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ABSTRACT

Projective tests are personality tests that reveal individuals’
emotions (e.g., Rorschach inkblot test). Unlike direct
question-based tests, projective tests rely on ambiguous
stimuli to evoke responses from individuals. In this paper
we develop one such test, designed to be delivered
automatically, anonymously and to a large community
through public displays. Our work makes a number of
contributions. First, we develop and validate in controlled
conditions a quantitative projective test that can reveal
emotions. Second, we demonstrate that this test can be
deployed on a large scale longitudinally: we present a four-
week deployment in our university’s public spaces where
1431 tests were completed anonymously by passers-by.
Third, our results reveal strong diurnal rhythms of emotion
consistent with results we obtained independently using the
Day Reconstruction Method (DRM), literature on affect,
well-being, and our understanding of our university’s daily
routine.
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INTRODUCTION

In this paper we describe a projective test to study a
community’s diurnal emotion fluctuation. Specifically, we
describe a test that involves tagging the emotion of walking
silhouettes on public displays (Figure 1), and we show how
the analysis of the collected tags reveals how the emotion of
the community varies during the day.

Prior research has pointed out the potential benefits of
understanding how the collective emotion in a community
fluctuates [13]. Specifically, community emotion may
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Figure 1. Left: a coded frame of a talent show contestant
walking sadly. Right: the extracted silhouette of the
corresponding frame is depicted.
fluctuate in response to various environmental, mental, and
physiological factors [38]. Understanding these may
provide insights to improving happiness and well-being, for
example by improving workplace and study environments,
or lifestyle recommendations [12]. A traditional approach to
studying emotion relies on disseminating questionnaires on
a large scale, for example via online surveys. However,
question-based approaches can suffer from an important
limitation of stated bias and unreliability. Furthermore,
individuals in a community are only likely to respond to a
survey once, therefore making it hard to map a

community’s emotion over time.

Due to these shortcomings, researchers have turned to
indirect ways of inferring the emotional state of a
community, for example by mining social network posts
and conducting sentiment analysis. This approach has
proved rather successful in detecting sentiment, and even in
using such sentiment analysis to predict the stock market
[4] or the success of films in the box office [34]. While this
approach can indeed capture data on a global, national, or
even city scale, it can be hard to geographically scope more
precisely the analysis, for example to focus on a particular
workplace. A large portion of social network data lacks
geographic tags, and many times researchers attempt to
infer location through the use of hash-tags (e.g. hashtag
during a concert) or social affiliations [34].

For these reasons, we investigate public displays as an
alternative — passive — approach to studying a community’s
emotion over time while maintaining a rigorous geographic
scope over the collected data. For our purposes, the use of
public displays is methodologically appropriate: it reaches a
large number of people in a particular geographic area, the
context remains controlled, and the data collection
mechanism is reliable [15,16]. In this paper we describe our
projective testing to capture a community’s diurnal
collective emotion and compare it to the results obtained



independently from the same community using the Day
Reconstruction Method (DRM). Finally, we discuss its
potential applications, benefits and drawbacks, and the use
of public displays for studying communities.

RELATED WORK

Emotion in Every Day Life

Making reliable judgements about other people’s feelings is
a crucial skill in everyday life [31]. One of the most
important emotional signalling channels is facial
expression: humans are able to express at least six different
emotional states — anger, happiness, sadness, fear, surprise
and disgust [9,22]. It has been shown, for example, that
smiles guide us in whom we choose to cooperate with [36],
and emotion-recognition aptitude predicts the success in
negotiation situations [10].

Human observers can also readily recognize emotions
expressed in body movement [2]. This perceptual judgment
is based on simple movement features, such as overall
speed, but also on more intricate posture and dynamic cues
[33]. For instance, emotions drastically affect an
individual’s gait [13]. Intuitively, people can identify
several emotions in gait information like sadness, anger,
happiness and pride [30,33].

The community’s emotion is also an integral part of human
rational behaviour and has been shown to influence
people’s thinking [3]: negative emotions make people avoid
the task that produces negative emotions and impairs the
processing efficiency in a cognitive task. Similarly, Ashby
et al. [1] report that positive affect is associated with
flexibility in reasoning, greater creativity in problem
solving and seeking out variety. Aula & Surakka [3]
showed that synthetic positive feedback improved the speed
with which people completed simple arithmetic tasks over
either neutral or negative feedback.

