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Abstract—Starting from the assumption that mood has a
central role in domain-specific persuasion systems for well-being,
the main goal of this study was to investigate the feasibility and
acceptability of single-input methods to assess momentary mood
as a medium for further interventions in health-related mobile
apps destined for mature women. To this aim, we designed a
very simple android App providing four user interfaces, each one
showing one interactive widget to self-assess mood. Two widgets
report a hint about the momentary mood they represent; the last
two do not have the hints but were previously refined through
questionnaires administered to 63 women (age 45-65) in order to
reduce their expressive ambiguity. Next, fifteen women (age 45-
65 years) were recruited to use the app for 15 days. Participants
were polled about their mood four times a day and data were
saved in a remote database. Moreover, users were asked to fill
out a preliminary questionnaire, at the first access to the app,
and a feedback questionnaire at the end of the testing period.
Results appear to prove the feasibility and acceptability of this
approach to self-assess momentary mood in the target population
and provides some potential input methods to be used in this
context.

Index Terms—momentary mood, mobile devices, well-being
Apps, design, input methods

I. INTRODUCTION

Recent advances in technology have resulted in a growing
interest in emotion and computers, since a wide range of emo-
tions undeniably plays a critical role in every computer-related
and goal-directed activity. Focusing on ICT (Information and
Communication Technology) systems based on goal-directed
activities, capturing emotional factors is crucial to guiding
the user toward his/her goals. Among these ICT systems, we
are interested in tools for health-related behavior interventions
that promote behavioral changes to improve a person’s health
while reducing potential health risk factors. Specifically, we
are interested in self-care approaches released through in-
formation systems, to manage the menopause transition and
thus reduce the associated cardio-metabolic risk [10], [22].
In 2014, a study by Spruijt-Metz et al. [24] advanced the
framework just-in-time adaptive interventions (JITAI) which
aim to “provide information, nudges, and interventions when
needed or appropriate, tailored to the individual’s needs and
context, via mobile technologies” [24]. This type of framework

is a promising reference methodology for developing smart-
phone health and fitness apps, as well as solutions for other
ubiquitous and pervasive computing technologies exploiting
persuasion strategies. Starting from the assumption that mood
has a central role in domain-specific persuasion systems for
well-being, since it helps in recognizing when and how to
deliver behavioral interventions, the main goal of the current
work is to investigate the feasibility and acceptability of single-
input methods to self-assess the user’s momentary mood in a
specific target population. Literature recognizes that mature
people, often have ambivalent attitudes towards technology
and tend to be reluctant to accept technological innovations.
Moreover, they often have longer learning times and lower
performance measures than younger people [4], [8]. Thus,
focused studies, like the current one, are necessary since we
expect that the interface design would affect acceptability
and feasibility in the usage of momentary mood trackers in
this target population. Momentary mood is defined as “The
psychological state identified by perceived internal psycho-
logical and physical sensations, such as dullness on waking
or exhilaration after walking” [20]. Investigating feasibility
and acceptability of tools assessing momentary mood could be
helpful not only in checking user availability for mobile just-
in-time interventions [24] but also in other contexts such as
the Ecological Momentary Assessment (EMA) and Experience
Sampling Method (ESM) [23], [25], antecedent’s analysis of
addictive behaviors and mood regulation per se. To this aim,
we designed a very simple android App providing four user
interfaces, each one showing one interactive widget to self-
assess mood. Two widgets report a hint about the momentary
mood they represent; the last two do not have the hints but
were previously refined through questionnaires administered
to 63 women (age 45-65) in order to reduce their expressive
ambiguity. Next, fifteen women (age 45-65) were recruited
to use the app for 15 days. Participants were polled about
their mood four times a day and data were saved in a remote
database. Moreover, users were asked to fill out a preliminary
questionnaire, at the first access to the app, and a feedback
questionnaire at the end of the testing period. Thus, main
research questions were: (RQ1) Is the proposed approach for



mood assessment feasible and accepted in this target popula-
tion? (RQ2) Are there differences among the proposed input
methods in terms of input speed, intuitiveness, expressiveness,
appropriateness to the scope, and willingness to reuse? If so,
do these differences have statistical significance?

