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Abstract Emotional information is complex to manage by
humans and computers alike, so it is difficult for users to
express emotional information through technology. Two
main approaches are used to gather this type of information: objective (e.g. through sensors or facial recognition)
and subjective (reports by users themselves). Subjective
methods are less intrusive and may be more accurate,
although users may fail to report their emotions or not be
entirely truthful about them. The goal of this study is to
identify trends in the area of interfaces for the self-report of
human emotions, under-served populations of users, and
avenues of future research. A systematic literature review
was conducted on six search engines, resulting in a set of
863 papers, which were filtered in a systematic way until
we established a corpus of 40 papers. We studied the
technologies used for emotional self-report as well as the
issues regarding these technologies, such as privacy,
interaction mechanisms, and how they are evaluated.
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1 Introduction
Computers may benefit from knowing about users’ situations while they are interacting, to adapt more accurately to
their needs (Gross 2009). Emotions, in particular, are
central to several human processes and may enhance system effectiveness (Picard 2003). For example, informal
caregivers who care for an ill family member tend to have
high levels of burden and depression (Papastavrou et al.
2016). Recording their emotional information may be
beneficial in three ways: (1) providing the caregiver with
self-knowledge and self-reflection, (2) providing healthcare
teams with information for early intervention, and (3)
providing family members with information to support the
caregiver, by knowing how the caregiver is managing their
role. However, although recording emotional information
may benefit them and provide actionable information to
healthcare teams and family members, caregivers may
have low digital skills and feel that inputting this information is an additional burden or chore.
For these type of users, two main approaches are usually
used to gather emotional information: objective (e.g.
through sensors that record physiological data or facial
recognition) and subjective (reports by users themselves).
Several approaches have been proposed to objectively
recognize emotions; e.g. through analyzing sound (Chi
et al. 2011), facial expressions, eye gaze and head movement (Zhao et al. 2012). Techniques that use physiological
sensors may be obtrusive and prone to noise, while
observational techniques such as facial recognition are less
obtrusive, but may require e.g. infrastructure.
Subjective methods are less intrusive, simple to implement, portable, and may be more accurate, though they also
have possible drawbacks, e.g. users may fail to report their
emotions or not be entirely truthful about them. Despite
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this, psychologists rely on this method to know how a
patient feels (Barrett 2004). However, inputting emotional
information into a system is a complex task, since emotions
are nuanced, multi-faceted and have varying degrees of
intensity. Recently, there have been several proposals of
user interfaces and interaction styles to report, register and
share human emotions. The goal of this work is to study the
types of interaction mechanisms and interfaces that have
been used to self-report emotional information, in order to
understand the challenges and trends in this area, underserved populations of users, avenues of future research, and
provide insights or lessons learned about how to best
approach the design of interfaces for self-report of emotional information.
To achieve our goal, we conducted a systematic literature review (SLR), which is a way of identifying, evaluating and interpreting available research on a particular
topic (Kitchenham and Charters 2007). The main goal of
this review is to learn which technologies are used for selfreport of emotional information. We aim to expand the
knowledge gained from a previous, preliminary SLR
(Fuentes et al. 2015a), by adding research questions, conducting a broader search of papers and providing in-depth
analysis of results.
This paper is organized as follows. Section 2 summarizes our research area, defining relevant terms for our
literature review. Section 3 describes our methodology,
including the research questions, search strategy, selection
criteria, and data extraction. Section 4 presents the results.
Then, we discuss our findings and present our conclusions.

