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Ecological Momentary Assessment (EMA) methods have emerged as an approach that enhances the ecological validity of
data collected for the study of human behavior and experience. In particular, EMA methods are used to capture individuals’
experiences (e.g., symptoms, affect, and behaviors) in real-world contexts and in near-real time. However, work investigating
participants’ experiences in EMA studies and in particular, how these experiences may influence the collected data, is limited.
We conducted in-depth focus groups with 32 participants following an EMA study on mental well-being in college students.
In doing so, we probed how the elicitation of high-quality, reflective responses is related to the design of EMA interactions.
Through our study, we distilled three primary considerations for designing EMA interactions, based on observations of 1)
response strategies to repeated questions, 2) the perceived burden of EMA prompts, and 3) challenges to the validity and
robustness of EMA data. We present these considerations in the context of two microinteraction-based EMA approaches
that we tested: lock-screen EMA and image-based question prompts. We conclude by characterizing design tensions in the
presentation and delivery of EMA prompts, and outline directions for future work to address these tensions.
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1 INTRODUCTION
Ecological momentary assessment (EMA) methods are used to capture someone's behaviors or experiences
through periodic, in-situ, self-report. They call for participants to make their reports repeatedly, in a variety of
contexts, each of which are natural for them and close in time to the experience being reported [29, 34]. While
EMA paradigms have existed for many decades, improvements in computing portability and sensor technologies
have renewed interest in EMA data collection in the UbiComp community. In particular, a number of recent studies
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combine “passive" sensor data, collected from smartwatches and smartphones, with “active" EMA self-reports.
These studies span a wide range of domains and goals, from understanding the proximal behaviors that contribute
to failures to quit smoking [23] to studies examining the well-being and academic performance of students
[38, 39].
As these high-density sociobehavioral data continue to emerge, a number of researchers in the HCI and

UbiComp communities have begun to develop new tools to enhance traditional forms of EMA data collection
on mobile and wearable devices. These interaction techniques explore how to exploit microinteractions on a
smartphone [1, 35, 36, 41] or smartwatch [16, 31]. We focus in this paper on how the design of specific
microinteractions for prompting an EMA question and eliciting the response (i.e., through an unlock
gesture on a smartphone) affect the collection of high-quality response data over time. Past work has
revealed that the unlock gesture is a prime opportunity to get users to respond quickly, and often, to EMA-like
questions. What has not been explored is whether those answers are high-quality answers. In this paper, we
investigate the importance of balancing the need to decrease user burden for an individual EMA, the strength of
a microinteraction EMA approach, and the quality of the elicited response.

We explain how we adopted a mixed-methods approach in order to understand this balance between ease and
quality of EMA response. We present findings from a multi-week study with 32 college students, who participated
in a larger mobile-sensing study that included both passive (through the on-board smartphone sensors) and
active data collection (through a microinteraction-based EMA platform). Participants in our study responded to
an average of 10 EMA prompts per day over an average of 12 days. Question prompts included items assessing
participants’ mood, stress, and current activity. This paper does not present any results about student wellness or
mental health; rather, its focus is on uncovering a design tension between the desire to get many self-assessments
from an individual each day and the quality of each of those assessments. By studying experiences with EMA
in this domain, we could explore this tension fully, since question prompts often require participants to reflect
on their subjective internal experience in order to respond. By using a mixed-methods approach for the study,
we derived insights from in-depth focus groups, supported by EMA log analyses, to shed light on how people
experience answering EMA questions that sometimes require a period of reflection in order to answer accurately.

As such, we make the following contributions:
• We distill the strategies applied by study participants to respond to repeated EMA questions, and identify
how these strategies challenge the validity and robustness of the resulting data, with special emphasis on
microinteraction-based EMA for emotion.

• We identify attitudes toward use of microinteraction-based EMA technology in daily life, including prefer-
ences for sharing emotions when prompted, and perceived burden of EMA prompts.

• We characterize design tensions in the presentation and delivery of EMA prompts, emphasizing a conflict
between the time required to report a current emotion and the EMA design objective of minimizing the
time it takes to answer a question, and we outline directions for future work to address these tensions.

2 BACKGROUND AND RELATED WORK

2.1 EMA Methods
The family of methods that fall under “EMA” are diverse and have often gone by other names, such as “experience
sampling method” and “diary study.” Our use of the term “EMA” encompasses these methods [34]. Momentary
reporting of an experience helps to overcome problems with memory. This capability is important, because people
can be disproportionately influenced by the "best", "worst", and most recent events when summarizing their
experiences over a period [18] and they have trouble integrating and summarizing all relevant past information
in a “global report”. As such, EMA is particularly well suited to the task of observing in-the-moment patterns of
variability or stability in one's experience.
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However, EMA methods can also introduce challenges to users and researchers. Prompts to report can arrive
at inopportune moments or in inconvenient places for a user or study participant. The need to report repeatedly
implies that participants will expend effort on a recurring basis, which can lead to burden [33, 34]. A frustrated
user, reporting with insufficient effort, could introduce poor-quality data, or even leave a study altogether.
Even when the user interaction burden is reduced, EMA-collected data can be susceptible to other types of

biases. Repeated use of a scale may cause its anchor points to shift if a participant begins to report current ratings
only in relation to their previous ratings [33]. Contextual biases can be introduced if some contexts (e.g., activities)
are sampled less frequently than others. This can occur when prompts, randomly-generated or on a schedule, are
timed such that they do not coincide with a user's experience of those contexts (e.g., sampling smoking activity
only on weekdays would fail to capture the behavior of someone who smokes at bars on weekends).
Finally, it is possible for behaviors and attitudes to be altered by the experience of mere measurement, and

this risk may be exacerbated when they are measured repeatedly over extended periods of time. For example,
evidence from consumer marketing research suggests that the measurement of intentions to make a purchase
can increase the likelihood of various purchase patterns [8, 28].

