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1 Introduction

Mood provides the affective colouring for all of our day-to-day events and interactions:
when cheerful, we see the world through rose-coloured glasses, and when gloomy, we see
the same world — and everything in it — as dim and grey (Morris, 1989). In previous work,
we have proposed that there are at least three reasons why the phenomenon of mood is
relevant to the discipline of design (viz. Desmet, 2008, 2015). Firstly, insight into mood
can be useful for those wanting to better understand how design can influence consumer
behaviour. When purchasing products and services, people’s preferences are influenced
by their momentary mood states (Maier et al., 2012; Quartier, et al., 2009). Moreover,
mood affects a person’s general purchase willingness (Arnold and Reynolds, 2009) and
post-purchase product evaluations (Gorn et al., 1993; Miniard et al., 1992). Secondly,
insight into mood can help designers seeking to optimise user-product interactions, as
mood influences which products people choose to interact with (Djamasbi and Strong,
2008; Djamasbi et al., 2010), how they want to interact with these products (Wensveen et
al., 2002), which interaction possibilities they explore (Venkatesh and Speier, 1999), and
what kinds of information they process during interaction (Zhang and Jansen, 2009).
Thirdly, insight into mood is useful when designing with the intention to promote user
happiness. A positive mood balance is a key determinant of well-being (Morris, 1999),
while a lasting disturbance of this balance is one of the main causes of human ill-being
(e.g., Peeters et al., 2006).
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Given its pervasive influence on user preferences, behaviour, and general well-being,
it is not surprising that human mood has been a prominent source of inspiration in many
design disciplines. Designers and design researchers have explored a wide variety of
applications for mood-inspired design [for a recent overview, see Desmet (2015)]. The
domain’s broadness is illustrated with some examples in Figure 1. Interior designers have
explored how ambient technology can be used to develop mood-sensitive interiors: a
recent example is the Adaptive Relaxation Space, an interactive space in which the
colour, light intensity and spatial configuration dynamically adapt to stimulate a guided
and gradual mood transition [Figure 1(a); Van de Garde, 2014]. Similar mood-sensitive
ambiance controls are being increasingly implemented in retail and hospitality design.
For example, airline companies like Virgin Atlantic and Singapore Airlines use dynamic
ambient light in an attempt to influence passengers’ moods (Holland, 2011), and the
CitizenM hotel in Amsterdam provides their guests with an ambient controller to
personalise their room’s lighting, temperature, curtain and soundtrack settings according
to their mood [Figure 1(b); Mood-Pad; Philips, 2008].

Figure 1 Four examples of mood in the context of design, (a) influence mood (b) mood ambiance
(c) capture mood (d) express mood (see online version for colours)
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Source: Van de Garde (2014), Philips (2008), Alonso et al. (2008) and Stylios
and Yang (2013)

Many mood-inspired design explorations utilise some form of real-time mood
measurement, either via sensors that measure (psycho-) physiological signals with
wearable devices like wristbands or rings, or through behavioural expressions, such as
body posture, mouse movements, or hand movement when using a pen [Figure 1(c);
Alonso et al., 2008]. Using digital technology, such dynamic mood data is transformed
into meaningful expressions; examples include coloured light in garments [Figure 1(d);
mood-wear; (Stylios and Yang, 2013)], and dynamic surface textures in interior
architecture [textile mirror (Davis et al., 2013)]. Other initiatives explore how dynamic
mood data can support interpersonal interactions. El Kaliouby and colleagues (2006), for
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example, developed °‘social-emotional prosthetics’ that are intended to support
mood-sensitive communication. Others have explored how mood data can be used to
support a user’s personal mood awareness. Examples are affective wearables that
stimulate personal development by providing real-time, personalised mood feedback
[e.g., mood-wings by MacLean et al. (2013)], and a host of apps (e.g., moody-me,
MyMoodTracker, or MoodChart) that support users’ mood awareness by visualising
longitudinal mood data.

Many of these initiatives rely on the ability to measure mood. Mood measurement is
used, for example, to determine people’s moods in a usage context, or to validate
intended user mood effects of new concepts. In addition, mood measurement techniques
are increasingly applied in domains such as health (e.g., McDuff et al., 2012) and
communication (e.g., Church et al., 2010). We propose that this emerging domain of
mood-sensitive design can be strengthened with effective and reliable instruments
dedicated to measuring mood. The present work focuses on the question of how mood
can be measured in the context of design research. Note that a vast number of
emotion-measuring instruments exist, ranging from traditional questionnaires to methods
that track emotion in real-time by measuring expressive or physical manifestations of
emotions. We observed that these methods have also been frequently used to measure
mood. It is, however, important to realise that instruments that measure emotions are not
always suitable for measuring mood as well. To support this proposition, we first discuss
the key features of the mood phenomenon, addressing differences between mood and
emotion. This comparison serves as the foundation for an overview of available methods
used to measure affect in design research, and a discussion of the suitability of these
methods for mood measurement. The overview provides the basis for the development of
Pick-A-Mood, a pictorial scale for the self-report of eight distinct mood states." Even
though Pick-A-Mood was developed with design and design research in mind, it has a
broad applicability because it measures human moods that are universal. The method’s
development and validation is reported, some initial examples of applications are
presented, and future developments are discussed.

2 Mood versus emotion

The words mood and emotion are often used interchangeably, in everyday language as
well as in scholarly writings. This indiscriminate choice of words seems to suggest that
mood and emotion are different words that express a single phenomenon. Indeed, they do
share an important feature: both are valenced affective responses, that is, they involve a
perceived goodness or badness, pleasantness or unpleasantness. When we are angry
(emotion) or grumpy (mood) we feel bad, and when we are proud (emotion) or cheerful
(mood), we feel good. Russell (1980, 2003) introduced the concept of ‘core-affect’ by
combining the valence dimension with physiological arousal into a two-dimensional
model of affect (Figure 2). According to Russell, the experience of core-affect is a single
integral blend of these two dimensions.
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Figure2 Two dimensions of core-affect, with examples of emotions and moods
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Table 1 Emotion versus mood manifestations
EMOTION MOOD
Positive  Pride: “When preparing my midterm Cheerfulness: “The sun is out; I managed
example presentation, I suddenly discovered that  to submit my report, had a wonderful
my group performed much better than I  lunch, and I'm looking forward to the
had initially concluded. That’s fantastic; weekend. Now I have to attend this meeting
my team is the best!” — 'l just sit back and enjoy.”
Negative Fear: “I had no idea I was supposed to Grumpiness: “I didn 't sleep well last night;
example present the midterm results. I only have — my son was nagging, the coffee dispenser
10 minutes to prepare before the was out of order, and I have too many
meeting starts. Oh dear, where did | things on my plate. And now I have to be in
store the data?” a meeting that I don’t even find relevant.”
Feeling  Short duration (seconds or minutes) Long duration (hours or days)
Rapid onset and episodic Gradual onset and continuous
Often high intensity Often low intensity
Focus Specific and targeted Global and diffuse
External (outward focus) Internal (inward focus)
Response to a single cause Response to cumulative causes
Impact  (Re)directs thought and behaviour Shapes ongoing thought and behaviour

Stimulates a specific adaptive response

Strong physiological impact.

Has a global influence on all responses

Mild physiological impact.

