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Mapping Emotion Representations: Evidence for Category—Dimension
Relationships and Individual Differences

Claudia Wu (claudia_wu@sfu.ca)' & Ozge Nilay Yalcin (oyalcin @sfu.ca)’

1-2School of Interactive Arts and Technology, Simon Fraser University, Surrey, BC, Canada

Abstract

A central question in affective computing is how emotions
should be represented. Emotion datasets typically adopt ei-
ther categorical labels (e.g., Ekman categories) or dimensional
ratings (e.g., Valence—Arousal-Dominance). Although these
frameworks are often treated as comparable descriptions of af-
fect, most work relies on only one representation at a time,
limiting cross-dataset comparability and leaving their relation-
ship empirically under-specified. This study explores how VAD
ratings map onto categorical emotion judgments, and whether
this mapping is consistent across individuals. We fit general-
ized linear mixed models with participant-level random effects
using the MSP-Podcast Corpus to predict categorical labels
from dimensional ratings. The results showed a significant
effect of Valence, Arousal, and Dominance across several emo-
tion categories (Sadness, Happiness, Anger, Fear, and Disgust)
with significant participant-level variability. Overall, our results
highlight that categorical and dimensional emotion representa-
tions are systematically related but their mapping is shaped by
individual differences in affective interpretation. This suggests
that affective computing models should explicitly account for
rater-dependent variation when using dimensional and categor-
ical emotion representations.

Keywords: affective computing; emotion; dimensional emo-
tion; categorical emotion; emotion representations

Introduction

Affective computing is an interdisciplinary research area that
aims to develop intelligent computational systems capable of
understanding, interpreting, and responding to human emo-
tions (Picard, 2015). As human-computer interaction applica-
tions become more prevalent, integrating emotional capabili-
ties into these systems can facilitate transformative advance-
ments in healthcare, education, and entertainment (Sethu et
al., 2019). However, current emotion recognition systems are
hindered by their poor performance in emotion recognition
and fail to capture the complexity of human emotions (Sethu
et al., 2019). The field faces persistent challenges, including
accounting for individual and cultural differences and model-
ing the temporal dynamics of emotion (Barrett et al., 2019).
A core theoretical and methodological issue is how emotions
should be presented (Calvo & D’Mello, 2010).

Emotion representation in affective computing is grounded
in two dominant psychological frameworks: categorical and
dimensional. Categorical (or discrete) approaches describe
emotions as discrete states, such as happiness, sadness, anger,
fear, and disgust, often motivated by basic emotion theory

(Ekman, 1999). Dimensional approaches represent affect
in a continuous space—most commonly along Valence (or
Pleasure), Arousal, and Dominance axes—capturing graded
and mixed emotional experiences (Mehrabian, 1996; Russell,
1980). In principle, these frameworks should be systemati-
cally related, since both aim to describe underlying affective
phenomena, however, no universally accepted representation
exists across disciplines (Sethu et al., 2019; Wang et al.,
2022). In practice, emotion datasets and benchmarks typi-
cally adopt either categorical or dimensional representations
(Ma & Yarosh, 2021), making it difficult to compare results
across studies, transfer models between corpora, or interpret
model behavior under a shared theoretical lens.

Despite the categorical and dimensional representations be-
ing used interchangeably in affective computing, few studies
empirically quantify the correspondence between these frame-
works under naturalistic conditions, or examine whether such
correspondences are stable across raters. This gap is conse-
quential: if the mapping between VAD and emotion categories
varies systematically across participants, then treating a sin-
gle “ground-truth” label as universal may obscure important
observer-dependent differences in emotion perception and an-
notation (Barrett, 2006a, 2006b; Cowen & Keltner, 2017). To
address this gap, we focus on the following research questions:

RQ1: Is there a correlational relationship between categor-
ical and dimensional models of emotion?

RQ2: If so, is the relationship consistent between different
participants?