Still, EMA provides many advantages over conventional surveys and interview methods, especially when there
is a need to overcome recall bias [34]. Stone et al. [22] situate EMA within the larger context of survey design
methodology, pointing out the need for the assessment of data quality in future work. Of particular relevance to
our study, satisficing theory [20] provides a framework for understanding how a range of human strategies can
influence the validity of survey data. In particular, Krosnick distinguishes conditions that encourage thoughtful
and optimal response strategies from those in which participants reduce their effort and give a response that
they deem satisfactory (satisficing). Little work has been done to apply this framework to EMA methodology,
whose implementation introduces conditions that have not been thoroughly addressed in terms of satisficing—a
focus of our work.
Krosnick [20] identified three factors that predict whether a person will satisfice or respond optimally when

responding to questions: task difficulty, respondent ability, and respondent motivation. Krosnick found that the
greater the task difficulty and the lower the respondent's ability and motivation, the more likely satisficing will
take place. For example, when an interviewer asks questions too rapidly, the task becomes more difficult and
encourages satisficing. These factors have been studied in terms of traditional surveys, but EMA methodology–
and the interaction design facilitating EMA–present new contexts and circumstances that bear directly on factors
such as task difficulty. In this paper, we elucidate these concerns as they relate to EMA, by exploring how the
design of EMA prompts can affect response accuracy, respondent motivation, and data quality. We
present accounts given by participants of what it was like to take part in a multi-week EMA study and to be
asked questions in a wide array of circumstances that include walking, driving, talking to friends, and studying.

2.2 Categories of EMA
Wheeler et al. [40] describe three categories of EMA methods: interval-contingent, signal-contingent, and event-
contingent. In interval-contingent designs, participants make reports after a pre-determined time interval. For
example, reporting on the hour howmany glasses of water they consumed for that hour. Signal-contingent designs
call for the participant to respond to prompts from the researcher. Researchers determine when participants
will be prompted, and participants make a report once they receive the prompt. In event-contingent designs,
participants report data when a relevant event is taking place. This taxonomy is useful for distinguishing many
EMA projects, but the categories are not orthogonal, so some projects that combine features may not be fully
described with these terms. Froelich et al. [9] introduced the term context-triggered to distinguish a method that
makes it unnecessary for participants to watch out for the events that call for reporting. A context-aware system
could prompt (signal) the participant whenever it senses the appropriate context (event) [17]. As an alternative to
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the three-type taxonomy, researchers can describe: the conditions for when to collect a sample, whether to prompt
the participant, whether the participant can initiate a report (instead of or as well as being prompted), and, if
there are prompts, the requisite conditions for sending a prompt. This would capture studies that have conditional
prompts and sample only during certain times and in a specific context (e.g., sample any time after 9:00 PM
whenever the participant is in a hotel, but send a prompt only if the participant is awake). In the following
sections, we describe EMA considerations on mobile devices, in the emotional domain, and in the domain of
sampling student well-being—the primary areas of work that informed our study.

2.3 Reducing Burden in EMA Instruments for Emotion
Researchers have been working to reduce the specific burden of responding to EMA prompts. In particular,
validated measures of mood and stress can be onerous because of the time and effort required to respond. For
example, the Positive and Negative Affect Schedule (PANAS), which assesses a person's positive affect (PANAS PA
subscore) and negative affect (PANAS NA subscore), requires answering 20 questions. In order to assess positive
affect with a single question, Pollak et al. [30] developed the Photographic Affect Meter (PAM), an image-based
prompt which only requires answering one question. PAM presents a 4 x 4 grid of images and asks respondents
to choose the image that best captures their current mood. The images are ordered so that the highest arousal
images are on top and the lowest arousal images are on the bottom, and so that images on the right represent the
most positive valence and those on the left the most negative valence. Participants can shuffle the images to get a
different combination of 16. Choosing an image yields a score between 1 and 16, which was shown to have good
convergent validity with PANAS PA.

2.4 Reducing Burden in EMA Platforms
While EMA platforms are now commonly implemented on smart phones, research has also investigated the use
of smart watches and other wearable devices [25, 35, 37]. For mobile devices, the burden of an interaction can
be defined by two stages [3]. Access time refers to the time it takes to retrieve a device and prepare it for the
intended use (e.g., retrieve phone, unlock it, and navigate to an application). Usage time refers to the amount of
time spent carrying out the intended use.
To circumvent the access time related to phone use, Intille et al. [16] implemented a watch-based interface

and compared it to a phone-based interface. Even though the smaller, watch-based interface interrupted people
eight times more often, it outperformed its phone-based counterpart in terms of compliance, completion rate,
and first-prompt response rate. Their strategy interrupted people more frequently, but made the interruptions
brief. Intille et al. estimated that the access time and usage time added up to between three and four seconds,
which meets the definition of a microinteraction [3].

Though devices worn on the head or wrist may reduce the time required to interact with EMA systems, it is a
challenge to fit response options on worn displays. EMAs delivered for watch displays often translate question
responses into separate portions that are asked 2-30 minutes apart. Phones may be preferable for ensuring that
users report information accurately, as well as for ease of use, and potential future use [14].

Eliminating the burden of unlocking and navigating to a relevant application, Zhang et al. [41] developed and
assessed LogIn, a prototype journal application with the EMA interface on the lock screen of mobile phones.
When LogIn's lock screen interface replaced the effort of unlocking, participants responded to notifications more
frequently, and the interaction was perceived as less intrusive.
A commercial application, called Quedget [1] (Figures 1 and 2) presents EMA questions on the lock screen

and reduces “friction” in a way similar to LogIn and Slide-to-X [35]. However, Quedget and LogIn differ in
how they prompt an assessment. LogIn presents the questionnaire interface every time the phone is activated.
Participants can report at will instead of making reports contingent on intervals, events, or signals. To prompt
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assessment using LogIn, Zhang et al. used a mobile-phone-platform notification. Thus the user experiences
LogIn as a personal journal tool, coupled with reminder prompts. In contrast, participants using Quedget can
only report in response to a prompt that has been scheduled to appear on the lock screen. When no question
is scheduled, the lock screen is free of any intrusive interface (unlike LogIn where the interface permanently
replaces the native interface) In addition, Quedget imposes a context condition on prompts: they will only appear
when the participant activates the phone (whereas prompts can arrive at any time in the case of LogIn). We used
Quedget to schedule the delivery of EMA prompts while taking advantage of lock screen interaction.

