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THEME ARTICLE: OUT-OF-LAB

A Retrospective and a Look Forward:
Lessons Learned From Researching
Emotions In-the-Wild
Benjamin Tag , Jorge Goncalves , Sarah Webber, Peter Koval, and Vassilis Kostakos , University of
Melbourne, Parkville, VIC, 3010, Australia

Emotions have a significant impact on our decision-making, learning, awareness,
social interactions, and mental and physical health. Even though large efforts have
been put into quantifying human emotions, their subjectivity, context-dependence,
and complexity render them as being almost unpredictable. However, while different
streams of research in pervasive computing and psychology have made significant
progress in the quantification of emotions, the most successful research results
come out of controlled laboratory studies. In this article, we present a retrospective
of a series of in-the-wild studies through the lens of human emotions. We are
looking at the weaknesses and strengths of traditional research methods and
present lessons learned. We furthermore call for a readjustment of research rigor
and describe potential new research designs specific to out-of-the-lab studies.

The pervasive computing community has a long
tradition of making methodological contribu-
tions to how we run human subjects studies

outside the lab. Many of these contributions were
originally driven by the early focus on context-aware
computing, while more recently a growing interest in
emotion and (mental) health has increasingly driven
this work.1

In this article, we present a retrospective analysis
of traditional methods that we and the community
have used to study people’s emotions and behaviors
outside the lab. Over a number of years, we have con-
ducted a range of studies, across different countries
and populations, to investigate a variety of factors rel-
evant to human emotion and technology use in the
wild. Indicatively, we reflect on methods including:
interviews, diary studies, the experience sampling
method (ESM), and remote sensing.

Through our retrospective analysis, we reflect on
the challenges and opportunities of conducting

experiments outside the lab. In a post-COVID era, it is
timely to put a spotlight on the methods we use as a
community, identify methodological gaps and oppor-
tunities that have arisen, and propose ways in which
our community can reconsider what is deemed “rigor-
ous” beyond the lab. This article draws on our body of
work on emotion as a lens for reflection, but we argue
that many of the insights and lessons learned apply
more broadly to human subjects studies out-of-the-
lab.

HANDS-ONWITH IN-THE-WILD
METHODS

Studying humans outside the lab has a rich and long
tradition. The psychologist Kurt Lewin was one of the
first to promote the scientific study of “the forces that
structure daily thought and behavior,”2 as early as
1935. At that time, the most rigorous research meth-
ods for investigating human behavior were diary stud-
ies, questionnaires, interviews, and observational
studies. While diary studies and questionnaires offered
a reliable solution for collecting behavioral and con-
textual data describing the phenomena of interest,
interviews, and observational studies often led to dis-
ruptions of the behavior of interest, or required reli-
able recall of events and behavior.3

Intrapsychic experiences such as emotions are
highly subjective, situational, and context-dependent,4
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which limits the extent to which the four methods
listed above can capture a holistic account, as they
entail one-time assessments, require recall, and are
impacted by the observer effect. Some of these limita-
tions are mitigated by newer methodologies made
possible by remote communication and personal digi-
tal devices such as smartphones. These novel
approaches include new modes of conducting inter-
views remotely, logging information for diary studies
using digital photos, the ESM, and remote sensing.

A full survey of all methods used in emotion
research in-the-wild is beyond the scope of this article.
Such methods include the use of body movements; in
situ annotations, e.g., with colors or photos; implicit
methods, e.g., typing and touch interactions; analysis
of social media behavior, mobility, technology use; and
the combination of multimodal cues, such as visual,
verbal, and biosignals. All these methods present chal-
lenges, e.g., in situ annotations interrupt activities, bio-
physical signals need to be mapped to emotional
ground-truth data, and the analysis of mobility and
social media behavior poses ethical questions. We
focus our retrospective on interviews, diary studies,
ESMs, and remote sensing, methods with which we
have extensive experience, and which have been
widely used and validated over the years. Moreover,
particularly the former three methods are vital for col-
lecting the emotional ground-truth needed to validate
newer methods such as remote sensing.