To answer these questions, we analyze the MSP-Podcast
Corpus (Lotfian & Busso, 2017), a naturalistic speech dataset
with dimensional and categorical annotations, using general-
ized linear mixed-effects models (Bates et al., 2015) to assess
the significance of VAD dimensions for multiple basic emo-
tion categories while accounting for participant-level variabil-
ity. Our results showed that the dimensional ratings of Va-
lence, Arousal, and Dominance were significantly correlated
with discrete basic emotion categories. However, ratings var-
ied widely among participants. By empirically characterizing
the relationship between categorical and dimensional emo-
tion representations, these results enable principled translation
between different emotion models and datasets, supporting
greater interoperability, comparability, and generalizability in
affective computing research.

Together, these findings make three contributions: (1) an
empirical characterization of VAD—category correspondences
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in naturalistic speech, (2) evidence that the mapping varies
systematically across participants, and (3) implications for
interoperability across emotion datasets, evaluation protocols,
and modeling approaches in affective computing.

Related Work
Categorical Representations

The categorical (or discrete) emotion model proposes that
there exists a defined subset of emotion labels that are innate,
universal, and discrete (Ekman, 1999). Ekman’s basic emo-
tion model and its variations are widely accepted within the
field, particularly because of its foundation in Darwinian the-
ory (Sethu et al., 2019; Wang et al., 2022). The model posits
that basic emotions arise from human instinct, which leads
individuals to exhibit similar patterns of expression in simi-
lar situations (Wang et al., 2022). Research that adopts this
model typically uses variations of Ekman’s emotion model,
which commonly includes anger, joy, sadness, fear, disgust,
surprise, and neutral (Amir et al., 2015). The universality of
these basic emotions is supported by a large body of research
(Carlson & Hatfield, 1992; Ekman & Cordaro, 2011; Oatley
& Jenkins, 1992), although recent work challenges this notion
with evidence that emotion recognition differs between cul-
tures, languages, and genders (Gong et al., 2018; Jack et al.,
2012; Russell, 1994). However, there is no agreed-upon set
of basic emotion categories in affective computing research.

Categorical labels are intuitive, easy to understand, and pro-
vide discrete, straightforward classifications that simplify data
collection. However, the chosen list of emotion categories can
bias participants’ responses, as a predefined list may compel
participants to select a specific category that may not capture
the emotion they actually perceive. Including an "Other" cat-
egory can alleviate this issue, but it may create complications
during data analysis, particularly for small sample sizes (Sethu
et al., 2019). Moreover, humans display a wide range of sub-
tle and complex affective states conveyed through numerous
possible facial and bodily expressions (Gunes et al., 2011).
As such, relying solely on a single label may be inadequate
for capturing the complexity of the emotional states exhibited
by individuals in natural settings (Gunes et al., 2011).

Dimensional Representations

The dimensional emotion model proposes that affective states
are not independent of one another, but are instead systemat-
ically related (Gunes et al., 2011). In this framework, emo-
tions are continuous and multi-dimensional, characterized by
graded representations. A well-known model is the Valence-
Arousal circumplex model, which includes two dimensions:
Valence, representing feelings ranging from negative to pos-
itive, and Arousal, measuring physiological activity and psy-
chological alertness (Russell, 1980). Another widely ac-
cepted model, the Pleasure-Arousal-Dominance (PAD) model
(Mehrabian, 1996), adds a third dimension of Dominance,
which indicates the extent to which an individual feels re-
stricted or in control of a situation (Bakker et al., 2014; Mehra-

bian & Russell, 1974; Wang et al., 2022). Collectively, these
dimensions represent the emotional response that constitutes
an individual’s state of feeling. As a note, the terminol-
ogy for these dimensions can vary across different theoretical
accounts; for instance, Pleasure and Valence are used inter-
changeably, as well as Activation and Arousal (Sethu et al.,
2019). This study will use the terms Valence and Arousal.
Dimensional ratings provide a graded and nuanced repre-
sentation that captures emotional complexities such as inten-
sity and variability. However, dimensional ratings are less
intuitive, as most people do not naturally think of emotions
in these terms. Studies that employ dimensional ratings often
need to find methods for defining these terms without influenc-
ing participant ratings. Moreover, even extended dimensional
models may not fully capture the richness of emotional be-
haviour and the individual differences, which can complicate
computational interpretation (Sethu et al., 2019).

