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This study investigates whether limitations observed in text-only Keywords:

. . . . . emotion recognition,
transformer-based emotion classification pipelines reflect affective computing,

implementation shortcomings or structural constraints inherent mumm;’,‘m“ modets,
to unimodal modeling. A pipeline was constructed using
unscripted  dialogue from MasterChef  Polska, incorporating
automated  speech-to-text transcription, neural machine
translation, and benchmarking across SVM, Bi-LSTM, and
RoBERT?2 architectures. While the fine-tuned RoBERTa model
achieved substantially higher accuracy (0.755), confusion matrix
analysis and explainable Al techniques revealed persistent
structural asymmetries, including uneven performance across
emotion categories, high-arousal anger-joy confusion, and
translation-induced distortions. Evaluation against automated
labels further exposed a “Ground Truth Paradox,” where models
are validating each other rather than a human-verified set of
conclusions.  Increased architectural capacity improves
performance but does not resolve structural limitations of text-

only emotion classification.
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1 Introduction

The growing integration of Artificial Intelligence systems into digital media
environments has intensified interest in automated emotion recognition. Across
domains such as marketing analytics, media monitoring, and audience engagement
measurement, quantifying affect at scale is often presented as a cost-efficient
alternative to manual interpretation. Text-based Natural Language Processing
pipelines, particularly those built on transformer architectures such as Robustly
Optimized BERT Approach (RoBERTa), are widely adopted due to their scalability
and relatively low operational overhead (Schuller et al., 2026; Wu et al., 2025).
However, reliance on unimodal, text-only systems raises fundamental questions
about theoretical wvalidity. Emotional meaning in real-world interactions
rarely emerges from language alone; affective interpretation depends on vocal
prosody, facial expression, interpersonal dynamics, and situational context (Picard,
2000; Wu et al., 2025). When classification pipelines rely exclusively on textual input,

these multimodal cues are necessatily excluded.

The technical design of emotion recognition systems reflects underlying
psychological assumptions. Many contemporary pipelines adopt discrete categorical
taxonomies derived from Basic Emotion Theory, proposing universal categories
such as joy, sadness, anger, fear, surprise, and disgust (Ekman, 1992; Schuller et al.,
2026). These predefined classes align conveniently with supervised machine learning,
where labelled examples are mapped to fixed outputs (Azari et al., 2020). From this
perspective, emotions are treated as relatively stable patterns inferable from linguistic

markers.

In contrast, constructionist accounts conceptualize affect as context-dependent and
dynamically assembled rather than biologically fixed (Barrett, 2017). Emotional
experience emerges through the integration of language, bodily regulation, prior
knowledge, and environmental context. If affect is constructed through multimodal
interaction, restricting analysis to textual signals may impose structural constraints
on classification accuracy (Wu et al., 2025). This tension between categorical
convenience and contextual complexity has direct implications for the reliability of

text-only emotion recognition systems.
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Rather than treating misclassification as an implementation defect, the analysis
examines whether certain limitations stem from structural properties inherent to
unimodal text modelling. In doing so, the paper contributes to ongoing discussions
about the wvalidity, reliability, and governance of automated affect recognition
systems. As regulatory frameworks such as the EU Al Act (Regulation (EU)
2024/1689, 2024) increasingly scrutinize high-risk Al applications, undetstanding
the boundaries of text-only emotion classification becomes both a technical and
ethical concern. If incorrect Al-based coding of affect is a substantial risk, it is

important to identify these errors and their boundary conditions.
2 Theoretical Background: The Conflict of Affective Frameworks

Automated emotion recognition systems opetrationalize specific assumptions about
the nature of affect. In most computational implementations, emotion classification
is framed as a supervised learning task in which observable signals are mapped to
predefined categorical labels (Azari et al., 2020; Schuller et al., 2026). This structure
reflects the basic emotion framework, which conceptualizes emotions as discrete,
biologically grounded states distinguishable through identifiable expressive patterns
(Ekman, 1992). Within this paradigm, categories such as anger, fear, joy, sadness,

disgust, and surprise function as stable targets for classification.