2 Background
In this section, we review the area of human-centered
computing, and existing types of interfaces, to introduce
the key concepts of our literature review.
Human-centered computing is a research field which
aims at ‘‘bridging the existing gaps between the various
disciplines involved with the design and implementation of
computing systems that support human’s activities’’, i.e.,
human sciences and computer science (Sebe 2010).
Human-centered computing is a reimagining of classical
human–computer interaction (HCI), in which some
researchers consider that understanding people (with their
concerns and activities) should be the first consideration in
technology design (Bannon 2011).
2.1 Human–computer interfaces
A user interface is the representation of a system with which
a user can interact (Jacko 2012). Classical types of interfaces
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are command-line interfaces (CLI) in which the user types in
commands (Jain et al. 2011), and graphical user interfaces
(GUI), which use image-based interaction (Jain et al. 2011;
Jacko 2012). Natural user interfaces (NUI) allow users to
interact using body language and gestures (Wigdor and
Wixon 2011). Organic user interfaces (OUI) are interfaces
that can change their shape (Lahey et al. 2011).
Ubiquitous computing is technology that ‘‘disappears’’,
with the goal of designing computers that fit the human
environment (Weiser 1995). Ubiquitous computing has
high embededness and mobility (Lyytinen and Yoo 2002).
Pervasive computing follows the same principle and is
highly embedded, but with low mobility (Lyytinen and
Yoo 2002). Ubiquitous and pervasive technologies may be
represented by different types of interfaces. One example
are tangible user interfaces (TUIs). TUIs allow users to
manipulate digital information and physically interact with
it (Ishii 2008). TUIs take advantage of users’ knowledge of
how the physical world works (Jacob et al. 2008), which
may make them especially suitable for users without much
knowledge of the digital world.
2.2 Emotions and computing
Emotions are composed of behavioral, expressive, physiological, and subjective reactions, or feelings (Desmet 2005).
Emotions are central to many human processes (e.g. perception, understanding), and may enhance the effectiveness
of some systems (Picard 2003). Emotions may be monitored
through several techniques: by using sensors to measure
neuro-physiological signals, by observing gestures, facial
expressions and voice, and by asking users to self-report their
own emotions (Lopatovska and Arapakis 2011).
Affective computing is the research area that focuses on
computing’s relationship to emotions—how it influences
them and is influenced by them (Picard and Picard 1997).
Polzin and Waibel (2000) posited that it is important for
computers to be aware of the emotions of its user, since
humans have emotional experiences when interacting with
their computers. Otherwise, even if the system can synthesize emotions, interaction becomes one-sided because
the user’s emotions are ignored (Polzin and Waibel 2000).
There are several scenarios in which computing systems
benefit from knowing information about users’ emotions.
For example, persuasive technology aims to explore how to
design technology that induces behavioral change in its
users (Fogg 1998), so persuasive systems, explicitly
focused on inducing cognitive or emotional changes
(Torning and Oinas-Kukkonen 2009), require information
about their users’ emotions. Some cases, e.g. users with
cognitive difficulties, low digital skills, or children, may
have difficulty using typical computer systems to input
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Fig. 1 Research questions as
structured by the PICOC criteria

their emotions. New types of interfaces, such as ubiquitous
computing technologies, and tangible user interfaces, may
be less intimidating and provide a way to blend into the
environment and make it easier for users to provide emotional information.

•

3 Systematic literature review methodology

3.2 Search strategy

3.1 Literature review methodology

In a previous work (Fuentes et al. 2015a), we conducted a
preliminary systematic literature review to identify which
technologies are being used to report, register and share
human emotions. We used the following search string, over
titles and/or abstracts, for the 2005–2015 year range:

We followed Kitchenham and Charters’ SLR methodology
(Kitchenham and Charters 2007). We defined our research

questions using the population, intervention, comparison,
outcome and context (PICOC) structure (Kitchenham and
Charters 2007), shown in Fig. 1. It is relevant to note that
we do not aim to compare interventions, rather, we are
focused on providing an overview of the research, challenges, and solutions that have been proposed in this
research area.
The research questions guiding this research are the
following ones:
•
•

What emotional information is captured in technologies
for self-reporting emotional information?
What types of technologies are used to self-report
emotional information?

•

How do technologies for self-report of emotional
information handle privacy?
How are technologies for self-report of emotional
information evaluated?

