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Figure 1. A participant solves compound remote associate questions under a time limit on a computer. Two tactors, attached to the abdomen, deliver
personalized paced vibrations with which participants can synchronize their breathing. The answer to the question above would be "bill," a word which
is related to all three words shown.

ABSTRACT

INTRODUCTION

Given the prevalence and adverse impact of anxiety, there is
considerable interest in using technology to regulate anxiety.
Evaluating the efﬁcacy of such technology in terms of both
the average effect (the intervention success) and the heterogeneous effect (for whom and in what context the intervention
was effective) is of paramount importance. In this paper, we
demonstrate the efﬁcacy of PIV, a personalized breathing pacer,
in reducing anxiety in the presence of a cognitive stressor. This
is the ﬁrst mixed-design study of a vibrotactile affect regulation technology which accounts for individual differences and
user-technology engagement in relation to the technology’s
efﬁcacy in the presence of a speciﬁc stressor. Guidelines in
this paper can be applied for designing and evaluating other
affect regulation technologies.

Affect regulation refers to the things that we do to inﬂuence experience and expression of affective states [17].1
Regulating high-arousal negative affective states is a known
challenge. There is signiﬁcant interest in developing technology that can help people regulate high-arousal negative affect, such as anger, anxiety, and stress, in everyday
life [1–5, 7, 9, 12, 13, 15, 30, 34]. It is crucial that any affect
regulation technology adds value and can eventually be effective in everyday life. Therefore, it would be useful for
evaluation of affect regulation technology to understand both
user-technology engagement and the heterogeneous effect (for
which individuals a technology has the potential to be effective
under a given stressor).
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In this paper, we evaluate the efﬁcacy of a high-ﬁdelity prototype of PIV, a personalizable, inconspicuous vibrotactile
breathing pacer developed to guide users through slow-paced
breathing to reduce anxiety (see Figure 1d). In [25], we
introduced PIV pacer and provided recommendations on appropriate placement, pattern, and personalization of it. 2 . In
this paper, using these recommendations, we demonstrate the
PIV pacer to be a successful intervention for anxiety reduction,
and provide insights on who is more likely to beneﬁt from it.
We ran a mixed-design experiment in which a treatment and
control group went through two repeated stressors. Only the
treatment group received intervention from PIV, which occurred during the second stressor. The analysis of our experiment had three aims. As part of open science best prac1 Affect

is an umbrella term for emotion, mood, and stress.
biphasic frequency-based pattern with
a less intense vibration indicating the inhalation phase
2 Placement:abdomen; Pattern:
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tices [6, 24], the ﬁrst aim was pre-registered and the three
pre-registered hypotheses can be found at [27]. The second
and third aims were exploratory analyses.
1. Efﬁcacy of PIV in regulating affect. Does PIV effectively
regulate affect? To answer this question, we measured three
affect-related dependent variables: anxiety as measured by
STAI-6 scores [23], self-reported positive affect, and selfreported negative affect. For each of these dependent variables, we pre-registered the hypotheses that we would observe
interaction effects between group (treatment and control) and
condition (Post-stressor 1 and Post-stressor 2).3 Our hypotheses were that the treatment group would show a decrease in
STAI-6 scores, an increase in positive affect, and a decrease
in negative affect compared to the control group when going
from Post-stressor 1 to Post-stressor 2.
2. Stressor and PIV-user engagement. How does the presence of a stressor impact a user’s ability to engage with PIV?
We measured difﬁculty of PIV-user engagement at three levels: noticing vibrations, differentiating between inhalation and
exhalation vibrations, and synchronizing breathing with vibrations. The stressor we used was a timed compound remote
associate task [8] (see Figure 1b and the Protocol section for
details). We sought to understand how the presence of this
speciﬁc stressor could contribute to changes in difﬁculty of
noticing, differentiating, and synchronizing with PIV.
3. Predicting anxiety drop from individual differences. What
types of people have potential to beneﬁt from PIV? We collected measures of individual difference before and within
the study. Using these measures as features, we trained a
machine learning model to predict drop in anxiety in the treatment group. We calculated the average Shapley values of
each feature to identify the factors that contributed most to
the model’s prediction. Shapley values measure the contribution of a feature in predicting some label, in our case drop
in anxiety [22, 32]. From the highest contributing features,
we identiﬁed the types of people who have more potential to
beneﬁt from PIV.
The speciﬁc contributions of this paper are as follows:
• We report the results of a thorough, mixed-design, preregistered experiment to evaluate the efﬁcacy of PIV.
• We quantify the relationship between our stressor and PIVuser engagement.
• We trained a learning model on treatment group data and
report the average Shapley values of features with regards
to the model’s predicted change in anxiety. By identifying
features with the highest contribution to predicted anxiety
change, we present insights on who is more likely to beneﬁt
from PIV.
Our study not only evaluates the efﬁcacy of PIV, but also
provides a thorough report on the effect of a speciﬁc stressor
on difﬁculty of engaging with PIV, as well as who is more
likely to beneﬁt from PIV. Our ﬁndings, experimental design,
and methods of analysis may be of beneﬁt to others in the
3 Post-stressor 1 and Post-stressor 2 are the conditions immediately
following the two repeated stressors, respectively. See Figure 2 for
where these conditions are in the experimental protocol.
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HCI community who are building and evaluating affect regulation technology with the goal of eventually having it be
used in daily life. We envision a future in which a mental
health clinician could choose between various technological
interventions, selecting the ones that are more likely to be
suitable for a patient, given knowledge of that patient.
COMPARISON WITH RELATED WORK