This categorical alignment is computationally convenient, as fixed emotion labels
translate directly into supervised training objectives. However, empirical findings in
affective science complicate this assumption. Reviews of physiological and
behavioral evidence indicate substantial variability within emotion categories and
overlap across categories, challenging the claim that emotions possess distinct
biological signatures (Barrett, 2006; Kreibig, 2010; Mauss & Robinson, 2009).
Similarly, observational research suggests that prototypical facial configurations are
infrequent in natural interaction and highly context-dependent (Barrett, 2011;
Russell et al., 2003). Such variability weakens the assumption that discrete categories

correspond to stable, universally encoded signals.

In contrast, constructionist accounts conceptualize emotions as dynamically
assembled through the integration of bodily states, contextual information,
conceptual knowledge, and language (Barrett, 2017). Within this framework,

emotion categories function as interpretive constructs rather than biologically



3911 BLED ECONFERENCE:

708
CO-CREATING HUMAN-CENTRED AND RESPONSIBLE DIGITAL FUTURES

discrete entities. Emotional meaning is therefore context-sensitive and multimodal,
emerging from interaction rather than residing solely in linguistic form. Recently,
robust empirical evidence has supported constructionist accounts of emotion
modelling (Azari et al., 2020).

This theoretical divergence has direct implications for automated emotion
recognition. If emotional experience is constructed through multimodal and
contextual processes, unimodal systems - particularly those restricted to text - may
capture lexical regularities without fully representing affective dynamics (Wu et al.,
2025). Classification performance under such constraints may reflect alignment with
labelling conventions rather than faithful modelling of emotional states. The tension
between categorical convenience and contextual complexity thus forms the

conceptual foundation of the present study.
3 Methodology: The Methodological Pipeline
31 Dataset and Signal Conversion

The dataset consists of unscripted dialogue extracted from the televised Polish

culinary competition MasterChef Polska, a high-arousal conversational environment.

The training set consists of 28,395 sentences utilized for training and validation,
sourced from a diverse corpus of unscripted television programming - including
survival reality shows, competitive tournaments, and spontaneous dialogue - across
multiple languages, including but not limited to Dutch, Arabic, Slovak, Polish, and
Russian while the target language was English. Despite this multi-program training
base, the study maintains a rigorous focus on MasterChef Polska as the primary case
analysis for evaluation, utilizing a separate test set of 791 sentences (source: Polish;
target: English). All instances were analyzed at the sentence level, with each sentence
assigned a single dominant emotion label from seven classes: joy, sadness, anger,

fear, surprise, disgust, and neutral.

Although the raw material exists as audio-visual recordings, the analytical pipeline
intentionally retained only the textual modality to simulate standard text-mining
constraints. Visual and acoustic features such as facial expression and prosody were

excluded.
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3.1.1 Automated Speech-to-Text (STT)

Audio recordings were transcribed using the AssemblyAl Universal 2 model (Khare
et al., 2025). Model selection was based on benchmarking against OpenAl Whisper-
Large (Radford et al.,, 2023) using Word Error Rate (WER) (Jurafsky & Martin,
2023). The WER analysis was drawn from a manually verified 15-minute subset of
unscripted dialogue to ensure the benchmark reflected the "high-stress"
environment of the show. Universal 2 achieved a lower overall WER and provided
sentence-level segmentation compatible with downstream emotion classification.

Consequently, it was adopted for the final pipeline.

S+I1+D
— %

WER = 100 (1)

Equation 1. Word Error Rate (WER), where § denotes the total words replaced in
transcription by a model, I words added by a model that did not match original
transcription, D total words omitted by a model, N number of words in total.

Table 1: Word Error Rate (WER)

Model Substitutions Insertions Deletions Total Words WER
Universal 2 88 12 27 1167 10.883%
Whisper- 86 25 11 1043 11.697%
Large

3.1.2 Ground Truth Construction

The training set utilized labels inherited from the client’s proprietary, third-party
LLM-based emotion recognition system. While the specific model architecture
remains undisclosed due to commercial sensitivity, the system was confirmed to
translate the source Polish text to English to generate the training labels used in this
study. The test set (N = 791) was manually annotated by native Polish-speaking
students. To ensure consistency, the student team reviewed the manually prepared
evaluation subset against the project's specific annotation guidelines provided by the
client, cross-referencing utterances with original audio-visual recordings to account
for facial expressions and prosodic cues. This methodology results in an imbalanced
distribution across the seven emotional classes - joy, sadness, anger, fear, surprise,

disgust, and neutral - as detailed in Table 2.
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Table 2: Distribution of Emotional Classes Across Datasets

