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Abstract

Emotion recognition in text is an increasingly important natural language
processing task, yet the extent to which transformer-based models perform reliably
on fine-grained, multi-label emotion classification remains poorly understood. This
paper critically evaluates the effectiveness and failure modes of large language
models applied to emotion detection, focusing specifically on how emotional
granularity degrades classification performance and what structural error patterns
emerge. Two benchmark datasets were used: the Emotion dataset (™ 20,000
Twitter posts across six coarse-grained categories) and GoEmotions (~ 58,000
Reddit comments across 28 fine-grained emotion categories). TF-IDF baselines
with Logistic Regression and SVM were established first, followed by fine-tuning
of DistilBERT on the Emotion dataset and DistiiBERT, BERT-base, and
RoBERTa with Low-Rank Adaptation (LoRA) on GoEmotions. On the coarse-
grained task, DistilBERT reached 92.25% accuracy and macro-F1 of 0.87, well
above the Logistic Regression baseline of 86.45% accuracy and macro-F1 of 0.80.

ngiﬁgggiﬁ;iszhor: * On GoEmotions, ROBERTa+LoRA achieved micro-F1 0.61, macro-F1 0.55,
. and Hamming loss 0.0338 outperforming all baselines and DistilBERT by 8.9
Mahrukh Rafique . . ,
macro-F1 points, yet substantially lower than coarse-grained performance,
confirming that increased emotional granularity introduces structural difficulties
that architecture alone cannot resolve. Structured error analysis identified four
failure types: rare-class underperformance, universal semantic confusion across all
28 categories, over-prediction of dominant classes, and systematic under-detection
of nuanced emotions. These findings argue for a diagnostic, failure-oriented
evaluation framework as a professional and ethical requirement for emotion
recognition research.
L. INTRODUCTION media, customer service platforms, healthcare
Emotion recognition in text has become an systems, and automated  decision-making
important area within natural language processing pipelines, detecting emotion from written
(NLP) and affective computing. As digital language has grown in practical importance.
communication increasingly occurs through social Applications include mental health monitoring,
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customer experience analysis, social media
analytics, human-computer interaction, and
automated content moderation. Despite progress,
the task remains fundamentally challenging
because textual emotion is often implicit, context-
dependent, culturally influenced, and shaped by
ambiguity, sarcasm, and overlapping emotional
states [1].

In sensitive applications, misclassifying distress as
neutral or interpreting ironic disapproval as
approval can  carry  serious
consequences. A system that performs well on
aggregate metrics may still fail on the rare or
nuanced emotions most critical to deployment
contexts. This makes evaluation through headline
metrics accuracy or micro-F1 insufficient as a basis
for clinical or production decisions. The growing
deployment of emotion recognition in high-stakes
contexts therefore demands that researchers

real-world

understand not only how well these models
perform on average, but where, why, and how
reliably they fail.

Traditional sentiment analysis classifies text
broadly as positive, negative, or neutral. Fine-
grained emotion recognition goes further,
requiring identification of more specific and often
overlapping emotional states. In multi-label
settings, a single text may express several emotions
simultaneously, adding further complexity.
Although transformer architectures BERT [2-6],
RoBERTa [7], DistilBERT [8-10] have
substantially advanced NLP classification, their
reliability specifically in fine-grained multi-label
emotion recognition remains underexplored
relative to the attention given to improving
aggregate benchmark scores.

A. Research Objectives

This study investigates the limits of large language
models in fine-grained emotion detection through
a comparative and error-analytical framework. The
core objectives are:

. Develop TF-IDF classical baseline models
for both datasets as efficient reference systems.
. Systematically compare performance

across coarse-grained (6-class) and fine-grained (28-
class) classification.

Volume 4, Issue 6, 2026
. Examine the impact of class imbalance on
macro-F1 scores for rare emotion categories.
. Fine-tune transformer models

(DistilBERT, BERT, RoBERTa+LoRA) and
evaluate against classical baselines.

. Conduct structured error analysis using
confusion matrices, per-class FP/FN breakdowns,
and semantic confusion mapping.

. Develop a four-type taxonomy of model
failure modes and apply it across all 28
GoEmotions categories.

B. Research Questions

Three research questions guide the study: (1) Do
LLMs perform significantly better than classical
machine learning models in emotion detection?
(2) Does performance degrade systematically as
emotion categories become more fine-grained and
multi-label? (3) What systematic failure patterns
characterize fine-grained
emotion classification, and what do these imply
for real-world deployment?

transformer-based

C. Novelty and Contribution

Although prior work has compared transformer
models to classical baselines on emotion datasets,
the present study distinguishes itself by placing
structured failure analysis at its center rather than
treating error examination as supplementary. A
four-type error taxonomy is introduced rare-class
underperformance, semantic confusion, over-
prediction, and under-detection and applied
systematically across all 28 GoEmotions
categories. The finding that semantic confusion is
universal across all categories, not just rare ones, is
a novel quantitative observation. The study
further demonstrates that RoBERTa+LoRA
outperforms full fine-tuning of DistilBERT by 8.9
macro-F1 points while training only a small
fraction of the model's total parameters, providing
evidence that backbone architecture quality
matters more than parameter count in this setting.

