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A Multi-Componential Approach to Emotion
Recognition and the Effect of Personality

Gelareh Mohammadi, Member, IEEE, Patrik Vuilleumier

Abstract—Emotions are an inseparable part of human nature
affecting our behavior in response to the outside world. Although
most empirical studies have been dominated by two theoretical
models including discrete categories of emotion and dichotomous
dimensions, results from neuroscience approaches suggest a
multi-processes mechanism underpinning emotional experience
with a large overlap across different emotions. While these find-
ings are consistent with the influential theories of emotion in psy-
chology that emphasize a role for multiple component processes
to generate emotion episodes, few studies have systematically
investigated the relationship between discrete emotions and a full
componential view. This paper applies a componential frame-
work with a data-driven approach to characterize emotional
experiences evoked during movie watching. The results suggest
that differences between various emotions can be captured by
a few (at least 6) latent dimensions, each defined by features
associated with component processes, including appraisal, ex-
pression, physiology, motivation, and feeling. In addition, the link
between discrete emotions and component model is explored and
results show that a componential model with a limited number of
descriptors is still able to predict the level of experienced discrete
emotion(s) to a satisfactory level. Finally, as appraisals may vary
according to individual dispositions and biases, we also study
the relationship between personality traits and emotions in our
computational framework and show that the role of personality
on discrete emotion differences can be better justified using the
component model.

Index Terms—emotion, component model, emotion mechanism,
emotion dimensions, data-driven approach, computational mod-
elling, emotional experience, emotion recognition, personality.

I. INTRODUCTION

EMOTIONS are inseparable part of human nature, at the
centre of every social processes, which not only affect the

feeling state but also shape one’s perception [1], cognition [2],
action [3] and memory [4], [5]. Therefore, the ability to
recognise emotion in others and respond appropriately is vital
to maintain any relationships [6], [7]. Despite the great efforts
in conceptualising emotion experience, various theories have
remained debated [8]. However, there is a general consensus
that emotions are multi-componential phenomena consisting of
appraisal of an event followed by motivation to take action(s),
motor expression in the face and body, as well as changes in
physiology and subjective feeling [9]. Nevertheless, most of
the previous works on emotion recognition or neural circuitry
of emotion have mainly focused on changes in the feeling
component either in the form of discrete emotions or dimen-
sional model [10]–[12]. Discrete model of emotion postulates
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a small set of basic emotions, shared across cultures, that each
represents a distinct feeling with a unique facial expression
[9]. The most popular set of basic emotions was introduced
by Ekman and his colleague which has six basic emotions
of anger, disgust, fear, happiness, sadness and surprise [13]–
[15]. In contrast, dimensional model of emotion describes
any feeling state according to one or more dimensions like
valence and arousal [16]. Although such models of emotion
are very useful in many areas, they neglect the complexity
of emotions altogether, and reduce an emotional experience to
either a fixed label or a point in valence-arousal space. Feeling
component, as an integrated awareness of the changes in other
components, holds an exceptional position in componential
model of emotion, however, it doesn’t represent the involved
processes which led to that awareness. Therefore, to better
understand the underpinning mechanism of different emotional
states, it is important to consider the full componential view.
Furthermore, by considering the effect of different appraisals
in the elicitation of emotion, this frameworks allows for more
precise assessment of individual differences and personality-
related biases that may determine different emotions to similar
events in different people [17].

In this paper, we first present a dataset, collected by inducing
a wide range of emotions in an effort to span the componential
space, well. Then we demonstrate what we learn about the
underlying dimensions of emotional experience using unsuper-
vised learning methods. And finally, we present computational
analyses used to study the link between discrete emotions and
componential model of emotion and analyse the importance of
different descriptors in component model. We have also looked
into the potential effect of personality traits on experienced
emotion. The main contributions of this work are as follows:
first, this study is among the first works that investigate the
mapping between discrete emotions and the full componential
model using a data-driven approach; second, most previous
studies have only focused on empirical assessments of discrete
emotions in terms of semantic profiles rather than reporting on
actual emotional experience which is the focus of this work;
third, we examine the importance of different components as
well as different descriptors in predicting discrete emotions;
and finally, this work goes beyond just labelling each profile
with one discrete emotion and instead predicts the degree to
which each discrete emotion is felt.

The current manuscript is an extension to the previous
work presented in the International Conference on Affective
Computing and Intelligent Interaction [18] and introduces
more comprehensive analyses and evaluations, including a
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relationship analysis between personality and affects to better
understand how personality modulates the experienced emo-
tion.

II. BACKGROUND

A. Component Process Model

Component process model (CPM) is an alternative view
to explain emotions which borrows elements of dimensional
models, as emergent results of underlying dimensions, and
elements of discrete model, that postulates different subjective
qualities, and enriches those by adding a layer of cognitive
mechanism at the basis of emotional experience. This model
assumes a series of cognitive evaluation on different levels
of processing which introduces more flexibility and can ac-
count for individual and contextual differences in emotional
responses to the same stimuli. Furthermore, such model can
accomodate the non-prototypical and mixed/fuzzy emotion
categories [19], as well.

According to component process model of emotion, the
subsystem changes in an organism are driven by parallel
appraisals which reflect the subjective assessment of an event
and activates changes in other subsystems. In this model, every
emotional experience arises from coordinated changes in five
components which starts with 1) the appraisal component that
implies evaluating the event/situation with respect to personal
significance, implications for goals, coping potential, novelty,
and compatibility with norms; the evaluations are drawn from
memory and goal representations and examine the relevance
of the event and its consequence for the organism’s well-
being. The changes in this component trigger changes in
the other four main components including: 2) a motivation
component that defines changes in action tendencies (e.g.
fight, flight or freeze) and prepares for appropriate response(s);
3) a physiological component that encompasses changes in
peripheral autonomic activity (e.g. changes in heart rate or
respiratory rate) and occurs based on the appraisal results and
associated motivational changes; 4) an expression component
that involves changes in expressive motor behavior such as fa-
cial expression, body gestures/postures and also gets activated
similar to physiology component as a result of the appraisal
and motivation components; and finally 5) a feeling component
that reflects the conscious experience associated with changes
in all other components, usually described by people with
some categorical labels (like anger, happiness, sadness and
so on) [17]. (see Figure 1)