2.5 Qualitative Work in EMA
Consolvo et al.[5] conducted an assessment of My experience (Me), a platform that enabled researchers to use a
participant's location to decide when to prompt them for a report. Their qualitative feedback showed that their
participants did not want to receive notifications at inopportune moments, such as while eating or in conversation.
We focus more on EMA prompts about mood and emotion [12, 15, 24, 27] and specifically investigate participants’
lived experiences with EMA.
In a field study, Morris et al. [27] deployed a mobile phone application that both collected mood information

through EMA and delivered therapeutic exercises. The researchers conducted interviews with their participants
and gained qualitative insights into the EMA experience. The qualitative feedback revealed difficulties disen-
tangling the influence of interventions (such as therapy or visualization of past emotions) on the experience of
responding to repeated questions. Their study combined the experience of reporting mood information with
the experience of mobile therapy. Other qualitative work in EMA of well-being incorporates the experience of
reviewing recorded data, so participants'feedback does not necessarily describe the experience of answering
questions. We focus in this paper on how students experienced EMA for well-being without the ef-
fects of feedback or specific interventions, and we concentrate on the experience of answering EMA
questions.
Capturing the subjective aspects of emotion—so that they can be connected with environmental and physio-

logical context—is one of the major applications of EMA in UbiComp [4]. As EMA is increasingly applied to help
draw correlations between behaviors and well-being [12, 15, 24, 27, 38], it is now more important than ever to
understand—and begin to address—tensions inherent in the interaction design of EMA technologies to capture
subjective experiences.

2.6 EMA in the Study of College Student Well-being
As a type of questionnaire, EMAs are applicable to the study of numerous domains in health and social science. A
number of recent efforts have supplemented traditional EMA studies with smartphone platforms that passively
collect mobile phone sensor data (e.g. motion, GPS coordinates and audio snippets [11]). The StudentLife study
at Dartmouth College [38] pioneered the combined use of EMA with passive mobile sensing data to infer
markers of various student behaviors (e.g., attending a class or a party) in order to draw relationships between
behaviors, academic performance, and mental well-being, empirically. Their findings include behavioral and
contextual predictors of student depression and stress (e.g., strong negative correlation between stress and
evening conversations).
Yet, prior work on the design and study of EMA has approached the design of EMA technology from the

researcher's perspective, with the goal to collect data that grows in volume, variety, and quality. Less work
has been done probing the experience of answering questions and sustaining ongoing participation in EMA
studies—an important focus of our work. By focusing on this dimension to better understand underlying EMA
response behavior, we gain insights that can help improve response validity.
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3 STUDY
We conducted focus groups at the conclusion of a larger mobile-sensing study. As in the StudentLife project,
we collected passive and active data through students'Android phones. Passive data were collected through the
sensors on board the phone, and active data (self-report) were collected through the Quedget's context-and-
signal-contingent EMA platform (Figures 1 and 2).

3.0.1 Implementation of Self-Report on theQuedget Platform. As mentioned above, Quedget is an EMA service
that employs the lock screen to minimize the interruption burden in a way similar to LogIn [41], Slide-to-X
[35], and Twitch Crowdsourcing [37]. It provides a full, back-end Web application for defining EMA questions
and analyzing the responses. Quedget is available only on Android (this platform allows developers to build
interactions that appear between the activation of the phone and before the lock screen appears).

Fig. 1. The lock-screen interface with a Likert-based question
prompt, shown when prompted a participant to answer one of
the emotion regulation (ER) questions.

Quedget enables multiple question types and we
used two types in our study: Likert-scale rating ques-
tions (Figure 1) and image-based multiple-choice
questions (Figure 2).
We used the Quedget platform to ask a variety

of questions, including Photographic Affect Meter
(PAM), and Likert questions derived from estab-
lished measures, such as the State Self Esteem Scale
(SSES) [13] and Patient Health Questionnaire (PHQ-
4) [19]. Only one item was asked at a time. Quedget
only enables assessments as responses to a scheduled
signal. Researchers define windows of time during
which a question should be presented to the par-
ticipant. Within that window, Quedget calculates a
random time to trigger a prompt. Once a prompt
has been triggered, it will appear on the phone the
next time a lock screen would appear. The prompt
itself contains both the questionnaire item and all
response choices.
Thus, the presentation of the EMA interface is

itself the signal (in the taxonomy used by Wheeler
et al.[40]). Unlike pure notification-based, signal-
contingent systems, the timing of the signal cannot
be precisely defined, because the participants enact
a triggered signal whenever they next activate their
phones. Prompts on the Quedget platform thus com-
bine signal-contingent and event-contingent EMA
design.
When the prompt is displayed, participants can

use an option in the Quedget interface to skip the
question, or they can answer the question. Answer-
ing the question causes the Quedget interface to dis-
appear, exposing the lock screen and enabling nor-
mal use of the phone. Skipping the question causes it
to appear again the next time the phone is activated.
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(a) PAM (b) MSM (c) PAR

Fig. 2. The lock screen of the participant when prompted by an image-based question. Photographic Affect Meter (PAM),
Mobile Stress Meter (MSM) and Photographic Activity Recognition (PAR) are the three different image-grid questions, each
of which uses a set of 16 images to capture a response from the participant.

