problem of being unable to distinguish sim-
ilar emotions (such as happiness and excitement).

Mao et al. (2023) found that language modeling-
based methods may introduce biased predictions
due to the asymmetry of emotional space seg-
mentation. SDT (Ma et al., 2024b) proposed a
transformer-based hierarchical gating fusion strat-
egy, but it still has difficulties in distinguishing simi-
lar emotions, detecting emotions with unbalanced
data, and emotion transfer. Subsequent studies
began to focus on modeling emotional dynamics.
Song et al. (2022) proposed EmotionFlow, which
introduces an emotion propagation mechanism
to simulate emotional contagion between speak-
ers. Gao et al. (2022) first incorporated Emotion
Shift Detection (ESD) as an auxiliary task within
a multi-task learning framework in ESD-ERC, en-
abling the model to explicitly perceive emotional
flow. Building on this, Wang and Mine (2023) pro-
posed MTL-ERC-ES, which jointly learns emotion
recognition, polarity, and shift detection for finer
modeling of emotional transitions. Later works fur-
ther extended the modality of ERC by integrating
textual, acoustic, and visual cues for greater robust-
ness. For instance, Li et al. (2024a) proposed the
CFN-ESA model, which employs an emotion-shift
perception module to alleviate modality discrepan-
cies and improve recognition stability. Jian et al.
(2024) advanced this line with EmoTrans, which ex-
plicitly models cross-modal emotion transitions and
achieves state-of-the-art results on IEMOCAP and
MELD, highlighting the importance of multimodal
fusion and transition modeling.

Recent studies have further explored why emo-
tions change. For example, MECPG jointly identi-
fies emotional utterances and their causes to im-
prove interpretability (Ma et al., 2024a), and EFR
formulates emotion reversal as a novel reason-
ing task to capture triggering mechanisms (Kumar
et al., 2022). Personality-aware models such as
PMTL and PIRNet (Li et al., 2024c; Lian et al.,
2024) have also been proposed to account for in-
dividual differences and emotional inertia across
speakers. Collectively, ERC has evolved from label-
based classification toward multi-dimensional psy-
chological process modeling encompassing recog-
nition, transition, and causation. Nevertheless, the
underlying cognitive mechanisms remain under-
examined (Cambria et al., 2026). Much of the lit-
erature still treats ERC as a static identification
problem, even though conversational emotion is in-
herently dynamic and appraisal-driven: individuals
form expectations, evaluate incoming utterances as
confirmations or violations, and update their affec-
tive state accordingly. This motivates emotion pre-
diction as a cognitively grounded reformulation that
models how emotions emerge and shift, improv-
ing interpretability, generalization across conver-
sational contexts, and support for emotion-aware
dialogue systems.
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3. Preliminary

Appraisal Theory (Scherer, 1999) states that emo-
tional reactions are not direct outcomes of external
events but are instead determined by an individual’s
cognitive evaluation of how those events relate to
personal goals, expectations, and social norms.
Emotions arise as part of a causal chain: when
an individual’s psychological expectations are ei-
ther fulfilled or violated, an emotional shift occurs,
marking a transition in affective state.

Building upon this theoretical foundation, this
study develops an experimentally controlled frame-
work. The framework employs a series of prompts
that explicitly or implicitly provide psychological
cues (e.g., expectations, violations) to the model.
By observing the model’s emotional responses
across these different conditions, the study seeks
to determine whether LLMs demonstrate a cogni-
tive appraisal mechanism comparable to that ob-
served in humans.The overall framework overview
is shown in Fig. 1. The study addresses the follow-
ing research questions:
RQ1: Does explicitly indicating “expectations” im-
prove emotion prediction accuracy?
RQ2: Does indicating “violations” improve detec-
tion of emotional shifts?
RQ3: Does the combined presentation of “expec-
tation” and “violation” information produce a syner-
gistic improvement in performance?
RQ4: Are certain types of emotional transitions
(e.g., positive→negative, goal-obstruction) more
sensitive to appraisal-based mechanisms?

Based on the assumptions of Appraisal Theory,
the study formulates four hypotheses:
H1: Prompts containing explicit expectation cues
may improve emotion prediction accuracy com-
pared with baseline conditions lacking such cues.
H2: Prompts containing violation cues may improve
the model’s ability to identify emotional shifts.
H3: Prompts combining expectation and violation
cues may yield a synergistic boost.
H4: The model’s consistency across multi-task out-
puts (measured by Cohen’s κ) may serve as an
indicator of whether it demonstrates a human-like
appraisal-driven mechanism for emotion prediction.

4. Methodology

This section presents the experimental foundation
and the datasets used in the study. Grounded in
Appraisal Theory, it develops a six-stage frame-
work of expectation, violation, and emotion shift to
evaluate whether LLMs exhibit human-like patterns
of emotional reasoning. To support consistent anal-
ysis across tasks, all corpora were standardized
and filtered to retain instances that reflect appraisal-
driven emotional dynamics.

4.1. Task Definition

Grounded in Appraisal Theory, this study concep-
tualizes dialogue emotion understanding as a cog-
nitively controlled emotion prediction task rather
than a static prediction task. Emotion is assumed
to emerge from a speaker’s appraisal of the congru-
ence between external events and internal expecta-
tions. Accordingly, the proposed framework exam-
ines whether LLMs exhibit human-like emotional
reasoning when explicit or implicit expectation cues
are introduced during generation.

To empirically test these hypotheses, six interre-
lated subtasks (Q1–Q6) were designed to simulate
the cognitive chain of expectation, violation, and
emotional response. Q1 constructs the speaker’s
psychological expectation (E*) based on contextual
cues. Q2–Q5 generate the next utterance under
four cognitive conditions: baseline without cues
(Q2), explicit expectation (Q3), explicit violation
(Q4), and expectation-plus-violation (Q5). All mod-
els operate under identical decoding parameters
to isolate cognitive effects. Finally, Q6 evaluates
the emotional outputs from Q2–Q5 using indepen-
dent evaluators, producing emotion labels and tran-
sition types that serve as objective measures of
model sensitivity and consistency. The example
utterances and example outcomes of Q1-Q6 can
be viewed in Table 6 from Appendix A. These tasks
form a closed cognitive-emotional modeling loop,
enabling systematic verification of whether LLMs re-
spond to expectation violations in a psychologically
consistent, human-like manner.