The horizontal axis in Figure 2 represents valence (ranging from unpleasant to pleasant),
and the vertical axis represents arousal (ranging from deactivated to activated). These two
dimensions apply to both mood and emotion. Cheerful (mood) and desire (emotion), for
example, are both activated-pleasant affect states. Likewise, irritable (mood) and disgust
(emotion) are both activated-unpleasant affect states. Even though both mood and
emotion can be described in terms of valence and arousal, they are distinct and unique
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phenomena that differ in two vital ways: in terms of their causes, and in terms of their
experiential and behavioural manifestations.

Table 1 provides vignette examples, highlighting the key differences between mood
and emotion, and focusing on those manifestations that are often used as the basis for
affect measurement.”

2.1 Feeling

Moods last longer than emotions. Emotions are acute, and exist only for a relatively short
period of time, usually seconds, minutes, or several hours at most (Verduyn et al., 2011).
Moods, on the other hand tend to have a relatively long-term nature. One can be sad or
cheerful for several days or even weeks (Beedie et al., 2005). In fact, even though it may
not always be in our awareness, moods are always present. In that sense, moods are the
affective background colour of what we do, while emotions are momentary
‘perturbations’ that are superimposed on this affective background (Davidson, 1994).
Moods often feel like milder or diluted versions of emotions. For instance, an irritable
mood can feel like a mild form of the emotion anger, cheerfulness like a mild joy,
gloominess like a mild sadness, and nervousness like a mild fear (Prinz, 2004).

2.2 Focus

Emotions are specific and targeted, while moods are global and diffuse. Emotions always
imply and involve a relation with a particular event, person or object: one is afraid of
something, proud of something, in love with something and so on (Frijda, 1994). Moods
are not directed at a particular object but rather at the surroundings in general or, in the
words of Frijda (1994, p.60), at ‘the world as a whole’. Emotions monitor our
environment, whereas our mood monitors our internal state, or the ‘existential
background of our lives’ (Lazarus, 1994; Morris, 1989). Emotions are typically elicited
by an explicit cause (e.g., some event), while moods have combined causes (e.g., “It is
raining, I didn’t sleep well, and someone has finished the coffee”), and can be produced
in a cumulative fashion over time. A series of mildly negative or positive experiences can
produce a negative versus positive mood respectively (Davidson, 1994). Consequently,
we are generally able to specify the cause of a particular emotion, but unable to specify
the cause of a particular mood (Ekman, 1994).

2.3 Impact

Emotions are evoked by threats (negative emotions) or opportunities (positive emotions).
Because these antecedents require our immediate attention, emotion directs thought and
behaviour with emotion-specific ‘action tendencies’ (e.g., to withdraw, attack, approach,
examine, etc.) that aim to neutralise the threat or capitalise on the opportunity (Frijda,
1994). These action tendencies can be seen in overt and distinct (facial, vocal, bodily)
expressions, and patterns of distinct autonomic changes (Izard, 1991). Contrary to
emotions, moods are responses to one’s general position in life (how we are doing in life
overall), rather than to isolated events (Prinz, 2004). As a consequence, moods do not
interrupt, but have a subtle influence on our ongoing thoughts and behaviours (Davidson,
1994); a positive mood increases, and a negative mood decreases our general ‘readiness
for action’ in all of our ongoing undertakings. Although several emotion researchers have
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proposed that moods do not have distinctive expressions (see Ekman and Davidson,
1994), it has also been suggested that moods can sometimes be observed as mild
emotional expressions. For example, one who is in an irritable mood can show subtle
signs of the anger expression, and someone who is in a gloomy mood can show subtle
signs of the sadness expression (Ekman, 1994).

The mood-emotion comparison can be summarised in the following definitions:

e Moods are low-intensity, diffuse feeling states that can last for hours or days, have a
gradual onset with cumulative antecedents, are directed at the world as a whole, and
have a global and pervasive influence on one’s perception and motivation.

e Emotions are high-intensity, specific feeling states that are typically short-lived, have
identifiable antecedents, are directed at a particular object, and direct ongoing
thoughts and behaviours.

It is important to note that rather than being independent, moods and emotions
dynamically interact with each other. An accumulation of emotions can lead to particular
moods (see the vignette examples in Table 1), and moods lower the threshold of
emotional arousal (Davidson, 1994). When a person is in an irritable mood, for example,
he or she becomes angry more readily than usual. Likewise, cheerfulness potentiates
enjoyment, gloominess potentiates sadness, and oppressiveness potentiates fear (Ekman,
1994). In retail, it pays off to improve customers’ moods (e.g., by looking attractive,
offering drinks, making jokes and compliments, smiling) because their moods
will influence their emotional response to the actual item for sale (e.g., Kelley and
Hoffman, 1997).

2.4 Implications for mood measurement

The definitions above clearly indicate that mood and emotion differ in terms of
antecedents and manifestations. The difference in antecedents implies that design for
emotion comes with different opportunities and challenges than design for mood
(Desmet, 2015; Spillers, 2010). Equally important, the difference in manifestations
implies that — contrary to what is often assumed — methods that measure emotion are not
necessarily equally suitable for measuring mood. The review above suggests three
categories (see also Figure 3, centre): methods that measure

1 general affect
2 mood
3 emotion.

Methods in the first category can measure both emotion and mood because they focus on
the general dimensions of pleasantness and arousal. Methods in the second category
measure distinct mood types, such as feeling grumpy, moody, cheerful, and relaxed.
Methods in the third category measure distinct emotion types, such as anger, fear, joy,
and admiration. The distinction between the second and third category is not always easy
because the manifestations of mood and emotion types can be similar, and because many
words that describe emotions are also used to describe moods. However, we argue that
this overlap is not all-inclusive: while some words can describe both moods and emotions
(like sad, happy, and anxious, which we call ‘versatile-words’), some are primarily used
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to describe moods (like grumpy, cheerful, and tense, which we call ‘mood-words’), and
others are primarily used to describe emotions (like admiration, disgust, and fascination,
which we call ‘emotion-words’). The distinction can be made by asking the question if
the word refers to an affective state that is directed at something or someone in particular.
All emotion-words involve such relations to some object. Admiration, for example, is an
emotion-word because it is always directed to someone or something in particular, while
cheerfulness is a mood-word because it is directed at the world in general. Versatile-
words have two separate (but related) meanings, and are used both for moods and
emotions. This means that methods that measure mood should include only versatile-
and/or mood words in procedures and/or data reporting, and methods that measure
emotion should include only versatile- and/or emotion-words.

3 Methods to measure mood and emotion

An overview of methods that are used to measure mood and emotion in the context of
design and design research is provided in the section below. This overview aims for
breadth more than depth: it demonstrates the variety of approaches that is currently
available’. The main aim is to explore the degree to which the available methods are
suitable for measuring mood, using the categorisation that was proposed in the previous
section. Scholars who introduce and/or use mood or emotion measurement methods are
often not precise when describing the object of study. As a consequence, many methods
that are reported to measure mood in fact measure emotions, or general affect, and vice
versa. For this reason, we based our clustering on the mood and emotion definitions
provided in the previous section. Figure 3 provides an overview of the methods that are
included in the review, grouped into four clusters that differ in terms of what they
measure. A complete list of self-report methods included in the review can be found in
Appendix 1 (verbal scales) and Appendix 2 (pictorial scales). Methods in the cluster
‘mood types’ measure distinct moods, such as feeling grumpy, moody, cheerful, and
relaxed. Methods in the cluster ‘emotion types’ are similar, but measure emotions, such
as anger, fear, joy, and admiration. Those in ‘mood and emotion types’ are less focused,
measuring a variety of both moods and emotions. The fourth and final cluster, ‘affect
factors’, includes methods that measure general underlying factors (or general
dimensions) of affect that apply to both emotions and moods.