If participants skip a question and do not activate their phones before the window for that prompt is over, that
prompt will not appear until it has been triggered again.

3.0.2 Adapting Likert Scales for Emotion Regulation. To study Emotion Regulation (ER)1 we asked participants
how much they employed each of seven regulation strategies, including acceptance of a feeling and cognitive
reappraisal (thinking differently about something to change how one feels about it) [2]. We adapted the questions
to use a five-point scale (see Figure 1).
We scheduled the ER questions to be presented at the end of the day and modified the wording so that

participants could choose any moment since the day began: “Think of the hardest emotional experience you had
today.” This retrospective process carries a greater risk of recall bias than a momentary formulation of the same
question, but we made this choice so that there would be a better chance that the “hardest emotional experience”
chosen by the participant would indeed correspond to the day’s greatest emotional challenge.

3.0.3 Image-based Multiple-Choice Questions. We included three image-based questions: we used the Photo-
graphic Affect Meter (PAM) to measure affect; we adopted the Mobile Stress Meter (MSM); and we developed our
own question for capturing current activity, Photographic Activity Recorder (PAR), which we describe in detail
below.

1“Emotion regulation refers to the way individuals influence which emotions they experience, as well as how and when they experience and
express them.” [10]
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MSM resembles PAM in a number of ways. Images are arranged in a 4 x 4 grid, and participants respond by
choosing the image that best captures their current state—in this case, stress. Images are arranged so that the one
corresponding to the lowest stress score (1) is at the bottom left position on the grid. Each additional increment of
stress is represented either by the image directly above or the image at the bottom of the column to the right. The
image at the top right of the grid corresponds to the highest stress score in the scale (16). As with PAM, there are a
total of 48 different images, three associated with each position on the grid. The participant can shuffle the images
to get a different combination of 16 images. Using PAR, participants choose one image to indicate an activity
that they are currently engaged in. Unlike PAM and MSM, these images are arranged in no particular order.
Each image was labeled to indicate the activity depicted (“Class,” “Studying/Homework,” “Socializing,” “Exercise,”
“Social Media,” “Party,” “TV/Leisure,” “Talking with a professor,” “Paid Job,” “Date/ Romance,” “Sleeping,” “Eating,”
“Walk/Commute,” “Errands,” “Contemplation,” “Other”). The label for each image appeared when participants
touched the image corresponding to that label. Releasing the image before dragging it to the target square enabled
the participant to explore other labels by touching other images.

3.1 Likert-Style Questions
3.1.1 Prompt Triggering. Quedget requires a researcher to define windows of time during which a question

should be presented to the participant. Within that window, Quedget calculates a random time to trigger the
prompt. To cover each day, we defined four windows of time. We scheduled PAR and PAM to be triggered every
day, within each of these four windows (Table 1 shows a sample schedule from one of the weeks). We scheduled
one of the four SSE questions to be asked within each window. We scheduled MSM to be triggered once per day.
We scheduled one of the four PHQ-4 questions to be asked within each window on Saturday, with no question
repeated that day. We scheduled four questions about burden, partying, studying, and productivity to be asked
on Sunday, each in separate windows (these are tagged as WR, for "Weekly Review"). Finally, we scheduled ER
questions such that each of the seven is asked twice between Monday and Sunday with no repetition of the same
on the same day.

3.1.2 Interaction Pattern. Once a prompt has been triggered, it will appear on the phone the next time a lock
screen would appear. The prompt itself contains both the questionnaire item and all response choices. Each
prompt presents a single question. Because responding or skipping required only one gesture, this means that
participants could receive a prompt, respond to it (or skip it), and be ready for normal phone use after a single
drag gesture.
Interfaces that become responsive on a phone before the owner is aware of it can facilitate inadvertent

interactions. An owner may touch the screen while the phone is pocketed and unknowingly register a tap or
swipe. To prevent participants from doing this when a prompt is displayed, Quedget requires participants to
make specific drag-and-drop gestures that are less likely to qualify inadvertently (as does LogIn). In the example
of image-based questions, participants register an answer by choosing an image and dragging it from the grid to
a target square below the grid.

3.2 EMA Study
We conducted the focus group research as part of a larger, IRB-approved, multi-modal sensing project. In the
following sections we describe the protocol for the entire project and give an overview of participant participation.

3.2.1 Study Protocol. Enrollment for the study began on 3/30/2016 and continued until 4/20/2016. Participants
completed an online battery of questionnaires during the enrollment session, another online battery at the
end of the session, and throughout the study they answered EMA questions. We also used AWARE [7], a
mobile instrumentation research framework, to capture “passive” data (i.e., accelerometry, GPS, ambient noise
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levels, call and message meta-data, screen state, application history, and physical activity provided through
GoogleDetectedActivity API). (We do not focus on analysis of the passive sensor data in this paper.)
Undergraduate and graduate students at Georgia Institute of Technology who used Android phones as their

primary phone were eligible to participate in the study. In enrollment sessions, we described the aim of the study,
all sensor data collected, the procedure for responding to various kinds of EMA questions, and the compensation
scheme.

Table 1. A sample weekly question prompt schedule used in the first week of
our mobile sensing study. The time-windows on the left column are subject to
shift, while the overall daily composition of questions remains constant.