4.2. Dataset Preparation

We developed a new dataset1 for the evaluation of
appraisal-based emotion prediction. The data were
selectively sourced from four publicly available ERC
datasets, e.g., MELD, IEMOCAP, EmoryNLP, and
DailyDialog. These datasets differ substantially in
linguistic style, discourse domain, and emotional
taxonomy. Therefore, unified preprocessing and
structural alignment were required before experi-
mentation. The data were converted into a stan-
dardized CSV format and organized under a consis-
tent indexing schema, as summarized in Table 1.

At the corpus filtering level, a two-stage selection
strategy was employed to ensure both emotional
dynamism and representativeness. At the dialogue
level, only samples exhibiting diverse emotional
distributions and evident affective variation were
retained; each dialogue was required to contain
at least four distinct emotion categories to avoid
single-emotion bias.

1https://github.com/shuiguolanzi397/
Emotion-Prediction-Dataset

https://github.com/shuiguolanzi397/Emotion-Prediction-Dataset
https://github.com/shuiguolanzi397/Emotion-Prediction-Dataset
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Figure 1: Framework overview: paradigm shift from emotion recognition to prediction.

ID Description Purpose

F1 Sample index number Ensure sequential con-
sistency

F2 Whether emotional
shift occurs (1 =
change)

Select valid samples

F3 Whether cognitively
driven (1 = conforms
to Appraisal Theory)

Filter non-appraisal
samples

F4 Current speaker’s ut-
terance

Model input

F5 Speaker identity Control variable (emo-
tion inertia)

F6 Current emotion label
(ground truth)

Evaluation reference

F7 Previous emotion label Build emotion transi-
tion relation

F8 Dialogue identifier Context alignment
F9 Utterance identifier Mapping and traceabil-

ity

Table 1: Core field definitions in the evaluation
dataset. Field abbreviations: F1 = Sr No.; F2
= Is_Transition; F3 = Is_Appraisal_Driven; F4 =
Utterance; F5 = Speaker; F6 = Emotion; F7 = Com-
pare_With_Emotion; F8 = Dialogue_ID; F9 = Utter-
ance_ID.

At the speaker level, only speakers who experi-
enced at least two emotion changes within a dia-
logue were kept, ensuring that each retained con-
versation contained traceable emotional trajecto-
ries. These criteria preserve the dynamic structure
of affective interactions, ensuring that model learn-
ing and evaluation occur within psychologically re-
alistic emotional contexts.

To further mitigate structural discrepancies
across corpora, dataset-specific mappings and
speaker normalization were performed. For in-
stance, in IEMOCAP, overlapping utterance indices
across dyads could result in erroneous emotion
chains. This issue was resolved by combining Ses-
sion ID, Dyad, and Dialogue ID to generate unique
conversation indices, and by standardizing speaker
tags to “Speaker A/B”. Moreover, only improvised
sessions were retained to eliminate scripted emo-
tional patterns, ensuring that the data more accu-
rately reflect cognitively grounded emotional reac-
tions in natural dialogues. After preprocessing, all
four datasets were merged into a structurally con-
sistent and label-aligned corpus covering diverse
domains and emotion categories.

4.3. Quality Control
To ensure the psychological consistency and the-
oretical interpretability of the experimental corpus,
this study designed an Appraisal-Driven Selection
Mechanism for emotion-shift filtering. Unlike con-
ventional ERC corpus cleaning or simple noise re-
moval, this mechanism aims to automatically iden-
tify cognitively driven emotional changes within
dialogues,segments that conform to the expecta-
tion–violation–emotional response logic, thereby
aligning the dataset closely with the psychological
processes underlying human emotion generation.

The mechanism is built upon two core indicators:
Is_Transition and Is_Appraisal_Driven. The former
detects intra-speaker emotional variation, while the
latter determines whether such variation is triggered
by another speaker’s utterance. For each dialogue,
the system first orders all utterances by their Dia-
logue ID and then iteratively backtracks to locate
two types of most recent valid preceding utterances:
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Algorithm 1 Determination of emotion transition
and appraisal-driven mechanism
1: for each dialogue in dataset do
2: sort utterances by Utterance_ID
3: for each utterance u do
4: s ← u.Speaker; e ← u.Emotion; id ←

u.Utterance_ID
5: prev_self ← find_last( speaker = s ∧ emotion /∈

INV ALID ∧ utterance_id < id )

6: if prev_self exists then
7: Compare_With_Utterance_ID ←

prev_self.utterance_id
8: Compare_With_Emotion← prev_self.emotion
9: Is_Transition← I[ e ̸= prev_self.emotion ]

10: else
11: Compare_With_Utterance_ID ← −1
12: Compare_With_Emotion← ""
13: Is_Transition← 0
14: end if
15: prev_other ← find_last( speaker ̸= s ∧ emotion /∈

INV ALID ∧ utterance_id < id )

16: if prev_other exists then
17: Respond_To_Speaker ← prev_other.speaker
18: Respond_To_Utterance_ID ←

prev_other.utterance_id
19: else
20: Respond_To_Speaker ← ""
21: Respond_To_Utterance_ID ← −1
22: end if
23: Is_Appraisal_Driven ← I[ Is_Transition = 1 ∧

Respond_To_Speaker ̸= s ]

24: update(u)
25: end for
26: end for

the same speaker’s latest valid turn (the Compare-
With chain) and another speaker’s latest valid turn
(the Respond-To chain). If the current emotion dif-
fers from the speaker’s previous valid emotion, the
instance is labeled Is_Transition (value 1); on this
basis, if the change immediately follows a valid ut-
terance from another speaker, it is further labeled
Is_Appraisal_Driven (value 1). This dual-layer judg-
ment ensures that each detected emotional change
reflects both the speaker’s internal dynamics and
the external cognitive appraisal process inherent in
social interaction.

To prevent self-reflective fluctuations from being
misclassified as externally triggered appraisals, a
Single-Speaker Run Rule was introduced. When
the same speaker produces multiple consecutive ut-
terances without any intervening turns from others,
emotional variations are regarded as self-driven,
with Is_Appraisal_Driven set to 0.

Similarly, at the beginning of a dialogue or in
cases lacking valid preceding turns, no appraisal-
driven label is assigned. This rule enforces a
strict “external-trigger” principle, eliminating non-
interactive emotional drifts that may occur in
monologic or narrative contexts. The entire de-
cision algorithm follows a consistent group-by-
dialogue, traverse-by-utterance, nearest-backtrack,
dual-judgment procedure, implemented uniformly
across all datasets. The corresponding pseu-
docode is given in Algorithm 1.