Research has also shown that individual and collective
emotion has diurnal rhythms. These rhythms have been
linked to health outcomes such as high blood pressure [40]
and suicides [38]. Researchers have used a number of
methodologies to capture granular changes in emotion
during the day and over time with relative success. Invasive
physiological sensing has been used in controlled settings,
for example to capture changes in emotion during gameplay
[28]. A drawback of this approach is that it does not scale to
large cohorts. Sentiment analysis has been used on public
emails [32] and Twitter [14] to demonstrate both seasonal
and diurnal rhythms of collective emotion. While this
approach scales to large cohorts, it is challenging to scope it
well: for instance it is hard to study a particular community
in relation to a workplace or place of study.

Most similar to our own work is a study that used the Day
Reconstruction Method (DRM) to investigate the diurnal
rhythms of emotion [38], albeit potentially with recollection
and response bias. Nonetheless, they report bimodal
patterns with peaks at noon and evenings for positive

emotions, and peaks at mid-morning and mid-afternoon for
negative emotions. These results are reflected in our own
findings.

Reaching Out To Communities

In our study we focus in reaching out to a relatively large
number of participants directly, and not through proxy
services such as Facebook or Twitter. While a lot of work
has shown that posts in these services can reflect sentiment,
they do not provide granularity in terms of the geographic
scope and context of the community being studied.

One approach for reaching a community directly is through
their mobile phones. Their portability and communication
capability makes them attractive platforms for reaching out
to a large number of users and collect a variety of
information. However, using them for any type of pushed
task  requires  individuals’  implicit  deployment,
configuration and use of the device [15]. For example, SMS
participants need to explicitly sign up for the service
(potentially at the cost of a text message exchange) and
normally they cannot really control when they receive
requests on their phones unless the system allows them to
specify when they wish to not be disturbed [7].

An alternative approach that has recently been proposed is
through the use of interactive public displays. This
approach advocates the embedding of public interactive
displays into a physical space and leveraging individuals’
serendipitous availability. Contrary to using mobile devices,
public displays do not require any deployment effort from
an individual to participate [15,16]. Recently, researchers
have also explored the use of other situated technologies for
the deployment of a situated crowdsourcing market [21].

Despite the various benefits of public displays, there are
certain drawbacks. For instance, the maintenance of public
displays is more challenging than an online server, and can
incur higher initial costs. Another drawback is that the
walk-up-and-use nature of public displays can result in
limited usability and accessibility of tasks, with less rich
interface controls than a standard desktop environment.
This means that not all types of tasks can be completed on a
public display, especially text entry tasks [17].

However, the key benefit of public displays is their strong
geographic nature, which in our case translates to
geographic scoping of the community we study. Using
physical displays we can ensure that people in a particular
community take part in our experiment, without initial
effort on their part. For instance, Hernandez et al. [19]
developed Mood Meter that encouraged, recognized and
counted smiles within a community using public displays.
At the same time, we can be more certain about the context
within which the data is collected because the displays
remain in the same place. This is in sharp contrast to the use
of mobile phones or Twitter, which can be used anywhere
and anytime. For these reasons, we decided to rely on
public displays as the technology to study our community.



Projective Testing to Reveal Emotions

Projective tests offer indirect personality assessment
through their use of ambiguous stimuli. Projective tests
have a number of advantages and disadvantages in relation
to direct personality tests [11]. Their advantage is that they
reduce one’s temptation to fake their response, they do not
depend as much on individuals’ verbal skills, and they
reveal both conscious and unconscious traits. A typical
drawback of this method is that individuals are not aware of
what they actually reveal about themselves, many (but not
all) projective tests have no standardized criteria to which
results may be compared, and therefore the statistical
analysis of the results can be challenging.

A variety of projective tests has been proposed [8]. One
such test, often portrayed in popular culture, is the
Rorschach test, which asks individuals to describe what
they see when shown irregular yet symmetrical inkblots.
Other examples include the sentence completion test were
individuals are given half-written sentences and must
complete them in any way they want. The picture
arrangement test requires individuals to arrange a set of
given photographs in any way they see fit. Finally, word
association tests require individuals to respond to a given
word with another word that they feel is somehow relevant.

