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Abstract

Objective The opioid crisis in the USA remains severe during the COVID-19 pandemic, which has reduced access to
evidence-based interventions. This Stage 1 randomized controlled trial (RCT) assessed the preliminary efficacy of Zoom-
based Mindfulness-Oriented Recovery Enhancement (MORE) plus Just-in-Time Adaptive Intervention (JITAI) prompts to
practice mindfulness triggered by wearable sensors (MORE + JITAI).

Method Opioid-treated chronic pain patients (n =63) were randomized to MORE +JITAI or a Zoom-based supportive
group (SG) psychotherapy control. Participants completed ecological momentary assessments (EMA) of craving and pain
(co-primary outcomes), as well as positive affect, and stress at one random probe per day for 90 days. EMA probes were
also triggered when a wearable sensor detected the presence of physiological stress, as indicated by changes in heart rate
variability (HRV), at which time participants in MORE + JITAI were prompted by an app to engage in audio-guided mind-
fulness practice.

Results EMA showed significantly greater reductions in craving, pain, and stress, and increased positive affect over time for
participants in MORE 4 JITAI than for participants in SG. JITAlI-initiated mindfulness practice was associated with signifi-
cant improvements in these variables, as well as increases in HRV. Machine learning predicted JITAI-initiated mindfulness
practice effectiveness with reasonable sensitivity and specificity.

Conclusions In this pilot trial, MORE + JITAI demonstrated preliminary efficacy for reducing opioid craving and pain,
two factors implicated in opioid misuse. MORE +JITAI is a promising intervention that warrants investigation in a fully
powered RCT.

Preregistration This study is registered on ClinicalTrials.gov (NCT04567043).
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Patients with chronic pain are commonly treated with long-
term opioid therapy, defined as >90 days of opioid use
(Chou et al., 2009). Although many patients take opioids as
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prescribed by their physicians, approximately 25% of indi-
viduals receiving long-term opioid therapy (LTOT) for pain
engage in opioid misusing behaviors (Vowles et al., 2015)
such as unauthorized dose escalation or using opioids to
alleviate negative emotions (Butler et al., 2007). Opioid mis-
use is linked with craving in patients on LTOT (Frimerman
et al., 2021; Martel et al., 2014; Parisi et al., 2022a), and
pain, stress, and withdrawal may elicit moment-by-moment
increases in craving in this population (Bruneau et al.,
2021; Frimerman et al., 2021; Martel et al., 2016). Opioids
are now among the most commonly misused drugs in the
USA. In 2020, 9.3 million people misused prescription opi-
oids (McCance-Katz, 2021). Opioid misuse among people
receiving LTOT contributed to the opioid crisis (Compton
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& Jones, 2019), which has only worsened during COVID-19
(Becker & Fiellin, 2020). To halt the opioid crisis during the
COVID pandemic, there is an urgent need to increase the
reach of evidence-based interventions.

Mindfulness-Oriented Recovery Enhancement (MORE) is
an evidence-based intervention for opioid misuse and chronic
pain. MORE has demonstrated efficacy across multiple RCTs
including chronic pain patients on LTOT at risk for opioid
misuse (Garland et al., 2019a, 2019b, 2019c¢), chronic pain
patients on LTOT who misuse opioids (Garland et al., 2014a,
2014b), and patients with chronic pain and opioid use dis-
order (OUD) (Cooperman et al., 2021). A meta-analysis
demonstrated that MORE reduces addictive behaviors (e.g.,
opioid misuse, days of drug use; standardized mean change
(SMC)=0.54) and chronic pain (SMC=0.60) relative to con-
trol groups (Parisi et al., 2022a, 2022b). Recently, MORE
was tested in a full-scale RCT of opioid misusing chronic
pain patients (n=250), which demonstrated the sustained
efficacy of the treatment—with MORE reducing opioid mis-
use by 45% (OR =2.94) and pain functional interference by
25% at a 9-month follow-up (Garland et al., 2022).