I1. Related Work
A. Early Approaches: Lexicon-Based and
Classical Methods
The earliest methods for text-based emotion
recognition relied on manually constructed
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affective lexicons, such as the NRC Emotion
Lexicon [11] and the LIWC framework [12]. These
approaches assign emotional valence to individual
words and aggregate scores across a document.
Their strengths are computational efficiency,
interpretability, and the absence of a requirement
for labeled training data. However, they are
fundamentally context-insensitive: the word
'killing' carries opposite valence in 'he was killing
it on stage' versus 'he was killing the mood,' yet a
lexicon-based system assigns identical scores in
both cases. Such methods systematically fail on
negation, irony, and the implicit emotional
expressions common in natural language.
Supervised machine learning represented a
significant advance, introducing data-driven
feature engineering with TF-IDF representations
and classifiers such as Logistic Regression and
SVMs. Researchers [13,12] demonstrated through
the CARER system that classical supervised
methods trained on large Twitter corpora could
classify text into six basic emotion categories
competitively, while also confirming that
contextual nuance and sarcasm remained
fundamental limitations. These insights motivated
the use of classical baselines in the present study
not to validate classical methods, but to establish a
meaningful baseline against which the added value
of contextual transformer representations can be
precisely measured.

B. Deep  Learning and  Contextual
Representations

Deep learning approaches first RNNs, then
LSTMs, and subsequently attention-based
architectures  directly targeted the context-
sensitivity limitations of lexicon-based and
classical methods. RNN-based architectures
process sequential input and can theoretically
capture longrange dependencies within a
sentence. Researchers [14] demonstrated that
bidirectional LSTMs with attention mechanisms
substantially outperformed classical baselines on
fine-grained affect regression at SemEval-2018,
establishing the value of contextual sequential
modeling for emotion tasks. However, RNNs and
LSTMs suffer from training instability, vanishing
gradients, and difficulty parallelizing during

training. = The  Transformer  architecture
introduced by researchers. [15] replaced
recurrence entirely with self-attention, enabling
efficient parallelization and the modeling of
arbitrary-distance dependencies within a sequence

simultaneously.

C. Transformer-Based  Models:  BERT,
RoBERT3, and DistilBERT

BERT [16] represented a paradigm shift by pre-
training a bidirectional encoder on masked
language modeling and next-sentence prediction
across large corpora, producing rich contextual
embeddings that could be fine-tuned efficiently on
downstream tasks. ROBERTa [17] improved upon
BERT by training on larger mini-batches and more
data, removing the nextsentence-prediction
objective, and demonstrating  substantially
improved benchmark performance across a wide
range of NLP tasks. DistilBERT [18] provided a
distilled version retaining approximately 97% of
BERT's performance while being 40% smaller and
60% faster through knowledge distillation making
it an attractive option for resource-constrained
deployment and as a lightweight fine-tuning
baseline in comparative studies such as the present
one.

Parameter-efficient fine-tuning, particularly LoRA
[19], extended the reach of large pre-trained
models by injecting trainable low-rank
decomposition matrices into attention layers while
keeping the pretrained weights frozen. This
reduces the trainable parameter count to under
1% of the full model while achieving performance
comparable to full fine-tuning. The present study
applies LoRA to RoBERTa on GoEmotions to test
whether parameter-efficient adaptation of a
stronger backbone outperforms full fine-tuning of
a weaker one a question with direct implications
for resource-constrained research and
deployment.

D. GoEmotions and Fine-Grained Emotion
Recognition

The GoEmotions dataset [20-22], introduced by
researchers, marked a pivotal shift in emotion
recognition research by providing 27 fine-grained
emotion categories plus neutral, annotated across
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approximately 58,000 Reddit comments with
multi-label annotations. Prior datasets had relied
on coarse categorical schemes; GoEmotions
exposed the substantial performance degradation
that accompanies granularity. Demszky et al.
reported baseline BERT macro-F1 scores in the
range of 0.46-0.54, markedly lower than coarse-
grained results, and identified semantic label
overlap and class imbalance as primary drivers.
The present study uses GoEmotions as its fine-
grained benchmark and extends its analysis with
systematic quantitative characterization of failure
modes.