Deploying a projective test on our technology of choice —
public interactive displays — can be challenging due to the
limitations of the technology. For example, a series of
previous studies has indicated that typing text on a public
display can be problematic [17] and in unsupervised
deployments this can lead to lack of seriousness and high
appropriation [20]. Furthermore, prior work suggests that
tasks completed on public displays should be quick because
an increase in task duration leads to a sharp decrease in
performance [15].

Taking into consideration these technological limitations of
public displays, we argue that projective tests that require
typing text, sentences, or words, would not be appropriate.
Furthermore, a projective test that takes a substantial
amount of time to complete would also be inappropriate
given the affordances of the technology. Thus, our literature
review suggests that we should use a projective test that is
not completely open-ended, but rather allows individuals to
choose one from a set of answers. This would enable a
quick interaction and avoid the problems introduced by
typing on a public display. Finally, due to the anonymous
nature of the technology, we require a test with ground truth
in order to reliably interpret the results.

For these reasons, we developed a projective test that
strongly resembles the Rorschach test, but uses stimuli that
are not as ambiguous as inkblots. Instead, we used stimuli
that ultimately have a “correct” answer, but at the same
time can be ambiguous enough to allow individuals to
project positive and negative emotions. Based on the
literature on emotion, we decided to use as stimuli the
silhouette of a walking person. Humans have an innate

ability to understand emotions expressed through posture
and gait [2], but this capability is greatly diminished as the
quality of the video drops and details are replaced by a
bland silhouette of a walking person.

Therefore, we hypothesized that the silhouette of a walking
person would be an ambiguous yet rich stimulus to use in
our study. However, we required a way to generate
silhouettes in such a way so that we can know the “ground
truth”: we needed silhouettes of happy and sad people. We
describe how we obtained these next.

METHOD

We collected emotional gait data from popular talent shows
broadcast on Television. Typically in these shows
contestants present their talent, audition or compete against
each other for attractive prizes. The contestants are then
given a positive or negative judgement, and then they walk
off the stage. In our work we analysed video sequences that
were recorded immediately after the judges’ results are
announced and the winner/loser leaves the stage. We argue
that during these moments the contestants are genuinely
emotional, and so we believe that their gait during those
moments reflects their emotional state.

Figure 1 shows an original frame from one of the TV
shows, depicting a person walking sadly after receiving a
negative judgement (Figure 1 left). From such footage we
manually extracted, frame-by-frame, a moving silhouette as
shown in Figure 1 right. Our footage and extracted
silhouettes contain people in one of two emotional states:
Happy or Sad. We further added to our database samples
with no emotional state (Neutral) from publicly available
databases for gait identification such as CASIA [43] and
CMU [18]. In total we compiled a set 120 distinct
silhouette videos where the ground truth of that person’s
emotion was known to us (sad, neutral, happy).

The happy and sad footage we extracted comes from real-
world settings where subjects express their emotions
genuinely, and contain variations that do not occur in
experimental settings. Prior research has attempted to
establish similar footage databases, however these suffer
from a number of limitations: they use sensors/markers
which can be intrusive and affect movement; they rely on
role-playing emotion expression which biases their
reliability [42]; and lack viewpoint changes due to their
strict experimental setup. In contrast to databases in the
literature, the database we compiled includes genuinely
emotional people in realistic settings. In the study we
describe next we seek to validate whether the silhouettes in
our database can be used in a projective test to reveal
emotions.

STUDY 1: CONTROLLED VALIDATION OF THE
PROJECTIVE TEST

In this study we sought to validate our projective test. Our
hypothesis is that experimental participants exposed to
positive emotional priming are more likely to project



positive emotions when labelling video silhouettes of
walking people. Conversely, we also expected that
participants exposed to negative emotional priming would
project negative emotions when viewing the video
silhouettes.

Furthermore, it is not clear how ambiguous the videos
would be in a real-world deployment, especially in a public
setting using a public technology that is well known for its
playful and non-serious use. Therefore, we were interested
in analysing how many videos participants get right or
wrong in a controlled and serious setting. To achieve the
desired emotional priming we used a standardized
procedure described next. At the same time we used the
collected data to establish a baseline assessment of stimuli
ambiguity.

International Affective Picture System (IAPS)

A standardised mechanism to prime participants’ emotional
state is the International Affective Picture System (IAPS)
[26]. This is a database of images that have been validated
for inducing different levels of affect. Each image has a
standardised score between 1 (negative valence) and 9
(positive valence), with 5 indicating neither positive nor
negative valence.