Methods not only differ in terms of what affective state they measure, but also in
terms of ow they measure mood or emotion. Two broad categories can be distinguished.
The first represents methods that rely on some kind of automatic affect recognition.
These are methods that measure objective signals that are believed to represent moods
and emotions. They are inspired by theories that highlight the embodiment of affect,
proposing that emotions are represented by specific physiological and behavioural
response patterns (Ekman et al., 1983; Ekman, 1992). The other category represents
methods that rely on some type of self-report. Traditionally, these are questionnaires that
include lists of verbal adjectives. Besides these verbal questionnaires, there is a (growing)
category of non-verbal self-report methodology using pictorial scales. Below, we review
specific automatic affect recognition instruments (physiological and behavioural) and
self-report methods (verbal and pictorial), providing example methods for each category
and discussing general strengths and limitations and applicability for the measurement of
mood.
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Figure 3 Four clusters of affect measurement methods
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3.1 Physiological measures

This category of methods is based on the proposition that physiological signals provide
information about the intensity and quality of an individual’s affect experiences (e.g.,
Ekman et al., 1983). Physiological measures make use of sensors that measure
physiological activities, such as respiratory rate, muscle activity, skin conductance and
temperature, or heart activity. Wearable devices with integrated sensors [sometimes
called ‘affective wearables’; see Picard and Healey (1997)] come in a wide variety of
forms, including (finger or ear) rings, wristbands, gloves, t-shirts and even underwear (for
an overview, see Desmet, 2015). Besides such ‘affective wearables’, sensors can also be
integrated into surfaces that users come into contact with during typical user-product
interaction [sometimes called ‘natural-contact sensors’; see Lin (2011)]. Instead of
requiring the user to wear sensors, the product ‘wears’ the sensors in or on its body or
surface. These sensors are typically found in input devices like computer mice (see Ji,
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2007; Lin, 2011; Sun et al., 2014), or car steering wheels (Cai and Lin, 2007; Lin
etal., 2007).
Three key advantages of physiological measures are that they

1  allow for continuous measurement in real-time

2 are not intrusive to the user’s experience, because they don’t require the respondents
to interrupt what they are doing

3 are not biased by cognitive or social desirability constraints.

Moreover, modern affective wearables (like wrist bands) are inexpensive, unobtrusive,
and allow for natural interaction, because they can be used in natural settings (e.g.,
Arroyo et al., 2009). A limitation of these methods is that interpreting the data is not
straightforward. The ability to interpret physiological data requires specialised training,
and data analysis requires time and effort due to the vide variety of factors (like mental
and physical activity) apart from moods and emotions that influence the measured
patterns of psychosocial signals.

3.1.1 Mood applicability

Existing physiological tools are able to reliably measure the arousal dimension of affect.
They do not reveal valence, which implies that these methods are not able to tell the
difference between states with similar arousal, like cheerful and irritable (Watson and
Tellegen, 1985). Owing to rapid improvements in the accuracy of equipment and data
analysis techniques, future devices may also be able to measure valence, and perhaps
even some basic emotions (see Chanel et al., 2011), but this does not apply to methods
that are currently available. This means that while current physiological methods can
measure the arousal component of mood, they are not suitable for measuring distinct
mood types.

3.2 Behavioural measures

Behavioural measures are based on the proposition that emotions are represented by
unique expressions (Ekman and Friesen, 2003; Ekman, 1992) and behavioural tendencies
[named ‘action tendencies’ in psychology; (Frijda, 1986)]. Devices have been developed
to measure various modalities of expressive behaviour, such as facial and voice
expression, body posture, eyelid closure patterns, or interaction behaviour when using
products (e.g., mouse clicking behaviour). The most often used signal is facial
expression. Traditionally, facial expressions are coded manually by trained coders, the
performance of which results in reliable interpretations (see Thrasher et al., 2011), but
this method is expensive, owing to the time required to learn and implement it (Donato
et al., 1999). Recently, researchers have begun to develop ‘automated face analysis’
(AFA) systems that code facial expressions (see Cohn and De la Torre, 2014). Examples
are the ‘computer expression recognition toolbox’ [CERT; Littlewort et al. (2011)] and
the FaceReader (see Terzis et al., 2010). One interesting approach is to count occurrences
of positive and negative emotions over time as a measure for mood states (Hashemian
et al., 2014). This approach is based on the proposition that mood influences the
frequency of experienced positive and negative emotions during a day. In addition to
facial expression, various basic emotions can be detected in emotional speech and in
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non-verbal vocal expressions (Sauter et al., 2010). Some emotions are better recognised
in the face and others are better recognised in the voice (Bénziger et al., 2014), and
Sauter et al. (2014) proposed that the voice may be a particularly important means of
signalling positive affective communication. An interesting development is the
measurement of emotion through body posture and movement (Bianchi-Berthouze and
Lisetti, 2002; Castellano et al., 2008). Mota and Picard (1999) developed the body
pressure measurement system (BPMS), a grid of sensors inside a thin pressure pad that
can be mounted on seats and backs of chairs. Chairs fitted with BPMS can be used to
measure a number of emotions (D’Mello and Graesser, 2009). A final category of
methods measures affect by looking at expressions in human-product interaction. Affect
(stress and relaxation) can be detected from keyboard (Hernandez et al., 2014), pen
(Alonso et al., 2008), mouse (Sun et al., 2014, Zimmermann et al., 2003), or smartphone
usage behaviours (LiKamWa et al., 2013).

The three main advantages of physiological measures also apply to behavioural
measures. An additional advantage is that affect is measured using devices that do not
require physical (skin-to sensor) contact between the human body and a sensor. Some can
even be used without user knowledge, limiting the risk of affect being influenced by the
awareness of being monitored (Picard and Daily, 2005). Moreover, these systems are
generally inexpensive, because most do not require dedicated hardware (apart from the
devices developed to measure posture or interaction signals). However, the reliability of
automatic detection systems for spontaneous expressions in a natural context is low
(Asthana et al., 2009; Brick et al., 2009; Hoque et al., 2009). Most systems are reliable
only when they are trained for each subject, therefore requiring time-consuming pre-
phase processing to obtain the individual pattern of each user.

3.2.1 Mood applicability

The majority of behavioural measures focus on vocal or facial expressions, which have
the potential to detect both emotion and mood types. However, with the current state of
technology, it is not yet possible to reliably measure the subtle expressions of mood,
which makes these measures primarily suitable for detecting basic emotion types (like
anger, joy, and fear). Methods that focus on (interaction) behaviour are also promising,
because mood theory predicts that mood has a pervasive influence on behaviour. The
methods currently available can reliably measure the moods of relaxation and stress (as a
bipolar construct). Other distinct moods, such as cheerful or gloomy, cannot be
measured; future developments in the field may eventually make it possible to increase
the palette of measurable moods.