Additional Representations

While the categorical and dimensional emotion models are
the most popular models used for emotion classification, other
theoretical models of emotion have been proposed (Scherer,
2010; Wang et al., 2022). Appraisal-based theories are an-
other popular model, which denotes that emotions are elicited
by cognitive responses to antecedent situations and events
(Scherer, 2010). Appraisal is typically perceived as the cause
of the behavioral and cognitive changes associated with emo-
tion, such that a specific set of cognitive appraisal allows
for the prediction of which emotion type will be experienced
(Marsella et al., 2010; Scherer, 2010). Other theories are less
popular for computational modelling and often overlap with
the aforementioned approaches. For instance, Barrett (2006b)
proposes that emotions stem from a core affective state that
is informed by conceptual knowledge of the context and se-
mantic meanings. Meanwhile, Gray (1990) postulates that
the brain systems mediating emotion and cognition largely
overlap, derived from fundamental systems in the brain.

Prior Work on Representation Mapping

Very few studies have examined the relationship between cat-
egorical and dimensional models for emotion ratings.
Studies on human perception of emotion, such as Amir et
al. (2015) and Hoffmann et al. (2012), observed inconsistent
relationships between categorical and dimensional emotion la-
bels. Amir et al. (2015) found that while the Neutral label had
a mean Valence close to zero, its mean Arousal was approx-
imately -0.5, based on ratings from 20 female participants.
Hoffmann et al. (2012) asked 70 participants to position 22
discrete emotion labels onto a dimensional coordinate space
based on their subjective knowledge. The results showed a
high level of consistency among participants in positioning
categorical emotion labels along the Valence axis, but greater
variation along the Arousal and Dominance axes. However,
both studies are limited by a small sample size or a reliance
on participants’ expectations of emotion mapping, rather than
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the perception of real-world stimuli. Similarly, Cowen and
Keltner (2017) found that categorical labels better captured
subjective experience compared to dimensional ratings based
on results from self-reported emotion responses elicited by
provoking short videos. However, their focus on emotional
experience rather than perception limits their applicability to
emotion recognition systems.

While the universality of expressions has been a long-
standing debate in emotion research, several studies have
found differences in emotion perception across different cul-
tures. Ogawa et al. (2005) found that images of facial ex-
pressions originally defined as "sadness" or "fatigue" by Rus-
sell and Ferndndez-Dols (1997) were identified as "disgust"
among Japanese participants. Gong et al. (2018) had German
and Chinese participants rate negative or positive images for
emotional Arousal and found differences in ratings across age,
gender, and culture.

These studies challenge the assumed relationship between
categorical and dimensional emotion ratings and examine
their predictive capacity. However, they face limitations in
scalability and scope, making it difficult to generalize their
results. We address these gaps with a large-scale, data-driven
study that quantifies the relationship between these representa-
tions using subject-aware statistical analyses, enabling robust
assessment of inter-subject variability.

Methodology

Dataset Selection

In our search for relevant datasets, we began by reviewing
survey papers that analyzed the current landscape of emotion
recognition. These papers provided an overview of the various
modalities currently used for gathering emotional stimuli and
how stimuli are being annotated (Gunes et al., 2011; Sethu
et al., 2019). We noted the datasets mentioned in these ar-
ticles, used a snowball method from these dataset papers to
gather more datasets. We also conducted a separate search for
the emotion recognition datasets through Google Scholar and
Research networks (eg, ResearchGate). In total, we identified
210 datasets. Since our research focuses on specific rating
models, we parsed the results to only include the datasets that
contained both categorical and dimensional ratings, ultimately
narrowing down our list to 35 datasets.