We selected positive valence images from the IAPS
database to induce positive affect (i.e., happiness) and
negative valence images to induce negative affect (i.e.,
sadness). We avoided using images of extreme positive or
negative valence: they can be somewhat disturbing because
they contain images of mutilation, injuries, people in
distress, and erotic content. Furthermore, because the IAPS
is separately scored for men and women we systematically
selected images that had similar affective valence for both
genders.

Finally, to verify the affect of each picture on participants
we used a 9-point (same scale as IAPS) Self-Assessment
Manikin (SAM) [5]. Thus, we created 4 sets of 24 images
each: positive valence images for male and female
participants, and negative valence images for male and
female participants.

Participants and Procedure

We recruited 24 participants for this study (12 male, 12
female). The participants’ average age was 29.08 years old
(SD=5.92, min=20, max=40). We adopted a between-
subjects design to avoid learning effects. 12 participants (6
male, 6 female) were only shown negative valence images
(one image set for males, another for females), while the
remaining 12 participants (6 male, 6 female) were only
shown positive valence images (one image set for males,
another for females). We expected these pictures to
emotionally prime participants in a negative or positive
manner.

Each participant was welcomed to our usability lab and was
informed that the experiment’s goal was to study how
people respond to pictures that represent various events that

occur in real life, and to identify emotion in people’s
walking pattern. They were also briefed on the use of the
SAM scale as described in [26] and given a chance to rate
some trial images. After the briefing and training,
participants sat in front of a laptop to view the 24 IAPS
images at their own pace. They were asked to rate each
image using the SAM scale as they went along. After
reviewing all 24 images, they proceeded to view and rate
the silhouettes. This took place on a large 46” Full-HD
display with a touch overlay (Figure 2 top), which is the
same hardware we eventually used in our main deployment.

Choose if you think the person walking above is
sad, neutral or happy.

2 @

Sad Neutral Happy

Finish

Figure 2. Top: a participant conducting the video rating in
Study 1. Bottom: screenshot of the used rating interface.

We used a random sample of our silhouette videos (N=30),
which included 10 videos per category (sad, neutral,
happy). Participants were shown an initial screen that
provided instructions on how to label each video. Then,
they were presented with the silhouette videos in a
randomized order. For each video they were asked to label
the person’s gait as sad, neutral or happy (Figure 2 bottom).
Upon rating all videos they were shown a thank-you screen,
and the researcher thanked them and ended the session.

Results

Projective Test Validation

There were two priming conditions: negative priming and
positive priming. For each of the 24 participants we
collected 24 photograph ratings on a 9-point SAM scale
(288 in each condition, 576 in total), and 30 video ratings
on the scale sad-neutral-happy (360 in each condition, 720
in total). A Mann-Whitney U test showed that participants
in the positive priming condition gave significantly higher



SAM ratings (M = 7.01, SD = 1.71) than those in the
negative priming condition (M = 3.02, SD = 1.48), U =
4238, p < 0.001. This confirms that the IAPS photographs
had the expected priming effect.

To subsequently analyse the ratings of the silhouette videos,
we considered whether each rating was correct, wrong in a
positive direction, or wrong in a negative direction, as
shown in Table 1.

Participants’ Ground Truth
rating Sad Neutral Happy
Sad Correct Negative Negative
error error
Neutral Positive Correct Negative
error error
Happy Positive Positive Correct

error error

Table 1. Classification of participants video ratings based on
the ground truth.

Participants in the negative priming condition answered 194
videos correctly (54%) while those in the positive priming
condition answered 209 videos correctly (58%). An
independent-samples t-test showed that negatively primed
participants had significantly more negative errors
(M=9.58, SD=3.68) than positively primed participants
(M=4.33, SD=2.71), (1(22)=3.88, p<0.001). Similarly, an
independent-samples t-test showed that positively primed
participants had significantly more positive errors (M=7.92,
SD=1.73) than negatively primed participants (M=3.92,
SD=3.34), (t(22)=3.68, p=0.001). Figure 3 shows the
proportion of correct ratings as well as negative and
positive errors in both conditions.
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B Positive error B Correct Negative error

Figure 3. Breakdown of how participants in each condition,
rated the silhouette videos. Ground truth is on the x-axis, and
rating correctness is indicated by colour.