Interviews
User interviews enable researchers to quickly gain rich
qualitative data. Often they are conducted in-the-field
or remotely, e.g., via email or teleconferencing. Well-
designed interviews can yield deep insights into feel-
ings, experiences, and motivations. They can be of
long duration and result in large amounts of rich data,
which entails considerable time and effort in conduct-
ing and analyzing interviews, especially if sample sizes
are large.5

Interviews are common in technology-based stud-
ies to understand people’s experience in different con-
texts. We have found, when using interviews to
understand emotional interactions, it helps to provide
users a context to reflect upon, such as a specific
technology, sensation, or situation. These contexts
create a scaffold for the interviewer to explore ele-
ments of user experiences that users may struggle to
identify without prompting. Often, interviews are used
in conjunction with other methods discussed, to
answer questions which cannot be addressed directly
through other methods or to complement the findings

they yield. In our studies, we have conducted both in-
person,8 and remote interviews using voice or video
communication such as Zoom and Skype.9

Diary Studies
In diary studies, participants are asked to log events,
thoughts, experiences or other phenomena of interest
to the researcher. Logs can consist of written notes,
voice memos photographs, chat messages, or any
other record that aids in recalling the behaviors, activi-
ties, or emotions of interest. Notes are often collected
by the researchers for further analysis. Logging can
span a few days or several months,6 providing insights
into experiences over time. Depending on the
research question and the diary study design, typical
study outcomes are chronological patterns of how
experiences changes, and information on factors that
influence experiences. A crucial dimension of diary
study design is the logging schedule: e.g., every hour,
at the end of the day, or when a specific event or
action happens. We have extensive experience with
conducting diary studies to investigate emotions,
emotion regulation, and interaction with technologies.
These studies have involved logging using paper,
online forms, and smartphones (e.g.,10).

Experience Sampling Method
In ESM studies—while we are aware of the differen-
ces, we include ecological momentary assessments
(EMA) in our discussion of ESMs, using them inter-
changeably, self-reports in the form of short surveys
are proactively triggered at different points in time
throughout the waking hours of the participants.7 This
allows for a systematic collection of contextual infor-
mation without heavily relying on the participants’
memories.

This is a method we have used extensively in com-
bination with remote sensing to gain insights into the
situational context of users. Sometimes we have used
this method as an additional data point (e.g., user
opinion7), while other times it has provided us with
ground-truth labels (e.g., user’s current context or
emotional state8). On occasion, we have conducted
studies where the experience sampling itself was the
focus.7 We have conducted a series of studies investi-
gating how to improve accuracy in users’ ESM
responses, for example, by varying interruption fre-
quency or considering contextual factors.

Remote Sensing
Remote sensing has largely been enabled by the wide-
spread use of personal devices, especially mobile
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devices, which provide new possibilities for automati-
cally collecting contextual and behavioral data with-
out requiring active input by participants. New
approaches to continuous, unobtrusive data collec-
tion, e.g., through wearable sensors, including on-body
sensing for heart-rate, electrodermal activity, and off-
body systems such as cameras for facial expression or
gait detection, open up new possibilities for out-of-
the-lab research of emotions.1;8

A large number of our studies, increasingly looking
at mental states and emotion, use remote sensing on
smartphones, in smart-home environments, or from
wearable technology for capturing data about users’
contexts. Very often, we use this type of data to help
us understand user behavior and mental states, or
build predictive models of those. Examples include
making predictions about what people will do on their
phone,8 whether they can be interrupted,11 or their
cognitive12 or emotional state.8 Effectively, sensor
data are trained on some available ground-truth data-
set of user emotion or behavior, such as self-reports
or ESM labels. In combination, these allow for accu-
rate predictions based on readily available sensor
data.

LESSONS LEARNED
We report on our experiences with applying the above
methods to study emotion outside the lab. Here we
articulate our lessons learned in this context, and sub-
sequently in the discussion we identify issues that are
more broadly relevant to studies outside the lab.

Interviews
Conducting online or remote interviews can be chal-
lenging, but at the same time provides some unique
advantages. Assuming that participants undertake
remote interviews while at home, being in a familiar
setting for a conversation allows them to easily draw
links, in the moment, between the researchers’
requests and their own lives.

For example, in one study we were concerned that
interviewees may be reluctant to talk about emotional
experiences. However, participants talked about diffi-
cult emotional experiences, challenging interpersonal
circumstances, and intimate details of their inner lives.
We posit that being in a familiar location (rather than a
lab setting) puts participants at ease, helping them to
feel comfortable reflecting on, and articulating, their
emotional experience. The distance imposed by video
call technology may help participants to feel “safe” to
talk honestly with interviewers. It is, however, the
responsibility of the interviewer to create and to

maintain this safe feeling throughout the interview,
e.g., by actively listening, but also being prepared to
react to technical problems and resulting frustration,
disruptions, and being aware of time.13

Technical difficulties may impede remote inter-
views. But as we anticipated, our interviewees had
experience of using video call software for profes-
sional purposes. In addition, video calls are now widely
used for social and personal purposes, and so are
likely to be an increasingly familiar context for many
participants to discuss aspects of their professional,
personal, and emotional lives.