CPM defines a series of cognitive assessments which can
potentially predict which emotion would be experienced based
on the appraisals. The appraisals can be seen as the causal
mechanism for modifying action tendencies and then these
two components together are the basis of changes in physi-
ology and expression components. The relationship between
different discrete emotions and the underlying components
are studied in two ways of theory-driven and data-driven
modelling; in theory-driven models, the componential emotion
theorists propose a particular profile for each discrete emotion
(a top-down model) and they specify which combination of

Event/stimulusEvent/stimulus

Appraisal 
component

Physiology 
component

Motivation 
component

Expression 
component

Feeling 
component

Fig. 1. Component Model of Emotion with five components, as suggested
by Scherer; It starts by Appraisal of the event which leads to changes in
Physiology, Motivation and Expression components, and changes in all those
four components bring us to a Feeling state.

appraisal criteria produces a certain discrete emotion, usually,
from a limited set of emotions [20], [21]. One important
assumption in theory-driven approaches is the interaction be-
tween appraisal criteria which typically imposes a hierarchical
structure in which different criteria interact in a decision-tree
sort of architecture. A main criteria appears at the top of
the tree and separates major categories of emotions followed
by interactions at lower levels that differentiate more specific
categories of emotions. In most of such theories, the relevance
criteria appears at the top level and is an indicator of whether
any emotion has been elicited or not. The most dominant
criteria after relevance is goal compatibility which examines
the event in terms of its impact on one’s goals and desire
and therefore is assumed to differentiate between positive and
negative emotions.

In contrast, data-driven models use data to define the link
between discrete emotion and their representation in compo-
nential space (a bottom-up model). Here, the idea is to collect
data on emotional experience and let the computational models
to detect the relation between discrete emotions and their
componential representations. The main advantage of such ap-
proaches is that they posit fewer assumptions on the nature of
the relationship and let the data to determine that. Most of the
data-driven approaches have only focused on the relationship
between discrete emotions and appraisal component and only
very few works have looked into the full componential process
model. Some of these studies have focused on discriminative
power of appraisal component for discrete emotion categories
and their reported accuracies varies between 27% to 80%
depending on the number of emotion categories they have
taken into account [22]–[26]. Other studies investigated the
link between specific emotions and specific appraisals by
either manipulating the appraisal [27]–[29] or observed data
[30]–[32]. There is only one recent study that has taken similar
approach with a different experimental setup, using virtual
reality for emotion elicitation [33]. Participants played 7
games and evaluated their experience in terms of the intensity
for 20 qualitative discrete emotion categories of the Geneva
Emotion Wheel (GEW) and 39 descriptors from CoreGRID
questionnaire (see section material and assessment). However,
further analyses revealed that only fear and joy are involving a
broad pattern of component responses and can be used in the
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subsequent modelling. Therefore, only two categories of fear
and joy are modelled as a function of a set of component model
descriptors. They applied a multilevel models using forward
stepwise modelling. For fear, the best model with 9 descriptors
has achieved a marginal R2 of 0.62 and conditional R2 of
0.69 and for joy the best model is achieved with 3 predictors,
resulting a marginal R2 of 0.26 and conditional R2 of 0.66.
The main limitation of that study was the lack of variety in
the elicited emotions and appraisal criteria.

B. Personality

Personality is defined as a latent construct accounting for
“individuals characteristic patterns of thought, emotion, and
behavior across various situations, together with the psy-
chological mechanisms - hidden or not - driving those pat-
terns” [34]. Different models of personality has been proposed
to capture these latent traits [35], however the most widely
used representation is the Big Five (BF) model which captures
the most phenotypic individual differences through five major
factors [36] corresponding to:
• Extraversion: Active, Assertive, Energetic, etc.
• Agreeableness: Appreciative, Kind, Generous, etc.
• Conscientiousness: Efficient, Organized, Planful, etc.
• Neuroticism: Anxious, Self-pitying, Tense, Unstable, etc.
• Openness: Artistic, Curious, Imaginative, etc.

In the BF model, personality is represented with five scores,
each corresponding to one of the traits. These scores are
measured through some standard questionnaires and in this
work we have used Big Five Inventory 10 (BFI-10), which is
a short personality questionnaire with 10 items selected from
the full BFI questionnaire (44 items) based on their higher
correlation with the personality trait scores [37].

Although the main focus of this study is on the organisation
of discrete emotion in componential space, we were also
interested to look at the potential effect of personality on
experienced emotions to see whether personality modifies
the experienced emotion. Individual differences and biases
may influence the engagement of different appraisal processes
in different people and thus contribute to generate different
affective responses in different people.

C. Personality and Emotion

People are different in the way they perceive and react
to emotional information, but such differences are not solely
captured by their personality characteristics. Nevertheless,
such dispositions have the potential to affect our emotional
behavior; and therefore, it is important to consider personality
differences to better understand why people differ in their
emotional reactions. The association between personality and
emotion has been largely studied in social psychology and
several studies have shown that personality traits affect our
emotional experience [38]. Such associations are important
since they can reveal the link between personality traits
and psychopathology and potentially explain the mechanism
by which certain characteristics of personality can lead to
higher rates of psychopathology. For example, experiencing

higher levels of negative affect and being more reactive
to internal/external stressors can increase the likelihood of
certain psychological disorders [39], and chronic cognitive
biases can favor maladaptive responses to stressful situation
and thus contribute to the emergence of mood and anxiety
disorders [40].

Most of such studies have mainly looked at the relationship
between personality and dimensional model of emotion [41],
but their findings are sometimes in contrast to each other. For
example [42] found that Neuroticism is negatively correlated
with positive valence, but [43] observed a positive correlation
between Neuroticism and valence in negative stimuli, with no
significant correlation in positive stimuli. Similarly, [42] , [44]
and [45] all reported positive correlated between Neuroticism
and arousal, however, [44] and [45] showed that the correlation
is stronger for negative-valence stimuli. Most studies have
associated Extraversion with positive valence [40], [46]–[48] .
A negative correlation between Extraversion and arousal was
noted in [44] which was also reported in [49], though [50]
reported positive correlation between both Extravert and Neu-
roticism with arousal. Agreeableness and Conscientiousness
have been linked to higher positive affect [38], [48], [51],
[52] and although several studies have reported no significant
correlation between Openness to experience and positive or
negative affect [48], [53], a meta-analysis has associated this
trait with higher positive affect [38].