Baseline Assessment of Stimuli Ambiguity

The data showed that the respondents’ accuracy was 56%.
We note that if participants answered completely randomly
they would be expected to get 33% correct. Further analysis
(Figure 4) indicates that respondents were slightly more
accurate in identifying neutral silhouette videos, and the
sad/happy videos both had around 50% correctness. These

results act as a baseline for our main deployment in
Study 2: we would expect that if they substantially differ in
Study 2, then the technology is adversely affecting our
findings due to extensive non-serious use.
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Figure 4. Overall breakdown of the video rating responses by
ground truth (x-axis) and actual vote (colour) in Study 1.

STUDY 2: FIELD DEPLOYMENT

This study aimed at capturing a community’s emotion over
time using our projective test and the same software and
hardware as in Study 1. We replicated the deployment in 4
locations across our university campus (Figure 5).
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Figure 5. In-situ photographs of the displays in the locations
used for our experiment.

The locations were indoor public spaces near busy areas of
our campus. The campus has about 18000 registered
students and staff, but we expect that a subset of these visit
the university on a daily basis. The displays initially
showed a “Touch Me” screen to entice passers-by to
interact, as recommended in [25]. Passers-by who
interacted with the display were initially shown an
instructional screen. Subsequently, they were shown one
silhouette video at a time, which they were asked to rate as
sad-neutral-happy, just as in Study 1. Each display rotated
the same set of 120 silhouette videos. As in Study 1, each
video rating we classified as correct, wrong in a negative
direction, or wrong in a positive direction (Table 1). We
also recorded the time and day when the rating was
registered by our displays.



Results

The study was deployed for 4 weeks. During this four-week
period there were 1431 answers (on each week: 490, 394,
243, 304) from 209 sessions initiated on the displays (6.85
tasks per session). Of these sessions, 188 (89.95%)
completed at least one task (lasting on average 52.39
seconds), while the rest timed out or pressed finish without
completing any task (suggesting curiosity-driven use).
Figure 6 shows the frequency distribution of ratings
completed per hour. Those periods with low amount of
ratings were excluded from subsequent analysis leaving us
with a continuous period between 8am and 7pm.

Distribution of rating frequency per hour
250

200
150

100

Rating frequency

a1
o

0
012345678 9101112131415161718192021222324

Time of day (hour)
Timespan considered

Figure 6. Breakdown of the number of video ratings per hour
period for the field deployment. Only the greyed hour period
from 8am to 7pm was used in our emotional index analysis.

We found that the overall rating accuracy in Study 2 was
56% (compared to 56% in Study 1). These results show
that while a deployment in a public setting may be prone to
non-serious responses from participants who are “playful”,
in fact this was not the case because accuracy was on par
with Study 1. These results are summarised in Figure 7.
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Figure 7. Breakdown of the video rating responses by ground
truth (x-axis) and actual vote (colour) in Study 2.

Our analysis shows similarities with the results from
Study 1. In both studies the neutral videos were the easiest
to identify, while positive and negative videos were on par.
We also found that the mistakes for neutral videos were
mostly in the negative direction, as with Study 1.

Given the similarities between the data in Study 2 and
Study 1, and the high reliability of Study 1, we argue that
the reliability of the data from Study 2 is also likely to be
high.

Emotional Index of the Community

To calculate the “emotional index” of the community in our
study, we adapted the procedure described in [38] for
calculating “Optimal emotion”. Specifically, we counted
the mean number of positive errors that were recorded per
hour of day, and subtracted the mean number of negative
errors for each respective period to obtain the Emotional
index. We conducted a Poisson regression using “Hour of
Day” as a continuous variable. The results show that “Hour
of Day” had a significant effect on the Emotional index (z=-
2.472, p=0.0134). We did not attempt to analyse how
emotion varied during the week because we only have 4
weekly samples.

In Figure 8 we visualise the average difference between
mean positive and mean negative errors per hour of day
during the field deployment (8am to 7pm). On the basis of
the regression analysis, standard errors were computed for
testing the difference between points in Figure 8. The
standard errors were multiplied by 2 to approximate 95%
confidence intervals, and the result was 0.15. A difference
of at least that amount between any two points in Figure 8
is significant at the 0.05 alpha level.

3
2,25
1,5

0,75

Emotion index

-0,75

-2,25
Time of day (hour)

Figure 8. The diurnal rhythm of emotion index. The y-axis
represents the emotion index, with values above 0 indicating
happiness and below 0 indicating sadness.