3.3 Verbal self-report measures

In the social sciences, a variety of verbal questionnaires and checklists have been
developed to measure mood (see Coan and Allen, 2007). A number of verbal self-report
methods measure general factors or dimensions of affect. One of the most prominent is
PANAS, which measures positive affect and negative affect (Watson et al., 1988).
Similar well-known item-based methods are AD-ACL (Thayer, 1967), UMAC
(Matthews et al., 1990), and CMQ (Barrett and Russell, 1999) that measure four, three,
and two affect factors respectively. Other methods measure distinct moods and/or
emotions. POMS measures six distinct moods (McNair et al., 1971), and BRUMS
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measures the same moods, but with fewer items (Terry and Lane, 2003). A significant
limitation of POMS and BRUMS, however, is that they mostly focus on unpleasant
moods. An updated version, POMS-BI, was developed to overcome this limitation by
measuring six bipolar mood sets (Lorr and McNair, 1988). MIS is a method that
measures five positive and five negative moods (Mayer and Salovey, 1988). Other
methods predominantly measure emotions, such as the PANAS-x [11 emotions; Watson
and Clark (1994)], GEW [20 emotions; Scherer (2005)], and DES [10 emotions; Izard
(1993)], or sets that include both moods and emotions, such as MACL [12 categories;
Nowlis (1965)], MAACL-R [5 categories; Zuckerman and Lubin (1985)], and RAS [11
categories; Russell (1979)].

The main advantage of self-report methods is that they can be used to measure subtle
and distinct mood types. In addition, they are reliable and easy to administer, because
they do not require dedicated instruments or training to interpret data. An important
limitation is that self-report cannot be used for continuous measurement, because
respondents have to interrupt their activities to record their responses. Moreover, reported
responses can be biased because they rely on the respondents’ ability and willingness to
report their feelings. Furthermore, (especially long) item-based methods have been
criticised not only for being generally burdensome and time-consuming (Curren et al.,
1995), but also for requiring cognitive processing which may distort the original feelings
(Poels and Dewitte, 2006). These limitations are particularly relevant when affect is
assessed in naturalistic settings, such as before or after human-product or social
interaction in the context of use. In such situations, brevity is paramount (see Terry et al.,
1999). It has also been noted that some items, such as the terms ‘bushed’ and ‘blue’ in
POMS, may be susceptible to different interpretations across cultures (Grove and
Prapavessis, 1992).

3.3.1 Mood applicability

Questionnaires are currently the most frequently used methods to ascertain mood. They
can measure subtle, nuanced mood patterns (both in terms of general underlying
dimensions and in terms of distinct mood types) that currently cannot be obtained with
physiological and behavioural measures (see Coan and Allen, 2007). Although many of
the questionnaires that claim to measure mood in fact measure emotions, several valid
mood-specific questionnaires are available, such as POMS and BRUNS (see Figure 3).

3.4 Pictorial self-report measures

Some of the limitations of affect questionnaires, including cognitive load, overall burden
and time-to-complete can be overcome using methods that rely on visuals instead of
adjectives. Several are available that measure basic dimensions of affect, the most famous
of which is SAM (Figure 4), a set of three pictorial assessment scales that measure the
pleasure, arousal, and dominance associated with a person’s affective state (Lang, 1980).
A separate pictorial scale to measure each dimension makes self-report much less taxing
in terms of time and effort. SAM is limited in that it requires considerable explanation
before respondents can effectively report their feelings for each factor separately [for a
discussion, see Broekens and Brinkman (2013)]. The ‘Smileyometer’ (Read, 2008) offers
a simple emoticon-based scale that focuses on the pleasure dimension. A more
sophisticated approach is the ‘AffectButton’ [Figure 5; Broekens and Brinkman (2013))]
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that measures the same three dimensions as SAM, but with one single visual character
that can vary dynamically across all three dimensions. ‘EmoCards’ (Desmet et al., 2001)
use 16 cartoon faces to measure pleasure and arousal. ‘AffectGrid’ (Russell et al., 1989)
and ‘FeelTrace’ (Cowie et al., 2000) ask respondents to point to a spot in a two
dimensional space that represents a degree of pleasure and arousal. The ‘Photographic
Affect Metre’ (Pollak et al., 2011) is based on association, asking respondents to pick one
photo from a set of 16 that varies in terms of pleasantness and arousal. Unique among
visually-oriented self-report methods is the ‘sensorial evaluation approach’ [Figure 6;
SEI; Isbister et al. (2006)], which uses eight abstract three-dimensional objects as a
projective technique for qualitative affect measurement.

Figure4 SAM
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Source: Showing pleasantness and arousal scale (Lang, 1980)

Figure 5 AffectButton (see online version for colours)
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Source: Broekens and Brinkman (2013)

Figure 6 SEI (see online version for colours)

Source: Isbister et al. (2006)

Beyond pictorial self-report scales that measure affective dimensions, several
measurement methods have been developed that depict distinct emotions using
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cartoon-like illustrations. Examples that use cartoon characters are the ‘Gaston Lagaffe’
scale, which measures eight basic emotions [GLS; Johnstone et al. (2005), and the LEM,
which measures eight interaction-relevant emotions [Figure 7; Huisman and Van Hout
(2010)]. Two scales that use cartoon animations are PrEmo [PrEmol; Desmet (2003);
PrEmo 2, Figure 8; Laurans and Desmet (2012)] used for emotional responses to product
design, and Sorémo (Girard and Johnson, 2009) intended to gauge children’s emotional
responses when using educational software. Note that all of these tools measure
emotions, rather than moods. Two instruments are available that include some moods in
their emotion sets: Russkam, a set of emoticons expressing 29 moods and emotions on
three levels of intensity [Figure 9; Sanchez et al. (2006)], and MAAC, developed for
young children, which measures 16 moods and emotions with animated characters
[Figure 10; Manassis et al. (2009)].

Figure 7 LEM (see online version for colours)

Source: Huisman and Van Hout (2010)

Figure 8 PrEmo2 (see online version for colours)

Source: Laurans and Desmet (2012)

Figure 9 Russkman (see online version for colours)
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Source: Fragment showing 9 of 29 affect types (Sanchez et al., 2006)
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Figure 10 MAAC (see online version for colours)

Source: Manassis et al. (2009)

Pictorial self-report methods share the goal to enable respondents to report their affective
state quickly, intuitively, and accurately. An additional advantage of pictorial scales is
that, when cross-culturally validated, they can be used reliably across cultures, because
they will not lead to translation complications (Desmet, 2003). Compared to verbal self-
report scales, pictorial methods are well suited to situations in which respondents have
limited time or motivation to express their affective state. Nonetheless, like the verbal
self-report, pictorial self-report is also intrusive, as respondents have to stop what it is
they are doing in order to select visuals to express their affective state.

3.4.1 Mood applicability

Several pictorial scales measure two basic dimensions of affect states, valence and
arousal, while some add dominance as a third dimension. These methods, like
AffectButton, are quick, easy to use, and reliable. These methods can accurately measure
subtle mood changes that cannot currently be recorded with physiological or behavioural
measures. Methods like PrEmo, LEM, and MAAC demonstrate that pictorial scales are
also suitable for measuring sets of distinct affect states. To date, however, pictorial scales
that specifically measure distinct mood types are not available. Most measure emotions
(e.g., the GL scale); some measure sets that combine moods and emotions (e.g.,
Russkman), but none meets our requirement for mood measurement, which is that the
method should include no states that imply a necessary relation with some object, like
fascination.