Then, we reviewed 327 papers and ended up with a
corpus of 13 papers (4%) that fit the inclusion/exclusion
criteria for the study. The low success rate of useful
papers led us to rewrite our search string. We decided,
based on the papers found (which included words such as
emotional, sharing, affective, and interface, and names
such as AffectButton (Read and Belpaeme 2013), Emotion
Caster (Lin et al. 2009) and Mood Squeezer (Gallacher
et al. 2015)), to include more word endings in our new
search. We filtered papers from the last 10 years
(2006–2016) and, when available, filtered results only to
‘‘Computer Science’’. The resulting search string was the
following one:
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Table 1 Search results

SLR1 (May 2015)

SLR2 (March 2016)

ACM Digital Library

43

261

75

IEEE Xplore

115

399

301

ScienceDirect

22

75

64

Springer Link

147

141

134

Taylor and Francis

Not considered

23

19

Emerald Insight

Not considered

Total

327

The ‘‘self-report*’’ keyword generated errors in several
search engines, since the ‘‘-’’ character in some cases
results in results being omitted. For this reason, we conducted the search with ‘‘self*’’ and then filtered results that
did not contain ‘‘shar*’’, ‘‘interact*’’ nor ‘‘self-report*’’.
We also filtered results that did not have the keywords in
the title. Table 1 lists the results from the previous search,
as well as the results from the new search string, and the
filtered results.
We then removed duplicates and the papers that had
been previously reviewed. Then, two researchers (PR and
IR) independently read the title and abstract for all papers,
and applied the inclusion and exclusion criteria (see
Table 2). A third researcher (MM) decided on discrepancies. The resulting papers were read entirely by the
main researcher (CF), who decided whether to finally
include the paper or not. After the previous phases were
completed, we had 23 papers for this literature review.
We then expanded the search by performing a snowball
on the selected papers. We manually reviewed each reference from these papers and filtered them to remove
duplicates and papers outside of our year range. From this
phase, we added 17 additional papers, which were then
reviewed with the same aforementioned process. Figure 2
presents the flow diagram for this process using PRISMA
notation (Stovold et al. 2014), including the previous SLR
(SLR1) and the expansion presented in this paper (SLR2,
plus the snowball process).

Table 2 Inclusion and exclusion criteria
Inclusion criteria

Exclusion criteria

The paper is in english

Not in english

Peer-reviewed, obtained from
journal, conference or workshop

Not peer reviewed

Published on or before May 2015

Is a survey or SLR

Focused on technologies for
registering emotions

Includes human–robot/agent
interaction

Presents technology and validation

Does not include objective
measurement of emotions

Main purpose is measuring
subjective emotions
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SLR2 (filtered results)

38

31

937

624

4 Results
This section presents the results obtained in our study.
First, we discuss general information about our corpus of
papers, which are listed in Table 3, along with the name of
the interface (if available) that each paper presents. It is
relevant to note that some interfaces are presented in several papers (e.g. AffectButton is presented in 4). Then, we
answer each of our four research questions.
The distribution of papers per year and per country (of
author affiliation) are shown in Figs. 3 and 4 respectively.
We can see that the selected papers are more or less
evenly distributed across the years of the study and across
the continents, covering more of North America and
Europe but with some participation of papers from South
America, Asia and Oceania. The following sections present the results, structured as answers to the research
questions.
4.1 What emotional information is captured
in technologies for its self-report?
There are several models of human emotions used in the
reviewed papers, listed in Table 4. All of these models are
standardized descriptions of emotions to be used in any
context, except for LPN (Lee et al. 2007) that was proposed
for emotions associated with movement. The most common standard approach is Russell’s circumplex model of
affect (Russell 1980), possibly because it defines a large set
of adjectives to categorize emotions, which allows flexibility and covering a large range of emotions. Several
papers do not use a standard method to categorize emotions, instead using previous studies to define the emotions
that interest the researchers (e.g. Mood Squeezer (Gallacher et al. 2015)), while others ask simple questions (e.g.
‘‘How happy do you feel?’’ (Conner and Reid 2012), ‘‘How
are you feeling right now?’’ (Killingsworth and Gilbert
2010)).
21 of the reviewed papers presented general interfaces
aimed at any type of user. 14 of these papers (66.6%)
used a standard emotion model and 7 used a domainspecific model. 10 papers presented interfaces aimed at a
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Papers identified in electronic
database searching SLR1
(n=327)