A list of vibrotactile technologies for affect regulation may
be found in the Related Work section of the PIV publication [25]. In addition to those in the list, BoostMeUp [13]
and Spire [34] are vibrotactile technologies described in more
recent publications. Of the vibrotactile technologies for affect regulation, we decided to compare PIV with technologies
which had been evaluated for efﬁcacy using an experimental design comparable to ours. Speciﬁcally, we looked for
an experiment that delivered a stressor to a treatment group
(who received vibrotactile intervention) and a control group
(who received no vibrotactile intervention). Therefore, BoostMeUp was excluded for comparison, because the experiment
to evaluate it did not have a control group that received no
intervention. Spire was similarly excluded for comparison,
because the experiment to evaluate it was longitudinal. To the
best of our knowledge, the only two vibrotactile technologies
evaluated using a design comparable to ours are Doppel [7]
and EmotionCheck [12].
To reduce anxiety, PIV applies slow breathing-like vibrations
to the abdomen (see Figure 1c), while Doppel and EmotionCheck apply slow heartbeat-like vibrations to the wrist.
All three are involvement technologies, i.e. technologies that
aid a user in implementation of affect regulation.4 In Doppel
and EmotionCheck, affect regulation is implicit: the user engages with the technology at no more than the perception or
unconscious cognition level, and they do not need to expend effort or take action. In PIV, affect regulation is explicit: the user
engages with the technology at all three levels of perception,
cognition, and action (that is, noticing, differentiating, and
sychronizing) to intentionally implement guided slow-paced
breathing.
Our study to evaluate PIV builds on the methods used to evaluate Doppel and EmotionCheck in two key ways. First, we
used a mixed design in our evaluation of PIV, whereas the evaluations of Doppel and EmotionCheck used between-subjects
designs. A mixed design enables greater statistical power than
a between-subjects design. It also helps to address threats to
internal validity, meaning that it better enables experimenters
to rule out alternative explanations for observed results. Second, we collected measures of state and trait affect regulation,
as well as personality, in our study. State and trait affect regulation refer to the strategies individuals use and the success
4 Terminology is taken from Miri et al., who describe a framework
for categorizing affect regulation technology [26, 29]. The extended
process model of affect regulation identiﬁes four steps in affect regulation: identifying the need for affect regulation, selecting an affect
regulation strategy, implementing the strategy, and monitoring how
well the implementation is going [18]. In the absence of technological
support, all four steps are done by the individual. Affect regulation
technology is categorized based on the step(s) in which a technology
is involved.
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Doppel [7]

EmotionCheck [12]

PIV

Implicit involvement

Implicit involvement

Explicit involvement

Between-subjects design; N = 52 across two
groups, treatment and control
Anticipation of public speaking task with
deception

Between-subjects design; N = 67
across four groups
Anticipation and delivery of public
speaking task with deception

Mixed design; N = 97 across two groups,
treatment and control groups

STAI-20, administered twice

STAI-20, administered twice

STAI-6 and positive and negative affect,
administered ﬁve times

No

No

Yes

No

No

Yes

Pattern shape

Heartbeat-like vibrotactile pattern

Heartbeat-like vibrotactile pattern

Pattern pace
Effect size found

Personalized, ranging from 0.67 Hz to 1.08 Hz
d = .28

Static, 1 Hz
d = .38

User-technology
interaction
Experimental
design
Stressor type
State affect
measures
State and trait affect
regulation measures
Personality trait
measures

Creative thinking task with deception

Biphasic pattern with different frequencies for
inhalation and exhalation phases
Personalized, ranging from 0.08 Hz to 0.15 Hz
d = .33

Table 1. Comparison of three studies evaluating the efﬁcacy of a vibrotactile technology for affect regulation.

they experience in regulating affect, both at a speciﬁc time
and context during the study (state) and as an overall pattern
in various contexts (trait) [16, 19]. Using these state and trait
measures as well as other measures, we identiﬁed who would
be more likely to beneﬁt from PIV. Neither of the other studies
reported on the relation between individual differences and
the efﬁcacy of their technology in regulating affect.

Sample size determination was based on the effect size of
0.28 found in the Doppel study. We found this effect size
reasonable and predicted an effect size of 0.28 or greater in
our study. Using a power analysis with power of 80% and
alpha of 0.05, we selected a sample size of N = 100.

Table 1 compares in more detail the technologies and the
experiments used to evaluate efﬁcacy of PIV, Doppel, and
EmotionCheck. Because our mixed design required a repeatable stressor, we had to use a different stressor type compared
to the studies for Doppel and EmotionCheck. The other studies used a variation on anticipation and delivery of a public
speaking task as their stressor. Since this stressor could not
be repeated while maintaining participants’ belief in the deception, our study used a timed compound remote associate
task (CRA), which asked participants to come up with a fourth
word that completes a set of three seemingly unrelated words
under a time limit [8] (see Figure 1b for an example). We used
the STAI-6, a brief six-item version of the State-Trait Anxiety
Inventory (STAI-20), in order to be able to collect anxiety measures more frequently while minimizing participant burden.
STAI-6 scores correlate highly with scores on the full-length
STAI-20 (r = .95) [23]. In addition to differences in experimental protocol, the PIV technology differs from Doppel and
EmotionCheck in the characteristics of the vibrotactile pattern
used. Doppel and EmotionCheck deliver vibrations modeled
after the human heartbeat. The pace of Doppel is personalized
to approximately 20% lower than the user’s baseline heart
rate, with ﬁxed upper and lower limits of 1.08 Hz (65 BPM)
and 0.67 (40 BPM) respectively. The pace of EmotionCheck
is ﬁxed at 1 Hz (60 BPM). PIV, on the other hand, delivers
vibrations modeled after human respiration. The vibrations of
PIV are biphasic with a less intense vibration indicating the
inhalation phase and a more intense vibration indicating the
exhalation phase. The cycle is repeated at a personalized pace
which was found to generally fall within the range of 0.08 to
0.15 Hz (5 to 9 breaths per minute).