Dataset Original (D / U) Kept (D / U)

DailyDialog 13118 / 102979 110 / 1380
EmoryNLP 897 / 12606 700 / 10772
IEMOCAP 74 / 5020 70 / 4851
MELD 1432 / 13708 617 / 8433

Table 2: Corpus statistics before and after corpus-
level filtering across four ERC datasets. D = Dia-
logues, U = Utterances.

5. Experiments

5.1. Implementation Details
The experiments in this study were conducted
on a hybrid hardware architecture, encompass-
ing both local GPU deployment and remote API
calls to ensure comparability and reproducibility
across different model types using a unified in-
terface. The local experiments were performed
on NVIDIA A100-SXM4-40GB GPU. In terms of
model deployment, offline models (DeepSeek-LLM-
7B-Chat, DeepSeek-V2-Lite-Chat, Qwen-7B-Chat,
Qwen2.5-14B-Instruct) are loaded through the Hug-
ging Face Transformers framework. Online models
(GPT-3.5 Turbo, GPT-4o, Gemini 1.5 Pro, Gemini
2.5 Pro) are called through the official SDK inter-
face. The system automatically manages API keys,
rate limits, and exception retry mechanisms to en-
sure inference stability and concurrency control.
All inference hyperparameters were held constant
across experiments, including a temperature of 0.7,
a maximum output length of 256 tokens, and a
timeout threshold of 45 seconds, to maintain com-
parability across different prompt conditions.

5.2. Sample Screening Based on
Cognitive Mechanisms

Before conducting the formal experiments, we ap-
plied a two-level screening pipeline to the four se-
lected ERC datasets. First, following the corpus-
level filtering strategy described in Section 4.2, we
obtained a reduced but emotion-dynamic subset
that satisfies the dialogue-level and speaker-level
constraints. Table 2 reports the dataset statistics
before and after this corpus filtering step.

Second, on the corpus-filtered subset,we con-
ducted cognitive mechanism-based sample screen-
ing and statistical analysis using two binary vari-
ables: Emotional Transition (Is_Transition) and Ap-
praisal Driven (Is_Appraisal_Driven). The results,
as shown in Fig. 2, show that appraisal-driven emo-
tion transition dominates in all datasets, indicat-
ing that most emotional changes stem from the
speaker’s social evaluation of others’ utterances,
rather than self-reflection or emotional drift.
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Figure 2: Sample distribution of the evaluation
datasets.

Specifically, evaluation-driven emotion transi-
tions account for approximately 39.1% (539/1380)
of DailyDialog conversations, demonstrating that
even in open-domain casual chat corpora, there
are still numerous examples of conversations char-
acterized by a “cognitive-emotional causal chain”.
EmoryNLP has the highest proportion, reaching
50.6% (5452/10772), reflecting the stronger emo-
tional attachment between character interactions
in film and television drama corpora, making cross-
turn emotional resonance more likely.

In the IEMOCAP speech dialogue dataset, the
original version showed a 19.5% (948/4851) rate
of evaluation-driven emotion transfer. After re-
moving ambiguous and invalid emotion labels,
this rate decreased to 12.6% (611/4851), indicat-
ing a significant level of emotional uncertainty in
the speech data due to tone or labeling discrep-
ancies. The MELD rate was intermediate, with
evaluation-driven emotion transfer accounting for
approximately 37.3% (3148/8433), while a signifi-
cant proportion of non-evaluative, self-driven emo-
tion changes (875/8433) were also present.

Overall, these results not only provide a solid
data foundation for subsequent experiments based
on the “psychological expectation-appraisal out-
come bias” mechanism, but also confirm that in
interpersonal interactions, the evaluation of others
is the primary trigger for dynamic emotion changes.

Prompt G-1.5P G-2.5P GPT-3.5 GPT-4o

DailyDialog
Q2 29.8±0.7 29.2±0.7 28.2±1.1 30.2±1.3
Q3 28.5±1.8 28.1±0.7 30.4±2.1 30.7±1.3
Q4 25.2±0.9 27.5±0.9 24.6±1.2 27.3±0.4
Q5 28.8±2.0 28.0±1.2 25.1±1.3 31.2±1.0

EmoryNLP
Q2 27.8±1.7 27.2±1.7 27.8±1.5 28.7±1.8
Q3 28.7±1.8 28.5±2.0 29.4±1.7 29.5±1.9
Q4 26.7±1.4 27.2±2.0 26.2±1.3 27.8±1.6
Q5 28.1±1.9 28.6±2.2 26.2±1.6 29.1±1.6

IEMOCAP
Q2 32.1±3.9 31.4±5.0 31.5±4.2 29.7±4.6
Q3 32.8±4.2 31.7±4.3 31.2±3.9 30.6±3.8
Q4 30.8±4.9 30.8±3.8 29.9±4.1 27.0±3.6
Q5 32.8±5.1 32.5±4.3 30.4±3.8 27.9±4.2

MELD
Q2 23.3±0.5 24.3±1.0 23.3±1.1 23.8±1.0
Q3 27.1±1.0 24.9±0.9 26.6±0.6 25.6±1.3
Q4 22.6±1.5 23.5±1.2 21.2±1.3 23.3±1.2
Q5 26.5±1.2 25.7±1.3 23.5±1.4 25.2±1.4

Table 3: Accuracy (%) grouped by dataset; within
each group, rows Q2–Q5 represent different prompt
settings. Abbreviations: G-1.5P = Gemini 1.5 Pro;
G-2.5P = Gemini 2.5 Pro; GPT-3.5 = GPT-3.5 Turbo;
GPT-4o = GPT-4o. All values denote mean±std
across evaluators.

6. Results

This study evaluates a total of eight generative
models and four independent emotion evaluators
across four ERC datasets under four prompt con-
ditions (Q2–Q5). The complete accuracy matrix
covering all experimental configurations is reported
in Table 7 in Appendix B. Here, we focus on a
representative experimental setting consisting of
four generators (GPT-3.5 Turbo, GPT-4o, Gemini
1.5 Pro, Gemini 2.5 Pro) evaluated by three eval-
uators (GPT-4o mini, DeepSeek-V2-Lite-Chat and
Qwen2.5-14B-Instruct), in order to present aggre-
gated trends more clearly. Unless otherwise speci-
fied, all reported mean accuracy values in Sections
6.1–6.3 denote averages across these four gener-
ators, three evaluators, and the four ERC datasets.