Face-to-face implementation of efficacious treatments
like MORE has been limited by barriers to access—par-
ticularly in rural and frontier areas where many practition-
ers are less likely to have been trained to deliver evidence-
based interventions with adequate fidelity (Dan et al., 2020;
Dotson et al., 2014). Access in rural areas has been further
limited by the emergence of COVID-19, which resulted in
provider shortages, and caused severe stress among the cur-
rently uninfected, resulting in more patients pursuing limited
mental health resources. Among its many adverse conse-
quences, the COVID-19 pandemic has simultaneously exac-
erbated opioid misuse while reducing access to efficacious
treatments like MORE.

Technology-based interventions may be able to overcome
these barriers, improving treatment access for chronic pain
patients receiving LTOT at risk for opioid misuse. Web-
based cognitive behavioral therapy (CBT) interventions
have been shown to be efficacious for treating symptoms of
chronic back pain, irritable bowel syndrome, tinnitus, and
headache (Beatty & Lambert, 2013; Cuijpers et al., 2008;
Garg et al., 2016; Ziadni et al., 2021). HIPAA-compliant
platforms like Zoom now allow for behavioral interventions
to be delivered live by clinicians to patients in remote loca-
tions. However, telehealth may reduce treatment engage-
ment in psychosocial interventions (Valentine et al., 2020;
Young, 2012) such as mindfulness which often has poor
engagement in home practice. A systematic review of mind-
fulness-based interventions found that fewer than 50% of
participants completed the prescribed mindfulness training
regimen (Cavanagh et al., 2014). Enhancing real-time, real-
world engagement in mindfulness practice has the potential
to improve the efficacy of telehealth MORE.
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Just-in-Time Adaptive Interventions (JITAIs) may be
useful for prompting engagement in mindfulness practice.
JITAIs adapt over time to an individual’s changing sta-
tus and are designed to provide appropriate intervention
strategies based on real-time, real-world context (Nahum-
Shani et al., 2015; Spruijt-Metz & Nilsen, 2014). These
interventions have the potential to trigger an intervention
prompt at moments in which they have been probabilisti-
cally assessed as more likely to be needed. JITAIs may
serve as a promising means of enhancing mindfulness
practice engagement by delivering a prompt to practice
mindfulness when individuals are most vulnerable for
opioid misuse, including when they are stressed, or expe-
rience elevations in pain or opioid craving. Advances in
wearable technology now allow JITAIs to be triggered by
real-time monitoring of physiological signals including
heart rate variability (HRV) (Clarke et al., 2017). HRV
is the beat-to-beat modulation of heart rate by the vagus
nerve (Berntson et al., 1997). A meta-analysis demon-
strates that phasic decreases in HRV reliably index stress
(Kim et al., 2018). Continuous ambulatory monitor-
ing of HRV may alert chronic pain patients on LTOT to
practice mindfulness during times of stress, and thereby
might prevent opioid misuse. In support of this contention,
momentary ratings of stress, positive affect, and craving
have been associated with ambulatory measures of HRV
(Alinia et al., 2021; Bertz et al., 2018; Gullapalli et al.,
2019; Maittinen et al., 2021; Murray et al., 2022).

Furthermore, wearable technology might identify
digital biomarkers of mindfulness treatment response.
Currently, no methods exist for objectively determin-
ing whether a given patient is responding to mindful-
ness. Wearable technology could relay real-time data to
patients and healthcare providers to give feedback on the
patient’s status. Such feedback could be used to encour-
age patients to engage in additional mindfulness practice
or guide the selection of mindfulness practices that are
most effective for a given patient in a given context. In
addition, healthcare providers would benefit from being
able to monitor their patients’ progress in mindfulness-
based treatment, to ascertain whether a given patient
was receiving the help that he or she needs, or whether
additional intervention is required. Paralleling the pre-
cision medicine approach in healthcare, such an inno-
vation in digital medicine would represent a precision
mindfulness approach tailored to the needs of a particu-
lar patient. Machine learning, which analyzes patterns in
large datasets to build predictive models, may be useful
in this pursuit. Prior work has already demonstrated that
modeling wearable sensor data with a temporal convolu-
tional neural network can detect opioid use (Gullapalli
et al., 2021). Hypothetically, a machine learning model
can analyze underlying patterns in physiological signals
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passively recorded during a specific mindfulness session
to predict the effectiveness of the session.