From this second list of datasets, we further collected in-
formation about modality, annotation strategy, and number
of raters. The data modality is important for understanding
how the affective information was presented to raters, either
through internal expressions (biosignals) or external expres-
sions (audio, visual). Meanwhile, the labels and granular-
ity for the categorical and dimensional ratings illustrate the
specificity and scope of the annotations. Finally, the datasets
were categorized as "perceived" if ratings were based on what
emotion the raters perceived in the stimuli, and "feeling" if
the ratings were based on what emotions the stimuli invoked
in the raters. We then removed the datasets that were based
on feelings of participants, and papers that did not provide

rater-specific data.!

We ultimately chose the MSP-Podcast Corpus, developed
by Lotfian and Busso (2017), as it was the most in line with
the goals of our study for three main reasons. First, the dataset
features natural audio samples collected from podcasts, which
increases the ecological validity of our research. Acted speech
is a popular stimulus medium, but often mimics more proto-
typical behaviours, rather than capturing the ambiguous emo-
tional expressions found in everyday interactions (Lotfian &
Busso, 2017). Second, the annotation method for the datasets
offers a high degree of granularity by including nine primary
emotion labels and three common dimensional ratings mea-
sured on a 7-point scale, supplemented by self-assessment
manikins (Bradley & Lang, 1994). Third, the dataset includes
a large number of raters (n = 13,672) and ratings (853, 302
observations), where each rater annotated multiple stimuli.
The number of participants was determined by the number
of unique participant IDs in the dataset, which allowed us to
take individual differences into account. The inter-evaluator
agreement was calculated using Krippendorff’s alpha coef-
ficient for Arousal (@ = 0.426), Valence (@ = 0.459), and
Dominance (« = 0.402) for the dimensional annotations, and
Fleiss’ kappa for the primary emotions (« = 0.229) (Lotfian
& Busso, 2017). Additionally, the dataset is easily accessible.

Ratings for the MSP-Podcast Corpus (Lotfian & Busso,
2017) were collected through Amazon Mechanical Turk, with
no demographic information collected. A task-based survey
format was used, with each task group consisting of multiple
stimuli to allow the participant to calibrate their assessments
across ratings. The dimensional and categorical rating scales
were presented in tandem, allowing participants to rate both
measures at the same time. To rate the dimensional values, a 7-
point Likert scale was used to evaluate Valence (ranging from
very negative to very positive), Arousal (from very calm to
very active), and Dominance (from very weak to very strong).
The scales were supplemented with self-assessment manikins
to guide the evaluators’ responses. The categorical emotion
labels were divided into primary and secondary emotion cate-
gories. For the primary emotion, participants were given a list
of emotions and asked to select the one that best represented
the main emotion conveyed by the audio segment. This list in-
cluded: Anger, Sadness, Happiness, Surprise, Fear, Disgust,
Contempt, Neutral, and Other. If none of the options ade-
quately described the emotional content, participants could
choose the Other category and provide a free-form text re-
sponse. For the secondary emotions, participants could select
multiple labels to better describe the emotions they perceived
in the audio segment, or "Other" to provide a free-form re-
sponse. The survey format allowed participants to complete
both dimensional and categorical scales simultaneously.

'For materials, see: https://github.com/SFU-HAI-Lab/
Mapping-Emotion-Representations.git
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Data Cleaning

All preprocessing, clustering, and predictive modelling were
conducted in Python 3.13.3 (Van Rossum & Drake, 2009), us-
ing the Natural Language Toolkit (NLTK) (Bird et al., 2009)
and scikit-learn libraries (Pedregosa et al., 2011). The origi-
nal dataset was restructured such that new columns were cre-
ated for participant ID, primary emotion, secondary emotion,
Arousal, Valence, and Dominance. Since the primary focus
of this analysis was on the primary emotion categorizations,
all columns relating to secondary emotions were removed.