E.  Multi-Label Classification and  Class
Imbalance

Multi-label classification introduces complexity
beyond single-label tasks, requiring independent
binary predictions for each class and demanding
careful choice of decision threshold and
evaluation metric [24]. Micro-F1 is dominated by
frequent classes and can be misleadingly high
when rare classes perform poorly; Macro-Fl
assigns equal weight to all classes and is therefore
the primary metric in this study. Researchers (25]
reported gaps of over 20 points between micro-
and macro-F1 on GoEmotions, reflecting the
severity of class imbalance with a maximum
imbalance ratio near 185:1 between the most and
least frequent categories. Researchers [26]
surveyed class imbalance mitigation strategies
including class-weighted loss, data augmentation,
threshold adjustment, and cost-sensitive learning;
this study employs a positive class weight of 2.0 to
partially address imbalance without eliminating its
diagnostic value as a variable.

F. Gaps in Existing Research

Despite extensive work on improving aggregate
benchmark scores in emotion recognition, two
important gaps remain. First, the overwhelming
focus on maximizing performance metrics means
that structured diagnostic analysis of failure modes
particularly ~ for  fine-grained  settings is
underrepresented in the literature. Second, most
studies compare a single classical baseline against
a single transformer model; the graduated baseline

development strategy used in this study provides a
richer picture of where classical methods reach
their performance ceiling and where transformer
fine-tuning delivers genuine added value. Bostan
and Klinger [27-29] highlighted annotation
overlap between emotion categories as an uppet-
bound constraint on performance, a finding this
study quantitatively extends through co-
occurrence analysis of confusion pairs across all 28
GoEmotions categories.

1I1. Methodology

A. Research Design

This study adopts a diagnostic, comparative
research design rather than one optimized purely
for benchmark scores. The experimental pipeline
has three stages: (1) establishing classical TF-IDF
baselines with Logistic Regression and SVM; (2)
fine-tuning and evaluating transformer models
DistilBERT on the Emotion dataset, and
DistilBERT, BERT-base, and RoBERTa with
LoRA on GoEmotions; and (3) conducting
systematic error analysis to identify failure
patterns, rareclass behavior, and semantic
confusion between emotionally proximate
categories. This design directly addresses all three
research questions by enabling both quantitative
comparison of model types and qualitative
characterization of failure modes.

B. Datasets

Two public benchmark datasets were selected to
enable comparison between coarse-grained single-
label and fine-grained multi-label emotion
classification. The Emotion dataset [30] contains
approximately 20,000 English-language Twitter
posts, each labeled with one of six basic emotions
anger, fear, joy, love, sadness, and surprise framing
the task as single-label multi-class classification
with a maximum imbalance ratio of roughly 9:1.
GoEmotions [31] contains approximately 58,000
Reddit comments annotated with 27 fine-grained
emotion categories plus neutral, permitting
multiple labels per instance and a maximum
imbalance ratio near 185:1. Both datasets are
publicly available on Hugging Face with
predefined train/validation/test splits.
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Table I: Dataset Characteristics Comparison

Characteristic Emotion Dataset
Source Twitter posts
Year introduced 2018

Instances 720,000
Emotion categories 6

Label structure Single-label

Avg. text length Short (tweet)

Max imbalance ratio 79:1

Annotation method

C. Data Preprocessing

For the Emotion dataset, all text was lowercased
and excess whitespace removed. Standard stop
words and emotive punctuation (e.g., exclamation
marks) were retained, as these carry sentiment-
relevant signal. TEIDF Vectorizer with a
maximum of 10,000 features generated inputs for
classical models. For DistilBERT, the distilbert-
base-uncased  tokenizer was applied = with
truncation and  dynamic  padding  via
DataCollatorWithPadding.

For GoEmotions, label sets were converted to 28-
dimensional multi-hot binary vectors to support
multi-label training. Transformer inputs were
tokenized to a maximum sequence length of 128
tokens with dynamic padding, and label tensors
were cast to float32 for compatibility with the
BCEWithLogitsLoss objective. The original
predefined train, validation, and test splits were
preserved for both datasets to ensure
comparability with prior work and prevent data
leakage.

D. Baseline Models
Two classical baselines were trained per dataset.
The first applied TEIDF vectorization with

Logistic Regression (maximum 1,000 iterations).
The second used TFIDF with a linear-kernel

Distant supervision

GoEmotions Dataset
Reddit comments
2020

758,000

27 + Neutral (28)
Multi-label

Moderate (comment)
~185:1

Crowd-sourced

Support Vector Machine. Both classifiers were
used in standard multi-class form for the Emotion
dataset. For GoEmotions, a one-vs-rest strategy was
applied, training a binary classifier for each of the
28 emotion classes. Multiple SVM configurations
were tested including calibrated SVMs with per-
class threshold optimization and character-level
TEIDF fusion to provide a thorough picture of
classical method performance rather than relying
on a single default configuration.