An additional benefit of video call software is that
it allows for easy recording of interviews. However, we
have also found in a small proportion of online inter-
views that it is difficult to read participants’ emotional
cues, which impairs our ability to engage in productive
conversations about emotion, to a certain extent. This
generally occurs when participants prefer to keep
their cameras turned OFF or there is a poor network
connection, which makes it more challenging to catch
nonverbal clues, such as facial expressions or posture.
We note also that in online interviews, as opposed to
face-to-face interviews, emotional expression may be
impaired by the limited field of view of the camera
(which means some body language cues are not visi-
ble), and by speakers’ needs to position themselves
carefully in front of a camera. While the familiar setting
may be beneficial for the interviewees’ perception of
safety, it also limits the control researchers have, as
distractions in the room that are outside the field of
view of the camera are hidden from the researcher.
Together these factors may impede interviewers’ abil-
ity to pick up on contextual clues and emotional tone,
which are critical when talking about emotion. A thor-
ough preparation, such as providing clear instructions,
early scheduling, sufficient time for the interview, test-
ing of all used technology, and a set of questions that
have been piloted, are vital for ensuring that inter-
views are easy for interviewees and meaningful for the
interviewer.

Having previously found that some participants
are nervous about being video recorded, in our inter-
views, while being face-to-face with our interviewees,
we selected to record only the audio. However, we
posit that video recording online interviews is still far
less confronting for participants than a full AV-record-
ing setup in a lab. None of our participants refused to
consent to neither audio nor video recording. We pro-
pose that video recordings of interviews and contex-
tual information about participants’ environments,
which can both be easily captured through teleconfer-
encing software, might aid in accurate interpretation
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and analysis of accounts of emotional experiences.
This is particularly valuable if transcripts are analyzed
by researchers who did not observe or conduct the
interviews. Moreover, emerging technologies enabling
automated analysis of changes in the voice and facial
expressions can enrich the traditionally rich qualita-
tive insights with quantitative data.

Diary Studies
It is an inherent feature of diary studies that they are
conducted remotely, outside the lab. A key difference
imposed by COVID-19 was that the whole process has
to be conducted remotely, including the crucial initia-
tion session. As with interviews, an advantage of the
participant being in their own home at initiation of a
diary study is that they can easily identify and imple-
ment small prompts to remind themselves to com-
plete the diary activities (e.g., placing a post-it note or
notepad on their desk).

There are challenges to ensuring participant com-
pliance with diary studies when no face-to-face meet-
ings are planned. Smartphones, however, allow for
lifting some of that burden of the participants’ should-
ers. It is possible to set automated reminders, or open
up communication channels through messenger apps,
that can be used to remind participants, or for partici-
pants to in situ communicate their notes. The multi-
functionality of smartphones also enables the
participant to use alternatives to note taking, such as
photographs or voice memos. In a study on the use of
video games for emotion regulation, we provided the
participants with a diary template and decided to
send daily reminders to our participants to ensure
that they kept their diary.9 In a second study on tech-
nology use for emotion regulation, we aimed to make
diarizing a lightweight task. We asked participants to
either take a note or a photograph (or screenshot)
with their phone when they noticed they were using
digital technologies as part of their everyday emo-
tional lives. We offered to send reminders, but partici-
pants mostly declined.

In the latter study, we found that all participants
complied with the request to record at least four
events of technology use to regulate emotions over
the course of a week. We note that there was some
inconsistency across the group in terms of the num-
ber of events recorded. Also, there was no effort to
balance sampling of events in terms of, e.g., time of
day or emotional valence. If this is vital information for
a research question though, we recommend to proac-
tively send reminders to participants. We hypothesize
that the sample of events is likely biased toward

participants’ cognitive availability—as they would be
unlikely to record events when they were very busy or
actively engaged in social interaction—and perhaps
toward highly salient emotional experiences.