STUDY 3: BASELINE ASSESSMENT OF COMMUNITY
EMOTION

This study was aimed to provide a coarse baseline
assessment of the community’s diurnal emotion to compare
to Study 2. To this end we used the Day Reconstruction
Method that has been used effectively before by social
scientists to capture diurnal emotion fluctuation of their test
subjects [38]. While we expected such an approach to be
biased due to participants being aware of the measurement,
our intention was to verify that the same underlying trends
are present in order to give more confidence in results
produced in Study 2.



Method

The DRM was developed to allow for the assessment of
activities and affect of the previous day with minimal recall
bias [38]. Participants were recruited from our university
campus with a mixture of students, researchers and staff
members (N=38) throughout different hours and days of the
week.

Respondents were first asked to construct a diary of the
previous day and then rate on a scale of 1 to 7 (very sad to
very happy) how each particular episode made them feel
following these instructions adapted from [38]:

Think of yesterday as a continuous series of scemes or
episodes in a film. Give each episode a brief name that will
help you remember it (e.g., “commuting to work” or “at
lunch with B”). Write down the approximate times at which
each episode began and ended. The episodes people
identify usually last between 15 minutes and 2 hours.
Indications of the end of an episode might be going to a
different location, ending one activity and starting another
or a change in the people you are interacting with. We are
interested in the time window between 8am and 7pm.

Please do not leave any time gaps unaccounted for. Follow
this by then rating in a scale of 1 to 7 (very sad to very
happy) how each particular episode made you feel.

Results

The average number of episodes reported per participant
was 9.68 (SD=2.11) and the median episode length was 60
min. As we expected, participants’ ratings were skewed
towards the happy end of the likert-scale (Figure 9).

120
100
80
60
40
20
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Frequency

1 2 3 4 5 6 7
Likert-scale

Figure 9. Frequency of participants’ ratings in the DRM
likert-scale.

Our analysis of the ratings replicates the procedure from
[38] and our Study 2 in order to provide a fairer comparison
between the methods. We classified all episodes as either
sad (<=3), neutral (3<X<5) or happy (>=5). This way we
estimate each participant’s emotional rating per hour of
day, and we used weighted averages if multiple episodes
were reported during the same hour.

Finally, we subtracted the mean number of negative ratings
per hour periods from the mean number of positive ratings
as with Study 2. Figure 10 shows the results from Study 2
and Study 3.
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Figure 10. The diurnal rhythm of emotion in Study 2 (display)
and Study 3 (DRM).

The analysis demonstrated a good correlation between the
two methods (R’=0.68, Figure 11) suggesting that our
approach can indeed successfully capture aggregate
emotion of a community.
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Figure 11. Correlation between the results obtained in Study 2
(field deployment) and Study 3 (DRM).

DISCUSSION

Our work is the first to report the use of a projective test to
reveal the emotions of a community in a naturalistic setting
without explicitly recruiting participants. Here we discuss 1)
how our results compare to previous work, and their
importance, ii) the benefits and drawbacks of our projective
testing approach, and iii) the use of public displays for
studying communities.

Emotional Index of the Community

Previous research has suggested that regular daily events,
such as travelling to work, are likely to significantly affect
emotion [23]. Similarly, physiological influences from
biological processes can have diurnal cycles [37], such as
the stress hormone cortisol that typically declines during the
day and is regenerated during sleep [24]. It is possible that



certain emotions are more sensitive to the psychosocial
environment while others to physiological processes
[35,39]. Furthermore, diurnal cycles of affect can
themselves affect behaviour. The diurnal cycle of negative
affects (such as depression, anxiety, and tiredness) has been
linked to suicidal behaviour [38] and the incidence of
workplace accidents [12]. Conversely, the cycle of positive
affects may predict optimal concentration and efficiency at
work [38]. For these reasons, emotion cycles are an
essential part of daily experience and may provide insights
into daily behaviour and symptoms.

Our own analysis has been focused on working hours (and
workdays) because the study was conducted at a place of
work and study. Our results show an overall V-shaped
pattern of the emotional index or “Optimal emotion” [38],
with a pronounced mid-way happiness peak in the
afternoon. This V-shape pattern reflects previously
published results [38,39,44] that report strong happy
feelings at the beginning (8am peak in our results) and end
of the day with mild peaks halfway through.