E. Transformer Models and  Training
Configuration

DistilBERT was finetuned for six-class
classification on the Emotion dataset for three
epochs using cross-entropy loss. On GoEmotions,
three transformer configurations were evaluated:
DistilBERT (lightweight baseline), BERT-base
(intermediate baseline), and RoOBERTa with LoRA
(parameter-efficient fine-tuning). RoBERTa was
adapted using LoRA at rank 8 and alpha 16,
leaving pre-trained weights frozen and updating
only the lowrank adaptation matrices. All
GoEmotions models used BCEWithLogitsLoss
with a positive class weight of 2.0 to partially
address class imbalance, and a fixed decision
threshold of 0.5. All training was conducted on
Google Colab using a T4 GPU.
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Table II: DistiIBERT Training Configuration Emotion Dataset
Value / Setting

Hyperparameter
Model checkpoint
Number of labels

Loss function
Learning rate

Batch size (train / eval)
Weight decay

Epochs

Optimizer

Tokenizer padding

distilbert-base-uncased

6 (single-label)
Cross-Entropy (softmax)
2e-5

16
0.0
3

Ad

/ 16
1

amW

Dynamic (DataCollatorWithPadding)

Table III: Transformer Training Configurations GoEmotions

Parameter DistilBERT
Checkpoint distilbert-base-uncased
Labels 28 (multi-label)

Loss function BCEWithLogitsLoss
Learning rate 2e-5

Batch size 16

Epochs 20

LoRA rank N/A

LoRA alpha N/A

Pos. class weight 2.0

Decision threshold 0.5

F. Evaluation Metrics

For the Emotion dataset, standard accuracy,
precision, recall, and weighted F1 were used
alongside macro-F1. For GoEmotions, four
metrics were employed:

. Micro-F1: aggregates TP, FP, FN across all
classes; dominated by frequent categories.

. Macro-F1: computes F1 per class and
averages without frequency weighting the primary
metric in this study as it treats all classes equally
regardless of support.

. Weighted-F1: per-class F1 averaged by
class frequency.

BERT-base RoBERTa + LoRA
bert-base-uncased roberta-base
28 (multi-label) 28 (multilabel)
BCEWithLogitsLoss BCEWithLogitsLoss
2e-5 le-4
16 16
3 5
N/A 8
N/A 16
2.0 2.0
0.5 0.5
. Hamming Loss: fraction of individual

label predictions that are incorrect; lower is better.

G. Error Analysis Methodology

Structured error analysis was conducted at three
levels. First, for the Emotion dataset, a confusion
matrix identified all misclassification pairs, and
class-specific error rates and top confusion pairs
ranked by frequency. Second, for
GoEmotions, per-class binary confusion matrices
were computed using scikit-learn's
multilabel_confusion_matrix, vyielding false-
positive and false-negative rates for each of the 28
categories. False-negative rate (miss rate) was of

were
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particular interest, as it quantifies failure to detect
emotions that are genuinely present. Third, a co-
occurrence analysis on confusion pairs was
performed across all test instances: for each
instance, the set of true emotions missed (false
negatives) was paired with the set of incorrectly

H. Tools and Technologies
Table IV: Tools and Technologies Used

predicted emotions (false positives) to identify
systematic semantic confusion patterns. This was
supplemented by manual review of misclassified
examples to contextualize quantitative findings

(32].

Tool / Library Version Role in Project

Python 3.12 Core programming language

PyTorch Colab default | Tensor operations, GPU training, BCEWithLogitsLoss
Hugging Face Transformers | Latest stable DistilBERT, BERT, RoBERTa models and Trainer API
Hugging Face PEFT Latest stable LoRA configuration and adapter injection for RoBERTa
Hugging Face Datasets Latest stable Emotion and GoEmotions dataset loading

scikitlearn Latest stable TE-IDEF, Logistic Regression, LinearSVC, metrics

pandas / numpy Latest stable Data manipulation and array operations

matplotlib / seaborn Latest stable Confusion matrices and performance visualizations
Google Colab T4 GPU Cloud GPU compute environment

IV. Results and Analysis

A. Emotion Dataset Baseline Performance

On the Emotion dataset test set, TE-IDF with
Logistic Regression achieved 86.45% accuracy and
weighted F1 of 0.859. These are competitive

results that confirm the effectiveness of classical
approaches for relatively straightforward coarse-
grained = emotion classification, providing a
meaningful reference point for measuring
transformer model improvement.

Table V: Baseline Performance Emotion Dataset (Logistic Regression)

Metric

Accuracy

Precision (Weighted)
Recall (Weighted)
F1-Score (Weighted)
Macro-F1

Score
0.8645
0.8648
0.8645
0.8594
0.80
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Table VI: Per-Class Performance Logistic Regression on Emotion Dataset

Emotion Precision Recall F1-Score Support

Sadness 0.89 0.93 091 581

Joy 0.84 0.96 0.89 695

Love 0.82 0.58 0.68 159

Anger 0.90 0.81 0.85 275

Fear 0.88 0.79 0.83 224

Surprise 0.84 0.48 0.62 66
The most frequent classes in the test set sadness love suffers from semantic proximity to joy,
and joy are also the best performing, while the contributing to its comparatively low recall of
worst-performing classes are surprise and love. 0.58.