We found that the diary entries (photographs) are
effective prompts for participants to jog their memory.
In most cases, these are sufficient for participants to
recall the context and their emotional experience.
They further enable interviewees to talk about these
experiences in depth. In our study, we elected to not
gather participants’ diary entries for further analysis.
However, photographs and other recordings might be
used to gather rich contextual information, which can
aid in analyzing data such as participants’ verbal
reports and sensor data.

In a different study, we used a diary methodology
to validate findings of an in-the-wild deployment. In
this example, we used an interactive public display to
capture the overall happiness of a particular commu-
nity over a period of several weeks using a projective
test.10 We also used an independent diary reconstruc-
tion method study to validate the outcomes.

Experience Sampling Method
We usually initiate ESM studies by inviting participants
to a short in-person briefing during which we can a)
build a rapport with participants, and b) explain the
ESM protocol and survey questions, allowing partici-
pants to seek clarification if needed. This initial ses-
sion serves to motivate and engage participants in the
research process, which is crucial for obtaining good
compliance over the course of the ESM sampling
period (typically 7 days or longer). This process has
become more challenging during COVID-19 since all
aspects of our ESM research had to move online.
Rather than skipping this initial briefing altogether, we
have used online screening surveys (containing atten-
tion checks and eligibility questions) to filter out
potentially ineligible, careless, or unmotivated
respondents. We have also requested participants to
install our ESM software during the screening survey
to check for compatibility with their devices. Finally,
we have replaced in-person briefing sessions with
short videos introducing the study, which participants
are instructed to view before commencing the study.
This is especially helpful when recruiting participants
in different time zones and to enable participants to
start the study on their own schedule. This also helps
to lower the burden on the researcher, as scheduling
these sessions can be cumbersome, e.g., when the
sample is rather large. As these sessions can easily
be skipped, they could be followed by a few key
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comprehension questions to ensure participants have
watched the intro videos attentively and understand
all study requirements.

We have typically used signal-contingent pseudo-
random ESM sampling schemes, which involve divid-
ing participants’ waking hours into several sampling
windows and prompting participants to complete an
ESM survey at a random moment during each sam-
pling window. This aims to ensure that participants’
experiences are sampled across a representative
range of daily contexts and activities. However, even
when using such sampling designs, there is a risk that
participants may systematically miss ESM surveys
when experiencing intense emotions (e.g., when highly
anxious). This would be problematic because ESM is
often assumed to offer the advantage (e.g., over lab
studies) that it helps to capture the full range of emo-
tions people experience in their everyday lives. Reas-
suringly, a recent study examining unobtrusive audio
recordings coinciding with missing versus completed
ESM surveys suggests that participants are not more
likely to miss ESM surveys when experiencing more
intense emotions.14

Another challenge to obtain representative self-
report data, particularly on emotion using ESM, relates
to people’s ability to introspect, attend, and accurately
identify their subjective feelings repeatedly over time.
While this ability appears to differ between individu-
als,7 our findings suggest that overall people’s self-
reported emotions are sufficiently meaningful and dif-
ferentiated to be useful for studying emotions in daily
life. A further major challenge for emotion research
using ESM is that, at least in nonclinical populations,
people rarely experience intense negative emotions in
daily life.15 As a result, it is common to observe a large
number of participants rate near the lowest score—so
called “floor effects” in distributions of ESM reports—
of negative feelings. Perhaps even more problemati-
cally, this may limit within-person variability in nega-
tive emotions due to statistical confounds between
the mean and variance.15

Finally, several challenges arise when analyzing
the ESM data. Many phenomena of interest may be
relatively brief, e.g., emotions typically last less than
1-2 hours.16 Given the typical ESM sampling frequency
is approximately 2 hours, it may be difficult to track
the temporal unfolding of the studied phenomena.
Instead, ESM may be more likely to capture less
event-related events that fluctuate more slowly. In
order to fill these gaps, and keep the burden as low as
possible for participants, we have made good experi-
ences with combining passive sensing techniques
with ESM data collection. Also, it is important to

consider whether collected data are likely to be
skewed in any way. For example, daily life emotions
appear to be characterized by nonlinear dynamics,
which pose data analytic challenges and imply that
standard (linear) models may not be appropriate.