Participants were recruited through university pools offering
either course credit or payment. The study was deceptively advertised as an attempt to “investigate the relationship between
haptics and creativity.” Eligible participants had no history of
cardiovascular, breathing, neurological, or psychological disorders, and restricted alcohol and caffeine consumption as well
as smoking for a period of time before the on-site study. We
required that participants be native English speakers because
of the vocabulary-based CRA stressor task.
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METHOD AND PARTICIPANTS

100 participants were randomly assigned to treatment and
control groups while balancing for gender. One participant
was excluded from the analysis because they were using their
phone during the Stressor 2 condition. Two other participants
were excluded due to procedural errors. After excluding those
participants whose sessions were invalid, our sample size was
N = 97 with 44 (29 female, 15 male) in the treatment group
and 53 (32 female, 21 male) in the control group.
Treatment and control groups were found to be balanced across
a variety of characteristics. There was no signiﬁcant difference
between treatment and control groups in years of education,
area of education, previous training in slow-paced breathing,
or whether they were currently playing a wind instrument.
Participants were ﬁtted with two tactors taped to the abdomen
according to the recommendation of the PIV derivation study.5
They were also ﬁtted with breathing gauges around the chest
and abdomen; EDA, pulse, and temperature sensors on their
5 For a detailed description of the components of the PIV prototype,
see [25]. For the list of all during-the-study questions see the supplementary material.
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non-dominant hand; and noise-cancelling headphones to block
out the sound of vibrations.

stage. Research assistants worked with participants to arrive
at appropriate personalized frequencies and amplitudes.6

The on-site portion of the study took place in the following stages: Baseline, Meditation, Personalization, Vibrotactile Breathing Practice, Stressor Task Practice, Pre-stressor
1, Stressor 1, Post-stressor 1, Pre-stressor 2, Stressor 2, and
Post-stressor 2 (see Figure 2). The Pre-Stressor 1, Stressor
1, and Post-stressor 1 stages are collectively referred to as
Block 1, while the Pre-stressor 2, Stressor 2, and Post-stressor
2 stages are collectively referred to as Block 2. Participants
spent 60 to 90 minutes in total for the on-site portion of the
study.

In the Vibrotactile Breathing (V-Breathing) Practice stage,
participants practiced synchronizing their breathing with the
personalized vibrations for 90 seconds.
In the Stressor Task Practice stage, participants were introduced to the compound remote associate task (CRA) to be
used as a stressor. Compound remote associate questions consist of three English words whose answer is a fourth word that
is associated with all of them. For example, the answer to the
CRA question “man/glue/star” would be “super.” Participants
solved three CRA questions with no time limit in order to
familiarize themselves with the task.
Block 1 consisted of the ﬁrst stressor and two waiting periods occurring before and after the stressor. Waiting periods,
called Pre-stressor 1 and Post-stressor 1, allowed time to pass
in between stressors so that anxiety from the stressor would
not affect measurements taken at other stages. During the Prestressor waiting periods, participants waited for two minutes
while seeing the text: You are about to start a set of problems,
each with a 9 second time limit. Your goal should be to solve
these problems to the best of your abilities. You will be compared to your peer-group and you will receive information
about your performance compared to them at the end of the
session. During the Post-stressor waiting periods, participants
waited for two minutes while seeing the text: Wait for the next
part to begin automatically.

Figure 2. Procedure ﬂowchart of the study. All participants went
through the same procedure until end of Post-stressor 1. At that point,
participants who were randomly assigned to the control group went
through Block 2 while receiving no vibrations (indicated by a solid black
line), while participants who were randomly assigned to the treatment
group go through Block 2 while receiving vibrations. Self-reported measures of affect (positive and negative) as well as STAI-6 were collected
at ﬁve conditions of Baseline, V-Breathing Practice, Pre-stressor 1, Poststressor 1, and Post-stressor 2 (indicated by color-coded pen-and-paper
icon).

In the Baseline stage, participants watched a 5-minute video
of a pipe changing colors and were asked to count how many
times the pipe turned green. The objective of this stage was to
obtain baseline measurements.
In the Meditation stage, participants listened to a 5-minute
audio guiding them through slow-paced abdominal breathing
techniques. The objective of this stage was to train participants
in preparation for breathing with the vibrations, and to estimate
their slow-paced respiratory rate in breaths per minute.
The Personalization stage established an appropriate pace,
frequency, and amplitude of vibrations personalized to the
participant. Personalized pace was informed by the respiratory
rate measured during the last two minutes of the Meditation
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The stressor task was four minutes long and consisted of 27
CRA questions with a time frame of nine seconds each. Running out of time on a question was equivalent to an incorrect
answer. If a question was answered correctly, participants
would still have to wait the full nine seconds before seeing
the next question; this was done to ensure that all participants
spent an equal amount of time in the stressor task. Participants
were able to see the nine-second timer as well as their cumulative score. A recorded voice provided dynamic accuracy
feedback by announcing “Correct” or “Incorrect.” Due to the
presence of sensors on the non-dominant hand, participants
were required to type with only one hand, which increased the
difﬁculty of the task.
All participants followed the same procedure from Baseline up
until the end of Block 1. The structure of Block 2 was identical
to that of Block 1. In addition to the previously mentioned
instructions, the treatment group saw the following additional
instructions during Pre-stressor 2: Please allow your breathing
to conform with the sensation of the pacer if you can, whenever
you can. Having two blocks which were otherwise identical
except for the presence of vibrations in the treatment group
was done to ensure internal validity: since participants’ anxiety
and affect in Block 2 were being compared to their anxiety
and affect in Block 1, we could be more certain that any
change we observed was due to the vibrations and not due
to other differences between participants. During Block 2,
6 For more information on the personalization part of the protocol,
see Supplementary Materials of PIV paper, “Fine-Tuning Horizontal
Pattern” section in Personalization Routine Script.
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the treatment group received ongoing personalized vibrations
while the control group did not.
Speciﬁc CRA questions were taken from Bowden & JungBeeman [8]. To ensure that the two sets of CRA questions
in Stressors 1 and 2 were of similar difﬁculty levels, we performed K-means clustering on data from Bowden & JungBeeman about the number of people who correctly answered
each question within different time frames. We used the clustering results to identify pairs of questions with similar difﬁculty levels; for each pair, one question was randomly assigned
to Stressor 1 and the other to Stressor 2. More detail about our
clustering and pairing process can be found in Supplementary
Materials Section Stressor Design [28].
Measures