The role of personality in appraisal biases has also been
considered in multiple studies [54]. However, datasets for
studying personality-appraisal relationships quantitatively are
scarce. In one such study [52], Neuroticism was shown to be
negatively correlated with perceived control and certainty, and
positively correlated with Unfairness and moral violation (at
p < 0.01) . Extraversion, Agreeableness and Openness did
not show any significant correlation with any of appraisals
(at p < 0.01). Conscientiousness showed significant positive
correlation with perceived control and negative correlation
with unfairness and moral violations (at p < 0.01). The role
of personality on motivation has also been postulated in some
studies [55], however we could not find any work that have
considered the full componential framework.

Therefore, while multiple studies have looked into such
associations, the results are somewhat mixed or insufficient
and further analyses are necessary to better understand how
personality traits affect our emotional experience. So, one aim
of this study is to explore the relationship between personality
traits and different emotions in the perspective of appraisal
processes that are postulated by componential theories of
emotion. According to the results from majority of literature,
our initial hypotheses are that Extraversion, Agreeableness,
Conscientiousness and Openness are positively correlated with
positive affect, whereas, Neuroticism is positively associated
with negative affect and negatively with positive affect. We
also assume that the effect of personality on discrete emotions
can not be fully explained by the relationship between per-
sonality and valence/arousal dimensions and considering the
full componential model might be essential in justifying the
effect.
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III. APPROACH

A. Material & Assessment

The first step to analyse emotions from CPM perspective is
to elicit a wide variety of emotions to span the componential
space as much as possible. To elicit different emotions we
made use of film excerpts. The use of film excerpts for emotion
elicitation has been well established in empirical studies of
affects due to their desirable characteristics including being dy-
namic, readily standardized, accessible and ecologically valid
[56]. Several studies have already shown the efficacy of film
stimuli in inducing different emotions [56]–[59]. Moreover,
films are considered as naturalistic stimuli which can induce
even complex emotions like nostalgia and empathy [60] or
mixed emotions.

To select a set of emotionally engaging film excerpts a
collection of 139 video clips from the well-known literatures
on emotion elicitation was selected [56], [57], [59], [61] based
on availability. The emotion assessment was done in terms
of discrete emotions and componential model descriptors. We
used a modified version of Differential Emotion Scale to
evaluate 14 discrete emotions namely fear, anxiety, anger,
shame, warm-hearted, joy, sadness, satisfaction, surprise, love,
guilt, disgust, contempt and calm [62], [63]. For component
model we used a questionnaire with 39 descriptive items which
is a subset of CoreGRID instrument with 63 items representing
activity in all five major components [22]. The item selection
was performed based on the applicability to the emotion
elicitation scenario which is a passive emotional response to
an event in a video clip, rather than an active involvement in
a situation. For example items such as “it was caused by my
own behavior” or “it was important and relevant for my goals”
were removed from the list as the answer to such items would
always be ”No” in this scenario and therefore they will be non-
informative to the analyses due to absence of any variance. We
also made sure that the collected items represent all five major
components (appraisal, motivation, expression, physiology and
feeling). Please note that removing items will not affect the
psychometric properties of the CoreGRID instrument, as the
tool is not developed to measure any construct and it is rather
used to represent the semantic profile of each emotion across
different components. Table 1 summarises the items used in
the experiment along with BFI-10 personality questionnaire
and the list of discrete emotions that were assessed.

B. Experimental Setup

The assessment was done through a web interface using
CrowdFlower, a crowdsourcing platform which allows ac-
cessing an online workforce to perform a task. The selected
workforce was limited to native English speakers from USA
or UK. Every task was estimated to take on average 10 min
according to a pilot test and the reward was set at 10¢(USD)
per task (an effective hourly wage of $6.6 (USD)). The quality
control of the assessments was taken care of by means of
six test questions about the content of the clip. For example,
participants had to indicate whether they have seen an animal
in the scene, whether there was any sport activity or whether
they heard a gunshot while watching the clip. These questions

Big Five Inventory 10 (BFI-10)
1 This person is reserved
2 This person is generally trusting
3 This person tends to be lazy
4 This person is relaxed, handles stress well
5 This person has few artistic interests
6 This person is outgoing, sociable
7 This person tends to find fault with others
8 This person does a thorough job
9 This person gets nervous easily

10 This person has an active imagination
GRID Questionnaire Component
While watching this movie, did you...

1 think it was incongruent with your standards/ideas? Appraisal
2 feel that the event was unpredictable ? Appraisal
3 feel the event occurred suddenly? Appraisal
4 think the event was caused by chance? Appraisal
5 think that the consequence was predictable? Appraisal
6 feel it was unpleasant for someone else? Appraisal
7 think it was important for somebody?s goal or need? Appraisal
8 think it violated laws/social norms? Appraisal
9 feel in itself was unpleasant for you? Appraisal

10 want the situation to continue? Motivation
11 feel the urge to stop what was happening? Motivation
12 want to undo what was happening? Motivation
13 lack the motivated to pay attention to the scene? Motivation
14 want to destroy s.th.? Motivation
15 want to damage, hit or say s.th. that hurts? Motivation
16 want to tackle the situation and do s.th.? Motivation
17 have a feeling of lump in the throat? Physiology
18 have stomach trouble? Physiology
19 experience muscles tensing? Physiology
20 feel warm? Physiology
21 sweat? Physiology
22 feel heartbeat getting faster? Physiology
23 feel breathing getting faster? Physiology
24 feel breathing slowing down? Physiology
25 produce abrupt body movement? Expression
26 close your eyes? Expression
27 press lips together? Expression
28 have the jaw drop? Expression
29 show tears? Expression
30 have eyebrow go up? Expression
31 smile? Expression
32 frown? Expression
33 produce speech disturbances? Expression
34 feel good? Feeling
35 feel bad? Feeling
36 feel calm? Feeling
37 feel strong? Feeling
38 feel an intense emotional state? Feeling
39 experience an emotional state for a long time? Feeling

Discrete Emotions
While watching this movie, did you feel...

1 fearful, scared, afraid?
2 anxious, tense, nervous?
3 angry, irritated, mad?
4 warm, hearted, gleeful, elated?
5 joyful, amused, happy?
6 sad, downhearted, blue?
7 satisfied, pleased?
8 surprised, amazed, astonished?
9 loving, affectionate, friendly?

10 guilty, remorseful?
11 disgusted, turned off, repulsed?
12 disdainful, scornful, contemptuous?
13 calm, serene, relaxed?
14 ashamed, embarrassed?