3.5 Discussion

A wide variety of instruments are available to measure affect. Most were developed to
measure emotions or general dimensions of affect (i.e., valence and arousal), and only a
handful were developed to specifically measure mood states. Currently, a nuanced
understanding of a person’s mood state can only be obtained with the use of self-report
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methods. Adjective-based questionnaires are indeed available that measure nuanced
profiles of distinct mood states (e.g., BRUMS and POMS-BI). For a more general
understanding of mood, methods are available that measure the dimensions of pleasure,
arousal, and dominance (e.g., PANAS and CMQ). While many traditional item-based
self-report methods are time consuming, recently a variety of simple pictorial scales have
become available for (design) research that are particularly promising, because they are
quick, easy, reliable, and adaptable to the research context (e.g., PrEmo and LEM). Self-
report methods, both verbal and pictorial, are not suitable, however, for the measurement
of continuous and real-time mood data: respondents have to stop what they are doing to
report their mood. Automatic affect recognition methods (behavioural and physiological)
would likely overcome this limitation; modern methods are low-cost, non-invasive and
easy to use. An undisputable benefit of these ‘bodily measurements’ is that they could
provide insight into a user’s affective state without directly relying on instantaneous, or
delayed, cognitive judgement. Moreover, those that can be used without the user’s
knowledge (e.g., with contact sensors) minimise the risk of influencing respondents’
affective states during the measurement procedure. The downside is that available
methods are suitable for measuring basic arousal, or sets of basic emotions, but cannot be
used to measure distinct mood states, which manifest in more subtle bodily responses and
expressive behaviour.

The decision regarding what method to use depends on the purpose of the research,
the participant’s abilities and the context of measurement: a nuanced understanding of a
momentary mood state requires self-report; the measurement of continuous data requires
automatic affect recognition. It is interesting to note that methods can be combined.
Picard and Daily (2005) proposed that automatic affect recognition is best not considered
as a replacement for self-report, but rather as providing additional information that may
help combat some of the difficulties encountered with questionnaires. We can imagine
using a wearable device to signal arousal fluctuations, and combining this with
self-reports to gain insight into the affective meanings of these fluctuations. Laurans
(2011), for example, developed a ‘self-confrontation’ method that combines continuous
measurement with post-experience self-report. For this kind of application, celerity is
paramount. Although all forms of self-report require some effort, the level of burden
differs greatly between methods. On one side of the spectrum are questionnaires with
more than 100 adjectives (e.g., MACL), and on the other are simple, smiley-based
pictorial scales that demand only seconds of attention (e.g., Smileyometer). For quick and
immediate self-report (as is often required in design research), simple scales are a suitable
alternative. Moreover, pictorial scales have been shown to be as reliable as more
conventional, adjective-based approaches to self-report. Several scales are available that
measure either distinct emotion types or basic dimensions of affect. To date however, no
pictorial scale is available that measures distinct mood types.

4 Development and validation of Pick-A-Mood

Pick-A-Mood is a cartoon-based pictorial self-report scale. It rapidly and intuitively
enables the measurement of eight distinct mood types, and can be used in both qualitative
and quantitative research settings. Pick-A-Mood consists of three sets of cartoon
characters, a male, female, and robot character respectively (Figure 11). Each set includes
eight expressions that portray distinct moods (Figure 12). The robot character was
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developed for research with children. The sets are interchangeable; choice of character
can be based on the respondent population or other pragmatic considerations.

Figure 11 Three Pick-A-Mood characters, each expressing an ‘excited’ mood (see online version
for colours)

The set of eight expressions can be used in print or online; respondents simply select one
or more expressions which best represent(s) their mood. The illustrations and interface
have been kept as simple as possible to enable versatility in application. Besides being
useful to report mood, Pick-A-Mood can also be used as a mood communication tool
(i.e., to enable people to express their mood on online platforms). Below, we present the
three main steps to develop the tool. The first is to select mood states, the second is to
develop the characters and expressions, and the third is to test the validity of the
expressions.

Figure 12 Pick-A-Mood female character expressing nine mood states (see online version
for colours)

Notes: Left: neutral; top left to right: calm, relaxed, cheerful, excited; bottom left to right:
sad, bored, tense, irritated

4.1 Step 1: mood selection

The first challenge was to determine the optimal level of granularity. On the one hand,
the tool should enable the expression of diverse and richly-occurring moods, and on the
other hand, the set of expressions needed to be small enough to allow for quick and
intuitive self-report. The lowest level of granularity would be achieved with four
expressions that each represents one quadrant of the valance-arousal space in Figure 2:
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1  energised-pleasant

2 calm-unpleasant

3 energised-unpleasant
4  calm-pleasant.

These four mood states have emerged consistently across diverse descriptor sets, time
frames, response formats, languages, and cultures [for an overview of literature, see
Watson and Clark (1994)]. Together, they account for roughly one-half to three-quarters
of the common variance in mood terminology (Watson, 1988). Watson and Tellegen
(1985) proposed that these basic mood categories are each composed of several
correlated, yet ultimately distinguishable moods. This means that each category includes
several individual moods with distinctive qualities. For example, being nervous and being
irritated are both examples of ‘energised-unpleasant’ mood states. Thus, a higher level of
granularity would probably be achieved by drawing expressions that represent some of
this diversity within the four basic, higher order states. In order to understand the variety
of moods within these basic states, Table 2 presents an overview of mood terminology
that has been reported by mood theorists (the mood theorists in the table did not provide a
rationale for the particular selection of mood states included in their analysis). For ease of
comparison, we have grouped these moods under the headings of the four basic mood
states.

Table 2 Typologies of mood states

Energised-pleasant  Calm-pleasant Energised-unpleasant Calm-unpleasant
Watson Joviality; Serenity; Fear; hostility; guilt Sadness; shyness;
and Clark attentiveness; self-assurance fatigue
(1994) surprise
Lorrand  Vigour-activity Tension-anxiety; Fatigue-inertia;
McNair anger-hostility; depression-dejection
(1988) confusion-bewilderment
Lorr Elated; energetic; Composed, Anxious; hostile; Depressed; tired
et al. clearheaded agreeable; unsure; confused
(1982) confident
Russell Aroused; Pleased; glad; Alarmed; tense; angry; ~ Miserable; sad;
(1980) astonished; excited; serene; content; at afraid; annoyed; gloomy; depressed;
happy; delighted ease; satisfied,; distressed; frustrated bored; droopys; tired
relaxed; calm;
sleepy
Matthews Pleased; cheerful, Contented; Impatient; annoyed, Low-spirited;
et al. optimistic; happy;  satisfied; calm; angry; irritated, dissatisfied; gloomy;
(1990) active; energetic; restful; relaxed; grouchy; stirred up; depressed; sad;
industrious; alert; unconcerned; fearful; anxious; jittery;  sorry; idle; sleepy;
fortunate; vigorous; composed; tense; stressed; nervous  dull; unenterprising;
bright self-controlled; sluggish; tired
peaceful;
comfortable;
placid

Note that it is debatable whether all these adjectives in fact refer to moods. For example,
shyness is a personality trait, and anger and surprise are emotions. Nonetheless, Table 2
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illustrates the range of moods that can be observed within each of the four basic
mood states. For example, the basic mood state ‘energised-unpleasant’ represents
nervousness-tension-anxiety, but also irritated-hostile-annoyed. ~Calm-unpleasant
represents sad-depressed-gloomy, but also fatigue-inertia-boredom.