Emotion Class T(il;_‘t;[n)g Training (%) IivMaii?:::l))n Evaluation (%)
Surprise 12,164 42.8 413 52.2
Joy 5,554 19.6 120 15.2
Anger 1,909 6.7 35 4.4
Neutral 3,301 11.6 102 12.9
Sadness 1,867 6.6 85 10.8
Fear 1,800 6.35 27 34
Disgust 1,800 6.35 9 1.1
Total 28,395 100 791 100

This introduces a labeling asymmetry: the training data reflects automated labeling
conventions, whereas the evaluation phase relies on manually verified ground truth.
As a result, the classifier is evaluated against a human-verified standard to determine
how effectively a model trained on operational Al labels can align with human
emotional interpretation. We define this dependency as a “Ground Truth Paradox™:
while the model is optimized to align with a commercial labeling framework, its
ultimate validity is tested against the nuanced benchmarks of native human
perception (Bender et al., 2021; Schuller et al.,, 2026). This limitation is explicitly

considered in the interpretation of results.

3.2 Machine Translation

Because the classifier operates in English, Polish transcripts were translated using
the MarianMT Polish—English neural machine translation model based on the
OPUS-MT framework (Tiedemann & Thottingal, 2020). The pipeline follows a
sequential structure:

Audio — Transcription — Translation — Emotion Classification

No multilingual joint training or multimodal fusion was implemented. Translation

therefore constitutes an independent transformation stage prior to classification.
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3.3 Model Architectures and Benchmarking

To assess the impact of architectural complexity, three model classes were evaluated

using identical splits:

— Support Vector Machine (SVM) with linear kernel and term frequency—
inverse document frequency (TF-IDF) features (Cortes & Vapnik, 1995;
Jurafsky & Martin, 2023),

— Bidirectional LSTM (Hochreiter & Schmidhuber, 1997), the architecture
consisted of a 300-dimension embedding layer, two bidirectional LSTM
layers with a hidden size of 128, and a dropout rate of 0.3,

— Fine-tuned RoBERTa-base transformer (Liu et al., 2019; Wolf et al., 2020).

All models performed sentence-level single-label classification. Comparative
benchmarking allowed assessment of whether performance differences arose from
increased contextual modelling capacity. Individual sentences were analyzed as the
primary unit of classification to simulate the constraints of real-time media
monitoring and to minimize complexity in the multi-speaker environment of a
televised cooking competition. While longer contexts might theoretically yield higher
classification accuracy by resolving cross-speaker ambiguities, this study focuses on

the structural limits of affect recognition from isolated linguistic markers.
3.4 Training Procedure

RoBERT42 was fine-tuned using AdamW (Loshchilov & Hutter, 2019) with a class-
weighted cross-entropy loss. This approach assigns higher penalties to
misclassifications of minority classes, ensuring the model does not become biased
toward the majority class. Back-translation augmentation (Sugiyama & Yoshinaga,
2019) was applied to increase exposure to minority classes. Performance was

evaluated using accuracy, precision, recall, and F1-score metrics (Jurafsky & Martin,
2023).
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3.5  Explainable Al (XAI) Audit

To examine model decision behavior beyond aggregate performance metrics, a post-
hoc interpretability method was applied: Gradient X Input (Shrikumar et al., 2017).
This method was used to analyze decision patterns in correctly classified and
misclassified instances to determine which specific linguistic features drove the

model's predictions.
4 Results

The following section presents the quantitative performance metrics of the
methodological pipeline, comparing speech-to-text accuracy, baseline model
benchmarks, and the specific failure modes identified through Explainable AI (XAI).