Remote Sensing
With remote sensing techniques, participant recruit-
ment depends significantly on the nature of the study,
and the underlying technologies. For instance, when
using smartphones, it is possible to remotely recruit
participants using the appstore, but often an enroll-
ment process is required to brief participants about
the study objectives. This is particularly important
when studying sensitive phenomena, such as mental
health and emotions. Beyond smartphones, remote
sensing often requires physical or in-person interac-
tion, e.g., in the case of remote sensing in homes. For
example, in a recent study, we had to send a device by
physical mail to each participant to install in their
home. We conducted an online enrollment session to
support the setup remotely and ensure it works as
expected. Using prototypes, apps, and devices can
result in incomplete or inaccessible data and even par-
ticipant frustration. For example, when sensing devi-
ces are not remotely accessible (e.g.,12), we have to
rely on the participants to detect and report technical
issues. Similarly, for studies that have involved cloud
services or platforms, unexpected changes by the ser-
vice provider may taint the collected data. Overall, we
have found it useful to be available to support partici-
pants with any technical questions that might occur
through email, or periodically check in with partici-
pants during a remote sensing study, e.g., by asking
them to fill in a weekly questionnaire or conduct inter-
mittent interviews.

A plethora of pervasive, mobile, and wearable sen-
sors can be used for researching emotions, including
but not limited to heart-rate variability (HRV), electro-
cardiography (ECG), and electrodermal activity
(EDA).17 Recently, one technology has been especially
under scrutiny, namely facial expression analysis for
emotion detection. While most of these systems are
trained on ideal high quality image datasets, our
benchmark analysis identified significant shortcom-
ings on realistically distorted images.18 However, we
also provide a blueprint for validating the effective-
ness of one of such systems to detect emotions out-
side the lab. Our study identified a bidirectional
relationship between smartphone usage and emo-
tional state.8 We used ESM labels to validate the cor-
rectness of the facial recognition.
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TABLE 1. Summary of pains and gains of methods used for researching emotions in-the-Wild.
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Although smartphones can capture a range of sen-
sor data, it is challenging to capture the nuances of
human behavior, social context, or emotion. A major
advantage of remote sensing is that data can be col-
lected continuously without requiring active user
input, a key affordance in emotion related research.
However, the inherently limited control over condi-
tions outside the lab renders the collected data highly
susceptible to noise. Not only do many on-body sen-
sors require proper placement on the participants’
bodies, but also it is usually not possible to check dur-
ing a study if data are correctly collected without
interrupting the participants’ everyday lives. The high
susceptibility to noise can be accounted for by run-
ning field studies over longer periods of time. But,
often the data analysis happens post-hoc, meaning it
only becomes clear if the data collection was success-
ful after the participant has finished their study. This
can render field studies costly and inefficient in case a
repetition is necessary. Therefore, it is important to
understand the limitations and assumptions present
in the collected data as summarized in Table 1.

DISCUSSION
Mitigating Pains
The strengths and weaknesses of the methods we
refer to are mostly well documented, and obviously
depend on the exact phenomena being studied. There-
fore, we want to comment on how these methods are
often combined to mitigate shortcomings of one spe-
cific method, and reflect on combinations of methods
that work well.

For instance, we have observed that ESM works
very well with remote sensing. Typically, ESM studies
now utilize participants’ own smartphones for deploy-
ing and scheduling the questionnaires. This means
that participants need to install some software on
their phone (although not necessarily always). This
provides an opportunity to enrich said software with
sensing abilities, such that it can passively—without
requiring active participant input—and continuously
record data throughout the study. This method cou-
ples a continuous stream of sensor data with intermit-
tent questionnaire data, offering richer insights. ESMs
have been validated to robustly collect emotion infor-
mation, and are especially interesting for collecting
vital ground-truth data outside the lab.

A drawback of the reliance on ESMs is—as most
literature suggests—that after three weeks, partici-
pants’ response rates to ESMs will dramatically
decline.7 Therefore, for longitudinal studies it can be
an option to employ a diary study approach, which is

less intrusive and less demanding, and can addition-
ally be conducted more easily on smartphones. Then,
during follow-up interviews, those photos are used to
drive the conversation and further unpack the partici-
pants’ experiences. As the photos and other diary log
techniques are used to jog the participants’ memories
about the situation or emotion of interest, it is impor-
tant to collect this information as soon as possible
after. Long delays can lead to a loss of detail and
biases in the participants’ recall.

Conducting interviews is typically encouraged
when possible or practical. Sometimes it is not easy to
conduct interviews due to a large sample size, or a
geographically distributed sample. But most often,
participants need to contact researchers before
enrolling in a study, and at that point it is possible to
arrange an interview. We have found it very helpful to
prepare for interviews by carrying out some prelimi-
nary analysis or assessment of participant data. For
instance, it is possible to summarize the collected sen-
sor data for each participant, and use relevant graphs
or charts to drive the interview. In a diary study, it
helps to have looked at the diary entries before hold-
ing the interview.