To enable a mood measurement that is more nuanced than what would be the case
using only the four basic moods states, and, at the same time, keep the scale simple and
quick to administer, we decided to include eight distinct moods: two for each of the four
mood categories (Figure 13). In this way, we capture the four main mood categories, and
add nuance by distinguishing between two moods within these categories. These were
selected to represent the main mood differentiations found in the mood typologies in
Table 2. We used the third dimension of affect, ‘dominance’ in our selection procedure.
This affective dimension represents the degree to which the person who is experiencing it
has a sense of power or control (Mehrabian, 1996). Take, for instance, the moods
‘irritated’ and ‘nervous’. They are both unpleasant-activated moods, but irritated is
dominant (the individual has a sense of power), and nervous is not (the individual feels
powerless) (see Lazarus, 1991). We used this dimension to select two further moods from
each category.

Figure 13 Eight moods measured by Pick-A-Mood, grouped into four mood categories
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Source: The four mood categories are drawn from Watson and
Tellegen (1985)

4.2 Step 2: character and expression development

A professional cartoonist developed three different characters to enable freedom of
application. After several design iterations, a neutral-aged male, a neutral-aged female,
and a non-human character (teapot) were selected (Figure 14).
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Figure 14 Three initial Pick-A-Mood characters (see online version for colours)

Note: Expressing the Excited-Lively mood

The cartoonist created nine expressions for each character: one for each mood and an
additional expression that represents a ‘neutral’ mood. The design and validation of these
initial expressions was reported in a previous publication (Desmet et al., 2012). Although
the results of the validation study indicated that people are capable of recognising and
distinguishing between these moods expressions, five potential improvements were
identified. First, the teapot expressions were found to be relatively difficult to recognise.
Second, the interpretations of Tense and Irritated partly overlapped. The same applied to
Neutral, Calm and Relaxed. Third, because interpretations were influenced by minor
differences in the expressions between the characters, comparison of mood-reports across
the three characters was hindered. Fourth, the green colour of the characters’ clothing
was experienced as non-neutral (i.e., green can be associated with positive). Fifth, the
expressions’ passe-partout hid the arms or hands in some expressions (see Figure 14),
which reduced the communicative quality of these expressions. In several design and
testing iterations, new drawings were created to improve on the above-stated
shortcomings. After some design explorations, it was decided to replace the teapot with a
robot character, because a robot with arms and legs better resembles the human anatomy,
thereby enabling more accurate expressions. The green colour was changed to blue, the
expressions between characters were made consistent, some expressions were made more
explicit so as to be more easily discriminated, and the passe-partout hides no part of the
arms or hands (see Figures 11 and 12).

4.3 Step 3: character validation

An evaluation study was designed to test if the eight redesigned expressions (plus the
neutral expression) portray differentiated mood states, representing all four basic mood
categories, and if people correctly recognise the intended mood states. In total, 191
people participated, recruited through informal social networks, including 31 different
nationalities (of which 52% were Dutch), with people from various countries in Europe,
Asia, Australia, South-America, Canada, and the Middle-East. Age ranged between 13
and 76 (mean = 34.9; SD = 13.0), and 47% were female.



Mood measurement with Pick-A-Mood 261
Table 3 Reported and selected labels for all mood expressions (N =191)
- . Stage 1: Stage 2: ' Stage 3: .
xpression o o1 bellin (frequencies) Open labelling Forced labelling
P g ureq (percentages) (percentages)

Excited Joyful (28); Happy (27); Excited (25); Joyful (17%) Excited (78%)
Exuberant (23); cheerful (17); joyous (8); Happy (17%) Cheerful (20%)
enthusiastic (5); jolly (5); laughing (5); very Excited (15%)
happy (5); overjoyed (4); ecstatic (3); Exuberant (14%)
elated (3)

Cheerful Happy (43); joyful (42); cheerful (19); Happy (30%) Cheerful (82%)
relieved (11); welcoming (5); open (5); Joyful (29%) Excited (14%)
satisfied (4); surprised (3); proud (3) Cheerful (13%)

Relieved (8%)

Relaxed Relaxed (136); satisfied (13); content (10);  Relaxed (81%) Relaxed (95%)

enjoying (3) Satisfied (8%)
Content (6%)
Enjoying (2%)

Calm Neutral (75); dreamy (14); satisfied (6); Neutral (59%) Calm (40%)

calm (5); content (4); bored (3); waiting (3)  Dreamy (11%) Neutral (39%)
Satisfied (5%) Relaxed (13%)
Calm (4%)

Sad Sad (78); depressed (15); gloomy (13); Sad (50%) Sad (96%)
disappointed (12); tired (8); dispirited (7); Depressed (10%)
glum (6); upset (4); disheartened (4); Gloomy (9%)
sorrowful (3); defeated (3) Disappointed

(8%)

Bored Bored (83); disinterested (7); pensive (6); Bored (64%) Bored (77%)
tired (6); sad (5); disappointed (5); Disinterested Sad (10%)
dreamy (4); thoughtful (3); melancholic 3)  (5%)

Pensive (5%)
Tired (5%)

Irritated Angry (82); irritated (17); suspicious (9); Angry (55%) Irritated (89%)
grumpy (6); frustrated (4); annoyed (4); Irritated (12%) Tense (11%)
dissatisfied (3); disgusted (3) Suspicious (6%)

Grumpy (4%)

Tense Nervous (19); pensive (18); worried (15); Nervous (12%) Tense (76%)
thoughtful (14); hesitant (12); doubtful (11); Pensive (11%)
preoccupied (9); confused (7); suspicious Worried (9%)

(6); uncertain (5); cautious (5); anxious (5);  Thoughtful (9%)
despair (4); curious (4); afraid (4); scared
(3); pondering (3); insecure (3)

Neutral Neutral (44); astonished (16); surprised (8);  Neutral (42%) Neutral (59 %)
serious (5); attentive (5); amazed (4); Astonished (15%) Tense (18%)
thoughtful (3); shocked (3); pensive (3); Surprised (8%) Calm (11%)
hypnotised (3); concentrated (3); alert (3) Serious (5%)

4.3.1 Procedure

Participants filled out a web-based questionnaire (in Dutch or English; N-Dutch = 100;
N-English = 91). Each participant was randomly assigned to respond to one of the three
characters, which could be either the version with the same gender as the respondent or
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the robot version (N-male = 66; N-female = 61; N-robot = 64). Expression order
presentation was randomised. The procedure consisted of three stages: in Stage 1,
participants generated a text-label for each of the nine expressions. This was an open
question, without the option to select from a list of pre-determined labels. In Stage 2,
participants were asked to select a label for each expression from a set of nine predefined
labels: excited, cheerful, relaxed, calm, bored, sad, irritated, tense, and neutral. In
Stage 3, participants rated each expression on the basic affect dimensions of valence and
arousal with bipolar scales (unpleasant-pleasant and calm-energised). Based on the
recommendations of McKelvie (1978) it was decided to use five-point scales, balancing
between having enough points of discrimination without having too many response
options.

4.3.2 Results

Table 3 summarises the findings for the labelling task. The second column gives an
overview of the results of the free labelling task [Dutch labels were translated with the
Van Dale dictionary (2009) software]. The number between brackets represents the
number of respondents who reported that word; only words with frequency of two or
higher are included in the overview. The third column shows the four labels most often
selected, with the percentage of respondents who provided this label. The fourth column
shows the labels that respondents selected (in the second stage of the questionnaire) from
a fixed set of labels. Labels with percentage of lower than 10 are not included in the
table.