We collected state affect measures, state and trait affect regulation measures, user-technology engagement measures, and
personality trait measures.
Trait affect regulation measures and personality measures were
collected from an online survey which participants completed
before arriving for the on-site portion of the study. The survey
contained six standardized questionnaires yielding 11 variables in total. The Big Five Inventory yielded scores on the
ﬁve personality factors of extraversion, agreeableness, conscientiousness, neuroticism, and openness [20]. The Anxiety
Sensitivity Index yielded a score representing the extent to
which an individual believes that anxiety experiences have
negative implications [31]. The Body Sensations Questionnaire yielded a score representing how worried an individual feels about bodily sensations associated with autonomic
arousal [11]. The Reducer-Augmenter Scale yielded a score
representing an individual’s preferences for the intensity of
sensory input [14, 35]. The Emotion Regulation Questionnaire
yielded two scores representing how much an individual uses
the affect regulation strategies of cognitive reappraisal and
expressive suppression [19]. The Difﬁculties in Emotion Regulation Scale was kept as a single score (sum of all subscales)
representing the extent to which an individual struggles with
affect regulation [16].
State affect measures were collected at ﬁve conditions (time
points in the protocol, called conditions to distinguish from
stages in the protocol). Conditions correspond to the stage
of the on-site study after which they are named: Baseline,
V-Breathing Practice, Pre-stressor 1, Post-stressor 1, and Poststressor 2. Immediately after each stage, participants took
the STAI-6 questionnaire and rated their positive and negative
affect on a scale of 0 to 100. We followed the unipolar valence
model in asking participants to describe affect in terms of
positive and negative affect [21]. We gave participants the
following instructions in rating positive and negative affect:
People often report their feelings as a combination of some
positive and some negative feelings at once. For example, a
young woman who had just eaten a chocolate bar reports a
blend of joy and guilt. To report your feelings, please consider
using both positive and negative feelings scales.
User-technology engagement measures were collected at
two conditions: V-Breathing Practice (no stressor) and Post-
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stressor 2 (stressor). User-technology engagement refers to
how difﬁcult participants found it to engage with the breathing pacer at three distinct levels of perception, cognition, and
action [10]. At the perception level, we asked how difﬁcult it
was to notice the vibrations. At the cognition level, we asked
how difﬁcult it was to differentiate between inhalation and
exhalation phases of the vibrations. At the action level, we
asked how difﬁcult it was to synchronize their breathing with
the vibrations. All ratings were on a scale ranging from 0 to
100. Because only the treatment group received vibrations
during Block 2, there is no data from the control group on
engagement at the Post-stressor 2 condition.
State affect regulation measures were collected at the Poststressor 2 condition. We asked participants to rate the extent to
which they deployed each of the affect regulation strategies of
reappraisal, distraction, suppression, and slow-paced breathing
to lower anxiety during the study [33]. All ratings were on a
scale ranging from 0 to 100. Questions were phrased in such a
way so that participants did not need to be familiar with affect
regulation terms. For instance, reappraisal refers to cognitive
reframing of an emotional event so as to have a different emotional meaning. The statement to rate for reappraisal was “I
tried to think in a way that helped me stay calm.” Suppression
refers to inhibition of behaviors associated with emotional
response, including facial expressions, verbal utterances, and
gestures. The statement to rate for suppression was: “I tried to
suppress my anxiety.”
In addition to collecting state affect regulation measures at
Post-stressor 2, we asked supplementary questions at the end
of the study to the treatment group about their opinions on
the breathing pacer. On a scale of 0 to 100, we asked them
to rate how much the vibrations impacted them; how much
they wanted to turn off the vibrations; how much they felt the
vibrations were distracting; how much the vibrations affected
their performance; and what percentage of the time they were
able to synchronize with the vibrations.
RESULTS AND DISCUSSION
Efﬁcacy of PIV in Regulating Affect