TABLE I
THE QUESTIONNAIRUSED IN THE EXPERIMENT OF THIS WORK WHICH
INCLUDED THREE PARTS INCLUDING ASSESSMENT OF PERSONALITY,

GRID FEATURES AND DISCRETE EMOTIONS
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were designed to ensure that participants had watched the clip
thoroughly and if there were more than 4 wrong answers, the
data has been discarded.

Participants were required to first self-assess their person-
ality using the Big Five Inventory 10 (BFI-10) question-
naire [37], then watch the video clip and finally completing
the GRID and discrete emotion questionnaires by rating how
much each question described their feeling or experience on
a 5-points likert-scale with 1 associated to “not at all” and
5 associated to “strongly”. Participants were instructed to let
themselves to freely feel the emotions and express them rather
than controlling the feelings and then reflect on what they felt
in the assessment rather than “what they think they should
feel”. In a pilot study, a set of 5 assessments was collected per
each clip and 99 video clips from the original set were selected
based on the intensity of induced emotion(s) and the emotion
discreteness. In the second round of assessments, 10 more
judgments were collected for each clip to provide a higher
statistical power for inference of emotionality. No clip with
high ratings for shame, warm-hearted, guilt and contempt were
found, so these four emotions were excluded from the list of
elicited emotions. The total duration of the dataset is about 3.7
hours with an average length of 133.8 seconds for each clip.
Overall 1792 validated survey results from 638 workers (358
males, mean-age = 34, SD = 11 )were collected from which
1567 surveys belonged to the 99 selected clips with at least
15 assessments per video clip, gathered from 617 participants
(workers with unique ID). Figure 2 show the distribution of
number of surveys completed per worker. To evaluate the
power of selected video clips in inducing a wide range of
emotions, Figure 3 represent the portion of samples within
each ranking group across all discrete emotions. Overall, the
ratings cover the whole range of the continuum, however it
is more skewed towards the lower end particularly for anger,
joy, satisfaction and love.

IV. ANALYSIS & RESULTS

A. Cluster Analysis

To investigate the similarity between different discrete emo-
tions in componential space, we ran a clustering analysis on
the componential profile of discrete emotions. The compo-
nential profile of each discrete emotion was estimated using a
weighted average of normalised GRID-feature ratings where
the weight for each observation is proportional to its rating for
that specific discrete emotion. For example, if there is a set of
n ratings for GRID features {r1, . . . , rn}, where each vector is
described by d = 39 ratings (ri ∈ R39) and a corresponding
set of n ratings for discrete emotions {w1, . . . ,wn} where
each vector is described by d = 10 ratings (wi ∈ R10)
and wij is the rating for discrete emotion j in sample i, the
componential profile (CP ) for discrete emotion j is defined
as:

CPj =

∑n
i=1 wijxi∑n
i=1 wij

(1)

Each CPj is a vector representing the class centroid corre-
sponding to one discrete emotions j. A hierarchical clustering
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Fig. 2. Distribution of number of surveys completed per participant. The chart
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Fig. 3. Distribution of rankings in each discrete emotion. Each colour shows
the proportion of samples with corresponding ranking.

analysis based on Ward’s method, which applies an agglomer-
ative hierarchical clustering procedure over squared Euclidian
distance, was performed on the class centurions [64]. At the
high-level, our results suggest a clear distinction between
positive versus negative emotions, while five main clusters are
observed at the lower level (Figure 4). These included clusters
for happiness (joy, satisfaction, love), serenity (calm), distress
(fear, anxiety, disgust, sadness), anger, and surprise. These
findings demonstrate that theoretically meaningful clusters
were deriven from our set of features, and thus validates the
experimental paradigm and its success in eliciting different
emotion categories with expected characteristics.

B. Dimensional Analysis

In the second step to reveal the main factors underpinning
an emotional experience with greatest variance, we applied a
Principal Component Analysis (PCA) to the GRID features
[65]. We selected the first six principal components which
accounted for about 59% of the total variance. The reason for
choosing only six components was due to gaining little vari-
ance by retaining more components. A Varimax rotation was
applied to simplify the interpretation of each sub-dimension
in terms of just few major items. The interpretation of these
six dimensions is based on their relationships with the GRID
features. Figure 5 demonstrates the coefficients for each of the
six components. The first component (30% of total variance)
loads mostly on items related to motivation (e.g. tendency to
destroy something or say something), expressions (e.g closing
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eyes, showing tears) and changes in physiology which can be
interpreted as action tendency. The second component (14% of
total variance) which is mainly correlated with items in feeling
component (e.d feeling good, not feeling bad, feeling calm),
smile and feeling warm seems to encode pleasant feeling
(vs. unpleasant feeling). The third component (5% of total
variance) encodes appraisal of suddenness and unpredictabil-
ity that together can be interpreted as novelty checks. The
forth component (4% of total variance) is heavily loaded on
appraisal items related to violation of norms and standards
which is unpleasant for self and others, that can represent
the valuation of norms. The fifth component (4% of total
variance) has high correlation with long and intense emotional
experience with high breathing rate and fast heartbeat that
together represent the arousal state. The sixth component (3%
of total variance) which has been characterised by a relatively
high loadings on relevance for somebody’s goal in appraisal
component and high motivation for taking some actions with-
out high loadings in body and physiological changes that
comes with feeling strong can be interpreted as appraisal of
goal relevance. These factors are in line with the findings
of previous studies based on similar component models [66],
and confirm that in order to characterise different emotional
experience, more than two dimensions of valence and arousal
are needed to capture the commonality and specificity of
different types of emotions.

C. Modelling

The last step consists in modelling and predicting the
categorical emotion label from the GRID features. To evaluate
the capacity of using GRID features to predict the categor-
ical emotions, first we simplified the problem to a binary
classification. To do so, we grouped the ratings for each
categorical emotion into two classes of “high” (equal or
above the median) and “low” (below the median). Initially,
one Logistic Regression (LR) classifier per each categorical
emotion was trained and tested using k-fold cross validation
method with k = 10. At each iteration of training, one fold

was left out as the test set to evaluate the generalisability of
the model to unseen data. The folds were selected such that the
samples from one assessor appear only in one fold to ensure
that the training and test sets are independent. To evaluate
nonlinear relationships and the effect of feature interactions,
further models were also applied including Random Forest
and nonlinear Support Vector Machine (SVM) with gaussian
kernel. Although, results showed marginal improvement com-
paring to Logistic Regression and linear SVM, the difference
is not statistically significant and it is hard to conclude that
nonlinear models can capture the relationship between GRID
features and discrete emotions, better.