The forced-labelling percentages indicate that 75% to 96% of the participants selected
the correct label for seven expressions: Excited, Cheerful, Relaxed, Bored, Sad, Irritated,
and Tense. Calm and Neutral were interpreted as being similar: Calm is misinterpreted by
39% of the respondents as being neutral (and by 13% as relaxed), and Neutral is
misinterpreted by 11% as calm. Moreover, Neutral is also misinterpreted (by 18%) as
tense.

Table 4 Valence and arousal ratings of expressions and comparison with scale midpoint
(N=191)
Valence Arousal

Expression

Mean SD t(190) Mean SD t(190)
EXCITED 4.92 .30 89.43* 4.68 .79 29.40*
CHEERFUL 4.55 57 37.71% 3.80 .87 12.79*
RELAXED 4.47 .70 28.88%* 1.36 .80 —28.49*
CALM 3.38 72 7.22% 2.09 .92 —13.74%*
BORED 242 .81 -9.83* 1.90 .83 —18.29*
SAD 1.61 .70 —27.36* 1.87 .99 —15.80*
IRRITATED 1.62 .61 —31.22% 4.03 .78 18.26*
TENSE 2.54 72 —-8.80%* 3.26 .96 3.77*
NEUTRAL 2.88 .61 —2.64 2.59 .96 —5.97*

Note: *Indicates significance at p < .01
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Figure 15 Valence and arousal ratings of Pick-A-Mood expressions
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Valence and arousal ratings are shown in Table 4 and Figure 15. Multivariate ANOVA’s
with valence and arousal as dependent variables and character as the independent
(F(2,188)) did not find significant differences, indicating that rating results were similar
for the three characters. Likewise, no significant gender effect was found with
multivariate ANOVA’s with gender as independent and valance and arousal as dependent
variables (F(1,189). To test if all mood quadrants were properly represented, a t-test
(df 190) was done for each expression, with the scale mid-point as the test value. The test
found significant (p < .001) differences for all expressions on both pleasantness and
arousal (see Table 4): Excited and Cheerful are high valence and high arousal
(energised-pleasant); Relaxed and Calm are high valence and low arousal
(calm-pleasant); Bored and Sad are low valence and low arousal (calm-unpleasant);
Irritated and Tense are low valence and high arousal (energised-unpleasant). For the
Neutral expression, the difference for arousal was significant (lower than midpoint) but
not for valence.

To test if the two expressions within each category differentiate in terms of valence
and arousal, multivariate ANOVA’s were performed with valence and arousal as the
dependent variables, and the expression as the fixed factor, see Table 5.

Table 5 indicates that Sad and Bored differed only in terms of valence: Sad was
perceived as more unpleasant than Bored. All other pairs differed both in valance and
arousal: Excited was seen as more pleasant and more energetic than Cheerful; Relaxed as
more pleasant and less energetic than Calm; Irritated as less pleasant and more energetic
than Tense. The last three rows of Table 5 show differences between Neutral and the
three most similar expressions, indicating that Neutral differed both in terms of valance
and arousal with all three other expressions.
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Table 5 Comparison of expression means for valence and arousal
. . Valence Arousal

Expression A Expression B F (1,380) F (1,380)
IRRITATED TENSE 180.67* 73.94*
EXCITED CHEERFUL 62.54* 106.58*
SAD BORED 109.64* 1
RELAXED CALM 223.70* 68.75*%
NEUTRAL CALM 53.10* 26.90*
NEUTRAL TENSE 24.77* 47.40*
NEUTRAL BORED 38.64* 55.89*

Note: *Indicates significance at p < .01

4.3.3 Conclusions and discussion

The validation results indicate that the eight mood expressions portray a diverse pallet of
moods, representing all four basic mood categories. Moreover, the two mood-expressions
within each basic category represent mood states that differ in terms of type, valence
and/or arousal, adding nuance to the set. When provided with labels, respondents were
able to select the correct label for the various expressions. The labelling did indicate
some overlap between expressions within the basic mood categories. This is in line
however with what has been found in other affect studies (e.g., Russell, 1980). For
example, the labelling for Excited and Cheerful showed some overlap, and the same
applies to the labelling for Irritated and Tense. However, the valence and arousal data
indicated significant differences between the mood expressions within categories:
Excited is perceived as more energetic and more pleasant than Cheerful and Irritated is
perceived as less energetic and more unpleasant than Tense, indicating that these
expressions enrich the level of nuance of the Pick-A-Mood character set. Note that
positive affect is often found to differentiate less than negative affect (e.g., Russell,
1980), which is also observed in the current study. One could argue that using either
Excited or Cheerful would be sufficient for a differentiated measurement, but we
advocate for using both because of the advantages of having a balanced set. Affect
measurement instruments (for both emotion and mood) tend to be biased towards the
negative (i.e., including more negative than positive items), which may be appropriate for
the typical, clinical applications for which they may have been developed, but is
unwanted for applications in design research (see Desmet, 2003).

The results indicate that the interpretation of the Neutral expression was ambiguous.
This expression was included in the Pick-A-Mood set because we envisioned it might be
useful in measurement situations to serve a ‘baseline mood’ reference. In the forced
labelling, almost 20% labelled this expression as tense, and in the open labelling, 15%
used the word ‘astonishment.” One explanation could be that the drawing is incorrect.
However, Figure 15 indicates that respondents did interpret Neutral correctly when asked
to rate pleasantness and arousal. An alternative explanation is that the results may have
been an effect of the questionnaire: because respondents were instructed to describe the
mood, it might not have been apparent that they could also select ‘neutral’. In addition, a
neutral mood may not even be part of our affective repertoire. The circumplex model of
affect (Russell, 1980), for example, does not include neutral: we are always in some
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mood. Given the findings, it is advisable to take caution when using the neutral
expression in a measurement. We propose to provide some indication on how this
expression should be interpreted, for example with the graphical layout of the set (see
e.g., Figure 12). Apart from Neutral, the Calm expression scored weakest in the labelling
task. The number of respondents who selected the label calm is equal to the number of
respondents who selected the label neutral. The expressions are indeed very similar (see
Figure 12). However, in the study, Calm was seen as more pleasant than Neutral, as is
shown in Table 5, indicating that the character adds granularity to the set.

5 General discussion

In an average day, the bulk of our waking life is non-emotional. And yet, our waking
consciousness is experienced as a continuous stream of affect. This is because even
though emotions occur only infrequently, people are always in some mood (Watson and
Clark, 1994). Moods represent the positive and negative frames of mind that subtly
influence our responses to all the events we encounter (Kelley and Hoffman, 1997;
Martin and Clore, 2013). Unlike emotions, moods are not directed toward specific
targets, but instead have a broad influence on one’s perceptions, judgments, and
behaviour (Morris, 1989). To better grasp how users adopt innovative immersive
technology over the long term, it is crucial to understand how this technology affects
users’ moods, and how these moods affect user-technology interactions. Eventually, this
could contribute to designers’ ability to create technology, products, and services that are
responsive to users’ subjective well-being. This is of interest for designers who aim to
design products and systems that contribute to human welfare [either by diminishing
welfare threats, or by stimulating welfare opportunities; see, Desmet and Pohlmeyer
(2013) and Desmet (2015)]. Given the fact that moods are by nature a more stable
information source than emotions for monitoring people’s well-being (Csikszentmihalyi
and Hunter, 2003), mood measurement can play a relevant role in these kinds of efforts in
a variety of design domains. For example, designers can use information on how design
choices affect moods to improve their designs of waiting rooms (e.g., airports, hospitals,
public transport, etcetera) or other functional rooms (e.g., lecture halls, prisons, schools,
office spaces, etcetera). Given the current developments in ambient technology, one can
also think of intelligent atmosphere control systems that automatically adapt their
behaviour according to the mood of the user (Vastenburg et al., 2007). An interesting
opportunity for future developments is to explore how simple self-report methods can be
combined with automatic affect recognition systems (e.g. wearable devices) to identify
longitudinal ‘mood patterns’. The ability to log such patterns can be of use for the rapidly
evolving domain of persuasive technologies, which aim to support people in adopting
new practices. Identifying mood patterns can potentially enable such systems to adjust to
the ‘mood of the moment’.