Mon Tue Wed Thu Fri Sat Sun
PAR PAR PAR PAR PAR PAR PAR
MSM MSM
PAM PAM PAM PAM PAM PAM PAM
SSE SSE SSE SSE SSE SSE SSE

PHQ-4

9:00-12:30

WR

PAR PAR PAR PAR PAR PAR PAR
MSM MSM

PAM PAM PAM PAM PAM PAM PAM
SSE SSE SSE SSE SSE SSE SSE

PHQ-4

12:30-16:00

WR

PAR PAR PAR PAR PAR PAR PAR
MSM MSM

PAM PAM PAM PAM PAM PAM PAM
SSE SSE SSE SSE SSE SSE SSE

PHQ-4

16:00-19:30

WR

PAR PAR PAR PAR PAR PAR PAR
MSM

PAM PAM PAM PAM PAM PAM PAM
SSE SSE SSE SSE SSE SSE SSE

PHQ-4

19:30-23:00

WR

ER ER ER ER ER ER ER18:00-22:00 ER ER ER ER ER ER ER

Participants could earn a maximum of
$80 for participating in the EMA study
(reaching the maximum as the number
of responses they provided approached
the number of questions asked).

After providing written consent, par-
ticipants installed Quedget and AWARE
on their phones, answered sample EMA
questions in the presence of researchers.
Participants could ask questions about
the user interface and receive more
training if needed during the sessions.
In this study, we separate the ex-

perience of responding to prompts
from that of receiving explicit interven-
tions, including visual feedback of the
recorded data. Our EMA data collection
platform minimizes interruption and
employs a combination of traditional
and image-based EMA instruments.

On a standard weekday schedule, par-
ticipants could receive up to 15 ques-
tions per day. On Saturday and Sunday,
they could receive up to 19 per day. Ta-
ble 1 shows the schedule for one study
week. The mean number of questions
answered by each participant per day
varied considerably (see Table 2). At the
end of the study, we invited participants
to schedule a focus group session.

3.2.2 Focus Groups. Of those who
participated in the larger study, 32 grad-
uate and undergraduate students (44%
Female) participated in the focus groups.
The moderator used a topic guide in
all focus groups (described below). The
topic guide addressed four categories:
respondent burden, self-observation, pri-
vacy, and social considerations.
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To examine respondent burden, we invited participants to talk about the number of times they were asked EMA
questions, how long it took to answer, and what they thought of the questions. To examine self-observation, we
asked whether certain experiences caused participants to think about or remember information. For privacy and
social considerations, we asked what students were comfortable disclosing through EMA. Each focus group—eight
in all—lasted approximately one hour and included, on average, four participants. The sessions were recorded
using both audio and visual equipment and transcribed verbatim.

3.3 Data Analysis
Focus group transcripts were segmented by speaker turn. Once segmented, two authors analyzed speaker data,
independently coding the responses using constant comparison to iteratively arrive at themes—in an inductive,
bottom-up fashion—until consensus was reached. Analysis conformed to conventional approaches associated
with conducting a basic interpretive qualitative study [26]. Some a priori codes were generated by the topic guide
that was constructed before the focus groups were conducted.

4 FINDINGS AND DISCUSSION
We first provide descriptive quantitative data to provide the necessary backdrop for interpreting the qualita-
tive results that follow. We then describe salient findings from our qualitative data analysis and discuss their
implications for future research in this space.

Table 2. Summary of participation in our mobile sensing study with college students. ("Qu." =Quartile.)

Min 1st Qu. Median Mean 3rd Qu. Max
Days in Study per Participant 1.00 9.00 10.00 12.09 15.00 29.00

Responses per Participant 5.00 63.00 112.50 114.40 149.80 403.00
Daily Responses per Participant 0.26 6.04 9.91 10.35 13.34 33.00

4.1 Overview of Response Activity
Participants regularly answered fewer than the 15 or 19 questions possible for the day, answering an average of
10 EMA prompts per day. Occasionally, participants received extra questions on days when new participants
were being enrolled. These questions were meant to familiarize new participants with the question format on the
day of enrollment, but all participants already enrolled received the extra questions as well. However, in order to
receive all questions, a participant would need to activate her phone frequently enough within each time window.
For example, she would need to activate her phone at least seven times between 7:30 PM and 11:00 PM to get all
of the questions scheduled to appear during that window of time. Most of the responses took place between 9am
and 10pm. Table 2 shows the daily and total numbers of responses obtained per participant.

4.2 Time Required to Thoughtfully Answer Prompts
We asked one image-based question (PAM) to measure mood and a different one (MSM) to measure stress. In
the focus groups, we learned that it was common for participants to first take time to identify how they
were feeling in order to then map their emotional experience onto the images.

“[I]'m not sure about the girl just lying down there[...] I was just feeling, ‘Meh.’ [...] Not happy, not sad,
not stressful." -P12

When describing how they reported stress using MSM, participants indicated that they used image features to
express aspects of stress, but first reflected on how their stress manifested in different ways . One participant
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Fig. 3. The study had a rolling admission of participants and thus had a differing number of participants during different
days of the study. The Y axis depicts the total number of active participants—those who contribute EMA data—on a given
day of the study.

mentioned that, “...study-stress is different from I'm-fighting-with-my-best-friend stress . . . "). When participants
responding to PAM prompts found the process of identifying their emotions to be straight-forward, so as not to
require much momentary reflection, they still spent time viewing images on which to map their emotions.

“I feel like [PAM] was the more straight-forward [...] ‘I'm feeling like this,’ and just slide [...] if I saw a
picture and I'm like, ‘Eh, I don't really feel like that,’ I [would] hit the refresh button a couple of times."
-P17

Some participants said that their awareness of their emotions changed while participating, and they frequently
noticed this during EMA prompts. Taking time to cultivate and reflect on this awareness was integral to the
process of answering the prompt, as P23 described.

“[In] the beginning I was just answering to answer them. Over time I started to actually think about my
answers and actually notice on a spectrum of one to five, like it could be different: me putting one or two
. . . some days I really think about some things; when it came up I was actually like, ‘do I feel this way,
like, this past hour?’" -P23

Noting that the EMA prompt itself became part of a reflective intervention has important implications for the
design of EMA technology. In particular, where EMA prompts have previously been designed to elicit
information as quickly as possible and with as little effort as possible, our findings suggest that the
designers of EMA technology should take into account the importance of purposeful momentary
reflection as part of the EMA prompt–response process.
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4.3 Perceived Burden and Time
When we asked the participants how they felt about the number of prompts they received (up to 19 in one day),
not one said that there were too many. Participants said that they would continue responding to the current rate
or to an even higher rate of prompts. For example, some participants suggested that sampling mood and stress
even more frequently than we did would be beneficial.