6.1. Emotion Prediction

6.1.1. Comparison of Generative Models

Table 3 and Fig. 3 present the mean accuracy of
four generative models (Gemini 1.5 Pro, Gemini
2.5 Pro, GPT-3.5 Turbo and GPT-4o), across the
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Figure 3: Mean accuracy (%) of four generators
across prompts and datasets.

four ERC datasets, averaged over three evaluators.
Overall, the models exhibit broadly consistent per-
formance trends under different prompting condi-
tions. The Q3 (explicit expectation) condition often
yields the most substantial improvement, whereas
Q4 (violation-only) produces the most unstable re-
sults, sometimes falling below the baseline Q2 (no
prompt). The Q5 (expectation + violation) condi-
tion achieves marginal gains in some corpora (e.g.,
DailyDialog, EmoryNLP) but does not consistently
surpass Q3, suggesting that the combination of
expectation and violation cues does not form a con-
sistent synergistic effect.

Across models, GPT-4o achieves the highest
mean accuracy on DailyDialog and EmoryNLP
(30–32%) and remains competitive on IEMOCAP
and MELD, suggesting strong cross-corpus robust-
ness. GPT-3.5 Turbo and Gemini 2.5 Pro perform
comparably (28–30%), while Gemini 1.5 Pro shows
more variable performance across datasets and
prompts, rather than a consistent lag. These results
indicate that model scale and semantic reasoning
capacity may be important for understanding ex-
pectation cues. Larger language models are better
at inferring latent psychological expectations and
emotional deviations from context, thereby exhibit-
ing more human-like appraisal-driven reasoning.

Dataset-specific variations further modulate
model performance. IEMOCAP achieves the high-
est accuracy (31–32%) owing to its high reten-
tion rate (96.6%), consistent annotations, and
rich affective cues (e.g., tone, laughter, sighs).
EmoryNLP ranks second (28–29%) due to dense in-

Prompt G4o-m DS-V2L QW-14B Mean

DailyDialog
Q2 29.7±1.9 29.8±0.7 28.6±0.4 29.4±0.6
Q3 30.3±2.4 29.5±2.0 28.5±1.2 29.4±0.7
Q4 26.8±1.8 26.2±1.3 25.5±1.8 26.1±0.5
Q5 28.7±3.0 29.0±2.5 27.1±2.8 28.3±0.9

EmoryNLP
Q2 30.0±0.8 27.1±0.2 26.6±1.0 27.9±1.5
Q3 31.3±0.6 28.5±0.3 27.3±1.0 29.0±1.6
Q4 28.8±1.0 26.6±0.4 25.4±0.9 27.0±1.4
Q5 30.1±1.5 27.7±1.0 26.2±1.4 28.0±1.6

IEMOCAP
Q2 36.1±0.9 26.4±1.7 31.1±1.4 31.2±4.0
Q3 36.0±1.0 27.1±0.8 31.6±1.7 31.6±3.6
Q4 34.6±2.1 26.1±1.0 28.2±3.0 29.6±3.6
Q5 35.4±1.9 26.1±1.0 31.1±4.1 30.9±3.8

MELD
Q2 24.1±0.8 24.4±0.5 22.5±0.5 23.7±0.8
Q3 26.8±1.3 26.5±0.6 24.9±1.2 26.1±0.8
Q4 22.7±1.0 24.0±1.0 21.2±1.1 22.6±1.1
Q5 26.2±1.3 26.0±1.2 23.5±1.4 25.2±1.2

Table 4: Accuracy (%) across datasets under
four prompt conditions. Abbreviations: G4o-m
= GPT-4o mini; DS-V2L = DeepSeek-V2-Lite-Chat;
QW-14B = Qwen2.5-14B-Instruct. Values denote
mean±standard deviation across evaluators.

terpersonal dependencies in multi-character scripts.
In contrast, DailyDialog yields lower accuracy
(27–29%) because of its limited retained size
(1.34%) and short contexts, while MELD performs
worst (23–26%) due to overlapping speech and
ambiguous emotion attributions. These results
underscore that model performance is governed
not only by reasoning capability but also by cor-
pus structure and emotional coherence: high-
consistency, low-noise dialogues enable more sta-
ble and interpretable expectation-violation reason-
ing, whereas fragmented or low-density emotional
contexts weaken the model’s predictive capacity.

6.1.2. Comparison across Evaluators

Table 4 shows the mean accuracy (± std) across
the four evaluation datasets and four prompt types
(Q2–Q5), averaged by evaluators. Fig. 4 visualizes
these trends with 95% confidence intervals. Over-
all, all evaluators exhibit a consistent pattern: the
explicit-expectation prompt (Q3) clearly surpasses
the baseline (Q2), confirming H1 that expectation
cues enhance emotion prediction. Q4 (violation-
only) consistently underperforms Q2 by 2–3%, indi-
cating that violation cues alone mislead inference.
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Dataset Q2 Q3 Q4 Q5

DD 29.4±1.2 29.4±1.9 26.1±1.5 28.3±2.6
EN 27.9±1.6 29.0±1.8 27.0±1.6 28.0±2.0
IE 31.2±4.2 31.6±3.9 29.6±4.2 30.9±4.5
ME 23.7±1.0 26.1±1.3 22.6±1.5 25.2±1.7

Table 5: Mean accuracy (%) of four prompt types
(Q2–Q5) averaged across all generators and eval-
uators. Dataset abbreviations: DD = DailyDialog;
EN = EmoryNLP; IE = IEMOCAP; ME = MELD.
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Figure 4: Mean Accuracy(%) of Q2-Q5 across three
evaluators(95% CI)

Q5 (expectation + violation) achieves marginal
gains over Q4 and fails to exceed Q3, offering
no synergy (∆H3 ≈ 0). Dataset properties fur-
ther modulate these effects: IEMOCAP’s low noise
yields the smallest evaluator variance, whereas
MELD’s multi-speaker noise increases dispersion.
Across all datasets, GPT-4o mini maintains the
highest average accuracy but shares nearly iden-
tical relative trends with the other two evaluators,
underscoring the robustness of the findings. Thus,
H1 is validated, H2 and H3 are not, showing that
expectation information, rather than violation cues,
drives precise emotion understanding.