II. RELATED WORK

Several studies in the literature investigate the use of
methodologies that require participants to self-report on their
activities, emotions, or other elements of their daily life several
times a day (EMA/ESM). Among them we are interested in
research studies reporting mood assessments through mobile
devices. A valuable literature review covering contributions
from the computer science domain can be found in the work
of Van Berkel et al. [26]. Here the authors focused espe-
cially on mobile devices, providing important considerations
that were helpful for our work, especially those related to
data quality in data collection. The data collection was also
the focus of another interesting study by Chan et al. [3]
that investigated participants’ experiences in EMA studies,
providing helpful insights on how these experiences may
influence the collected data. Both studies guided especially
our design choices. It is worth noting that the majority of
studies were conducted in a medical context and participants
were people with specific health conditions. In the work of
Richmond et al. [16] participants were invited to respond
to SMS text messages sent out weekly over a period of 15
consecutive weeks, asking participants to rate their experience
of depression on a simple 9-point scale. Other studies have
shown the feasibility of using EMA to gather data on bipolar
disorder symptoms via smartphone [1], [21], sometime asking
patients to respond to auto-generated surveys twice a day
[21]. All these studies provide some evidence for the utility
of daily mood reporting via modern software tools although
additional evidence is needed to better evaluate the usability
and acceptability of these tools especially among different user
groups not necessarily medicalized. Focusing on methods for
assessing momentary mood, Desmet et al. [5] concentrated
their attention on tools requiring minimal effort from users
who have little time or poor motivation to report their moods.
To this aim, they proposed and validated Pick-A-Mood, a
character-based pictorial scale for reporting and expressing
moods. The research closely related to our investigation is a
study by Wallbaum et al. [27], in which the authors explored
the use of four different methods to express mood on mobile
devices through a comparative study evaluating intuitiveness,
inconvenience, speed of input, everyday use, expressiveness
and overall suitability of these methods. Nevertheless, our
study is different because: (i) mood assessment does not
serve as a part of interpersonal communication; (ii) the target
population includes only females aged 45-65 years; (iii) tools
tested are different (apart from the PAM, see Section IV-A1)
since the study dates back to 2016, when mobile user interface
design and interaction were different from the current ones.

III. THEORETICAL BACKGROUND

A. How to define Mood

Psychological theories of affect highlight the importance of
discriminating between emotion and mood. These terms are
often confused, not only in everyday thinking but sometimes
by experts as well. This is why some of the existing tools
to assess affect (questionnaires, emotion-tracking apps, and
physiological sensors) are all used to track emotion as well
as mood. Nevertheless, instruments for measuring emotions
are not always suitable for measuring mood [5]. Summariz-
ing, main differences are: (i) Object-directness, emotion is
generally intentional (external focus), mood is non-intentional
(internal focus) [7]; (ii) Time-duration, emotions tend to be
relatively short-lived (seconds, minutes), are episodic and
generally express strong intensity. Moods, in contrast, have
a long duration (hours or days), they are continuous and
result in a weak [28]; (iii) Effects, emotions bias action,
stimulating an immediate response, on the contrary, mood
influences people without interrupting their ongoing behavior
and thoughts, modifying general readiness to engage [2].

B. Reference Models

Among the main psychological theories of affect, we are
interested in dimensional theories [18] that focused on a mood
state – in particular, a momentary psychological condition
resulting from psychological and physical sensations (such as
exhilaration after walking). The dimensional model describes
emotions in two (sometimes three) independent dimensions
(arousal, pleasure) in a Cartesian Space. Based on these two
dimensions, Russell created a ‘Circumplex model of emotions’
[17] most commonly used to test stimuli of emotion words,
emotional facial expressions, and affective states. Every lan-
guage has its mood-related words, and since our study took
place in Italy, final terms chosen from the Immediate Mood
scale [11] and ITAMS, Italian Mood Scale [15] are: (i) Red-
quarter - nervosa, tesa, preoccupata, arrabbiata; (ii) Yellow-
quarter - attenta, energica, felice, euforica; (iii) Green-quarter
- soddisfatta, serena, rilassata, calma; (iv) Blu-quarter - apatica,
triste, depressa, stanca.