Figure 6 shows the accuracy of the binary classifications
for each category and the corresponding baseline. For all cate-
gories and all different models, accuracy is significantly higher
than baseline (p < 0.001), however the best performances are
for joy, satisfaction, calm and sadness in which the first three
share very similar characteristics given that the calm category
in our dataset comes with more positive valence (see Figure 4).

The binary classification results demonstrated the capacity
of GRID features in making distinction between high and low
values of each categorical emotion. However, the assessments
of discrete emotions are in the form of qualitative ratings
of individual items (e.g., from 1 for ”not at all” to 5 for
”strongly”). Although no explicit measure of distance can
be defined between adjacent categories, the ratings possess
properties of ordinality (e.g., ”to some extent” > ”not at
all”). Therefore to find the mapping between each discrete
emotion rating and its representation in GRID space, the more
appropriate approach is to apply some form of preference
learning. In this work, we used Ordinal Regression based on
Proportional Odds model.

Ordinal Regression (OR) is a well suited approach for
automatically predicting an ordinal variable [67]. In OR, a
set of n samples {x1, . . . ,xn}, each described by d features
(xi ∈ Rd), is associated with a set of labels {y1, . . . , yn}
selecting one of r ordered categories in C = {1, . . . , r}
representing the ranking of the corresponding inputs. Let
y = (y1, . . . , yn)

T and X be the n × d matrix obtained by
stacking the input vectors by row.

Proportional Odds Model (POM) uses cumulative probabil-
ities as follows:

log

[
p(y ≤ h|x)
p(y > h|x)

]
= αh + xTβ, (2)

which assumes that the logarithm of proportional odds on
the left hand side can be expressed as a linear combination
of covariates with parameters β and a bias term αh which
depends on h, with α = (α1, . . . , αr). It can be shown that
the above is equivalent to:

p(y ≤ h|x, ) = 1

1 + exp[−(αh + xTβ)]
= l(αh + xTβ) (3)

where l(z) is the logistic function and the probabilities for the
observed yi can be obtained from p(yi = h|xi) = l(αh +
xT
i β) − l(αh−1 + xT

i β) for h > 1 and p(yi = h) = l(α1 +
xT
i β) for h = 1. The parameters of the model β are estimated

using Maximum Likelihood and can be used to interpret the
relation between features and the response variable.



IEEE TRANSACTIONS ON AFFECTIVE COMPUTING 7

-0.5
-0.25

0
0.25
0.5

PC
1

Appraisal
Motivation
Physiology
Expression
Feeling

-0.5
-0.25

0
0.25
0.5

PC
2

-0.5
-0.25

0
0.25
0.5

PC
3

-0.5
-0.25

0
0.25
0.5

PC
4

-0.5
-0.25

0
0.25
0.5

PC
5

-0.5
-0.25

0
0.25
0.5

PC
6

-0.5
-0.25

0
0.25
0.5

PC
1

Appraisal
Motivation
Physiology
Expression
Feeling

-0.5
-0.25

0
0.25
0.5

PC
2

-0.5
-0.25

0
0.25
0.5

PC
3

-0.5
-0.25

0
0.25
0.5

PC
4

-0.5
-0.25

0
0.25
0.5

PC
5

-0.5
-0.25

0
0.25
0.5

PC
6

-0.5
-0.25

0
0.25
0.5

PC
1

Appraisal
Motivation
Physiology
Expression
Feeling

-0.5
-0.25

0
0.25
0.5

PC
2

-0.5
-0.25

0
0.25
0.5

PC
3

-0.5
-0.25

0
0.25
0.5

PC
4

-0.5
-0.25

0
0.25
0.5

PC
5

-0.5
-0.25

0
0.25
0.5

PC
6

-0.5
-0.25

0
0.25
0.5

PC
1

Appraisal
Motivation
Physiology
Expression
Feeling

-0.5
-0.25

0
0.25
0.5

PC
2

-0.5
-0.25

0
0.25
0.5

PC
3

-0.5
-0.25

0
0.25
0.5

PC
4

-0.5
-0.25

0
0.25
0.5

PC
5

-0.5
-0.25

0
0.25
0.5

PC
6

-0.5
-0.25

0
0.25
0.5

PC
1

Appraisal
Motivation
Physiology
Expression
Feeling

-0.5
-0.25

0
0.25
0.5

PC
2

-0.5
-0.25

0
0.25
0.5

PC
3

-0.5
-0.25

0
0.25
0.5

PC
4

-0.5
-0.25

0
0.25
0.5

PC
5

-0.5
-0.25

0
0.25
0.5

PC
6

-0.5
-0.25

0
0.25
0.5

PC
1

Appraisal
Motivation
Physiology
Expression
Feeling

-0.5
-0.25

0
0.25
0.5

PC
2

-0.5
-0.25

0
0.25
0.5

PC
3

-0.5
-0.25

0
0.25
0.5

PC
4

-0.5
-0.25

0
0.25
0.5

PC
5

-0.5
-0.25

0
0.25
0.5

PC
6

-0.5
-0.25

0
0.25
0.5

PC
1

Appraisal
Motivation
Physiology
Expression
Feeling

1.
in

co
ng

ru
en

t w
ith

 s
ta

nd
ar

ds
2.

 u
np

le
as

an
t f

or
 m

e
3.

 v
io

la
tin

g 
la

w
s/

so
ci

al
 n

or
m

s
4.

 u
np

le
as

an
t f

or
 s

.b
. e

ls
e

5.
 im

po
rta

nt
 fo

r s
.b

. g
oa

l
6.

 u
np

re
di

ct
ab

le
 e

ve
nt

7.
 o

cc
ur

re
d 

su
dd

en
ly

8.
 c

au
se

d 
by

 c
ha

nc
e

9.
 p

re
di

ct
ab

le
 c

on
se

qu
en

ce
10

. w
an

te
d 

to
 d

es
tro

y 
s.

th
.