6.2. Prompt-level analysis
Table 5 and Fig. 5 summarize the average accu-
racies of four prompt types (Q2–Q5) across the
four ERC datasets, averaged over four generators
and three evaluators. The results reveal consistent
patterns supporting the Appraisal-Theory-based
hypotheses H1–H3. Explicit expectation prompts
(Q3) consistently outperform the baseline (Q2) with
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Figure 5: Relative accuracy change (Q3–Q5 vs
Q2).

accuracy gains of +0.1–2.4%, confirming H1 that
expectation cues enhance emotional reasoning. In
contrast, violation-only prompts (Q4) lead to per-
formance drops of 1–3%, indicating that isolated
violation cues induce misattribution and weaken
causal inference (disconfirming H2). When both
cues co-occur (Q5), minor recoveries appear (e.g.,
MELD +1.5%), yet overall performance remains
comparable to Q3 (∆H3 ≈ 0), providing no evi-
dence for synergy.

Dataset-level analysis shows IEMOCAP and
EmoryNLP achieve the highest accuracies (30.8%
/ 28.0%), consistent with their higher label consis-
tency and contextual completeness. By contrast,
DailyDialog’s sparse samples and MELD’s multi-
speaker noise limit model stability, making explicit
expectation cues more crucial. Overall, the results
validate that expectation construction, rather than
violation detection, is the key driver of human-like
emotional understanding in LLMs.

6.3. Emotional Transition Analysis
This section analyzes how explicit expectation
prompts (Q3) influence emotion transition predic-
tion from a dynamic perspective. Emotion tran-
sitions are categorized as stable (no change),
upward (negative/neutral → positive), and down-
ward (positive/neutral → negative), enabling cross-
corpus comparison of emotional flow and polarity
bias. As shown in Fig. 6, on EmoryNLP, GPT-
4o exhibits a clear “stability bias”. Both the true
and predicted transition matrices highlight strong
diagonal patterns dominated by Joyful→Joyful and
Neutral→Neutral transitions, while the predicted
results further amplify these stable routes (e.g.,
Neutral→Neutral rising to 492 and Joyful→Joyful
to 323), indicating the model’s excessive reliance
on emotional inertia and limited sensitivity to shift
signals. Additionally, positive emotions are fre-
quently neutralized in prediction, as reflected by
the substantial increase in Joyful→Neutral transi-
tions (200), which suggests weak prediction of both
upward and downward shifts.
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Figure 6: Q3-based transition heatmaps (colors
are row-normalized proportions, numbers indicate
raw counts). The labels are Sad, Mad, Scared,
Powerful, Peaceful, Joyful, Neutral.

g15Pro g25Pro g3.5 g4o

DailyDialog

EmoryNLP

IEMOCAP

MELD

0.25 0.25 0.36 0.30

0.28 0.30 0.30 0.31

0.36 0.35 0.32 0.31

0.32 0.27 0.31 0.27

Kappa Heatmap (3-class)

0.26

0.28

0.30

0.32

0.34

0.36

Ka
pp

a

Figure 7: 3-class Cohen’s κ heatmap.

Negative emotions also show systematic inter-
nal confusion, where true high-arousal transitions
(e.g., among Sad, Scared and Mad ) are largely
diminished. Although explicit expectation prompt-
ing in Q3 improves the model’s detection of “no-
change” cases, fine-grained emotional dynamics
in narrative contexts remain challenging to capture.
In Fig. 7, all Q3 directional predictions achieve sta-
tistically significant Cohen’s κ (p < 0.001), con-
firming that LLMs infer emotion-shift directions be-
yond chance. κ values range from 0.25 to 0.36
across datasets and generators, indicating small-to-
moderate agreement beyond random polarity shifts.
Agreement is consistently higher on IEMOCAP and
EmoryNLP than on DailyDialog and MELD, sug-
gesting dataset-dependent sensitivity in directional
inference. Together with the transition-group recall
analysis, these results provide evidence support-
ing H4. Detailed statistics for all dataset–generator
combinations are shown in Appendix C.

7. Conclusion

This study introduces an appraisal-theory-based
emotion prediction task that moves ERC beyond
static emotion labels toward interpretable emotion-
transition reasoning. Using a prompt-based frame-
work with expectation inference, violation detection,
and shift prediction, we assess both emotion predic-
tion accuracy and appraisal-like reasoning in LLMs.
Results consistently show that explicit expectation
cues improve performance, while violation-only
cues often hurt it, indicating that expectation con-
struction is a stronger basis for affective reason-
ing. Combining expectation and violation cues
yields no stable synergy, suggesting that more
complex prompts do not always improve reason-
ing. These patterns are consistent across genera-
tors and evaluators, demonstrating the robustness
of the framework. Transition-level analysis further
shows that LLMs capture emotion-shift direction
above chance, but remain biased toward emotional
stability, over-predicting no-change cases and miss-
ing fine-grained shifts, especially in noisy or am-
biguous multi-speaker dialogues. This reveals a
clear gap between higher classification accuracy
and true dynamic emotion understanding.
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ing this illustrative example is provided below.

B1: the food station was as crowded as usual.

I waited for 20 minutes for my sandwich , and

when I finally got it the chicken was underdone

.

A1: I see. You simply can’t blame the server

for this.

B2: yes, I know. Fast food is so popular in

this district.

A2: that’s true.

B3: anyway, how was your lunch, Catherine?

A3: it was good. I brought lunch from home

today.
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lytical purposes.
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Task Theoretical Motivation (Why) Prompting & Operational Design
(How)

Example Output (Same
Dialogue Instance)

Q1 Constructs the speaker’s anticipatory
cognitive frame. In appraisal theory,
emotions arise from how individuals
interpret events relative to their inter-
nal understanding.

Infer what speaker was expecting
based on dialogue context. Provide a
neutral description of the likely expec-
tation.

B expected A to have eaten
lunch at a fast food restaurant,
similar to those in America.

Q2 Cognitive-neutral baseline to mea-
sure spontaneous emotional tenden-
cies without explicit expectation or vi-
olation cues.

Generate the next utterance using
only dialogue context. Identical de-
coding parameters across Q2–Q5.

“That’s a smart move. I
should start doing that too to
avoid the rush and the
disappointment.”

Q3 Tests whether explicit activation of
prior expectation influences emotional
response generation.