Surprise has very low support (66 instances), while

Confusion Matrix — Logistic Regression

w
wn
(V]
_g 540 24 1 12 - 0 600
&
- 8 664 17 2 2 2 500
5 8- 9 55 93 2 0 0 400
o
L o
©
-
7]
25 - 300
F o- 24 21 1 223 6 0
]
- 200
b
8 3 21 13 1 8 177 4
Q@
@ - 100
B
é‘_ - 6 15 0 0 13 32
@
| . 1 1 | ) 1 . < 0
sadness joy love anger fear surprise

Predicted Label

Fig. 1. Confusion Matrix Logistic Regression on Emotion Dataset.

B. Emotion Dataset DistilBERT Performance improvement over Logistic Regression. This
Fine-tuning DistilBERT on the Emotion dataset affirmatively answers the first research question:
produced a substantial improvement across all transformer models meaningfully outperform
metrics, achieving 92.25% accuracy, weighted F1 classical baselines on coarse-grained emotion
of 0.9215, and macro-F1 of 0.87 a 6.2-point classification.

weighted F1 improvement and 7-point macro F1
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Table VII: Comparative Summary Emotion Dataset

Metric Logistic Regression DistilBERT Improvement
Accuracy 0.8645 0.9225 +0.0580
Precision (Weighted) 0.8648 0.9212 +0.0564
Recall (Weighted) 0.8645 0.9225 +0.0580
F1-Score (Weighted) 0.8594 0.9215 +0.0621
Macro-F1 0.80 0.87 +0.07

Model Performance Comparison
1.00

Model
B Logistic Regression
B DistilBERT
0.95 1

0.90

Score

0.85

0.80

0.75 -
Recall

Precision

Accuracy F1-Score

Metric

Fig. 2. Model Performance Comparison Logistic Regression vs. DistilBERT on Emotion Dataset.

instances), consistent with semantic proximity
between these categories. Anger/sadness and
fear/surprise were the next most common
confusion pairs, also reflecting genuine semantic
overlap.

C. Emotion Dataset Error Analysis

DistilBERT misclassified 155 out of 2,000 test
examples (7.75% error rate). The single most
common confusion pair was love predicted as joy
(29 instances) and joy predicted as love (23

Table VIII: Top Confusion Pairs DistilBERT on Emotion Dataset

True Label Predicted Label Count
Love Joy 29

Joy Love 23
Anger Sadness 15
Surprise Fear 14
Fear Surprise 10
Anger Fear 9
Sadness Anger 8
Surprise Joy 8
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Normalised Confusion Matrix — DistilBERT

sadness

True Label
love joy

anger

fear

- 0.03 0.12 0.00

surprise

| I I
sadness joy love

1
anger fear
Predicted Label

0.8

0.6

- 0.4

-0.2

- 0.0

surprise

Fig. 3. Confusion Matrix — DistiIBERT on Emotion Dataset.

D. GoEmotions Classical Baseline Results

The GoEmotions baselines reveal a stark picture.
Even under best case classical configurations,
performance on the 28 class multi label task is
substantially lower than on the Emotion dataset,

Table IX: GoEmotions Classical Baseline Results
Model

LR — Unigrams (20k, default)

LR — Bigrams, balanced (50k)

SVM Calibrated — Per-class threshold
SVM — Word + Char TF-IDF (80k)

E. GoEmotions Transformer Fine-Tuning
Results

Initial transformer fine tuning improved on
classical baselines: DistilBERT achieved micro-F1

0.54 and macro-F1 0.46, and BERT-base reached

reflecting the combined effects of fine-grained
labels, extreme class imbalance (up to 185:1), and
multi-label complexity. Multiple SVM
configurations were tested to avoid a misleadingly
pessimistic classical baseline.

Micro-F1 Macro-F1
0.420 0.238
0.494 0.433
0.518 0.425
0.513 0.348

micro-F1 0.52 and macro-F1 0.46. RoBERTa with
LoRA was the clear best performer across all
metrics, with an 8.9 point macro-F1 advantage
over DistilBERT despite training only a fraction of
the model's total parameters.
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Table X: RoBERTa + LoRA Evaluation Metrics GoEmotions