11
. w

an
te

d 
to

 h
it/

sa
y 

s.
th

.
12

. f
el

t t
he

 u
rg

e 
to

 s
to

p
13

. w
an

te
d 

to
 u

nd
o 

th
e 

si
tu

at
io

n
14

. w
an

te
d 

th
e 

si
tu

at
io

n 
to

 c
on

tin
ue

15
. n

o 
m

ot
iv

at
ed

 to
 p

ay
 a

tte
nt

io
n

16
. w

an
te

d 
to

 ta
ck

le
 th

e 
si

tu
at

io
n

17
. m

us
cl

es
 te

ns
in

g
18

. f
ee

lin
g 

of
 lu

m
p 

in
 th

e 
th

ro
at

19
. h

ad
 s

to
m

ac
h 

tro
ub

le
20

. h
ea

rtb
ea

t g
et

tin
g 

fa
st

er
21

. b
re

at
hi

ng
 g

et
tin

g 
fa

st
er

22
. s

w
ea

t
23

. f
el

t w
ar

m
24

. b
re

at
hi

ng
 s

lo
w

in
g 

do
w

n
25

. p
re

ss
ed

 li
ps

 to
ge

th
er

26
. f

ro
w

ne
d

27
. s

m
ile

d
28

. c
lo

se
d 

ey
es

29
. s

ho
w

ed
 te

ar
s

30
. h

ad
 th

e 
ja

w
 d

ro
p

31
. h

ad
 e

ye
br

ow
 g

o 
up

32
. p

ro
du

ce
 a

br
up

t b
od

y 
m

ov
em

en
t

33
. p

ro
du

ce
d 

sp
ee

ch
 d

is
tu

rb
an

ce
s

34
. f

el
t b

ad
35

. f
el

t c
al

m
36

. f
el

t g
oo

d
37

. f
el

t s
tro

ng
38

. f
el

t a
n 

in
te

ns
e 

em
ot

io
na

l s
ta

te
39

. i
n 

a 
lo

ng
 e

m
ot

io
na

l s
ta

te

-0.5
-0.25

0
0.25
0.5

PC
2

Fig. 5. Coefficients of the first six principal components of GRID features. The features of different components are colour-coded differently. To interpret each
sub-dimension (principal component ), items are considered according to their weights. We interpret these dimensions as action tendency, pleasant feeling,
novelty, valuation of norms, arousal and goal relevance, respectively.

Fear Anxiety Anger Joy Sad Satisfied Surprise Love Disgust Calm
Appraisal 1.08 1.01∗ 1.21 1.54 1.31 1.29 1.04∗∗ 1.49 0.98∗ 1.2
Motivation 1.07∗ 0.97∗∗ 1.07∗ 1.45 1.18 1.16 1.26 1.52 1.09∗ 1.09
Physiology 0.92∗∗ 0.88∗∗ 1.33 1.43 1.30 1.29 1.29 1.23 1.29 1.13
Expression 1.04∗∗ 0.91∗ 1.09∗ 0.81∗∗ 1.15 0.86∗∗ 1.13 1.04∗ 1.09 1.14
Feeling 0.95∗∗ 0.86∗∗ 1.06 0.98∗ 0.92∗∗ 0.82∗∗ 1.22 0.99∗ 1.10 0.80∗∗

All Components except Feeling 0.80∗∗ 0.74∗∗ 0.91∗∗ 0.76∗∗ 0.95∗∗ 0.79∗∗ 0.92∗∗ 0.92∗∗ 0.89∗∗ 0.94∗∗

All Components 0.77∗∗ 0.73∗∗ 0.83∗∗ 0.70∗∗ 0.83∗∗ 0.69∗∗ 0.89∗∗ 0.86∗∗ 0.89∗∗ 0.78∗∗

TABLE II
PERFORMANCE OF Ordinal Regression FOR PREDICTION OF EACH DISCRETE EMOTION RANKING FROM GRID FEATURES OF ONE COMPONENT OR ALL
COMPONENTS TOGETHER. NUMBERS REPRESENT MAEM AND THE BASELINE MAEM FOR TRIVIAL ORDINAL RANKING MODEL IS 1.2 FOR ALL OR

MODELS. ASTERISKS SHOW LEVEL OF SIGNIFICANCE WHERE ∗ MEANS p < 0.01 AND ∗∗ MEANS p < 0.001. NUMBERS IN BOLD SHOW THE BEST
PERFORMANCE FOR EACH DISCRETE EMOTION.
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Fig. 6. Accuracy of different models for binary classification of the discrete
emotions using GRID features. Error bars represent standard deviation of the
accuracy from 10-fold cross validation.

For each discrete emotion category we first performed five
OR models to predict the rating from one component at the
time (e.g. appraisal, expression, etc.) to evaluate the predictive
power of different components for each discrete emotion,
separately. Then we predicted emotions once using all five
components (all GRID features) and next from all components
except feeling to assess the strength of components that do not
directly measure the feeling in prediction of discrete emotions,
which is a more plausible scenario in automatic emotion
recognition. A 10-fold cross validation procedure (similar to
above) was performed and to evaluate the performance of the
model we used macro-averaged mean absolute error (denoted
as MAEM ) which is a modified version of mean absolute
error (MAE) to account for imbalanced data classes. MAE
is the average of absolute deviation of predicted rank y∗i from
the actual rank yi: and MAEM is the average of absolute
error across classes:

MAEM =
1

n

r∑
j=1

1

Tj

∑
xi∈Tj

|yi − y∗i | (4)

where Tj is the set of samples, xi, whose true rank is j.
Although MAE is the most common measure for evaluating
ordinal regression models, it is not robust against imbalanced
dataset. Therefore, we use MAEM which is a more rigor-
ous metric to account for imbalanced ordinal classes [68].
Table II reports the evaluation of the model on each discrete
emotion. The results suggests that although expression, the
most dominant component in the field of automatic emotion
recognition, is a powerful component to predict most of the
categories, it may not be as discriminative for some of the
categories such as sadness, surprise, disgust and calm (at
least in this context). This means that such categories can
be more of an internal state without any external expression.
However, for sadness and calm, feeling component which
mainly captures valence and arousal in our experiment is more
predictive. For surprise and disgust, appraisal component is
the most informative component due to capturing the internal
evaluation of unpredictability and anti-sociality. Physiology

component shows high distinction power for fear and anxiety
and low distinction power for joy. As expected motivation
component is more discriminative for fear, anxiety, anger and
disgust, where people usually show more action tendencies
to tackle or stop the situation. Using all components result
significant improvements in all emotion categories emphasis-
ing the importance of taking the full componential model into
account. And finally, removing feeling component leads to a
decrease in MAEM in almost all emotions, except disgust,
when compared against using all components. The largest
gap appears in calm, followed by sad and satisfied which
indicate the importance of feeling component in prediction
of those emotions. All together, these findings suggest that
no single component is enough to capture the difference
of all categories and adding components like appraisal and
motivation which can be captured to some extent by including
context can potentially improve the results significantly. This
finding is similar to what was reported in [33] that a subset
of features from all components resulted the best performance
for joy and fear, however at individual component level, our
finding is in contrast to what they found in which appraisal
was the most predictive component for joy and fear. This
difference can be partially explained by the different emotion
elicitation procedures, active vs passive where the former has
higher personal relevance and subsequently stronger appraised
concerns.