Provide the extracted expectation dur-
ing generation. The response must
reflect speaker’s expectation.

“Oh, I see. I was expecting
you might have gone to one of
those fast food places like we
have back in America.”

Q4 Examines whether prompting implicit
evaluation of outcome alignment influ-
ences emotional coherence.

Instruct the model that speaker’s emo-
tion may depend on whether interlocu-
tor’s reply matched or did not match
what speaker hoped for. No explicit
expectation text is provided.

“Oh, that’s nice. Maybe I
should start bringing my own
lunch too. It might save me
some time and hassle.”

Q5 Represents a fully appraisal-informed
condition combining anticipatory fram-
ing and outcome evaluation to guide
emotion prediction.

Provide both the extracted expecta-
tion and evaluative guidance regard-
ing match/mismatch during genera-
tion. Generate an emotionally coher-
ent response.

“Oh, you brought your lunch?
That’s smart! I should start
doing that too, especially after
today’s experience.”

Q6 Provides an independent evaluation
of emotional consistency across cog-
nitively guided conditions. Within
appraisal-informed prediction, emo-
tional outcomes should reflect differ-
ences in cognitive framing.

Separate evaluator labels emotions
from Q2–Q5 outputs. This step is an-
alytical only and does not influence
generation.

Predicted emotions:
Q2: sadness
Q3: surprise
Q4: neutral
Q5: happiness
(Ground truth: surprise)

Table 6: Motivation, prompt and output of Q1–Q6 with illustrative examples on the same dialogue instance.
Identical decoding parameters are maintained across Q2–Q5.

Q2–Q5 then generate Speaker B’s next utterance
(at the B4 step) after observing A3, under different
cognitive guidance conditions. Importantly, during
this generation stage, the model does not have ac-
cess to the ground-truth B4. Finally, Q6 assigns
emotion labels to the generated B4 responses from
Q2–Q5 to assess emotional sensitivity and coher-
ence. This evaluation step is purely analytical and
does not influence generation. Among the emotion
labels assigned by Q6 to the outputs of Q2–Q5 in
the given example, only the label predicted for Q3
is consistent with the ground truth in Table 6.

B. Full Experimental Results

We report complete accuracy results across all
experimental configurations in Table 7. The full
matrix includes eight generative models (GPT-
3.5 Turbo, GPT-4o, Gemini 1.5 Pro, Gemini 2.5
Pro, DeepSeek-LLM-7B-Chat, DeepSeek-V2-Lite-
Chat, Qwen-7B-Chat and Qwen2.5-14B-Instruct),
four independent evaluators (GPT-4o mini, Gemini

2.5 Flash, DeepSeek-V2-Lite-Chat and Qwen2.5-
14B-Instruct), four ERC datasets (DailyDialog,
EmoryNLP, IEMOCAP and MELD), and four prompt
conditions (Q2–Q5). We further provide a struc-
tured statistical analysis of the full matrix to quan-
tify prompt-effect stability, model-level variation,
dataset-conditioned behavior, evaluator robust-
ness, and corpus-level difficulty ordering across
configurations.

Across the complete experimental matrix re-
ported in Table 7 (8 generators × 4 evaluators ×
4 datasets × 4 prompt conditions; 128 total con-
figurations), the observed prompt effects exhibit
systematic structure rather than stochastic fluctua-
tion. Globally, Q3 outperforms Q2 in 98 out of 128
configurations (76.6%), while Q4 underperforms
Q2 in 102 out of 128 configurations (79.7%). In con-
trast, Q5 exceeds Q3 in only 26 out of 128 config-
urations (20.3%). These proportions indicate that
expectation-guided prompting (Q3) yields a robust
improvement over the baseline (Q2), violation-only
prompting (Q4) consistently degrades performance,
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Model Cond. DailyDialog EmoryNLP IEMOCAP MELD

GPT GEM DS QW GPT GEM DS QW GPT GEM DS QW GPT GEM DS QW

DS-7B

Q2 24.68% 24.86% 27.64% 24.12% 28.98% 23.92% 27.07% 25.22% 35.35% 33.55% 27.17% 31.26% 22.78% 22.05% 24.24% 21.12%
Q3 29.87% 25.97% 29.31% 25.79% 29.53% 24.58% 27.11% 26.49% 36.82% 34.70% 26.35% 31.75% 23.09% 24.05% 23.70% 22.11%
Q4 27.27% 24.12% 28.20% 25.60% 28.52% 23.70% 25.48% 25.13% 34.37% 30.28% 26.19% 28.15% 21.41% 21.41% 22.62% 19.70%
Q5 23.75% 24.49% 24.30% 22.45% 28.19% 23.90% 26.72% 24.63% 34.86% 34.53% 28.48% 31.42% 21.28% 21.89% 22.90% 18.90%

DS-V2L

Q2 25.60% 28.39% 28.39% 25.79% 30.14% 24.36% 26.83% 26.41% 35.02% 33.06% 25.70% 30.28% 23.67% 23.09% 24.75% 22.36%
Q3 28.57% 28.76% 31.35% 27.27% 31.58% 26.30% 27.77% 27.90% 35.02% 34.04% 27.50% 28.97% 24.43% 25.03% 25.57% 22.52%
Q4 26.35% 24.12% 26.72% 22.45% 30.32% 25.09% 26.52% 26.89% 32.90% 33.06% 25.53% 28.81% 21.92% 21.19% 23.25% 20.74%
Q5 25.23% 26.35% 28.01% 24.68% 31.11% 26.01% 28.08% 26.85% 34.21% 31.91% 26.02% 28.97% 23.57% 22.84% 24.46% 20.49%

G-1.5P

Q2 30.06% 32.28% 30.43% 28.94% 29.89% 25.64% 27.08% 26.29% 36.99% 31.42% 28.64% 30.77% 23.36% 24.54% 23.88% 22.74%
Q3 27.83% 31.54% 30.80% 26.90% 30.93% 26.99% 28.25% 26.97% 37.48% 32.24% 28.15% 32.90% 28.06% 29.04% 27.37% 25.93%
Q4 24.68% 26.35% 26.35% 24.68% 28.16% 23.81% 26.83% 24.98% 36.33% 31.42% 25.37% 30.77% 22.26% 23.23% 24.42% 21.23%
Q5 27.46% 28.76% 31.35% 27.64% 30.12% 26.90% 28.14% 25.95% 37.48% 31.59% 26.51% 34.37% 27.47% 27.83% 27.19% 24.93%