Papers identified in electronic
database searching SLR2
(n=624)

597

Papers identified with Snowball
over SLR1 and SLR2 papers
included
(n=254)

Included

Eligibility

Screening

Papers after duplicates removed
(n=1117)

Papers screened for abstract and title
(n=1117)

Papers excluded
(n=976)

Papers where full-text assessed for
eligibility
(n=141)

Papers excluded after full-text
assessed
(n=101)

Papers included in the analysis and
conclusion of this systematic
literature review
(n=40)

Fig. 2 Systematic literature review flow diagram based on PRISMA flow diagram

specific type of user (e.g. young people, museum visitors). In this case, 5 (50%) used a standardized model of
emotions and 5 (50%) used a domain-specific model. We
expected domain-specific systems to use domain-specific
emotion models and general systems to use general
models; however, the difference is small and we believe
that this may show that general-purpose models of
emotions really do capture a wide enough range of
emotions to be useful to general and domain-specific
systems.

4.2 What types of technologies are used to selfreport emotional information?
We identified systems that report emotions through several
types of interfaces; most use graphical interfaces (GUI),
and others use natural (NUI), tangible (TUI) or web-based
interfaces (WEB)—in combination with GUIs or as standalone systems. For this analysis, we group papers that
present the same interface or system, so we discuss the 32
interfaces listed in Table 4. Table 4 presents the type of
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Table 3 Selected papers and presented interface
Id

References

Interface

1

Sánchez et al. (2005)

Affective IM

2

Diener and Oertel (2006)

Emotetris

3

Isbister et al. (2006)

SEI

4

Sánchez et al. (2006)

Affective IM

5

Isbister et al. (2007)

SEI

6

Nagel et al. (2007)

EMuJoy

7

Neyem et al. (2007)

Emoti-Picture Frame

8

Chen et al. (2008)

Emoplayer

9

Matthews et al. (2008)

Mobile Mood Diary

10

Reid et al. (2008)

Mobiletype

11
12

Bardzell et al. (2009)
Bialoskorski et al. (2009)

–
Mood Swings

13

Broekens and Brinkman (2009)

AffectButton

14

Laaksolahti et al. (2009)

SEI

15

Laurans et al. (2009)

Emotion Slider

16

Lin et al. (2009)

Emotion Caster

17

Lottridge and Chignell (2009a)

Emotrace

18

Lottridge and Chignell (2009b)

Emotrace

19

Mody et al. (2009)

WiMO

20

Broekens et al. (2010)

AffectButton

21

Killingsworth and Gilbert (2010)

–

22

Morris et al. (2010)

MoodMap

23

Negru (2010)

–

24

Mora et al. (2011)

MoodMap, MoodTimeline

25

Pfister et al. (2011)

–

26

Yu et al. (2011)

ESM system

27
28

Conner and Reid (2012)
Caon et al. (2013)

–
–

29

Chambel (2013)

iFelt

30

Frost et al. (2013)

Monarca

31

Broekens and Brinkman (2013)

AffectButton

32

Schubert et al. (2013)

6 Emotion-Face Clock

33

Read and Belpaeme (2013)

AffectButton

34

Hastings et al. (2014)

EmoOntoTag

35

Angelini et al. (2015)

ADA Lamp

36

Choi et al. (2015)

AQA&AF

37

Doryab et al. (2015)

Monarca

38

Fuentes et al. (2015b)