To evaluate the importance of each GRID features in the
prediction of different emotions, we analysed the β coeffi-
cients of the OR model. Coefficients with higher values, have
higher impact in the classification of a particular emotion
from the GRID features (see Fig. 7) . Analysing coefficients
shows that one of the most important features for almost all
discrete emotions is smile, which shows positive relation with
positive emotions and negative relation with negative emotions
as expected. This suggest that smile is a good indicator of the
emotion valence at a high level. Features related to appraisal
seem more informative for surprise, disgust, anxiety and anger.
Appraisals of unpleasantness, violation of social norms and
suddenness indicate higher relevance for different emotions.
As expected, a number of features in motivation component
are relevant for anger which are indicating tendency to take
some actions. This is opposite to calm that shows lack of
tendency to take any action. For sadness, undoing the event
is the most important features while for surprise and satisfied
continuing the ongoing situation is among the more relevant.
The physiology component is more relevant for anxiety and
fear with tensed body muscle, heart rate and respiratory rate
among the most important features to rank them. Feeling
warm is an informative feature for love, and relaxed body
muscle (opposite of tensed body muscle) is a good indicator
for calmness. In expression component, beside smile, frowning
is a good indicator for anger and disgust, showing tears is an
informative sign of sadness, eyebrows going up and jaw drop
are mostly relevant in surprise and finally producing speech
disturbances is more an indicator of disgust.
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Fig. 7. Coefficients of the OR model for each discrete emotion. Features from different components are colour-coded differently. Please note that, for the
purpose of better visualisation, the scale of y-axis is different for different emotions.

D. Personality-Emotion Relationship

To examine the relationship between personality and emo-
tion and how personality may affect the level of experienced
emotion, we conducted three correlation analyses: the first
one between personality and questions related to feeling
component (that mainly encode for valence and arousal) so
that would be directly comparable with the results in majority
of literature that have mainly focused on dimensional model,
the second one between personality and discrete emotions
and the last one between personality and component model
descriptors. We postulate that feelings and discrete emotion
correlations reflect the individual differences in emotional
experience resulting from variations in appraisals of external

events. As participants have reported the emotion across
different stimuli, and the assessments are in the form of rank-
ings (likert-scale), we applied partial Spearman correlation.
Table III and Table IV report the partial correlation coefficients
between personality traits and, feeling component and discrete
emotions, respectively. No correction has been applied to the
correlation coefficients.

The feeling component has been described through six items
including: feeling bad, feeling calm, feeling good, feeling
strong, feeling an intense emotion and experiencing a lasting
state. The correlation analysis indicates significant correla-
tions between Neuroticism and feeling bad and feeling calm
indicating that people with higher levels of neuroticism feel
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Extraversion −0.02 +0.04 +0.10∗∗ +0.16∗∗ +0.00 +0.05
Agreeableness +0.01 −0.03 +0.02 −0.03 −0.03 +0.02
Conscientiousness −0.04 −0.02 −0.04 +0.04 +0.00 −0.04
Neuroticism +0.08∗ −0.08∗ −0.06 −0.14∗∗ +0.05 +0.05
Openness +0.05 −0.07∗ −0.18∗∗ −0.14∗∗ −0.03 −0.12∗∗

TABLE III
PARTIAL CORRELATION BETWEEN PERSONALITY AND FEELING COMPONENT. ASTERISKS INDICATE LEVEL OF SIGNIFICANCE WHERE ∗ CORRESPONDS

TO p < 0.01 AND ∗∗ CORRESPONDS TO p < 0.001

Fear Anxiety Anger Joy Sad Satisfied Surprise Love Disgust Calm
Extraversion −0.06 −0.08∗ −0.01 +0.06 +0.01 +0.06 +0.07 +0.07∗ −0.07∗ +0.07∗

Agreeableness +0.01 +0.02 +0.06 +0.01 +0.02 −0.01 +0.01 +0.02 +0.06 −0.06
Conscientiousness −0.09∗∗ −0.07∗ −0.12∗∗ −0.09∗∗ −0.11∗∗ −0.10∗∗ −0.01 −0.09∗∗ −0.10∗∗ +0.00
Neuroticism +0.12∗∗ +0.16∗∗ +0.13∗∗ −0.04 +0.09 −0.02 −0.03 −0.01 +0.11∗∗ −0.12∗∗

Openness −0.02 −0.05 −0.11∗∗ −0.13∗∗ −0.10∗∗ −0.15∗∗ −0.09∗∗ −0.13∗∗ −0.02 −0.10∗∗

TABLE IV
PARTIAL CORRELATION BETWEEN PERSONALITY AND DISCRETE EMOTIONS. ASTERISKS INDICATE LEVEL OF SIGNIFICANCE WHERE ∗ CORRESPONDS TO

p < 0.01 AND ∗∗ CORRESPONDS TO p < 0.001

Fig. 8. Partial correlation between personality and all CoreGRID items; For the purpose of better visualisation, only statistically significant coefficients with
p < 0.01 are highlighted and the rest are set to zero. CoreGRID items are colour coded according to the component they belong to.

higher levels of negative valence and less calm. However, such
correlation was not found for feeling good which potentially
suggests that Neuroticism does not have significant correlation
with valence in positive stimuli. This is partially in contrast to
our initial hypothesis and is more in line with the findings of
[43], [44] and [45] who also could not find a strong correlation
in positive stimuli. Extraversion showed positive correlations
with feeling good and feeling strong which imply a relation-
ship with positive affect and confirms our initial hypothesis,
but no correlation was found for feeling an intense emotion
or experiencing a lasting state that together can encode for
arousal. Conscientiousness and Agreeableness did not show
any correlation with the items from feeling component, which
is not in line with our initial hypotheses. And finally, Openness

indicates a significant correlation with multiple items and
shows a negative significant correlation with feeling good
which is also opposite to our hypothesis and the findings of
a meta-analysis study in [38]. In addition Openness showed a
significant negative correlation with experiencing intense state,
suggesting that those higher on this trait have experienced
shorter emotional states. No significant correlation was found
between feeling an intense emotion and any of personality
traits in this study.