G-2.5P

Q2 30.06% 31.17% 28.94% 28.57% 29.18% 25.04% 26.83% 25.53% 36.66% 34.21% 25.53% 31.91% 25.06% 26.56% 24.90% 23.00%
Q3 28.76% 30.80% 27.27% 28.39% 30.67% 25.31% 28.48% 26.21% 35.68% 35.52% 26.35% 33.06% 25.13% 27.70% 25.86% 23.86%
Q4 28.57% 28.76% 27.09% 26.72% 29.57% 24.98% 26.78% 25.24% 35.35% 33.06% 26.84% 30.28% 23.51% 24.46% 24.75% 22.17%
Q5 29.50% 30.98% 27.46% 26.90% 31.24% 25.55% 27.95% 26.54% 36.33% 34.04% 27.00% 34.04% 26.65% 27.35% 26.43% 24.05%

GPT-3.5

Q2 27.09% 30.61% 29.50% 28.01% 29.71% 25.50% 27.20% 26.61% 35.68% 35.19% 26.51% 32.41% 23.67% 23.98% 24.27% 21.89%
Q3 33.02% 31.17% 28.39% 29.68% 31.42% 25.57% 28.94% 27.71% 35.52% 32.73% 26.84% 31.10% 27.29% 27.86% 26.59% 25.92%
Q4 25.97% 25.97% 24.30% 23.38% 27.73% 23.46% 26.10% 24.82% 35.19% 29.95% 27.00% 27.50% 21.41% 22.14% 22.52% 19.63%
Q5 25.42% 25.23% 26.35% 23.56% 27.95% 23.70% 26.32% 24.38% 34.70% 33.22% 26.19% 30.28% 24.43% 25.32% 24.36% 21.60%

GPT-4o

Q2 31.54% 31.54% 30.43% 28.76% 31.03% 25.97% 27.29% 27.90% 35.02% 32.08% 24.71% 29.30% 24.30% 24.40% 24.68% 22.49%
Q3 31.54% 32.28% 31.54% 28.94% 31.97% 27.16% 28.21% 28.47% 35.35% 33.88% 27.00% 29.46% 26.62% 27.41% 26.24% 23.89%
Q4 27.83% 27.46% 27.09% 27.09% 29.82% 25.46% 26.76% 26.69% 31.59% 31.10% 25.04% 24.22% 23.51% 23.28% 24.40% 21.86%
Q5 32.47% 30.98% 30.98% 30.24% 31.13% 26.10% 28.48% 27.71% 33.22% 30.28% 24.71% 25.70% 26.37% 26.68% 25.83% 23.51%

QW-7B

Q2 24.68% 25.97% 27.83% 21.71% 28.80% 25.29% 26.58% 24.56% 35.35% 34.70% 27.99% 32.90% 21.32% 21.70% 24.02% 19.98%
Q3 23.38% 25.23% 27.83% 23.56% 30.32% 24.65% 27.55% 26.17% 35.52% 35.68% 26.19% 32.24% 22.74% 23.82% 25.10% 21.57%
Q4 21.71% 22.26% 28.20% 23.01% 28.47% 23.79% 26.63% 25.24% 35.52% 35.68% 26.35% 31.59% 21.06% 20.71% 24.59% 19.25%
Q5 21.89% 24.30% 25.42% 23.75% 29.13% 24.43% 26.98% 25.97% 34.70% 34.53% 26.19% 32.08% 22.90% 23.79% 23.79% 20.97%

QW-14B

Q2 28.20% 29.87% 30.43% 29.31% 28.63% 24.65% 26.23% 25.26% 36.17% 34.37% 26.51% 30.93% 21.89% 22.62% 23.89% 21.16%
Q3 28.94% 29.13% 29.87% 29.31% 30.32% 25.48% 28.41% 25.70% 35.19% 32.90% 27.00% 30.77% 26.02% 26.94% 25.13% 23.35%
Q4 26.16% 24.86% 25.79% 23.56% 27.29% 22.91% 26.39% 23.29% 36.82% 33.39% 27.50% 31.10% 20.78% 20.74% 21.98% 18.46%
Q5 26.35% 26.16% 28.20% 25.05% 27.95% 23.84% 28.14% 24.27% 35.19% 34.04% 27.50% 33.22% 22.11% 25.16% 23.35% 19.38%

Table 7: Full results (%) across datasets and prompting conditions (Q2–Q5). Cond. denotes prompting
condition (Q2–Q5). Formatting: Bold indicates the best score among Q2–Q5 within each generator for
the same column. Bold-underlined indicates the overall best score in that column across all generators.
Evaluator abbreviations: GPT = GPT-4o mini; GEM = Gemini 2.5 Flash; DS = DeepSeek-V2-Lite-Chat;
QW = Qwen2.5-14B-Instruct. Generator abbreviations: DS-7B = DeepSeek-LLM-7B-Chat; DS-V2L =
DeepSeek-V2-Lite-Chat; G-1.5P = Gemini 1.5 Pro; G-2.5P = Gemini 2.5 Pro; GPT-3.5 = GPT-3.5 Turbo;
GPT-4o = GPT-4o; QW-7B = Qwen-7B-Chat; QW-14B = Qwen2.5-14B-Instruct.

and the hypothesized synergistic effect of combin-
ing expectation and violation (Q5) is not generally
supported.

Dataset-conditioned analysis reveals marked
differences in stability. The improvement Q3
> Q2 holds in 31/32 configurations (96.9%) on
both EmoryNLP and MELD, but drops to 17/32
(53.1%) on DailyDialog and 19/32 (59.3%) on
IEMOCAP. Similarly, Q4 < Q2 remains highly con-
sistent across datasets, with the strongest stability
on MELD (30/32, 93.8%). These results suggest
that the effectiveness of expectation-guided prompt-
ing is corpus-sensitive, with stronger regularity in
datasets exhibiting clearer affective trajectories un-
der the applied filtering criteria.