Metric Score

Micro-F1 0.6133

Macro-F1 (Primary Metric) 0.5493

Weighted-F1 0.6101

Hamming Loss 0.0338

Exact-Match Accuracy 0.4479

Table XI: Top-5 and Bottom-5 Per-Class Performance RoBERTa + LoRA

Emotion Precision Recall F1 Support
Gratitude 0.903 0.920 0.911 352
Amusement 0.751 0.913 0.824 264
Love 0.750 0.870 0.805 238
Fear 0.667 0.795 0.725 78
Admiration 0.617 0.823 0.705 504
Caring 0.414 0.444 0.429 135
Grief 0.500 0.333 0.400 6
Annoyance 0.378 0.422 0.399 320
Disappointment 0.382 0.331 0.355 151
Realization 0.397 0.214 0.278 145
Per-Class F1-Score F1-Score vs Support
(Red=<0.40, Yellow=0.40-0.70, Blue=>0.70) (Low support - typically lower F1)
gratitudet : ‘ 0.9 ogmme
amusen;f::e
_ear aﬂ;ﬁuser\znl
gl ¢
neutral
rimijs% M admiration
ospadnevss i 07 o g e
surprise
curiosity
desire v
anger | 506
embarrassment 3 0
disgust r
pride
-
confusion
relief
disapproval
excitement ! 04
o ! pr—
annoyance E
realization 1 S ¢ iaalion
i ‘ F1=0.70 threshold
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Fig. 4. Per-class F1-Score and F1 vs. Support across 28 GoEmotions categories RoOBERTa+LoRA.
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F. Rare vs. Frequent Class Performance Gap

Rare categories (bottom 30% by support, average
46 examples) scored an average F1 of 0.521, versus
0.643 for frequent categories (top 30%, average
485 examples) a 12.2-point gap. Crucially, several

Table XII: Rare vs. Frequent Class Performance Gap

Group Avg Support Avg F1
Rare classes (bottom | 46 0.521
30%)

Frequent classes (top 485 0.643
30%)

Performance gap — 0.122

V. Error Analysis and Failure Taxonomy

A. Semantic Confusion Patterns

The co-occurrence analysis of confusion pairs
across the GoEmotions test set revealed strong
systematic patterns. Of the top 15 confusion pairs,
12 involve the neutral class either as the true label
(where the model incorrectly predicts an emotion)

frequently occurring categories (such as annoyance
with 320 test instances) still performed poorly,
indicating that semantic ambiguity, not solely data
scarcity, drives much of the performance deficit in
rare categories.

Sample Classes

grief (6), relief (11), pride (16), nervousness
(23)

neutral (1787), admiration (504), gratitude
(352)

Frequent classes score 12.2 points higher

or as the predicted label (where the model
collapses a genuine emotion into neutrality). This
reflects the dominance of neutral in the training
data (14,219 examples), creating a strong default
tendency toward neutrality when emotional signal
is ambiguous or subdued.

Table XIII: Top Semantic Confusion Pairs GoEmotions Test Set

True Emotion Predicted Instead Count
Approval Neutral 73
Neutral Admiration 63
Annoyance Neutral 61
Disapproval Neutral 60
Neutral Curiosity 56
Neutral Annoyance 54
Neutral Approval 48
Realization Neutral 43
Neutral Confusion 37
Confusion Curiosity 29
Anger Neutral 27
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Multi-Label Semantic Confusion Matrix
Row = True emotion (missed), Column = What model predicted instead
(Darker = more frequent confusion pair)

admiration -
amusement -
anger -
annoyance -
approval -
caring -
curiosity -
desire -
disappointment -
disapproval -
disgust -
embarrassment -
excitement -
fear -
gratitude -

et - .
joy -
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Fig. 5. Semantic Confusion Network — Top confusion pairs across GoEmotions test set.

The confusion—-curiosity pair (29 instances,
normalized rate 0.363) reflects genuine linguistic
overlap: both categories involve questions,
uncertainty, and orientation toward seeking
information, and their surface forms are often
indistinguishable. The anger—mneutral confusion
(27 instances) suggests that passive or moderate
expressions of anger are not reliably distinguished
from the absence of emotion.

B. Per-Class False Positive and False Negative
Analysis

The false-positive and false-negative analysis
reveals asymmetric error profiles across emotion
categories. Some emotions are primarily under-
detected (high false-negative rate) while others are
predominantly over-predicted (high false-positive
rate). Realization, disappointment, grief, and relief
stand out as persistently under-detected.
Annoyance is particularly noteworthy: despite
moderate support (320 test instances), the model
misses 185 (57.8% miss rate) while simultaneously
generating 222 false positives indicating high
semantic confusion rather than simple class
imbalance.
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Table X1V: Per-Class FP/FN Breakdown Selected Emotions
Emotion TP FP FN FP Rate FN Rate F1
Realization 31 47 114 0.009 0.786 0.278
Disappointment | 50 81 101 0.015 0.669 0.355
Grief 2 2 4 0.000 0.667 0.400
Relief 4 3 7 0.001 0.636 0.444
Pride 6 3 10 0.001 0.625 0.480
Annoyance 135 222 185 0.043 0.578 0.399
Nervousness 10 11 13 0.002 0.565 0.455

el s o dtet hese) el et e oot

disgust amusement

approval caring

disapproval excitement
caring sadness
nervousness confusion
annoyance anger
embarrassment disapproval
pride curiosity
relief annoyance

grief

approval

disappointment admiration

realization neutral

00 01 02 03 04 05 06 0 08 000 002 0 006 008 010 012 014 0l
False Negative Rate (Miss Rate) False Positive Rate (Over-prediction Rate)

Fig. 6. Top 12 most missed (false negative) and most over-predicted (false positive) emotion categories.