In the second analysis, we looked at the relationship be-
tween personality and discrete emotions to examine the effect
of personality traits on experiencing a specific emotion. We
hypothesised that the individual differences in the experienced
discrete emotions cannot all be captured by the items related
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to the feeling component (which only captures valence and
arousal changes), and the effect might be different across
different discrete emotions even with similar dimensional
model representations (e.g fear and anger). For Extraversion
we found only marginal relationships with anxiety, love,
disgust and calm and the direction of association is consistent
with what we observed in the first analysis. No significant
correlation was found for Agreeableness which is in accor-
dance with the first analysis as well. Similar to the first
analysis Neuroticism shows significant positive correlations
with all negative emotions and significant negative correlation
with calm without any significant correlation with pleasant
emotions, implying that highly neurotic people experience
higher levels of unpleasant emotions.

Overall, Openness and Conscientiousness showed a larger
number of significant correlations with discrete emotions. In
line with the first analysis all emotions with positive valence
(e.g joy, satisfied and love) have significant negative correla-
tion with Openness; however, negative valence emotions such
as anger and sadness show a significant negative correlation
with this trait; Although this might seem incompatible with our
first correlation analysis which did not show any significant
correlation with feeling bad, we believe this is due to the
effect of personality on other dimensions of emotion such
as action tendency or novelty that are not captured by the
feeling component. Similarly, Conscientiousness that did not
have any significant correlation with any of the feeling items in
the first analysis, shows significant negative correlations with
all discrete emotions except surprise and calm, suggesting that
people with high score for these traits may experience lower
levels of emotions in general or it might be more difficult
to elicit emotions in them. Again, we hypothesise that this
seemingly inconsistent result is due to the effect of personality
on other aspects of emotion like novelty and action tendencies
that are not captured in the feeling component. In order to
examine our hypothesis regarding the effect of personality
on other dimensions of emotion, we also looked at the cor-
relation between personality trait scores and the CoreGRID
descriptors used in this study. Figure 8 depicts the correlation
coefficients and for the purpose of better visualisation, only
those values that were statistically significant with p < 0.01
were highlighted. The result suggests that as hypothesised,
personality can affect aspects of emotion other than feeling
pleasant/unpleasant and arousal. It is particularly evident that
the two personality traits, Conscientiousness and Openness
affect the items related to motivation, physiology and expres-
sion more than the other traits which can help to justify the
incompatibility between the result from first analysis and the
second one. In addition the strength of correlation between
personality traits and some of the CoreGRID descriptors are
much stronger than those found between personality and
discrete or dimensional emotions/

In addition, in a separate analysis, similar to the analysis in
Modelling section , we included the personality scores along
with all other components to predict discrete emotions, but
no improvement in the result was obtained. We believe that
this is due to the fact that emotion components can capture
the individual differences reflected in the personality scores as

shown in the correlation analysis above.

V. CONCLUSION

This paper analysed the relationship between discrete emo-
tions and componential model of emotion which postulates five
major components underlying emotional experience: appraisal,
motivation, physiology, expression and feeling. A set of 1576
surveys of emotional experience assessment was used in the
analysis. The survey included a subset of 39 GRID features
that evaluates the changes in each of the five components along
with an assessment of 10 discrete emotions that participants
had to respond after watching video clips with emotional
content. To the best of our knowledge this is among the
first studies that evaluated the relationship between discrete
emotions and component model of emotion using all five com-
ponents. Moreover, previous studies have mostly focused on
empirical assessment of semantic profile of emotion whereas
this study has focused on the assessment of actual emotional
experience using a data-driven approach.

Four types of analyses were carried out starting by clus-
tering the discrete emotion profiles in componential space,
which yielded a clear distinction between positive and negative
emotions in the high level and separate clusters of happiness,
serenity, distress, anger and surprise in the low level. In
the second analysis, we performed a dimensional reduction
technique to reveal the most important dimensions underlying
the emotional experience. Six dimensions were retained that
represent action tendency, pleasantness, novelty, valuation of
norms, arousal and goal relevance. These dimensions suggest
that more than two dimensions of valence and arousal are
needed to distinguish between different types of emotional
experience. Next, we predicted the rating of each discrete
emotion category from GRID features, first by utilising one
component at a time and then combining all components.
The results are higher than chance level with high statistical
significance for all discrete emotions if we use all com-
ponents, however using individual components decrease the
performance significantly in all categories. The results also
suggest that different components contribute differently to the
prediction of each emotion category. These findings highlights
the importance of taking a multi-componential approach in
recognition of emotions. Finally, we analysed the personality-
affect relationship and observed negative correlation between
Neuroticism and valence in negative stimuli. In addition,
Openness and Conscientiousness showed mostly negative cor-
relations with different emotion categories, suggesting lower
level of emotions for people who have high scores in those
traits. Moreover, we showed that personality traits are corre-
lated with some of the descriptors of different components,
suggesting that personality dispositions can potentially affect
our perception and reaction to an emotional experience by
changing appraisal and motivational components followed by
the physiological and expressional changes.

There are also some limitations in the current study to
be acknowledged. First, the emotional assessments for each
clip is done at global level which neglects the presence of
different events in the clip with potentially different emotional
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content. Therefore, one direction for future work is to limit the
emotional assessment to shorter episodes to have a more fine-
grained assessment. The second limitation is the passive nature
of emotion elicitation in this study, in which participants are
not actively involved in an event with potential implication for
oneself. Therefore, it is important to note that the findings of
this study, at best, applies to passive emotional experience. Vir-
tual reality or interaction scenarios which are more immersive
might be suitable to overcome such a limitation. The third
limitation is collecting data through online platforms rather
than a controlled environment which potentially introduces
more noise to the data. And finally, using self-reports for
components such as physiology and expression that people do
not continuously and consciously monitor may not be very
accurate and objective recording are more desirable.
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