Furthermore, we found that lunchtime (which in our
university is mostly between 11 and 12) had a positive
effect on emotion. This was confirmed in the DRM results
in which a majority of people reported having lunch during
this period usually associated with feelings of happiness.
We also identified a pronounced positive effect between 3-
5pm, a time during which many classes end and students, as
well as staff, head home as also confirmed in the episodes
reported in the DRM. Another type of episode shown
repeatedly to have a positive effect on emotion during this
period was coffee breaks particularly between 3-4pm.

Our results suggest, and our tacit understanding confirms,
that there are two types of people who took part in our
study: those who leave the university when classes end, and
those who stay longer. Unlike typical workplaces where the
workforce is likely to leave all at once, at university
students, researchers, and staff end their day at various
times. Our findings also provide a strong indication that
students are happiest early in the morning, and when classes
finish and they are about to go home. Understanding how
this community’s emotion fluctuates during the day can
help shape the communication strategy of the university and
how to offer support to students.

While our findings and those reported previously mostly
coincide, there were subtle differences that can be
explained. Previous studies have used different populations,
for instance focusing on males or females. Furthermore,
while diurnal cycles of emotions have been found to be
independent of participants’ age [29,38], it is possible that
cultural and environmental differences introduce changes to
these daily cycles.

Finally, our results are corroborated by independent studies
on an important outcome of emotion: suicides. Like in
previous studies [39,44] our results exhibit an overall v-

shaped pattern, however our results did not match precisely
those from other countries. For example, our results
indicate that during late morning the emotional index drops
to its lowest (10-11am), which is not the case in studies
conducted in the United States [38]. However, late morning
is the exact period of the day during which suicides peak in
our country [31]. More specifically, the data reported in
[31] analysed 1397 suicides over the period of one year,
and reported that suicides peaked in late morning. Previous
studies have reported a strong link between emotion and
suicides [38], and our findings point to the exact same
direction.

Projective Testing on Public Displays

Our work describes a projective test that is deployed on
public displays and can be used to reveal the emotions of
passers-by who voluntarily take the test in a naturalistic
setting. As such, there are a number of methodological
advances that our work has made. First, the stimuli we have
developed do not rely on language skills like the word
association or ‘“complete-the-sentence” tests [8]. This
means that our test can be readily deployed across countries
with minimal changes, and also younger members of the
population can take the test as well. More importantly, the
fact that our test stimuli have a ground truth makes them
ideal for quantitative analysis, unlike the inkblot tests that
generate subjective data.

Our results also demonstrate that deploying our test on
public interactive displays is feasible, and indeed has
produced results that largely agree with prior data on
emotion and suicides. A key characteristic of our main
deployment was that we did not explicitly recruit
participants. This has a significant impact on the inherent
benefits and drawbacks of our approach.

By not explicitly recruiting participants we avoided the
potential for “demand characteristics” in which participants
form an interpretation of the experiment's purpose and
unconsciously change their behaviour to fit that
interpretation [6]. In our case, during the field deployment
participants were unaware of what was happening.
Furthermore, our approach scales more easily than other
methods of observing community emotion, such as
interviews or diary studies. By lowering individual
participants’ effort and relying on “crowd” techniques, it
becomes possible to gather larger amounts of data and
increase the reliability of the collective emotion detection.

On the other hand, our approach makes it difficult to
determine the demographics of individual participants (e.g.,
gender, age), which may be of importance. For example,
previous work has suggested that the diurnal patterns of
emotion may vary in intensity between males and females
[38]. Our approach cannot distinguish between these.
However, this is a limitation of many large-scale studies
with loose control: harvesting Twitter data suffers from this
limitation because demographic data is scarce and
unreliable. Furthermore, this can be resolved by using



commercially available off-the-shelf face recognition
technologies that are used in commercial deployments (e.g.,
[41]) to identify gender and age.

The upside of our approach is that while individuals’
demographics are unknown, the specific community we
observe is precisely scoped and identified. Our use of
physical displays has guaranteed the geographic scoping of
our work, allowing us to reliably study a particular
community of interest. This is crucial because large-scale
studies on Twitter may miss out on the granular
characteristics of individual communities. For example, our
results show that the ending of classes is an important
emotional stimulus for the members of this community. On
the other hand, a large-scale analysis of Twitter would most
likely miss out on this important finding regarding emotion
in this particular community, and would instead highlight
population-wide trends.