EmoBall

39

Gallacher et al. (2015)

Mood Squeezer

40

Niforatos and Karapanos (2015)

Emosnaps

interfaces used in the system (GUI, NUI, WEB and/or
TUI), the user the system was designed for, the approach
used to self-report emotions and whether the system allows
for emotions to be shared (and who they are shared with
and how).
We wanted to learn how researchers had designed these
systems and interfaces. Out of the 32 reviewed studies, 7
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Fig. 3 Distribution of selected papers over years 2005–2015

discussed how the interface was designed. The methods
that were used were iterative design, user-centered design,
collaboration with an artist, inspiration on a stress ball,
prototype evaluation, ethnography, and participatory
design. The rest of the studies base their design decisions
on the results of interaction analysis, device characteristics,
simplicity, the possibility of less cognitive load, etc.
Tangible interfaces (TUIs) were built for 9 of the
reviewed systems. We were especially interested in this
type of interface, as they may be more suitable for specific
types of users (e.g. users with low digital skills), easier to
use (requiring less cognitive involvement) and more
entertaining (e.g. for children). The reviewed TUIs had
novel interaction mechanisms: emotions were registered by
shaking, squeezing, pushing or pulling sliders, hugging,
kissing, slapping, caressing, holding, or using gestures. We
did not find an explicit link between the use of TUIs and
targeting specific types of users or domains. It is interesting
to note that in most cases (62.5%), the target users of the
interface are generic or nonspecific.
4.3 How do technologies for self-report of emotional
information handle privacy?
Self-reporting emotional information is not an easy task,
because people need to recognize their own emotions and
feel secure and comfortable in recording them. Sharing this
information is also complex, as emotional information
tends to be sensitive and private. Out of the 32 distinct
interfaces identified in our study, 16 allow users to share
emotions. In our previous study, we identified that sharing
emotions is complex, as the information may be too personal. We wanted to learn how these systems handle the
problem of sharing, awareness, and privacy, so we studied
who the emotions are shared with, through which mechanism, and whether the authors recognize the problem of
privacy and how they manage it.
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Fig. 4 Countries of author affiliations. Colors indicate venue of publication (grey journal, black conference, grey-black line both)

Who are the emotions shared with (recipients)? The
reviewed systems allow users to share emotional information with specific groups of people, e.g. family, friends,
or others (social network contacts, clinics, therapist, other
study members). TUIs tend to allow sharing only with
specific groups of people, while GUIs generally allow
sharing with a broader audience.
Which technology/mechanisms were used to share
emotional information? Emotional information was shared
through several media, e.g. Twitter, Instant Messaging
(IM), other social networking systems (SNS), text messaging (SMS) or multimedia messaging (MMS).
How is privacy managed? Registering emotions can
help provide users of awareness of their own moods
(Sánchez et al. 2006) and sharing emotions may promote
conversation and improve working environments (Gallacher et al. 2015). However, in several scenarios in
which systems benefit from self-report of emotions, e.g.
therapy, safeguarding privacy is especially critical. For
example, users must be prevented from sharing emotional information with unintended recipients, which
may affect usability (Matthews et al. 2008), preventing
users from actually using (and benefitting from)
systems.
Out of the 16 studies that allowed sharing emotions, 9
did not mention privacy at all, not discussing mechanisms
to preserve it nor allowing users to protect their data. For
example, in one study ‘‘the participants admitted that they
felt self-conscious or embarrassed squeezing the balls in
front of other unfamiliar colleagues’’ (Gallacher et al.