“Yeah, the how do you feel right now and what are you doing right now, that could be asked a bit more
frequently." -P18
“And stress level too." -P19
“Yeah, and how stressed you are." -P18

As mentioned above, Intille et al. kept interruptions short to increase the number of prompts that would be
tolerated [16].We intentionally designed the study to keep interruptions short as well. In addition, our
context-and-signal contingent design also avoided interrupting participants at a specific level of activity. While
participants were interrupted at what is called the action level in activity theory (e.g., checking the weather on the
phone or looking up the definition of a word), we avoided interrupting them at the operations level (well-defined,
routine actions like tapping “send” on an email). We attribute their tolerance for frequent prompts to brevity
of interactions and uninterrupted operations. Future research could reveal how each feature contributed to the
tolerance participants showed for frequent prompts.

5 DESIGN TENSIONS
In the following sections, we identify and describe conflicts emerging from our focus group findings, illustrating
tensions between competing design objectives. After introducing these tensions, we discuss how researchers and
user interface designers can consider them and weigh trade-offs in designing EMA for emotion.

5.1 Response Rate VersusQuality of Response
In many cases, the intended data are not collected when respondents decline to answer a question, or choose
responses such as “don't know” or “no opinion.” To avoid sparsity in the self-report data collected, researchers
may try to increase the likelihood that respondents will provide an answer to every question asked. One way to
do that is to de-emphasize —or make less prominent in the user interface—the option to skip a question. In our
study, the option to skip was indeed de-emphasized: in order to skip a question presented by our system on the
lock screen, respondents needed to notice icons at the bottom left of the interface. In focus groups, we learned
that task overload situations motivated skipping, but the interaction required for skipping a question became a
challenging task in itself:

“I was driving . . . then the question popped up, but then it was really awkward trying not to get into an
accident, but skip the question . . . " -P16

In fact, participants in all focus groups reported that being occupied by a different task affected their motivation
to answer prompts thoughtfully.

“. . . if I'm late for class or something, I'm checking the phone to make sure I'm not really late. . . I'm going
to answer that question faster and not give as much thought as if I was [in] my dorm or something." -P21

One important explanation participants gave for not skipping in these situations is related to incentives for
answering EMA prompts. Compensating participants in proportion to the number of responses can maximize
the response rate [6, 12], but at a cost. Our attempts to maximize the response rate had elicited invalid
responses in some contexts. If there is no way of distinguishing such responses, the data are compromised in
general.
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Fig. 4. A majority of our sample of participants chose “3” more often
than any other response when answering Emotion Regulation (ER)
questions

Even when sufficiently motivated to give valid
answers, participants improvised responses to
questions that they felt unable to answer at a
particular time or in a particular setting. For ex-
ample, without a way to indicate that an EMA
question did not apply, our participants tried to
approximate the effect of giving a neutral an-
swer or taking a “not applicable” option. When
we asked what response values they used to do
this, respondents in a majority of focus groups
reported using “3”–the midpoint of a five-point
scale:

“Three." -P26
“It was pretty much three, yeah." -P18
“Three–neutral." -P26

One participant called this “midpoint” (3) a “neu-
tral” answer. In the minds of participants, choos-
ing a neutral answer could do the least harm to

the study and does not bias the data in either direction. Such good intentions may or may not hold true for a
study, and this case is an example of how such data can be harmed.
For example, the scale for our ER question is unipolar, with 1 representing “not at all.” There is no neutral

answer, and a value of “3” elevates the frequency with which an ER strategy was employed. Figure 4 shows in a
histogram that the mode is “3”. We are unable to interpret this figure with confidence, because some responses
are “3” where we would expect “1”. Such confounds could be avoided through instruction during enrollment,
or through the addition of user interface elements to provide a layer of reference information that could be
progressively revealed.

In summary, we found that we cannot expect that providing question prompts through microinteractions will,
by their nature, elicit a natural response that is representative of a participant's mental or emotional state. An
unexpected side-effect of such an interaction is the ease with which a participant can answer arbitrarily, so as to
get on with their primary task, i.e. unlocking the phone. We recommend the following design considerations to
minimize such an effect:

• Consider providing a skipped/neutral/“don’t know” response option and accepting it as a form of active
response. In addition, we recommend facilitating such options by designing them with equal or greater
accessibility (or ease) relative to the content-laden response options. We expect such designs to 1) reduce
invalid responses and 2) shed light on the comprehensibility of questions as well as the appropriateness of
questions in given contexts.

• Improving the contextual prompting mechanism of the EMA, such that it only interrupts users during
appropriate opportunity intervals. Therefore, on sensing the presence of a situation with a high cognitive
load primary task (for e.g. driving) the prompt is not displayed and is deferred.

5.2 Response Speed Versus ResponseQuality
We chose the lock screen design because it enabled our study to avoid interrupting the primary phone tasks.
Having removed that form of burden, we further sought to mitigate other sources of burden. First, we made choices
that minimized the time required to respond to a question, reasoning that this would facilitate resuming activities
in progress as quickly as possible. Second, we chose simple interface designs over complex ones, reasoning
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that simplicity would reduce cognitive burden, the learning required, and, ultimately, the time expended on
responding. However, the choices we made in pursuit of these design goals conflicted with other study objectives.
Studies that rely on participants to reflect before giving an answer may suffer when responses are given too

quickly.While the response times in our studywere not as short as those reported by Intille et al. [16], themedian re-
sponse time for PAMwas not much more than the four seconds that define microinteractions (Table 3). Answers to
questions about observable matters of fact (“Are you alone or with others?”) may be compatible with very quick re-
sponses, but the same is not true for questions that ask participants to make subtle judgments of mood and emotion.