However, we note that the geographic scoping in our study
is due to the location being strongly typed, meaning that the
location acts as an attractor for a certain community.
Therefore, locations such as plazas, parks and airports,
which attract a very diverse population, may not be ideal
for deployment.

Using Public Displays to Study Communities

Our work also makes methodological contributions to
public display literature. The study we have described here
bears resemblance to prior studies that use public displays
in a crowdsourcing manner. For example, some previous
work has discussed the use of public displays as a platform
to crowdsource medical image analysis [15]. However, that
study was conducted in a rather contrived manner because
it consisted of tasks with a relatively high intrinsic
motivation: counting blood cells infected with malaria for
the purpose of developing better software and helping
medical students. Arguably, such a “worthy” task could in
itself act as an incentive for participation by appealing to
altruism and users’ innate desire to “do something good”.

Furthermore, only static images were explored as a
potential task facilitator. Finally, that deployment had a
high rate of curiosity clicks: only 27% of people that
interacted with the display did in fact complete at least one
task, and those completed on average of 2.5 tasks each.

Our study addresses these limitations and further
demonstrates that public displays can be a potentially
valuable platform for reliably collecting data from crowds.
We provide evidence that tasks perceived as less
“collectively useful” — like silhouette videos — can still
attract the public and generate reliable results. We attribute
this to two design decisions we explicitly made. First, we
explored the use of a dynamic stimulus (i.e., videos) as an
alternative to static images for crowdsourcing task
facilitation. Second, the input mechanism was simpler and
quicker: each rating required just one touch.

Our results show that there was a significant decrease in the
frequency of “curiosity”: 90% of users completed at least
one task (as opposed to 27% in [15]) and those users on
average completed about 7 tasks each (as opposed to 2.5
tasks in [15]). This suggests that users in our field
deployment were more willing to perform tasks, possibly
because the task was simpler than [15], and dynamic visuals
are more engaging than static ones [27], both of which are
key features in in-the-wild deployments [25]. While there
might have been other factors that contributed for this
increase in engagement we argue that our design decisions
were the main cause given that both these deployments
were done in the same locations, in the same context and
with the same initial screen (“Touch Me” [25]).

At the same time, the accuracy of the ratings in Study 2
(56%) was on par with our controlled Study 1 (56%),
meaning that participants’ in-the-field performance was
equal to the performance in a controlled laboratory setting.

Limitations

The majority of the limitations of our approach are inherent
to field deployments. For instance, while we took steps to
verify that the technology and context did not interfere with
our results through baseline assessment of our projective
test, it is still probable that some users performed the tasks
in a non-serious manner. However, given our results and
their consistency with previous findings on emotion, we are
confident that these constituted a small portion of the
collected data.

Additionally, using our approach it is not possible to obtain
an equal amount of completed tests for every period of time
or between each participant. Furthermore, in our study it
was not possible to collect demographic information during
deployment. Finally, novelty can play a significant role so
that our approach is likely to perform better if its
deployment time is not overly long. However, thanks to the
results obtained from our baseline assessment controlled
study we are confident in reliability of our proposed
approach.

In summary, due to the aforementioned limitations, we
highlight that our approach is by no means a silver bullet
when it comes to collective emotion detection but rather
complementing existing approaches with a set of unique
advantages and requiring carefully considerations regarding
its disadvantages, as is the case with other methods.

CONCLUSION

This study proposes a novel approach to collective emotion
detection through projective testing on public displays. In
this paper we experimentally validate a projective test and
use it to successfully monitor a community’s diurnal
rhythms of collective emotion. The geographical scoping
and controlled context, enabled by the public displays,
provide an ideal mechanism for scoping emotion
monitoring to workplaces or places of study.



In addition, results from our approach demonstrate that
emotion has strong diurnal patterns, consistent with results
obtained from the same community using the Day
Reconstruction Method (DRM), literature on affect, well-
being, suicide behaviour, and our understanding of our
university’s daily routine. This has important implications
in terms of understanding a community’s happiness,
providing support to members of that community, and
improving well-being.

Finally, we discuss the appropriateness of using public
displays to study communities by contrasting our design
decisions and results against previous work on public
display crowdsourcing. We demonstrate that by simplifying
the tasks and making them more visually enticing it is
possible to reduce the likelihood of “curiosity clicks” and
increase the volume of tasks completed and time spent on a
public display.
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