We ran linear mixed models on STAI-6 scores and selfreported positive and negative affect. We checked for outliers
before running the models and did not ﬁnd any.7
We tested for interaction effects between condition (Poststressor 1 and Post-stressor 2 conditions) and group (treatment
and control groups). We found an interaction effect between
condition and group for STAI-6 scores, but not for positive
and negative affect. To characterize the interaction effect that
we found for STAI-6 scores, we performed paired and independent samples t-tests.
STAI-6: We observed an interaction effect between condition
and group for STAI-6 scores (intercept = 40.0, β = −3.19,
p = .019, CI = [−5.71, −.433]) (Figure 4). The direction of
the effect is consistent with our hypothesis, indicating that
7 Models were implemented in R with the lme4 package according
to the following speciﬁcations: lmer(DV ~ condition * group
+ (1 | id)).
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Figure 3. Left: Average STAI-6 scores during ﬁve conditions for both treatment and control groups. An interaction effect (circled) was observed between
group and post-stressor 1 and post-stressor 2 conditions: the treatment group receiving vibrotactile patterns during post-stressor 2 experienced a drop
in anxiety compared to the control group. Solid line indicates treatment group; dotted line indicates control group. Center, Right: Average positive
affect (left) and negative affect (center) during ﬁve conditions as reported on a scale of 1 to 100 by both treatment and control groups. No interaction
effect was observed between group (treatment and control) and condition (post-stressor 1 and post-stressor 2): we did not ﬁnd that receiving vibrotactile
patterns had an inﬂuence on either positive or negative affect.

Figure 4. Linear mixed model ﬁt to STAI-6 scores. The model ﬁts horizontal lines for the control group and lines with negative slopes for the
treatment group (shown in red), in both cases considering individualized
intercepts. The model predicts a signiﬁcant drop in anxiety for the treatment group going from the post-stressor 1 to post-stressor 2 condition.

the treatment group experienced a drop in anxiety from Poststressor 1 to Post-stressor 2 compared to the control group.
We calculated the effect size (Cohen’s d) of the drop in anxiety
for each of treatment and control groups. In the treatment
group, the effect size for STAI-6 scores between Post-stressor
1 and Post-stressor 2 was moderate (mean of differences =
−3.26, d = .33) (Figure 3, left); in the control group, the effect
size was minimal (mean of differences = −0.06, d = .05). We
performed paired t-tests to conﬁrm that the drop in anxiety
was indeed signiﬁcant for the treatment group and not for
the control group. As expected, STAI-6 scores between Poststressor 1 and Post-stressor 2 were signiﬁcantly different for
the treatment group (p = .004), but not for the control group
(p = .93). 8 .
Positive and Negative Affect: We did not observe any interaction effects between condition and group for either positive
or negative affect (Figure 3, center and right). Although the
direction of effects for both positive and negative affect were
8 The found effect is not post-hoc signiﬁcant. However, we bootstrapped the effect CI calculation which suggests the existence of an
effect.
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consistent with our hypotheses, the effects were not signiﬁcant. The treatment group experienced an increase in positive
affect from Post-stressor 1 to Post-stressor 2, but the effect
was not signiﬁcant (intercept = 49.1, β = 13.1, p = .53, CI
= [−2.96, 5.34]). Likewise, the treatment group experienced
a decrease in negative affect from Post-stressor 1 to Poststressor 2, but the effect was not signiﬁcant (intercept = 31.4,
β = −1.56, p = .58, CI = [−7.28, 3.98]). We postulate that
one reason we did not see signiﬁcant effects is because both
the stressor and the intervention speciﬁcally targeted anxiety,
whereas positive and negative affect each have many components.
Having observed an interaction effect between condition and
group for STAI-6, we ensured that the interaction effect was
only present between Post-stressor 1 and Post-stressor 2 conditions and not between any of the prior condition pairs. Both
treatment and control groups underwent an identical procedure
up until the end of Post-stressor 1, and the two groups were
found to be balanced across a variety of characteristics; however, the observed mean of the treatment group at Post-stressor
1 condition (mean = 43.4) was greater than that of the control
group (mean = 40.0). We therefore sought to conﬁrm that there
were no interaction effects between group and any of the prior
conditions of Baseline, V-Breathing Practice, Pre-stressor 1,
and Post-stressor 1. To test for the existence of interaction
effects, we ran a covariance pattern model with unstructured
error structure in SPSS (F(95) = .59, p = .62). The covariance
pattern model was chosen instead of a linear mixed model
because the linear mixed model assumes compound symmetry (equal variances and covariances across all conditions),
which was inappropriate here as participants were performing
different activities across the four conditions. The model did
not ﬁnd any interaction effects, which we interpret to suggest
that there was no meaningful difference between treatment
and control groups prior to the end of Post-stressor 1. We
therefore conclude that the difference in the group means at
Post-stressor 1 is due to noise.
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Figure 5. Left and Right: Average user-technology engagement difﬁculty at three levels of perception, cognition, and action in the presence and absence
of a stressor, with effect sizes displayed. Left: Synchronization with vibrations is more difﬁcult than both noticing and differentiating vibrations. This
is true both without a stressor (at V-Breathing Practice) and with a stressor (at Post-stressor 2). Right: When a stressor is introduced, synchronizing
becomes signiﬁcantly more difﬁcult than both noticing and differentiating. Note that there is data for both treatment and control groups in the absent
stressor condition (at V-Breathing Practice), but only for the treatment group in the stressor condition (at Post-stressor 2).