C. Qualitative Error Examination corresponding to the quantitative patterns
Manual inspection of misclassified examples identified above.
revealed four recurring error archetypes
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Table XV: Qualitative Error Examples
Text Example True Label(s) Predicted Error Type  Explanation
OP is just a kid. Let's | Approval Neutral Semantic Approval is pragmatic, not
just move on. confusion explicit. Model defaults to
neutral.
Crap. I need more | Disappointment | Annoyance, Ambiguous | Text contains frustration, need,
Excedrin. STAT. Desire multi-label and mild distress. Predicted

Boomers ruined the ' Neutral

world.

Eff your video - love | Anger, Love
Canada Stupid | Annoyance

geolock.

D. Error Taxonomy

Disappointment | Reverse

labels are partially reasonable.

Model prediction is linguistically
reasonable; neutral ground truth
error reflects annotator judgment.

semantic

Sarcasm /| Model relies on 'love' surface
lexical  cue  form; fails to recognize sarcastic
error usage.

Based on the quantitative and qualitative analysis, a four-type failure taxonomy is introduced and applied

across all 28 GoEmotions categories:

Table XVI: Error Taxonomy Summary Applied to 28 GoEmotions Categories

Failure Type Definition

TYPE-1: Rare Class | Low support + F1 <0.40

Underperformance

TYPE-2:

Confusion

other label

TYPE-3: Over-Prediction | Elevated FP rate (top 30% of 9

classes)
TYPEA4: Under- | Elevated FN rate (top 30% of 9
Detection classes)

TYPE-1 (rareclass underperformance) does not
appear in isolation: every rare class also exhibits
TYPE-2 (semantic confusion) or TYPE-4 (under-
detection), demonstrating that rarity and semantic
overlap compound rather than act independently.
TYPE-2 (semantic confusion) is universal all 28
categories exhibit meaningful confusion with at

Semantic | High confusion rate with >1 | 28:(all)

Count (of 28)  Example Classes

Compounded with TYPE-2
& TYPEA4

All 28 categories

0 in isolation

neutral, admiration,
annoyance, approval, anger

realization, disappointment,
grief, relief, pride

least one other label indicating that this is a
structural property of the GoEmotions taxonomy
rather than a weakness affecting only certain
classes. TYPE-3 and TYPE-4 each affect nine
categories, often co-occurring in the same category
(annoyance exhibits both simultaneously).
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Distribution of Failure Types
across Emotion Classes
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Fig. 7. Distribution of failure types across emotion classes.

VI. Discussion

A. Interpretation of Results

The results of this study provide clear, quantitative
confirmation that transformer-based models offer
a meaningful advantage over classical baselines on
coarse-grained emotion classification DistilBERT"s
6.2-point weighted F1 improvement over Logistic
Regression on the Emotion dataset is
unambiguous. This advantage is consistent with
findings in the broader NLP literature that
contextual embeddings outperform static TF-IDF
features on text classification tasks [6], [8].
However, the picture changes substantially on the
fine-grained GoEmotions task. Even the best
performing model RoBERTa+LoRA at macro-F1
0.549 operates at a level that would be inadequate
for many deployment contexts, with systematic
failure to detect nuanced emotions and universal
semantic confusion across all 28 categories. This
confirms the second research question
affirmatively: performance degrades substantially
and structurally as emotional granularity increases,
and this degradation cannot be resolved by
improving architecture alone.

The 8.9-point  macro-F1  advantage of
RoBERTa+LoRA  over  fully  finetuned
Distil BERT is particularly instructive.

RoBERTa+LoRA trains only a small fraction of
the model's total parameters yet outperforms full
fine-tuning of a smaller model, consistent with Hu
et al.'s [10] finding that backbone architecture
quality matters more than training parameter
count. This has practical implications for resource-
constrained research: investing in a stronger
pretrained backbone with parameter-efficient
adaptation may be more effective than exhaustive
full fine-tuning of a weaker one.