2015). Developers of interfaces for expressing emotions
should take into account that the act of expressing an
emotion may be private, and design the interaction mechanism accordingly.
The most commonly proposed mechanism to preserve
privacy was allowing users to decide how to share their
information (e.g. private messaging, social networks) and
with whom. Although it is important to note that digital
environments may be more secure than more traditional
methods such as paper, as digital devices may be passwordprotected or locked, the risk of wide distribution of sensitive information in case of a mistake or security vulnerability is naturally much higher with digital information.
Some interfaces provide visualizations of emotions that are
viewable by everyone (Angelini et al. 2015). In these cases,
the design may hide the meaning of the visualization (e.g.
by allowing the user to attach the emotional meaning by
him/herself to each displayed color).
4.4 How are technologies for self-report
of emotional information evaluated?
Technologies for self-report of emotional evaluation are
frequently evaluated (88% present some form of evaluation—some studies present new methods of evaluation for
interfaces that have been previously assessed). The data
regarding evaluation of systems is presented in Table 5.
This table presents the total number of participants of the
study, the duration as reported (either total duration, or the
amount of time each participant had to spend doing the
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Table 4 List of interfaces, emotions used and sharing characteristics
Interface type
GUI

NUI

Target user

WEB

TUI

Emotion classification approach
Ekman (Ekman and
Friesen 1986)

Russell
(Russell 1980)

r

r

1, 4

r

People using chat

2

r

Any

r

Any

r

r

3, 5, 14
6

r
r

Any

8

r

Any

9
10

r
r

Teenagers
Young people

11

r

r

Any
r

12
13, 20,
31, 33

r

Museum visitors

r

Any

r
r

15

r

Any

16

r

Any

r

Any

17, 18

r

19

r

21

r

22

r

Office workers

r

23
24

r
r

NA
Any

r
r

25

r

26

r

27

r

28

r

29

r

30, 37

r

32

r

34

r

r

Any
r

Patient, caregiver
Any
r

Any
r

Any

r

Patient
r

Any
r

Conference
Attendees
r

Long distance
relationships

r

People

r

Office workers

r

r

Any

39
r

r

Any

r

38
40

r

Any

35
36

PANAS (Watson and
Tellegen 1985)

r

Any

7

Plutchik
(Plutchik 1980)

r

Any

Emotion classification approach
Scherer
(Scherer
2005)

LPN (Lee
et al. 2007)

Sharing
PAD (Russell and
Mehrabian 1977)

SAM
(Lang
1980)

Other

1, 4

Sharing?

Recipient

Sharing
mechanism

Privacy?

4

Any

IM

–

4

Members of
study

Video

–

4

Friends/family

Picture frame

4

4

Therapists

History

4

2
3, 5, 14
6
7
8

r

9

r
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Table 4 continued
Emotion classification approach
Scherer
(Scherer
2005)

LPN (Lee
et al. 2007)

Sharing
PAD (Russell and
Mehrabian 1977)

SAM
(Lang
1980)

Sharing?

Recipient

Sharing
mechanism

Privacy?

4

Any

Viz

–

4

Friends

IM

–

4

Friends

Same
interface

–

23

4

Friends/family

Twitter

–

24

4

Friends/family

Twitter

4

4

Any (excl.
parent)
Members of
study

SMS, MMS

–

SMS

–

4

Social
network

Twitter

–

4

Any

Viz.

–

4

Social
network

SNS, Lamp

4

r

10
11
12
13, 20,
31, 33

Other

r
r
r

15
r

16
17, 18
19

r

21
22

25

r

26
r

27
28
29

4

r

30, 37
32
34

r

r

35
36

r

38

r

4

Friends/family

Twitter

4

39

r

4

Business
partner

Viz, display

4

40

r

required task), whether the evaluation was qualitative or
quantitative (or both), and the evaluation task or instruments used. When information was not reported, it was
omitted from our table.
Most studies use mixed-methods (38%) and quantitative
(38%) approaches, while 13% only use qualitative methods. The chosen participants were in many cases students
(15 out of 40 studies), while others use participants such as
conference attendants, family members, friends, employees
and older adults. Participant numbers range from 6 to 2550
(average: 119). Naturally, qualitative studies have a lower

number of participants (ranging from 6 to 36, average: 15),
since these methodologies tend to maximize in-depth
analysis and are therefore time-consuming (e.g. video
recordings, observations, interviews).
The range of time invested for evaluation was between
12 min per participant to over 11 months (average: 7.8 weeks).
34% of studies did not specify how long the evaluation process
was. Although long-term studies are ideal to uncover complex
adoption dynamics, there is a natural tendency for shorter
evaluation periods, which allow researchers to study a larger
number of users and conduct simpler evaluation protocols.