Generator-level aggregation further clarifies
model dependence. Q3 > Q2 holds in 15/16 con-
figurations (93.8%) for GPT-4o, 14/16 (87.5%) for
both DeepSeek-V2-Lite-Chat and DeepSeek-LLM-
7B-Chat, but decreases to 10/16 (62.5%) for Qwen-
7B-Chat and Qwen2.5-14B-Instruct. Global mean
accuracy averaged over all settings shows a narrow

performance band among top-tier models (Gemini
2.5 Pro: 0.2832; Gemini 1.5 Pro: 0.2826; GPT-
4o: 0.2811), followed by GPT-3.5 Turbo (0.2731)
and smaller open models ( 0.264–0.271). How-
ever, dataset-specific rankings vary: GPT-4o leads
on DailyDialog and EmoryNLP, Qwen-7B-Chat
marginally leads on IEMOCAP, and Gemini 1.5 Pro
leads on MELD. These variations indicate that scal-
ing advantages are not uniformly realized across
corpora.

Evaluator-level comparisons demonstrate strong
ranking stability despite calibration differences. Av-
eraged over generators and datasets, all evalua-
tors yield the identical prompt ordering Q3 > Q2
> Q5 > Q4. Absolute accuracy levels vary, with
GPT-4o mini producing the highest overall mean
(0.2903), followed by Gemini 2.5 Flash (0.2759),
DeepSeek-V2-Lite-Chat (0.2668), and Qwen2.5-
14B-Instruct (0.2618). Mean prompt deltas are
directionally consistent across evaluators (mean
Q3–Q2 ≈ +0.00963; mean Q4–Q2 ≈ -0.01441;
mean Q5–Q3 ≈ -0.01208), indicating that evaluator
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Model N κ CI95_low CI95_high

DailyDialog
Gemini 1.5 Pro 199 0.2542 0.1519 0.3558
Gemini 2.5 Pro 199 0.2544 0.1539 0.3513
GPT-3.5 Turbo 199 0.3555 0.2556 0.4578
GPT-4o 199 0.2989 0.1955 0.4005

EmoryNLP
Gemini 1.5 Pro 3140 0.2831 0.2561 0.3099
Gemini 2.5 Pro 3042 0.2962 0.2690 0.3230
GPT-3.5 Turbo 3045 0.3024 0.2738 0.3293
GPT-4o 3043 0.3094 0.2808 0.3377

IEMOCAP
Gemini 1.5 Pro 102 0.3646 0.2114 0.5158
Gemini 2.5 Pro 100 0.3476 0.1949 0.4946
GPT-3.5 Turbo 102 0.3237 0.1577 0.4730
GPT-4o 102 0.3075 0.1364 0.4676

MELD
Gemini 1.5 Pro 2008 0.3172 0.2841 0.3484
Gemini 2.5 Pro 1433 0.2749 0.2332 0.3136
GPT-3.5 Turbo 1441 0.3093 0.2674 0.3500
GPT-4o 1441 0.2701 0.2307 0.3101

Table 8: Agreement (Cohen’s κ) with 95% confi-
dence intervals across datasets and models. Per-
mutation test yields pperm = 0.00019996 for all con-
figurations.

choice affects absolute calibration but not relative
prompt effects.

Dataset difficulty ordering is highly stable. IEMO-
CAP ranks first (highest accuracy) in 96/128 con-
figurations, while MELD ranks last in 112/128 con-
figurations. EmoryNLP and DailyDialog frequently
alternate between second and third positions. This
pattern suggests consistent relative difficulty ex-
tremes with intermediate variability.

C. Statistical Robustness and Bias
Analysis of Directional Agreement

Table 8 reports full Cohen’s κ statistics for all 16
dataset–generator combinations under Q3 prompt-
ing using the GPT-4o mini emotion evaluator. Di-
rectional agreement was computed over three tran-
sition classes (Up, Stable, Down), with N denoting
the number of aligned ground-truth and predicted
transition pairs used for evaluation.

All configurations yield statistically significant
agreement beyond chance (permutation test,
pperm < 0.001), and the 95% confidence intervals
do not cross zero. κ values range from 0.25 to
0.36, indicating fair-to-moderate agreement across
datasets and models. Together, these results

Model Down R Stable R Up R IB PB NB

DailyDialog
G-1.5P 10.3 1.4 6 -12.6 -6 -2.5
G-2.5P 1.7 2.7 3 -8.5 -8.5 -2
GPT-3.5 1.7 2.7 1.5 -9 -8 -4.5
GPT-4o 3.4 1.4 1.5 -9.5 -6 -2

EmoryNLP
G-1.5P 6.2 13.6 6.9 -0.9 -0.4 0.9
G-2.5P 7.7 12.4 7.3 -1.6 0 1.4
GPT-3.5 7.6 19.2 8.5 1 -0.5 -0.6
GPT-4o 7.7 22.4 7.5 3.7 -2 -1.8

IEMOCAP
G-1.5P 5.6 59.3 0 27.5 -17.6 -15.7
G-2.5P 0 61 0 25.5 -12.7 -16.7
GPT-3.5 0 59.3 4 31.4 -18.6 -13.7
GPT-4o 0 54.2 0 22.5 -14.7 -9.8

MELD
G-1.5P 6.9 3.2 6.3 12 -7.1 -5.4
G-2.5P 6.3 8.1 4.7 3 -1 -2.5
GPT-3.5 5 1.6 6.1 5.6 -2 -3.5
GPT-4o 3.7 1.6 2.8 6 -3 -3.1

Table 9: Recall for downward (Down R), stable
(Stable R), and upward (Up R) transitions, with
imbalance (IB), positive bias (PB), and negative
bias (NB). Model abbreviations: G-1.5P = Gemini
1.5 Pro; G2.5P = Gemini 2.5 Pro; GPT-3.5 = GPT-
3.5 Turbo; GPT-4o = GPT-4o.

confirm that directional consistency cannot be ex-
plained by random polarity shifts but reflects struc-
tured affective inference.

To examine whether directional agreement is
driven by structural transition bias, Table 9 reports
transition-group recall and bias indicators, includ-
ing Inertia Bias (IB), Positivity Bias (PB), and Neg-
ativity Bias (NB). Positive bias values indicate over-
prediction relative to the empirical class distribution,
whereas negative values indicate under-prediction.

Models exhibit measurable stability preference
on certain datasets, particularly IEMOCAP (IB >
20%), indicating partial reliance on emotional in-
ertia. However, bias patterns vary across corpora:
IB is near zero or negative on EmoryNLP and Dai-
lyDialog, where non-trivial upward and downward
recall remains observable. These results suggest
that directional agreement cannot be reduced to
simple stability dominance but reflects structured,
dataset-dependent affective inference.
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