4.1 Performance Benchmarking Across Model Generations

The three model classes described in §3.3 were evaluated on the manually annotated
human-verified test set (IN=791). The SVM baseline, implemented with TF-IDF
vectorization and a 50,000-token vocabulary, achieved an overall accuracy of 0.467.
The model demonstrated moderate performance on high-frequency and high-
arousal categories such as anger and joy, with an average Fl-score of 0.547 across
these classes. However, it failed to detect any instances of the disgust category during
testing. This error indicates a substantial limitation in capturing nuanced affective

distinctions using surface-level lexical representations.

The Bidirectional LSTM model, equipped with embedding, pooling, and fully
connected layers, yielded an overall accuracy of 0.45. Although precision for the fear
category was relatively high, recall remained low at 0.23. This imbalance suggests
that while the model successfully identified prototypical expressions of fear, it
struggled to generalize more subtle or context-dependent instances present in

unscripted dialogue.

The transformer-based ROBERTa model substantially outperformed both baselines,
achieving an overall accuracy of 0.755. The performance gain highlights the
advantage of contextualized token representations for emotion classification in high-

variance conversational text.
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It is important to note that the dataset exhibits strong class imbalance, with the
surprise category representing more than half of the evaluation instances (413 of
791). This distribution influences overall performance metrics and partially explains
the higher weighted F'1-score relative to the macro-average.

Table 3: Results Comparison Table (Evaluated on Manually Labeled Test Set, N=791)

Model Accuracy Precision Recall Fl-score
SVM 0.467 0.478 0.343 0.358
Bi-LSTM 0.450 0.570 0.452 0.419
RoBERTa 0.755 0.758 0.755 0.755

4.1.1 'The Role of Neural Machine Translation

The move from SVM and Bi-LSTM to RoBERTa improves accuracy to 0.755 on
the test set, but the model’s performance heavily depends on English-centric pre-
training and the quality of translation. Polish transcripts are converted via the
MarianMT NMT layer, which can introduce semantic distortions. About 9.7% of
classification errors originate in this translation stage, often due to flattened Polish
morphological markers or literal translations that misrepresent context. For instance,
“Synu” can convey paternal authority or informal camaraderie depending on its
suffix, but is usually translated as “Son,” losing interpersonal nuance. Similatly,
“Granat,” meaning pomegranate in MasterChef Polska, is sometimes translated as
“Grenade,” producing false signals of anger or fear for the classifier. These examples
illustrate that even a high-performing model like RoOBERTa remains vulnerable to
contextual distortions if the translation layer does not preserve cultural and

pragmatic cues.

The 9.7 percent translation error was calculated through a manual forensic review
of all 194 misclassified instances produced by the RoBERTa model. Two researchers
from the student team cross-referenced the model’s incorrect predictions with the
original Polish audio and the translated English transcripts. An error was attributed
to the translation layer if the English text contained a specific semantic distortion -
such as the literal rendering of the culinary term “Granat” (pomegranate) as
“Grenade” - that logically misled the classifier into a high-intensity emotional trigger

like anger or fear.
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4.2 Granular Failure Modes

Although the RoBERT?2 architecture substantially outperformed the SVM and Bi-
LSTM baselines, confusion matrix analysis reveals uneven performance across
emotional categories. Performance varied significantly depending on class frequency
within the dataset.

The disgust category represents the most extreme example of class imbalance, with
only nine instances in the evaluation set. Despite this limitation, the model achieved
a recall of 0.667 and an F1-score of 0.632, indicating that lexical markers associated
with disgust were detected in several cases. However, the small sample size limits
the reliability of performance estimates and increases sensitivity to misclassification.
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Figure 1: Confusion Matrix for RoOBERTa-base (Row = True Label, Column = Predicted
Label)
Source: Own
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Lower performance was observed for anger, which achieved a recall of 0.486 and an
Fl-score of 0.531, as well as sadness (F1 = 0.578) and neutral (F1 = 0.588). These
results suggest that certain emotional states may be expressed through more subtle

linguistic cues, making them harder to capture using textual signals alone.

In contrast, the model achieved strong performance for surprise (F1 = 0.835) and
joy (F1 = 0.767), both of which appear frequently in the dataset and are often

associated with explicit lexical indicators.