IV. DESIGN STUDY

To conduct our study, we recruited 15 participants (female,
age range 45-65 years, M = 55.67 years, SD = 5.40 years)
from women working on our research campus (about 1500
workers), for a 15-day study. Participants were independent
of the study and the research team, and their involvement
was voluntary. Since we are interested in health prevention
paths, the age group should be temporally consistent with
‘preventive’ interventions. All of them were asked to use their
personal device and to download our Android app available
via Google Play. The app provided four user interfaces, each
showing one interactive widget to self-assess mood. Partici-
pants were polled about their mood four times a day, every
4 h. Time of assessment could be modified with respect to



the default plan (10:00/14:00/18:00/21:00) keeping a period
of at least 3 h from each time. At each assessment time, the
app proposed a randomly selected widget, without repetition
in order to propose all four tools to each participant every
day. When the participant first accessed the app, a preliminary
questionnaire (pre-questionnaire) was proposed, to gather the
user’s information in terms of time available for oneself,
presence/absence of pathological conditions, presence/absence
of mood disorders and familiarity with the use of mobile apps
in general and specifically mood tracking apps. All these data
could be useful for explaining user behavior (ex post). At the
end of the 15 days, each participant was asked to answer a
post-questionnaire looking for subjective impressions of the
app’s use (see Section V-C and Section VI).

A. Tools

Two of the four widgets derive from the literature and were
appropriately adapted to our specific context, while the other
two are a relatively new proposal. All of them are described
in the following and shown in Fig. 1 (a), (b), (c), (d).

1) PAM widget - Photographic Affect Meter: Pollak et al.
presented the Photographic Affect Meter (PAM) in 2011 [14]
based on the Affect Grid by Russell et al. [19] and vali-
dated through PANAS [28]. The PAM shows 16 photographs
arranged in a 4x4 grid used to represent individual current
mood. Since the final data set of images has not been shared,
researchers who want to use the PAM tool must build their own
set of images. To this aim, we collected images from Italian
Flickr repository, tagged by millions of users. For each word
selected to express Italian terms for moods (see paragraph 3.2),
we extracted a group of 5-6 pictures. Further refinement was
obtained by sharing an online survey (through mailing list and
Facebook) asking people to select the most appropriate picture
for each mood term. We collected answers from 125 people,
29 males and 96 females, aged between 18 and 73 years. Of
these, we selected data from women aged 45-65 years (n =
63) to better represent our specific target group. Among these
data, we found sufficient polarized responses (low ambiguity)
for nine mood terms, for which one of the proposed options
was chosen in at least 60% of the cases, the remaining 40%
(or less) being dispersed among the other images (options)
proposed for each term. For the remaining mood terms (7)
we selected the most voted image, having minimum %30 of
choices (higher residual ambiguity). The final image set will
be available to other researchers if requested.

2) Emoji Widget: According to the same dimensional
model, we created another self-report tool based on commonly
known emoji, structurally and stylistically richer than emoti-
cons to better express mood nuances. To build our 16-item
emoji tool while reducing its ambiguity as much as possible,
we shared an online survey asking people to select the most
appropriate emoji for each mood term, choosing from a set of
3-6 items (redundant). We collected answers from 125 people
aged between 18 and 73 years (31 males and 94 females) and

from them, we selected data from women aged 45-65 years (n
= 63). In this case, polarized responses were higher than in the
image selection (PAM widget), 12 mood terms matching with
the same emoji in 60% of the sample. For the remaining four
mood terms (as occurred for the PAM widget), we selected
the most voted emoji having minimum 30% of choices (less
residual ambiguity).

3) Color Picker Widget: The third tool is a variant of the
Mood Meter developed by the Yale Center for Emotional
Intelligence. As the inventor stated, it helps people develop
skills such as recognizing, understanding, labeling, express-
ing, and regulating emotions. The Mood Meter is a square
evenly divided into four color quadrants. Each color quadrant
represents a mood category according to Russell’s model [17].
The color strategy in itself does not contain information about
mood; the color is only a way to identify and label it. In
the original tool, each quadrant has 25 emotion words with a
total of 100; in our version we selected four words for each
quadrant in order to guarantee the same expressiveness and
adequate usability on small-screen devices for all the widgets.

4) Color Wheel Widget: The fourth component is a sort of
mix between the Circumplex model [17] and Plutchik’s Wheel
of Emotions [13]. As with the Color Picker widget, Plutchik’s
wheel of emotions helps us to enhance emotional literacy by
providing words for emotions, as well as to understand how
different emotions are related to one another and how they
tend to change over time. To be consistent with the other
widgets and to guarantee better usability on smartphones, we
created a simplified version of the tool, where only two levels
of emotions (16 mood terms) have been exploited in a single
circle. Moreover, labels associated with each element of the
wheel are placed on the component center. Compared to the
original tool, we preserved concepts such as intensity level
of emotions, fusion of primary emotions into new emotions
and the concept of emotional opposites as mutually exclusive
couples.