Statistical Analysis

The cleaned MSP-Podcast Corpus was used to investigate
the correlational relationship between categorical and dimen-
sional emotion ratings. An analysis of variance was con-
ducted using generalized linear mixed models (GLMM) that
employed binomial logistic regression with Arousal, Valence,
and Dominance as fixed effects, with participant specified
as a random effect including a random intercept and inde-
pendent random slopes for each predictor. We use the Ime4
package (Bates et al., 2015) in RStudio (R Core Team, 2024)
for GLMM analysis. The model was run separately for each
emotion category including “Other”. To examine whether the
rating relationship differed among participants, two models
were compared: a generalized linear mixed model that in-
cluded participant ID as a random effect, and a generalized
linear model that excluded this effect. The comparisons al-
lowed for an assessment of the extent to which the inclusion
of a random effect improved the model’s fit.

Results

Data Distribution

Figure 1 shows box plots for the Valence, Arousal and Dom-
inance ratings, respectively, grouped by emotion label. In
Figure 1a, the Valence axis represents the 7-point rating scale,
with 1.0 representing "very negative", 4.0 as "neutral", and
7.0 as "very positive." The Happy category showed the high-
est Valence range, with an interquartile range (IQR) of 5-6,
while Angry and Sad had the lowest. The absence of a box
plot for the Neutral category suggests that at least 50% of the
ratings were 4.0.

In Figure 1b, the Arousal axis represents the 7-point rating
scale, with the value 1.0 representing "very calm", 4.0 for
"neutral”, and 7.0 for "very active." Most emotion categories
had IQRs between 4.0 and 6.0, indicating that most emotions
were generally perceived as moderate to highly arousing.

The Dominance axis in Figure 1c also represents the 7-point
rating scale, with 1.0 as "very weak", 4.0 as "neutral", and 7.0
as "very strong." Angry had the highest IQRs, falling between
5.0 and 6.0, while Sad had the lowest range, between 3.0 and
4.0. Otherwise, most emotions had an average rating range
that hovered around 5.0, suggesting that most ratings showed
a moderate degree of Dominance.

Correlational Analysis

Table 1 summarizes the results of the Type III Wald chi-square
test and the corresponding effect sizes (Cohen’s d) for each
dimensional rating across the emotion categories of the gener-
alized linear mixed models. The results showed that for nearly
every emotion category, the Arousal, Valence, and Dominance
intervals significantly predicted the emotion label at p < .001.
The only exceptions were the “Contempt” category with a
p < .01 significance in Arousal and the "Surprise" category,
which showed a non-significant effect of Dominance.

Among the three dimensions, Valence appeared to be the
most robust predictor with the highest overall y? values and
effect sizes. Specifically, the Happy category showed a sta-
tistically significant effect of Valence with a medium positive
effect size. The Sad, Disgust, Contempt and Angry categories
exhibited significant effects with medium negative effect sizes
on Valence. The remaining categories showed a very small
effect of Valence. Arousal and Dominance were compara-
tively weaker predictors across the emotion categories. The
Neutral category was a notable exception, as it showed sig-
nificant moderate negative effects for Arousal. Additionally,
Anger, Sad and Surprise both exhibited small, yet significant
effects for Arousal. For Dominance, most effect sizes were
negligible except for small effect sizes for Sad, Neutral and
Anger.

Participant Variability

Model comparisons revealed significant improvements in fit
when including participant-level random intercepts and inde-
pendent random slopes for Valence, Arousal, and Dominance
across all emotion categories (see Table 2). Both baseline dif-
ferences between participants and variability in the effects of
each dimension was significant (p < .001). The magnitude of
these effects varied across emotions. Furthermore, the wide
whiskers observed in the box plots shown in Figure 1 indicate
a broad range of ratings that span the whole rating scale.

Discussion

Our study provides several insights into the relationship be-
tween categorical and dimensional emotion representations,
showing that while dimensional ratings can predict categor-
ical labels, this relationship is uneven across emotions and
varies across individuals.