123

602

C. Fuentes et al.

Table 5 Characteristics of evaluation of interfaces for self-reporting emotions
No. of
participants

Evaluation characteristics

Duration
(weeks)
1

10

2

10

0.5

3

12

0.006

Duration
(min per
participant)

24

6

38

Quantitative

r

r

Questionnaires

Observation

Interviews

User
Feedback

r

r

r

r

r

r

r

r

r

4
5

Qualitative

Evaluation
instruments
used
Testing
prototype

60

r

r
r

r

r

r

0.4

r

7

6

8

60

9

73

9

10
11

29
21

1

12

36

13

59

14

12

15

51

16

No evaluation

17

12

r

18

12

r

19

No evaluation

20

21

21

2250

22

10

23

No evaluation

24

32

25
26

41
28

3

27

162

2

r

r
r

90

r
r

r
r

r
r
r

r

r

r
r

10–12

r
r

r

r
r

r

r

r

r

r
r

r

r

r

r
4
0.5
5

r

r

r

r

r

r

r

r

r
r

r
r

r

r

r

r

r

r

r

r

r

r

r

28

r

10

30

6

31

776

r

32

30

r

33

58

34

35

35

No evaluation

36

14

37

10

50

38

16

14

r

r

39

59

4

r

r

40

27

3

r

r

r

26

r
r
r

r

29

r

r

r
r

r
r

r

0.5

r
r

r

r

r

r
r
r

r

r

r

r

r
r
r

Evaluation instruments used
IAPS use
1

Discussions

Test scenarios

r

2
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SUS

Focus group

DIGCOMP

Datalog analysis

Video record

Statistical tests

Other
r

r

r
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Table 5 continued
Evaluation instruments used
IAPS use
3

Discussions

Test scenarios

SUS

Focus group

DIGCOMP

Datalog analysis

Video record

Statistical tests

r

Other
r

r

4
5

r
r

6
7
r

8

r

9
r

10

r
r

11

r

12
13
r

14
15

r

16
17

r

r

18

r

r

19
r

20
r

21
22
23
24
25

r

26

r

27
28

r

r

29
r

30

r
r

31

r
r

32
33
r

34
35

r

36
37
38

r
r

r

r

r

39
40

5 Discussion
Systematic literature reviews are a methodology that
allows reviewing a large body of literature in a repeatable way. We reviewed the past 11 years of literature
concerning systems for self-reporting emotional information. Since the search was conducted in March 2016, it is
likely that some 2016 papers on this topic were not