Stressor and PIV-User Engagement

We sought to quantify the level of difﬁculty engaging with
PIV at three levels of perception, cognition, and action, both
in the presence and in the absence of a CRA stressor. We
ran a linear mixed model on participants’ ratings of difﬁculty
of engaging with the technology at three levels: noticing vibrations, differentiating between inhalation and exhalation
vibrations, and synchronizing breathing with vibrations. Both
treatment and control groups rated their engagement difﬁculty
at the V-Breathing Practice condition, while only the treatment
group rated their engagement difﬁculty at Post-Stressor 2.9 We
tested for interaction effects between condition (V-Breathing
Practice and Post-Stressor 2 conditions) and engagement type
(noticing, differentiating, synchronizing).
We observed a main effect of synchronization across VBreathing Practice and Post-stressor 2 conditions (β = 10.86,
CI = [6.58, 19.58], p = .0002). In both conditions, synchronizing breathing with vibrations was signiﬁcantly more difﬁcult
than noticing vibrations (d = .80, p = .0004 at V-Breathing
Practice; d = 1.95, p < .0001 at Post-stressor 2). In addition,
in both conditions, synchronizing breathing with vibrations
was signiﬁcantly more difﬁcult than differentiating vibrations
(d = .55, p = .01 at V-Breathing Practice; d = 1.39, p < .0001
at Post-stressor 2) (Figure 5, left). These results suggest that affect regulation strategies which involve synchronization with a
slow-paced breathing pacer are difﬁcult regardless of whether
or not a CRA stressor is present.
In addition to the main effect of synchronization, we observed
an interaction effect between engagement type and condition
(Figure 5, right). When a stressor is introduced, synchronizing
breathing becomes signiﬁcantly more difﬁcult compared to
both noticing and differentiating vibrations (β = 26.43, CI =
[17.22, 36.01], p < .0001 for the change between notice and
synchronize; β = 20.52, CI = [11.25, 30.13], p < .0001 for
the change between differentiate and synchronize). Figure 5,
right, shows effect sizes (Cohen’s d) of changes in engagement
difﬁculty from V-Breathing Practice to Post-stressor 2. These
results suggest that synchronizing becomes more difﬁcult in
the presence of a CRA stressor, while other types of engage9 The model was implemented in R according to the following speciﬁcations: lmer(engagement-difficulty ~ engagement-type
* condition + (1 | id)).
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ment do not necessarily become more difﬁcult in the presence
of a CRA stressor.
Predicting Anxiety Drop from Individual Differences

We sought to identify factors that could explain the drop in
anxiety observed in the treatment group. We pooled 26 individual difference measures collected either before or within the
study, and trained a learning model on a dataset consisting of
treatment group observations with those 26 features. For each
feature, average Shapley values contain information about that
feature’s contribution to the model’s predicted change in anxiety from Post-stressor 1 to Post-stressor 2. For the features
with the highest contributions, we conducted further tests to
determine whether the predicted drop in anxiety was due to
use of PIV, or whether people with certain characteristics were
already predisposed to see a drop in anxiety regardless of use
of PIV. Because we had data from both treatment and control
groups, we were able to make inferences about PIV’s efﬁcacy
with high internal validity. That is, we had the data to determine whether the results we saw were due to intervention from
PIV or due to other systematic differences between individuals.
We found a main effect of within-study reappraisal usage, suggesting that individuals who used more reappraisal during the
study saw a drop in anxiety regardless of use of PIV. We also
found interaction effects suggesting that certain categories of
people were more likely to see a drop in anxiety when using
PIV. People with low Openness on the Big Five Inventory, people with low scores on the Difﬁculties in Emotion Regulation
scale, people with high Extraversion on the Big Five Inventory,
and people with low within-study distraction usage were all
more likely to beneﬁt from PIV than their counterparts on the
other end of the spectrum for each feature.
Model Selection Procedure

The 26 individual difference features in the dataset used to
train the model consisted of all state affect measures, state
and trait affect regulation measures, user-technology engagement measures, and personality trait measures. Though the 11
measures collected before the study are conceptually different
from the 15 measures taken within the study, we pooled them
together for the purpose of training the model because we
wanted to compare each feature’s contribution to predicted
anxiety change.
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Figure 6. Left: SHAP feature importance measured as the mean absolute Shapley values. The rating of how much a participant desired to turn PIV
vibrations off was the most important feature, changing the predicted anxiety level on average by 1.42 points. Right: SHAP summary plot showing the
importance and the effect of features. Low numbers of willingness to turn-off vibrations contribute to anxiety drop, and large numbers to increase in
anxiety.

We then trained a small number of XGBoost regression models
while optimizing their hyperparameters and reported their
averaged performance in terms of goodness of ﬁt on a reserved
set of testing data. Then we reported a randomly selected
model, which had 219 trees with maximum depth of 11 and
averaged performance of 3.13 of goodness of ﬁt. More detail
about model training can be found in Supplementary Materials
Section Model Selection [28].
To interpret the decision criteria for the selected model, we extracted and visualized Shapley values using the SHAP package
in Python [22]. Shapley values represent, for each given observation, the contribution of a particular feature to the learning
model’s prediction. Each individual observation is therefore
associated with 26 Shapley values, one for each feature. Shapley values can also be averaged over a single feature to obtain
a measure of that feature’s importance to the model prediction.
We averaged Shapley values separately for each of training
and test data and for each of the 26 features. In training data,
Shapley values indicate what oddities in the training data motivated the model to form its decision criteria. In test data,
Shapley values indicate how a model would use its structure
of reasoning on unseen data. We chose to focus here on reporting Shapley values of the training data. This is because we
were not able to show that the feature rankings based on Shapley values in test and training data are signiﬁcantly different
(Wilcoxon signed rank test: V = 155, p = .85). Figure 6, left,
shows the magnitude of average Shapley values of training
data for each of the 26 features. Features are sorted vertically
with the greatest magnitude of contribution at the top.
Figure 6, right, uses the results of the above feature ordering
to display more detailed information about each feature’s in-
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ﬂuence on the prediction for each individual. For each feature,
32 Shapley values, each corresponding to an individual in the
treatment group, are distributed horizontally. The color represents the value of the feature. For instance, blue points in the
row “within-study_vibrations_turn-of” represent participants
who did not have much desire to turn off vibrations (low rating out of 100), while pink points represent participants who
wanted to turn off vibrations. The more negative the Shapley
value, the more a feature contributes to drop in anxiety for
that participant. We can therefore draw conclusions about the
direction of contribution. For example, the model predicts that
individuals who did not have much desire to turn off vibrations
would see a drop in anxiety, whereas individuals who wanted
to turn off vibrations would see an increase in anxiety.10 Below, we present and analyze the most important contributing
features according to average Shapley values.
Overview of Top Contributing Features