First, the correlational analysis (RQ1) confirmed a signif-
icant but incomplete relationship between the two models.
Valence emerged as the most robust and practically mean-
ingful predictor of categorical labels with the largest effect
sizes 1, suggesting that evaluative polarity (positive vs. neg-
ative) plays a dominant role in mapping affect to discrete
categories. This aligns with prior findings indicating that cer-
tain dimensions, particularly Valence, provide the most stable
signal across contexts and annotators (Morgan, 2019). In con-
trast, Arousal and Dominance contributed weaker, category-
specific effects, though they remained theoretically meaning-
ful (e.g., Sadness showed negative associations with both,
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Figure 1: Boxplots for Valence, Arousal and Dominance, per each emotion category.

Table 1: Xz(l, N = 853302) and Effect Size for Arousal, Valence, and Dominance Across Emotions

Arousal Valence Dominance

Emotion 3% d % d X d

Sad 4357.7%*%  -0.14 | 10522.6%* -0.22 | 5748.4** -0.16
Neutral 11723.2%*  -0.23 | 2523.8%*  0.11 | 2437.5%% -0.11
Happy 1598.4**%  0.09 | 42184.2**  (0.44 75.7%% -0.02
Surprise 2011.1**%  0.14 | 2541.2**  0.14 1.6 0.004
Fear 83.6%* 0.02 | 2275.7*#¢ -0.10 | 1685.7**  0.09
Disgust 69.7%* 0.02 | 13347.8**% -0.25 | 276.6%* 0.04
Anger 4628.6*%*  0.15 | 28404.7*%* -0.36 | 2068.9**  0.10
Contempt 9.4* 0.0 9130.3**  -0.21 | 1514.1**  0.08

Note. d, Cohen’s d; ** p < .001; * p < .01

consistent with low activation and control).

These patterns are supported by Figure 1, which shows
substantial overlap across categories in VAD space. Valence
provides the clearest separation, while Arousal is high for most
categories and thus less discriminative. Dominance follows a
coherent control-related pattern but with smaller effects. The
wide distributions indicate high within-category variability
and cross-category overlap, suggesting graded, heterogeneous
states rather than discrete clusters.

At the category level, several patterns highlight limits of
VAD-based translation. Interestingly, Neutral displayed a
small positive Valence effect paired with a small negative
Dominance effect. This suggests that “Neutral” may not oper-
ate purely as a midpoint on all dimensions, but rather as a label

applied to affectively ambiguous or low-intensity content that
may still be perceived as slightly pleasant or non-threatening.
Such patterns highlight how neutral categories in large cor-
pora may serve as “catch-all” labels rather than representing a
psychologically uniform affective state, with implications for
dataset construction and evaluation. Contempt and Disgust
showed the same pattern in boxplots and low effect sizes in
Arousal and Dominance in the mixed-effects model, suggest-
ing that representation of these emotions may not be captured
by VAD alone. Surprise showed small positive effects for
Valence and Arousal, but no reliable association with Domi-
nance, aligning with the interpretation of surprise as novelty-
driven rather than control-related. These mismatches indicate
that dimensional—categorical alignment varies systematically
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Table 2: Model Fit Improvement from Random Effect Across
Emotions x?(1, N = 853302), P annotates participant.

Emotion P valence|P | arousallP | dom|P
Sad 7943%* 8304%** 1351 %3 128 1%
Neutral 14338%** 3202%* 6430%* 4247%**
Happy 26377** | 28984 %* 1383%:* 1113%*
Surprise 3416%* 1464%* 787 1833
Fear 861** 2874%:* 141%* 1515%:*
Disgust 651 %% 3081%* 131 913%:*
Anger 4310%** 2936%** 286%* 3191%#%*
Contempt | 2119%%* 6900** 2992%* 2079%**

Note. ** p < .001

across emotions.