V. RESULTS

A. User sample characterization

Results from preliminary questionnaire show that 46% of
women had difficulty finding time for themselves, 76% were in
good health; 30% had some mood disorder but do not usually
track mood. Moreover, most of the sample (70%) do not
use health apps or tracking mood apps. Most of them (67%)
regularly use other generic apps, especially social networks.

B. Mood assessment data

The analysis of mood assessment data showed good en-
gagement by most of the users, and nearly all the participants
entered the value of their mood four times a day as requested.
As shown in the literature, notifications on mobile devices
can cause user annoyance due to the interruption of other
activities, especially ongoing tasks on the mobile device itself
[9], [26]. Determining the time of assessments is crucial to



(a) (b) (c) (d)

Fig. 1. Designed tools: (a) PAM widget; (b) Emoji widget; (c) Color picker widget; (d) Color wheel widget.

gaining user attention, but it is very difficult to achieve. For
these reasons, we let the user customize the notification time
according to their habits. Twelve women did not customize
time setting notifications, and the remaining three did so
partially or completely. Moreover, for those who did not
modify the default time setting, a time stamp associated with
each recorded mood showed that 34% of total assessments
were made within 5 min from the notification event. User
reactivity to notifications was generally high: the average delay
(min) of responses to notifications was in the range of 5-
25 min for 9 participants out of 15, and 5-40 min for the
remaining 6. As suggested in the work of Pejovic and Musolesi
[12], willingness to reply increases when a user has not
received notifications for a while. Probably our target group
is less engaged in continuous activities on the smartphone,
and they suffer less from interruption load than other types
of users. Considering the users’ behavior during the day, we
observed high variability among users and there was not a
moment of the day more/less likely to cause assessment delays.
Analyzing recorded values, we did not observe a recurrent
mood term in a certain widget nor recurrences in mood values
at a specific time along the day. Nevertheless, we observed
that 50% of users always selected the mood within two
Russell’s quarters regardless of the widget (for widgets with
quarters). Red-quarter’s moods (energized/unpleasant feelings)
and Yellow-quarter’s moods (energized/pleasant feelings) are
more frequent earlier in the day. Quiet feelings (pleasant
or unpleasant) are more frequent in the evening. Data also
revealed a prevalence in terms chosen: Calm had the most
choices (18% of total assessments), the least frequently chosen
terms were Euphoric (o.65%) and Angry (1.63%). The terms
in the middle were Tired with 12% of choices, and Peaceful
with 13%.

C. User perception

Other data were collected via a post-questionnaire including
three sections. In the first section we asked participants to
evaluate each widget in terms of input speed, intuitiveness,
expressiveness, appropriateness to the scope, and willingness
to reuse (via 5-item Likert scale: 1 - strongly disagree, 5 -
strongly agree). Statements were formulated in positive form,
e.g.: “Assessing mood is rapid with this widget”. Results
obtained by summing the scores for each widget and for
each of the five variables under study, are described in Table
I in terms of Best widget (BW) and Worst Widget (WW).
The Color Picker reached the best score for three of the five
variables. The Emoji was perceived as the worst widget for all
the variables except Willingness to reuse. The second section
asked participants to rate each widget from 1 (poor) to 5
(excellent) regardless of specific criteria. Summing the scores
collected for each widget we obtained the following order from
best to worst: 1) Wheel; 2) Color Picker; 3) Emoji; 4) PAM.
The third section allowed participants to leave comments and
suggestions regarding each widget. Only 4 out of 15 women
left comments mainly claiming the perceived ambiguity of
PAM and Emoji widgets as well as the attractiveness of PAM.

D. Statistical Analysis

The next step was to understand whether the differences
identified among the input methods (via post-questionnaire)
were statistically significant or they were due to chance (RQ2).
The statistical perspective must consider two limits in our
study, the smallness of the sample and the data provenance
from Likert scales. Moreover, since each one of the four
interfaces has been tested by the same group of 15 users,
we are in the case of within-groups experiments. All these
things considered, the candidate tests are non-parametric tests
that do not require making assumptions about the sampled
population. Among those, we applied the Friedman test [6]



TABLE I
RESULTS FROM USER PERCEPTION IN TERMS OF BEST WIDGET (BW) AND WORST WIDGET (WW) FOR THE FIVE VARIABLES. STATISTICAL REPORT IN

DARK GREY: FRIEDMAN TEST RESULTS VIA CHI-SQUARE INDEX AND P-VALUES FOR THE SAME 5 VARIABLES, K IS THE NUMBER OF INTERFACES (INPUT
METHODS), N IS THE USER’S SAMPLE DIMENSION AND DOF REPRESENTS THE EXPERIMENT DEGREES OF FREEDOM.