Rethinking “rigour”Outside the Lab
Researchers in our field—ourselves included—often
find themselves in a situation where they try to ana-
lyze data from field studies using techniques and
approaches that have been prevalent in controlled lab
experiments. This has been problematic for a number
of reasons. Field studies are notoriously challenging to
control, and to a large extent it remains questionable
whether a field study should be controlled and shoe-
horned into a “lab study outside the lab.” Furthermore,
the way field studies are analyzed often reflects the
expectations of the community and reviewers, who in
turn are more likely to be favorable toward techniques
they are familiar and comfortable with.

Typical complaints about field studies contain
small sample sizes. In the field of human–computer
interaction (HCI), the most prevalent sample size is
12 participants per study.19 While the criticism that a
sample is “too small” is often a consequence of the
threshold myth, i.e., there is a threshold dictating
when a sample is large enough, sample sizes can be
justified. Qualitative studies often aim for saturation,
the point where no new information can be elicited
from new participants, quantitative studies have tools
such as power analysis available for defining a proper
sample size. However, none of these methods is with-
out limitations and free of criticism, e.g., one factor
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power analysis requires is the level of expected
noise.19 This is virtually impossible to predict when it
comes to field studies.

While the overall aim of applied research is to dis-
cover, interpret, document, and develop methodolo-
gies and systems that increase human knowledge, lab,
and field studies in HCI and pervasive computing aim
at evaluating designs and systems. Perhaps an alter-
native approach to being statistically “rigorous” in the
field is to aim to demonstrate that the richness of the
phenomenon in question has been captured. Rather
than aiming to get “enough data,” one could explicitly
aim to get data that is “rich enough” to describe a phe-
nomenon. Rather than obtaining data in lab quality
that reproduces the effect sizes of lab studies, field
studies should focus on detecting the multifarious-
ness of phenomena, e.g., the multitude of emotions
felt at one point in time, rather than a significant level
of one emotion triggered by a stimulus in a controlled
environment. An alternative way to think about study
design can be inspired from the notion of micro-
randomized trials,20 which refer to how (medical) inter-
ventions can be delivered dynamically to participants.
Along these lines, perhaps we can consider how a field
study with 12 participants can have 12 populations of
n=1 rather than one population of n=12. This mindset
shift could be a way to maximize richness of insights,
especially when studying complex phenomena such
as emotion. Of course, this very much depends on the
aims of the study and the relative maturity of the liter-
ature on the topic. But nevertheless, a field study
should be conducted to obtain data and provide
answers that a lab study cannot fully generate.

Finally, rather than conducting lab studies outside
the lab, we have to readjust our expectations of meth-
odologies and rethink our approach to field studies.
As we still need tools, such as ESMs and diaries to
obtain valid ground truth labels, we are not calling for
omitting traditional methods. However, we should
take advantage of existing smart technologies to cre-
ate true out-of-the-lab experiments. For one, we
should focus on lowering the burden on study partici-
pants as only this guarantees the most natural behav-
ior. For example, with increasing length of a study, the
frequency of ESMs needed to collect ground-truth
labels can be lowered while models based on passively
collected sensor data can continuously become more
accurate. After an initial period, the models can be
revalidated by less and less frequently triggered ESMs.
Depending on the individual, these periods may differ
and require a less stringent but smarter study design.
This will also require us to be better prepared for dif-
ferent devices, setups, lifestyles of our participants.

These smart study designs will be adoptable, and
adjust to individual participants. Diaries and inter-
views can be timed in response to extreme events or
false predictions made. Consequently, we will be able
to quantify real world phenomena in ways that live up
to human behavior and emotions being complex,
highly subjective, and context-dependent.

CONCLUSION
We have presented a retrospective analysis of tradi-
tional methods used to run studies outside the lab. By
looking at studies using interviews, diaries, experience
sampling, and remote sensing to study the complexity
of human emotions outside the lab, we detailed chal-
lenges and opportunities. Synthesizing from our
experiences, we sketch out potential changes to tradi-
tional study methodologies and call for a readjust-
ment of the lab study rigour that we traditionally use
to assess and validate field studies. When if not in a
post-COVID era is the right time to adopt newly gained
experiences and improve our approach to human sub-
jects studies out-of-the-lab.
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