Table 4: Per-Class Metrics Table

Emotion Precision Recall Fl-score
Surprise 0.848 0.823 0.835
Joy 0.723 0.817 0.767
Anger 0.586 0.486 0.531
Neutral 0.556 0.625 0.588
Sadness 0.574 0.582 0.578
Fear 0.745 0.603 0.667
Disgust 0.600 0.667 0.632

4.2.1 High-Arousal Confusion Patterns

A recurring confusion pattern was observed between several high-arousal emotional
categories. While anger maintained moderate recall (0.486), 18 of the 35 anger

instances were misclassified, most frequently as joy or surprise.

Inspection of misclassified examples indicates that the model often responds to
intensity-related lexical signals without consistently distinguishing emotional
valence. In the absence of acoustic prosody or facial cues, strongly expressive
language may be interpreted as high-arousal positivity rather than high-arousal
negativity. This suggests that arousal and valence dimensions are not fully

disentangled within the textual representation learned by the model.
4.3 Explainable AI Audit

To investigate model behavior beyond aggregate performance metrics, a Gradient X

Input analysis was conducted to analyze token-level attribution patterns.



3911 BLED ECONFERENCE:

716
CO-CREATING HUMAN-CENTRED AND RESPONSIBLE DIGITAL FUTURES

4.3.1 Gradient X Input Attribution

Gradient X Input (Shrikumar et al., 2017) was used to compute the partial derivative
of the output with respect to input embeddings, producing token-level relevance
scores. Across multiple examples, the model frequently assigned disproportionate
weight to isolated, emotionally salient tokens. In several misclassifications, these
tokens dominated the prediction despite contradictory contextual information

within the same sentence.

To visually represent these attributions, bold text is used below to denote tokens
with the highest positive attribution weights (those most responsible for the model's
chosen label). For example, the sentence “High stakes, you only win by taking risks”
was labeled anger but predicted as disgust. The mathematical audit indicated that the
intensity-related surface-level signal of the word risks outweighed the broader

competitive context of the statement.

In another case, “I love to eat good things” was labeled joy but predicted neutral,
illustrating how positive lexical cues like love do not always dominate classification
when the surrounding contextual signals are structurally weak. A different failure
pattern is observed in the sentence “we all expected something completely
different,” which was labeled as neutral but predicted as joy. Here, the model
appears to overgeneralize and assign emotional meaning to the words expected and
different, suggesting that emotionally suggestive words can trigger classification
even in the absence of a clear affective signal. Overall, these token-level attributions
suggest that the model relies on sparse lexical cues rather than distributed contextual
reasoning, often misclassifying utterances when isolated words conflict with the

broader conversational context.

5 Discussion

5.1 The Ground Truth Paradox and Epistemological Validity

The study identifies a critical epistemological risk defined as the "Ground Truth
Paradox”. Evaluating the classifier against Al-generated labels creates a circular

dependency where models are optimized to reproduce the patterns of other models

rather than verified emotional states. Even with high accuracy, such systems may
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reflect system-level consistency within a specific labeling framework rather than
definitive emotional truth. This dependency suggests that future research must

ptioritize native human-annotated "gold standards" to move beyond automated bias.
5.2 Regulatory Implications: The EU Al Act and "Context Blindness"

The identified 9.7% translation error rate and the model's reliance on isolated lexical
cues highlight the fragility of cross-lingual affective pipelines. For organizations
deploying these tools under the EU Al Act, particularly in high-risk domains such
as recruitment, mental health, or creditworthiness, this "Context Blindness"

represents a significant technical and ethical liability.

Because text-only systems are prone to misinterpreting high-arousal states due to a
lack of situational "situatedness," their deployment risks automating systemic bias.
We conclude that responsible Al development must transition from unimodal text-
mining to multimodal, context-aware architectures to bridge the gap between

categorical convenience and the complex reality of human affective experience.
5.3 Limitations

Several factors bound the generalizability of this study. First, the evaluation focuses
on a single-domain dataset (MasterChef Polska), where the emotional repertoire is
skewed toward high-arousal interactions. Second, a distinct domain and language
shift exists between the training and evaluation phases. While the inclusion of diverse
unscripted international programming provided a broad emotional foundation for
training, the model was evaluated on a specific Polish-to-English pipeline that was
only partially represented during the learning stage. Finally, reliance on a single-
sentence unit of analysis prevents the model from utilizing broader conversational

flow.
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