r

included. A limitation of a SLR is that it cannot discover
papers in databases that were not searched or that do not
use the selected keywords. To diminish these limitations,
we also used a snowball methodology to increase our
corpus. 42% of selected papers were found through this
method, which shows that it is an efficient way to expand a
literature review, contributing a high number of useful
papers. Although we believe to have reviewed a large
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number of existing literature on our topic, from a broad and
diverse number of sources, there may still be papers that
were not examined. To further expand this review, besides
the possibility of incorporating additional search engines,
keywords, and a larger year range, we believe one of our
exclusion criteria (‘‘no objective measurement of emotions’’) could be refined and clarified, increasing the
number of accepted papers. We found this criterion
specifically to be subjective and therefore difficult for the
researchers to agree on, so wording it differently would
possibly increase paper acceptance.
The most common interaction style of the proposed
interfaces was WIMP (windows, icons, menus, pointers),
with a GUI interface. We did not find a well-defined scenario
of use nor interaction style for TUI interfaces, which may be
because TUIs are more recent and not as well studied, and
because the design methodology and target user strongly
define the interaction style, with researchers trying to find
novel ways to interact with technology (e.g. squeezing,
kissing, gestures). There are several factors that may affect
the self-report of emotions using technology: (1) the interface characteristics, as shape, design and interaction style
may impact motor and cognitive processes (Lottridge and
Chignell 2009b), (2) the users’ own cognitive abilities and
digital skills, (3) interest, enjoyment, and motivation to use
an interface, and (4) the user’s context. TUIs have the possibility of reducing some of these factors, generating lower
stress levels for users and helping users identify emotions
through object manipulation, as Isbister et al. state: ‘‘We felt
that ‘playing’ with objects would be more fun for users than
filling out a survey or thinking aloud, and might thus lead to
more relaxed and creative responses’’ (Isbister et al. 2007).
This may mean that, especially for users with low digital
skills or undergoing a stressful time, this type of interface
may provide benefits beyond only self-reporting emotions by
giving the users ‘‘the opportunity to do something fun’’
(Gallacher et al. 2015), as well as promoting engagement and
being more intuitive.
Self-reflection is an important aspect of registering emotions, especially for systems related to contexts such as
mental health or therapy. This may provide benefits to users,
and further study needs to be done on how to provide users
with these instances of self-reflection to induce behavioral
change. Another important aspect of registering emotions is
allowing users to share them with others. We found that
although most interfaces allow sharing emotions, they do not
strongly consider the privacy implications of emotion sharing, or even of emotion visualization, as some interfaces
display the users’ emotions. We can classify the proposed
recipients of the information in three categories; from those
closest to the user (e.g. close friends, family, therapists), to
specific users (e.g. acquaintances, business partners, social
network contacts), to any user (information that is shared
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publicly, e.g. posted to a social network). Few systems are
designed for sharing emotional information with anyone
(24%), and none of the papers in this category expressed a
concern with the privacy of the shared information. However, the fact that most systems are designed for sharing with
closer, selected recipients somewhat reflects the sensible
nature of the shared information. The degree of privacy of
emotions may also be related to cultural aspects, and we
believe this is an underexplored facet as well, as some cultures may be more extroverted and value awareness and selfreflection over privacy, while others may be reticent to
record their emotions digitally at all.
Regarding the evaluation of interfaces for self-reporting
emotions, we found an equal number of interfaces were
evaluated through quantitative and a mixed-methods
approach. We believe qualitative evaluation methods are
important to disentangle the complex variables involved in
users’ perceptions of these interfaces—e.g. benefits, usability, adoption, long and short-term persuasiveness. Only one
paper considered the digital skills of the users as a relevant
characteristic, and we believe that for novel interfaces,
considering the familiarity of users with technology is
important to understand their perception about the interface.

6 Conclusions
We conducted a formal, systematic literature review aimed
to understanding challenges, directions, and lessons learned
in the design of interfaces for emotional self-report. We
found it was a challenge to find research focused on selfreport of emotions; most research seems to focus on automatically detecting user emotions (through physiological
signals or observation), so this research area is small, but
nevertheless important, as self-report is the method used by
mental health professionals and can provide important input
to computer applications. The fact that there are a reduced
number of papers is a signal that this area of research requires
more studies (especially involving users in real contexts) and
interfaces (with new interaction styles).
Previous research has identified the importance of
sharing emotions with other users. Our results show that
most interfaces for self-reporting emotions are GUIs. This
may produce some categories of users that are excluded
from these technologies—e.g. users with low digital skills
or cognitive impairments—which suggests the importance
of studying these users and designing technologies with
interaction styles that allow them to use them intuitively
and easily. One challenge that is transversal for self-reporting and automatic interfaces is privacy, as emotional
information is sensitive and users may not want to share it.
More research on how to manage privacy and protect
information is needed.
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