B. Comparison to Prior Literature

The study's results align with prior literature while
extending it in key respects. The DistilBERT vs.
Logistic Regression comparison on the Emotion
dataset (macro-F1 0.87 vs. 0.80) echoes established
findings from Devlin et al. [6] and Sanh et al. [8].
The RoBERTa+LoRA macro-F1 of 0.549 on
GoEmotions exceeds the BERT-based range of
0.46-0.54 reported by Demszky et al. [9] while
extending their largely qualitative observations
with systematic quantitative confusion analysis.
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The dominant role of the neutral class in
confusion patterns corroborates class imbalance
concerns from He and Garcia [11] with specific
instance-level evidence. The universality of
semantic confusion across all 28 categories
resonates with Bostan and Klinger's [12]
annotation overlap analysis and provides a new
quantitative characterization of it.

The novel finding that no category exhibits TYPE-
1  failure in isolation  that rare-class
underperformance always co-occurs with semantic
confusion or under-detection challenges the
common assumption that collecting more training
examples for rare categories is the primary remedy.
Semantic distinctiveness, not frequency alone,
appears to determine per-class F1 in this setting.

C. Technical Challenges

Several technical challenges were encountered
during implementation. The most persistent was
managing the multi-label classification pipeline for
GoEmotions, where a subtle type mismatch in
label tensor formats caused ineffective early
training runs, resolved by implementing a custom
data collator. Computational constraints also
shaped methodological choices: training full
RoBERTa on GoEmotions without LoRA would
have been substantially more expensive, making
LoRA not merely a research choice but a practical
necessity. Threshold selection for multi-label
prediction introduced additional complexity, with
per-class threshold tuning identified as a direction
for future work.

VIL. Conclusion and Future Work

A. Summary of Findings

This study set out to investigate the limits of large
language models in fine-grained emotion
detection, motivated by the observation that
aggregate benchmark metrics provide an
incomplete and potentially misleading picture of
model capability. The experimental program
spanning classical TF-IDF baselines, fine-tuned
DistilBERT, BERT-base, and RoBERTa+LoRA
across two datasets at different levels of emotional
granularity provides a detailed and critically
grounded answer.

On the coarsegrained Emotion dataset,
DistilBERT achieves macro-F1 of 0.87 a solid and
reliable result that reflects the relative tractability
of sixclass singlellabel classification. On
GoEmotions, even the strongest model
(RoBERTa+LoRA, macro-F1 0.549) exhibits
systematic  failure modes that structural
improvements alone cannot resolve: semantic
confusion is universal across all 28 categories, the
neutral class exerts a gravitational pull on
ambiguous predictions, and rare categories are
under-detected at rates that would be unacceptable
in applied settings.

The fourtype error taxonomy introduced here
rare-class underperformance, semantic confusion,
over prediction, and under-detection provides a
more actionable framework than aggregate metrics
for understanding and communicating model
limitations. The finding that semantic
distinctiveness, not frequency alone, governs per-
class performance has direct implications for how
practitioners approach rare-class improvement in
emotion recognition.

B. Future Work

Five directions for future investigation emerge
from this study. First, perclass threshold
calibration: the SVM baseline demonstrated that
perclass threshold optimization substantially
improves macro-F1; applying the same strategy to
RoBERTa+LoRA predictions — independently
tuning thresholds for each of the 28 categories on
the validation set — is straightforward and would
likely vyield a meaningful improvement,
particularly for underconfident rare categories.
Second, inter-label relationship modelling: the
semantic confusion analysis demonstrates that the
model conflates emotionally proximate categories
in systematic and predictable ways. Architectures
that explicitly model label co-occurrence — label
embedding networks or graph neural networks
applied to the label space — could address TYPE-2
failures by learning inter-label relationships during
training rather than treating each class as an
independent binary prediction.

Third, data augmentation for rare classes:
techniques such as synonym substitution, back-
translation, or GPT-based paraphrase generation
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could increase training examples for the least
frequent categories. Given that failure appears
driven more by semantic ambiguity than pure data
scarcity, augmentation would need to generate
semantically distinguishable rather than merely
additional Fourth,
generalization: both datasets draw from social
media platforms with distinctive registers
characterized by informality, sarcasm, and
abbreviation; whether the failure modes identified

instances. cross-domain

here generalize to clinical notes, literary texts, or
customer reviews is an important open question.
Fifth, broader application of the error taxonomy:
testing the four failure types across different
architectures, datasets, and training configurations
would establish its generalizability as an audit
framework for emotion recognition systems.

C. Ethical Considerations

Both datasets used in this study are publicly
available from the Hugging Face repository and
were collected from public social media platforms.
No personally identifying
involved, and no institutional ethics approval was
required. The study was conducted in compliance
with GDPR principles and the Data Protection
Act 2018. The failure modes documented here —
particularly systematic under-detection of distress-
related emotions such as grief and disappointment
— carry direct implications for deployers of
emotion recognition systems in healthcare or
moderation contexts. As these systems are
increasingly used in contexts with genuine human
consequences, failure-oriented evaluation is not

information was

optional but a professional and ethical

responsibility.
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