We were most interested in the contribution of before-study
features, since a clinician could collect these measures to determine a patient’s a priori likelihood of beneﬁting from a
technology before the patient had interacted with the technology. As seen in Figure 6, left, the before-study feature with
the greatest contribution was Openness (8% contribution). For
this feature, we tested for the main effect to determine whether
a drop in anxiety was observed in both treatment and control
groups. If there was a main effect, it would mean that people
with that characteristic already tended to see a drop in anxiety
regardless of intervention from PIV. We did not ﬁnd a main
10 Points

which do not conform to this pattern, such as the few individuals who had a positive Shapley value despite not having much
desire to turn off vibrations (blue), result from interaction between
the feature in question and some other feature.
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effect for this feature. We therefore proceeded to test for an interaction effect, which would indicate an interaction between
an individual difference feature and the PIV intervention to facilitate drop in anxiety. To represent the individual difference
features categorically, we binned Openness into low and high,
with a cutoff of 33. We chose this cutoff value from Figure 6,
right, by approximating the value at which points transitioned
from blue to red. We found an interaction effect between bin
(low and high) and group (treatment and control). Individuals
with Openness score lower than 33 saw a drop in anxiety in
the treatment group, but not in the control group (intercept
= 30.07, β = −7.2, p = 0.003, CI = [−12.13, −2.176]). See
Figure 7, left. The results suggest that individuals with low as
opposed to high Openness are more likely to beneﬁt from PIV.
We suspect that because openness is (slightly) positively correlated with reappraisal use, it is possible that people low on
openness are less able to use other affect regulation strategies,
and so beneﬁt more from using PIV.
We were also interested in state affect regulation within-study
features. These features measure how much a participant used
different affect regulation strategies while stressed. Reappraisal and Distraction were the two with the highest contribution to model prediction according to average Shapley values
(3% and 4% respectively). Following the same reasoning as
above, we tested ﬁrst for the main effect of reappraisal and distraction usage. We found a main effect of Reappraisal but not
of Distraction. This suggests that individuals who used more
reappraisal during the study, compared to individuals who used
less, saw a drop in anxiety regardless of intervention from PIV
(intercept = 44.56, β = −.12, p = .04, CI = [−.24, −.007]).
We binned Distraction usage into low and high categories with
a cutoff of 21, and tested for an interaction effect between
bin (low and high) and group (treatment and control). We
found an interaction effect indicating that individuals in the
low Distraction category had a drop in anxiety in the treatment
group, but not in the control group (intercept = 36, β = −6.93,
p = .002, CI = [−10.96, −2.78]). However, this result is inconclusive: we saw a signiﬁcant difference in anxiety from
Pre-stressor 1 to Post-stressor 1 between treatment and control
groups. We have no explanation for this observation, because
both groups went through the same protocol procedure through
Post-stressor 1. See Figure 7, right.
We also looked at the other within-study measures besides
state affect regulation. The top three within-study measures
that had the greatest contribution to model prediction were difﬁculty differentiating and noticing vibrations in the presence
of a stressor (contributions of 12% and 10% respectively) and
desire to turn off vibrations during the study (contribution of
8%). All three features relate to engagement with PIV: the
ﬁrst and third relate to engagement at the cognitive level, and
the second to engagement at the perceptual level. For all three
features, the pattern of Shapley values in Figure 6, right, shows
an association between less difﬁculty and drop in anxiety. The
results suggest that in general, a less effortful user experience
with PIV is conducive to seeing a drop in anxiety.
The total contribution of individual difference measures was
31% and the total contribution of within-study measures was
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69%. Because both individual difference and within-study
measures had a signiﬁcant contribution to model prediction, it
was important to collect both types of measures.
DESIGN IMPLICATIONS

In this section, we address the following three questions.
Given that we found PIV to be effective in reducing anxiety, can we further improve the efﬁcacy of PIV? Given that
we found a main effect of Reappraisal, does this mean that
people skilled in reappraisal are less likely to beneﬁt from
PIV? Lastly, given that a less effortful user experience was
conducive to anxiety reduction from PIV, does this mean that
implicit involvement technologies are more effective than explicit involvement technologies?
Can we further improve the efﬁcacy of PIV?

Yes: we think that efﬁcacy can be further improved by adding
to the personalization procedure. In the above analysis, we
identiﬁed the top three within-study factors that differed between individuals and that contributed the most to anxiety
reduction from PIV. These factors—difﬁculty differentiating
vibrations in the presence of a stressor, difﬁculty noticing vibrations in the presence of a stressor, and desire to turn off
vibrations during the stressor—have to do with experiencing
vibrations in the presence of a stressor. Therefore, we believe
that the personalization procedure should include exposure
to a controlled stressor. Recall that we found synchronization with vibrations to be signiﬁcantly more difﬁcult when a
CRA stressor was present than when it was not. Following
the current last step of the personalization procedure in which
users synchronize breathing with vibrations, there could be
an additional step in which users synchronize breathing with
vibrations in the presence of a stressor. We also recommend
following this additional step with a question about how much
on a scale of 0 to 100 the user wanted to turn off the vibrations during the personalization procedure. Since we found
that desire to turn off vibrations was a good predictor of not
seeing an anxiety drop with PIV, any answer greater than 15
(suggested by Shapley values cutoff) would be good reason to
go back and try different personalization parameters.
Are people skilled in reappraisal less likely to beneﬁt from
PIV?