Table 3. We grouped all of our EMA questions into question families and compared the response times across the families.

ER PAM PAR PHQ-4 MSM SSE WR
1st Qu. (seconds) 3.25 3.62 3.49 3.59 4.44 2.68 3.60
Median (seconds) 5.83 5.78 5.89 5.68 7.66 4.10 5.52
3rd Qu. (seconds) 10.52 10.42 11.49 9.13 13.85 6.36 8.97

No. of Days in Study 30.00 30.00 30.00 8.00 27.00 30.00 6.00
No. of Responses 787.00 1573.00 1673.00 206.00 445.00 1438.00 220.00

Fig. 5. Comparison of the time taken to unlock the phone
with the standard smartphone lock screen interaction (Reg-
ular), with the time taken to unlock the screen with the
Quedget tool. While the median unlock time withQuedget
is slower by a few seconds, there is substantial overlap in
our recorded interaction times for the two.

As a tactic for minimizing the usage time required to
respond to questions, we designed interactions to require
only one gesture. As a drawback to this quick interactive
experience, we did not support complex question flows,
where multiple questions could be presented at once, and
branching questions are asked.
Using watch-sized displays and optimizing for brief

interruption requires fragmenting multi-item measures
so that each item can be asked separately[16]. Further
research is needed to determine whether it is valid to
combine items that were asked separately for compari-
son with a measure that was designed for the items to
be asked together. To keep the interactions simple, we
avoided using navigation. We reasoned that distributing
information for one question across multiple views would
require participants to learn how to activate views. How-
ever, the limited real-estate restricts our ability to provide
navigational cues and other information labels. In every
focus group, participants expressed the need for help in-
terpreting images or mapping experiences onto them.
To address this, more fluid interactions need to be ex-

plored through which users can seamlessly traverse mul-
tiple points on the screen in order to provide active re-
sponses. Dissecting interactions like the pattern unlock or
the number unlock (which requires multiple taps) could
bring us closer to a design compatible with such require-
ments.
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5.3 Unobtrusiveness Versus Participant Agency
In order to provide an unobtrusive experience, our signal is prompt-based as opposed to an active journal system
that relies on the participant’s adherence to the study protocol. However, we learned that the participants felt
that this “push-down” interaction didn’t allow for the capture of the entire spectrum of their experiences. Some
participants had a desire to correct responses if they were reported disproportionately to others.

“Most of the time, for me at least – the activity questions – I seem to be either sleeping or watching TV. I
think: ‘Why didn't you ask me when I'm out with my friends, I want to say that socializing part?’" -P26

Others, like P18, judged the sampling of their experiences to be erroneously homogeneous: “On a single day I
selected that commute like five times and it was like I'm commuting the whole day."

We found that participants felt the need to communicate their experiences without the presence of prompts. In
some cases, they also felt the way the prompts were scheduled did not holistically sample their experience. To
circumvent these hurdles, the design considerations include:

• Provide users with agency that enables them to choose which question they want to answer during a
particular prompt (similar to LogIn) via a multi-gestural interface where they can both select a question
and answer it too, as part of the same interaction flow.

• Allow users to actively initiate assessment (in addition to the scheduled prompts). This method of journal-
based reporting can give richer data and let users counteract the contextual inadequacies of the scheduled
prompts. Combining the agency of a lock screen application like LogIn with the conditional notification
paradigm of Quedget can meet such requirements.

6 DISCUSSION
In the following section, we discuss open questions for future research, grounding these in our study findings,
and we propose some promising avenues for the design of EMA tools for eliciting subjective experiences.

6.1 Emotion Reporting Processes
There are two ways to judge one’s subjective experiences such as emotions: one is associated with heuristics
and memory while the other is associated with current feeling and information [32]. While semantic knowledge
consists of beliefs one has about one’s emotions, episodic knowledge is knowledge about one’s emotions in a
particular place at a particular time. Reporting how one experiences a feeling as it unfolds is not the same as
summarizing emotions experienced during a two-week period. This is why memory-based, semantic reporting is
less appropriate for EMA than episodic reporting.

Many reports in the focus groups suggested that participants expected to use semantic judgments about their
emotions. This would explain why some did not understand why the same questions would be asked successively
and why some participants thought that providing the same response repeatedly, without repeated reflection,
would be a valid way to respond. This makes sense for people who consider their beliefs about their own emotions
to be accurate predictors of actual patterns of feeling.
Our qualitative data provides initial support for the possibility that, in the context of EMA, the semantic

reporting process can be faster and more attractive to a participant who does not want to spend time and effort
judging emotion on a given occasion. Naturally, this behavior can compromise authenticity of the response. For
example, in the case of the participant who simply chose from among the positive emotions when rushed, this
strategy (to save time by consulting her belief that she tends to be positive) could qualify as a form of satisficing
in emotional reporting.
Another common satisficing strategy we found entailed choosing to repeat the same emotion as was last

reported, which results in a form of non-differentiation. The descriptions by students suggest that semantic
reporting of emotion can save time by providing a response option that becomes well-practiced; the emotion
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judgment will have been established and its mapping to a response option will have been repeated over time.
Likewise, non-differentiation can save time, because the required judgment is not about emotion; it is simply
about what response was last given. These strategies may be patterns of satisficing that have emerged with the
application of EMA methods, but user interface technology could be designed to attempt to disrupt that tendency.