In this paper we proposed that, in contrast to what is often assumed, methods that
have been developed to measure emotions are not always suitable to also measure moods.
At the same time, a wide pallet of methods is available for mood measurement, and
different methods are suitable for different research question and study designs. Each
type of method has both strengths and weaknesses. Behavioural and physiological
methods are suitable for continuous measurement. These methods measure basic
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emotions or general affect dimensions, like arousal and valence; self-report methods are
better suitable for measuring nuanced mood profiles. However, filling out verbal
questionnaires can be demanding for the respondent and requires cognitive processing
which may distort the original feelings. These limitations can be overcome with simple
verbal or pictorial self-report scales. However, both alternatives have drawbacks: in the
case of verbal scales, terms can be interpreted differently (or even incorrectly) across
cultures, and in the case of pictorial scales, item selection is less flexible because adding
new items involves a time-consuming development requiring specialist drawing skills.
Pick-A-Mood, presented in this paper, contributes to the repertoire of methods by
measuring a set of eight distinct mood states. It is a cartoon-based pictorial instrument for
reporting and expressing moods exclusively. The use of cartoon characters enables
people to unambiguously and visually express or report their mood in a rich and
expeditious manner. Pick-A-Mood is available in both paper and electronic versions
under a Creative Commons license, free-of-charge for non-commercial use
(http://studiolab.ide.tudelft.nl/diopd/library/tools/pic-a-mood/); the instrument has been
made freely available to anyone seeking to collect rich data, sample experiences, create
remote awareness, and enable self-expression in a wide range of design-related
applications.

Future developments of Pick-A-Mood will focus on the development of interfaces
that support various online and offline applications, and on exploring how the self-report
characters can be combined with sensor-based measurements. Another direction will be
to develop additional sets to suit particular user demographics. For example, Carolina
Sandoval of the Universidad Catoélica de la Santisima Concepcion (Chile) is in the
process of developing characters that focus on senior respondents (Figure 16).

Figure 16 Pick-A-Mood for senior respondents (see online version for colours)

Recently, a manual has been published that provides guidelines on how to use
Pick-A-Mood (Desmet et al., 2016). This manual, which is now available with the tool,
was developed on the basis of feedback from 20 Pick-A-Mood users (who were invited to
provide feedback with a separate questionnaire). These researchers used the tool to
measure moods in a variety of populations, including managers, children, teenagers,
students, patients recovering from medical treatments, and people with disabilities. Mood
was measured in a variety of contexts, such as when watching advertisements, attending
lectures, reading, and in relation to sleep quality or hurtful memories. Several studies
have been published, providing further guidance and inspiration for application
possibilities. Hilbolling et al. (2012) used the characters in an interview study to assess
mood variations of delayed international travellers at Amsterdam airport. In another
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study, Hilbolling et al. (2011) used the Pick-A-Mood set in a study of user mood during
the use of GPS car navigation devices. Pascual et al. (2014a) measured the moods of
people with a hearing impairment when using websites and Pascual et al. (2014b) did the
same with a population that had low-vision abilities. Pasman et al. (2013) used
Pick-A-Mood to measure mood of design students during the realisation of their design
projects. Villa et al. (2014) used Pick-A-Mood as part of a pre-questionnaire to check
mood before respondents participated in their study measuring the quality of experience
in the context of adaptive video streaming. Besides mood measurement and
interpretation, the set has also been used as a means for mood communication.
Vastenburg and Romero (2011) reported an application in which the Pick-A-Mood set
was used for expressing moods in a social awareness communication device. The system
was used to improve communication between seniors in need of care and their family
caregivers. Jimenez et al. (2011, 2013, 2014) used Pick-A-Mood in a context-aware
system that monitors patients’ recovery experiences after being discharged from the
hospital, to reduce the general lack of information regarding their feelings during
recovery. The system uses Pick-A-Mood for mood expression in order to enable it to
support the day-to-day recovery process of elderly patients, including meeting physical
and emotional support requirements. Alberts et al. (2013) explored how the characters
can be used to enable seniors to express their mood in digital communications, and
Hupont et al. (2014) explored possible applications of Pick-A-Mood to express mood in a
crowdsourcing context.

The ability to read and to express moods facilitates successful social interactions.
Because this ability is often impeded when using technology-supported remote social
interaction platforms (Sanchez et al., 2006), pictorial scales like Pick-A-Mood can be
integrated into communication tools to enable social communities to share experiences.
For example, a group of friends that use social networks to share locations could use a
pictorial scale to express their mood at these locations. Similarly, pictorial scales could be
part of an engaging communication tool in senior-care systems. Mood-characters can be
used to invite seniors to provide richer information about their well-being (Vastenburg
and Romero, 2011). Mood-characters could further be integrated into context-aware
experience sampling tools. In their Mobile Heart Health Project, Morris and Guilak
(2009) tested how ESG sensor data linked to mood self-reports can be used as input
driving suggestions for ‘mobile therapies’ to control stress. Mood-characters can be used
to simplify the mood self-report procedures in such systems. A similar system could be
used when evaluating a prototype in the field: participants can be asked to annotate their
user-product interactions with moods. Another application possibility is to support
people’s active involvement in improving their quality of life using so-called personal
informatics systems (Li et al.,, 2011). These systems use of self-tracking devices and
applications to collect the impact of people’s actions, for them to interpret, reflect on, and
act upon. Self-reflection of one’s performance and mood over longer periods of time
provides individuals with an integral view of their own actions to answer questions such
as: how does my mood generally change during working hours? Or how is my mood
influenced by sports or light exposure? These kinds of applications can ideally enable
people to actively balance their mood and stimulate general mood awareness, which can
contribute to long-term well-being [see Diener et al., (1994) for a discussion on mood and
well-being].
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Earlier versions were reported by Desmet et al. (2012).

2 Over 20 years ago, Ekman and Davidson (1994) published a seminal work on ‘the nature of
emotion’. In this edited book they invited key theorists of emotion to reflect on 12 questions
about human emotion. The second question focused on the difference between emotion and
mood, and was addressed by eight authors, including Paul Ekman, Richard Lazarus and Nico
Frijda. The key differences included in Table 1 were based on these discussions, which, today,
still represent a key resource for understanding the differences between mood and emotion.

3 Although examples of specific instruments are provided, each approach is discussed as a
category of methods. For in-depth reviews of methods within categories see Bailenson et al.
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Appendix 1

Verbal self-report methods to measure affect
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Verbal self-report methods to measure affect (continued)
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Appendix 2

Pictorial self-report methods to measure affect

Table A2
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Pictorial self-report methods to measure affect (continued)
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