To answer this question, we binned reappraisal into low and
high categories, with a cutoff of 71 based on Shapley values (see Figure 6). We found an interaction effect indicating
that individuals in the low reappraisal category had a drop in
anxiety in the treatment group, but not in the control group
(intercept = 41.8, β = −4.09, p = .01, CI = [−7.42, −0.92]).
We saw no anxiety change in the high reappraisal category,
however. See Figure 7, right. These results together suggest
that people less skilled in reappraisal are more likely to beneﬁt
from PIV, as compared to those who are more skilled. We also
observed that the average anxiety of those less skilled (mean =
35.2) in reappraisal is statistically lower than those less skilled
(mean = 41.71, p = .006). This suggests that while PIV can be
helpful for those who are less proﬁcient in reappraisal, being
skilled in reappraisal is more effective overall. We think it
is promising that PIV can help those who are not innately
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Figure 7. Left: Average STAI-6 scores. An interaction effect (circled) was observed between group and Post-stressor 1 and Post-stressor 2 for Openness
score < 33 but not for Openness score > 33. Center: An interaction effect was observed between Pre- and Post-stressor 1 as well as between Post-stressor
1 and 2 which make the results inconclusive. Right: The same as left but for Reappraisal scores cutoff at 71.

skilled in affect regulation. The question remains whether prolonged use of PIV by people who are less proﬁcient in affect
regulation can improve their proﬁciency. We recommend a
follow-up longitudinal study to determine if this is the case.
We recommend that others in the HCI community similarly
evaluate existing affect regulation technologies with regards to
individual differences. Collecting these measures will provide
insight on how to improve a technology’s efﬁcacy. It will also
ensure that affect regulatory technology is able to beneﬁt the
populations for which it is meant—namely those who struggle
with affect regulation and seek technology to facilitate it.
Are implicit involvement technologies more effective than
explicit involvement technologies?

What makes PIV an example of explicit involvement technology is that the user intentionally and effortfully synchronizes
their breathing with vibrations. Yet we found that synchronization was more difﬁcult than engagement at both perceptual
and cognitive levels, and more difﬁcult with a stressor present
than without. In addition, the top three within-study measures
contributing to predicted anxiety drop all suggested that less
effortful interaction with PIV was conducive to anxiety reduction. Taken together, these results raise the question of
whether implicit involvement technology, which by deﬁnition
requires no effort, is a better choice than explicit involvement.
We respond by pointing out that it is unclear from our results
whether less effortful interaction with PIV led to a drop in anxiety by having an effect at the perceptual and cognitive levels
(implicit regulation) or by facilitating synchronization (explicit
regulation). We recommend a follow-up study to determine
the mechanism of the effect from less effortful interaction by
looking at physiological measures of breathing. By determining whether and when users were actually breathing in sync
with their vibrations, we should be able to determine whether
they derived an implicit or explicit regulation beneﬁt from PIV.
Until then, we cannot answer the question of whether implicit
or explicit involvement technologies are more effective.
CONCLUSION AND FUTURE WORK

In this paper, we presented a thorough evaluation of PIV by
reporting on its efﬁcacy in reducing anxiety, the relation be-
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tween stressor and PIV-user engagement, and the contribution
of various factors to predicted change in anxiety. We ran
a mixed-design experiment in which treatment and control
groups each went through two repeated CRA stressors. We
found an interaction effect between condition and group, indicating that intervention from PIV helped to reduce anxiety
in the treatment group but not in the control group with effect
size of d = .33 11 . We also quantiﬁed the relation between the
CRA stressor and PIV-user engagement; we found that synchronizing breathing with PIV was more difﬁcult than other
forms of engagement and more difﬁcult with a stressor present
than without. We suggest that in future studies, personalization of PIV should involve synchronization in the presence of
a stressor. Finally, we trained a machine learning model and
calculated the average Shapley values of 26 individual difference features in order to predict who might beneﬁt most from
PIV. Further analysis on these features suggested that individuals who are low on Openness and within-study reappraisal
usage are more likely to beneﬁt from PIV. This is a ﬁrst step
towards allowing potential users of PIV to predict, based on
their traits and experience with the technology, whether they
would beneﬁt from PIV or not. We hope other researchers interested in building affect regulation support technologies will
ﬁnd our results, as well as our methodological and analytic
strategies, useful in future work. In particular, we hope our
work will encourage researchers to report on speciﬁc stressors,
user-technology engagement, and individual differences when
evaluating affect regulation technology. In seeking to make
affect regulation technology that will be effective outside the
lab, it is important to understand not only the efﬁcacy of a
technology, but the conditions that affect its performance. 12

11 We

observed a lack of correlation between psychological arousal
inferred from skin conductance and the STAI-6. When ignoring the
breathing patterns, we did not observe an interaction effect between
group and condition for the psychological arousal inferred from skin
conductance, due to presence of a cognitive stressor which plays a
role in how much participants were able to follow the patterns. See
the supplementary material for more details.
12 All code,
anonymized datasets, and learning model
discussed
in
this
paper
is
available
on
github
https://github.com/paris007/PIV_plus_plus.
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