Variable BW Score WW Score
Input speed Color Picker 64 Emoji 36
Intuitiveness Color Picker 60 Emoji 39
Expressiveness Wheel 56 Emoji 41
Appropriateness PAM 59 Emoji 46
Willingness to reuse Color Picker/PAM 51 Wheel 46

k N Chi-Square DoF p-value
4 15 12.14 3 0.007
4 15 13.96 3 0.003
4 15 14.42 3 0.002
4 15 5.44 3 0.142
4 15 9.75 3 0.021

with the Chi-Square index, adequately modified to take into
account the peculiarity of the Likert scale in the rank matrices.
Results, shown in Table I, suggest that the differences found
in the four interfaces, according to each of the five dependent
variables can be considered statistically significant with p-
value < 0.05 for all the variables except the Appropriateness
for which is not possible to refuse the null hypothesis. The
Table I also indicates how the strength of significance is
lower for the variable Willingness to reuse with a Friedman
test value slightly higher than the critical value, while it is
significantly higher for the other variables considered. It is
worth noting that, due to the test adopted, the rejection of
the null hypothesis (for each variable) guarantees that at least
one pair of interfaces among the four considered, express
statistically significant differences. Additional Wilcoxon Sign-
Rank tests [29] helped us identify which interface pairs have
statistically significant differences for each variable: (i) Input
speed, all pairs have statistically significant differences except
Color Picker/Color Wheel and Emoji/PAM; (ii) Intuitiveness,
all pairs have statistically significant differences except Color
Picker/Emoji and Emoji/PAM; (iii) Expressiveness, all pairs
have statistically significant differences except Emoji/PAM;
(iv) Willingness to reuse, all pairs have statistically significant
differences except Color Picker/PAM and Emoji/PAM.

VI. DISCUSSION

Collected data produced ambivalent results. About 50% of
participants were willing to reuse all the widgets and 25%
of the sample took a neutral position, moreover, considering
appropriateness for the scope, all the widgets were judged
appropriate; both results partially indicate a success of the
approach per se, regardless of the widget. Moreover, to capture
”the moment”, the variable to be privileged is the input speed
and this is higher for Color Picker and Wheel which are
textually enriched. Nevertheless, we need to consider the trade-
off between input speed and attractiveness which could affect
the user motivation. All the widgets force the users to search
for their own mood and this search could be less attractive
for textual labels. PAM widget has been judged the most
appropriate and, based on the comments from participants,
photos, despite being ambiguous, seem have a potential for
attractiveness. However, in the case of PAM, it is unclear

to what extent the photo itself affects the mood rather than
faithfully reporting it. The woman could select the mood she
would like to be in rather than the one she is actually in.
Arbitrary responses dues to widget ambiguity as well as poor
user motivation are responsible for low data accuracy which
is the main limitation of single-input methods. On the other
hand, a ground truth would require standardized tools (mainly
questionnaires including several items) which are impossible
to map on a single-input tool. The differences that emerged
among the input methods are statistically significant although
the analysis has its major limitations in the smallness of the
sample and in the subjectivity of the data collected. Further
tests involving a larger number of users in the same population
are needed to assess the actual acceptability of this approach,
as the general literature reports a high dropout rate in this
type of study [3]. Furthermore, to avoid poor data quality due
to arbitrary responses, the overall design could be enriched
through incentives or rewards, focusing on time as a key factor.
The look-screen chosen requires that the answers be provided
in a short time because our goal is to capture the moment; in
other contexts, micro-interaction would not be an advantage
and interface prompts should encourage weighted responses
depending on the nature of the assessment.

VII. CONCLUSION

The goal of this study was to evaluate feasibility and
acceptability of using single-input methods for self-assessing
momentary mood in mobile devices, in a very specific target
population (female, age range 45-65). Considering that almost
50% of the women participants declared they were usually
busy during the day and not inclined to use apps for mood
tracking, test participation was positive. The app is quite
minimal; it does not disturb but also does not offer anything
in return, so this makes user retention riskier. Nevertheless,
no participants left the test before 15 days. In summary,
the experience described seems to prove the feasibility and
acceptability of this approach to self-assess momentary mood
in the target population. These results could be of help for
designing richer and more attractive apps monitoring the user’s
well-being and embedding a module for momentary mood
assessment.
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