Finally, the participant-level analyses (RQ2) revealed sub-
stantial inter-individual variability (see Table 2). Models in-
corporating participant IDs as random effects significantly
outperformed those without, and dimensional ratings varied
widely across participants for the same categorical labels.
This finding emphasizes that although dimensional ratings
correlate with emotion categories, these dimensions are not
used uniformly across individuals, but are instead interpreted
in participant-specific ways. This suggests that variability
in emotion perception is not only noise, but reflects system-
atic differences in how individuals interpret affective dimen-
sions. This variability has direct implications for affective
computing: models trained on aggregated labels may cap-
ture a population-average mapping that generalizes poorly to
new users or contexts, motivating greater attention to individ-
ual differences and potentially personalized or adaptive affect
modeling. More broadly, the results challenge the common
assumption of a shared, universal mapping between dimen-
sional affect and categorical emotion, suggesting that compu-
tational models should incorporate mechanisms for adapting
to individual differences in affective interpretation.

A key contribution of this work is providing empirical ev-
idence that supports translation between categorical and di-
mensional emotion representations, but also clarifying when
such translation is likely to be reliable. Categories with strong
and interpretable VAD profiles (e.g., Happy and Sad) may al-
low more stable cross-dataset alignment and conversion. In
contrast, categories with weak or inconsistent VAD signatures
(e.g., Fear and Surprise) require more caution and may benefit
from additional representational dimensions, contextual fea-
tures, or appraisal-based annotations. Furthermore, while the
coefficients derived in Table 1 could support the mapping of
discrete categories to the VAD space, they do not account for
individual differences and therefore are insufficient.

Practically, these findings support a more nuanced ap-
proach to interoperability: rather than assuming categori-
cal and dimensional datasets are directly comparable, re-
searchers should consider (1) which categories exhibit strong
dimensional structure, (2) which dimensions are most infor-
mative for their task, and (3) how individual differences in

ratings may impact generalization. In large-scale affective
datasets, reporting effect sizes and participant-level variabil-
ity—alongside significance tests—can improve interpretabil-
ity and help prevent overclaiming due to large sample sizes.

Limitations and Future Work

This study has several limitations. First, the observed effects
may be influenced by dataset composition, including class
imbalance and the prevalence of Neutral and Happy cate-
gories. Second, while VAD provides a compact and widely
used dimensional representation, it may not capture critical
appraisal or contextual variables that structure emotions such
as fear and surprise. Third, although random effects anal-
yses demonstrate participant variability, future work should
directly examine what drives these differences (e.g., cultural
background, emotion vocabulary, rater calibration, or system-
atic response biases such as scale use).

Future research could extend this work by testing whether
the observed mapping replicates across datasets with differ-
ent elicitation conditions (e.g., acted vs. spontaneous emo-
tion, speech vs. text), by incorporating additional dimensions
(e.g., secondary emotion categories, "other" category), or by
evaluating whether personalized models improve categori-
cal-dimensional alignment at the individual level. Moreover,
studies should consider the integration of formal or declarative
emotion models, such as appraisal or logic-based approaches,
in modelling emotions in emotion recognition systems. Such
efforts would advance both theoretical understanding and the
development of more robust, human-aligned affective comput-
ing systems. Likewise, repeating these analyses with multiple
datasets will help to validate our claims.

Conclusion

This study explored the relationships between categorical and
dimensional models of emotions using a large, naturalistic
speech dataset. The results demonstrate that Valence, Arousal,
and Dominance are significantly associated with discrete emo-
tion categories, but that this relationship is neither uniform
across emotions nor consistent across individuals. In par-
ticular, we show that participant-level variability is a central
feature of emotion representation: individuals systematically
differ in how they map dimensional affective signals onto
categorical labels. These findings refine the link between
dimensional and categorical theories by showing that their
correspondence is conditional—strong for some emotions, but
weaker or more ambiguous for others—and shaped by individ-
ual interpretation. Importantly, this variability reflects mean-
ingful differences in affective perception rather than noise, and
is obscured by aggregate analyses. By highlighting the role
of individual differences, this work challenges the assumption
of a universal mapping between dimensional and categorical
emotion representations. It suggests that both theoretical and
computational models of emotion should account for variabil-
ity in how affect is perceived and labeled, contributing to more
flexible and ecologically valid representations of emotions.
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