6.2 Designing Against Haste
It is possible that our participants expected to be able to provide a proper response to any question quickly.
EMA interactions are optimized for speed, so respondents could expect to spend little time reflecting on the
response they give. While the lock-screen design does not, in itself, rush responses, the facilitation of fast responses
through microinteractions may reinforce the impression that only very brief interactions are appropriate. A single-
gesture lock-screen design could reinforce that expectation, causing frustration when responding takes longer.
Future work is needed to investigate how to design user interfaces that counteract expectations that all logging
interactions should be very quick, and even support users in taking the time they need. For example, UI elements
could be designed to suggest that some considerable segment of time is appropriate. There could also be an option
to indicate “I need more time” without skipping the question.
Research is also needed to investigate techniques for presenting the data back to participants, while they are

participating, in ways that raise their interest in the quality of their responses. Researchers could investigate
systematically whether interventions could be designed to measurably lengthen the time devoted to EMA
responses that benefit from pausing to collect episodic information. Previous research suggests that feedback can
assist in response quality [27]. The effectiveness of this approach for encouraging high-quality responses will
depend on how data presentation appeals to the curiosity and interest of that participant population. It will also
be affected by the perceived quality of the data—one motivation for avoiding hasty responses.

6.3 Reducing Ambiguities
Our participants adopted strategies to cope with at least two different types of ambiguity. One type stems from
the difficulty of rating subjective constructs like self-esteem, on a scale. What criteria should be used for choosing
between two adjacent response options? One solution to this problem is to select only from the extremes and to
ignore the options in between. Questionnaire design research suggests that reducing ambiguity is feasible and
that it can be accomplished by labeling all of the response options (instead of anchoring only at the extremes)[21].
However, such a solution requires presenting a great deal more information in the user interface. Mobile user
interfaces may require novel approaches to presenting that information to overcome spatial constraints on the
display.
Another type of ambiguity was caused by the need to interpret images. Expressions of confusion in the focus

groups indicated that, on the image-based questions, sometimes the meaning of response options was unclear.
One coping strategy we witnessed for dealing with ambiguity in the image-based question included avoiding
certain response options that were unintelligible, and only selecting from the immediately comprehensible ones.
The data produced by this restricted procedure loses accuracy, as the respondent is essentially constraining the
possible response set to include only those responses that they can immediately interpret. We saw this behavior
manifest in our log data: Figure 6 shows a trend for increasing diversity in PAM responses for a participant. Using
a sliding 2-day window, the graph shows the proportion of responses that are unique within that window. Such
a trend of increasing diversity could be interpreted as genuinely increasing variability in mood, or it could be
read as the result of increasing familiarity with more of the available responses. This confound prevents making
confident interpretations of emotional dynamics, and would best be avoided by ensuring that all response options
are equally comprehensible at the outset of the study. Paradigms of mood depiction that are more apparently
dimensional could eliminate the problems with comprehensibility that we saw in the image-based paradigms.
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(a) P48 demonstrates an increase in uniqueness as the study progressed

(b) P28 demonstrates a decline in uniqueness as the study progressed

Fig. 6. We use a 2-day rolling window within which we calculate the Uniqueness Score (depicted on the Y axis) of a participant.
This can be represented as the Number of Unique Responses/Total Number of Responses during those two days. A score of "1"
signifies different responses for every question a participant answered.

Like PAM, MoodMap captures mood along the two dimensions of valence and arousal, but unlike PAM, it
presents a two-dimensional space with labels to indicate what meanings are associated with regions on the space:
“high-energy,” “low energy,” “positive,” and “negative.”

Because the images in our EMA study varied in many ways, our participants reported using eccentric methods
for mapping emotions to images.

“What did you pick when your mood was moderate?" -Moderator
“[I] think I picked something without people in it. . . "-P16

Difficulty mapping images can introduce error in the data in other ways: increased task difficulty can make
satisficing more likely [20].

“I just wish it was, you know, just four things. Well, that way I wouldn't even mind if there were more
pop-ups coming up." -P14
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“After a couple of times I just associated [a] few of the pictures with [a] few of my moods. If I was feeling
this way I can just pick this picture. I really didn't bother about all of those [other] pictures" -P27

“Also, there are too many options. Before you could answer a question, you have to look through all the
options. Most of them are very similar." -P9

Mapping emotions onto a 4 x 4 grid of randomized images requires that participants do a new visual search task
with each presentation. The cognitive load for this task could be too high for some. Future work could investigate
whether the user’s cognitive load could be reduced by making the dimensions that underlie mood measurement
more obvious to them.

7 CONCLUSIONS
We have taken a qualitative approach to studying how students participating in a multi-week mobile sensing
study experienced reporting on their mental well-being through microinteraction-based EMA. After listening to
the experiences of 32 students who participated in a mobile sensing study for an average of 12 days, answering
an average of 10 EMA prompts per day, we have found that various forms of satisficing are likely to be a concern,
due in part to the interation design of the EMA tool. We found that some aspects of emotion assessment are not
compatible with a microinteraction approach to EMA design. When sensing current emotional state can take
quite a bit more than a few seconds, the increase in usage time may undo some of the benefits of microinteraction.
Our study suggests that lock-screen and wearable paradigms are indeed well-suited to giving participants the
agency to initiate or defer a question through microinteraction, but that future work is needed to determine how
to design EMA prompts that encourage reflection, convey the appropriateness of pausing, and give permission to
take the time required. Lock-screen EMA questionnaires facilitate lightweight, context-opportunistic approaches
to record what are in fact effortful assessments. When complex judgments are called for, EMA tools should
support such effort. To avoid arbitrary answers, it is also important for EMA interactions to better support
participants in skipping questions as a valid response, and to provide feedback to enable awareness of prior
responses. To that same end, researchers should use caution when linking study incentives or rewards to the
number of questions answered, and they should reconsider the use of response time as an optimal metric in EMA
for emotion.
By listening to students describe how they answered EMA questions about their well-being, we learned that

students faced difficulties mapping their experiences onto image options that differ from their neighbors on many
dimensions. Future work could offer systematic comparisons between image-based designs, like PAM, and more
explicitly dimensional designs, like Mood Map.
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