To our knowledge, no studies have examined the impact
of remote mindfulness-based interventions for people receiv-
ing LTOT for chronic pain. We conducted a stage 1 RCT
comparing Zoom-based MORE plus a stress-triggered JITAI
(MORE +JITAI) to Zoom-based supportive group (SG) psy-
chotherapy to pilot test and examine the preliminary effi-
cacy of this remote, technology-based mindfulness inter-
vention. Here, we present ecological momentary assessment
(EMA) data from this trial to elucidate effects on opioid
craving, pain, stress, and positive affect during the course
of the MORE + JITAI intervention. We hypothesized that
MORE +JITAI would result in greater improvements in
these EMA outcomes over time than the SG. As an explora-
tory aim, we present results from machine learning analyses
to test whether change in outcomes following the JITAI-
initiated mindfulness practice sessions can be predicted from
wearable sensor data.

Method
Participants
Participants were recruited from electronic health record

(EHR), physician referral, community advertisements,
and online advertisements placed in the Intermountain

Fig.1 CONSORT study
flowchart

West. During recruitment, the study was framed as a trial
comparing two behavioral treatments, and no indication
was given that MORE was the experimental arm. Eligible
patients were age > 18 with daily prescribed opioid use
for > 3 months and reported a chronic pain condition as
determined by physician assessment. We excluded patients
experiencing active suicidality or psychosis (as assessed
by the Mini-International Neuropsychiatric Interview);
those who had clinically unstable systematic illness
that might interfere with study treatment (e.g., active
cancer); and those who had prior exposure to mindfulness
interventions.

Of the sample, 41.3% were women, with a mean age
of 53.6 years (SD =12.8). The majority of the sample
were white (92.1%), but 11.1% were of a Hispanic or
Latino ethnicity. Low back pain (66.6%) and joint pain
(36.5%) were the most commonly reported pain condi-
tions, with a mean pain severity of 5.5 on a 0—10 scale
(SD =1.4). Patients had been in pain an average of
18.4 years (SD =10.3). Oxycodone, hydrocodone, and
tramadol were the most prevalent opioids used, and the
mean morphine equivalent daily dose was 130.3 mg
(SD =219.9)—a high dose according to the Centers for
Disease Control (Dowell et al., 2016). See Fig. 1 for
the study CONSORT flowchart. There were no signifi-
cant between-groups differences on any demographic
or baseline clinical variable aside from pain duration
(Table 1).

737 were assessed
for eligibility

629 were excluded
388 did not meet opioid use criteria
48 did not meet chronic pain criteria
40 had participated mindfulness intervention
17 had cognitive or communication barriers
35 declined to participate or had scheduling
conflict
3 were undergoing cancer treatment
2 had other reason
133 lost contact prior to enrollment

| 108 were enrolled I

| 66 randomized I

25 Lost contact prior to randomization

11 withdrew due to technical difficulties with EMA
system

2 withdrew due to medical problems

4 withdrew due to scheduling conflicts

|

}

41 were assigned to

Mindfulness-Oriented Recovery Enhancement +
Just-in-Time Adaptive Intervention

25 were assigned to
Supportive Group Psychotherapy

35 received 24 sessions 24 received 24 sessions

included in the analysis

39 patients with atleast one time point were

2 were excluded due to EMA system malfunction

24 patients with at least one time point were
included in the analysis
1 was excluded due to EMA system malfunction
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Table 1 Demographic and clinical characteristics of the sample of
opioid-treated chronic pain patients (n=63)

Measure MORE (n=39) SG (n=24)
Age 52.56+12.4 55.2+12.30
Female, n (%) 15 (38%) 11 (46%)
Race
Black 2 (5%) -
Other 1 (3%) 1 (4%)
White 36 22
Not reported - 1 (4%)
Hispanic or Latino 3 (8%) 4 (17%)
Estimated household income, N (%)
Less than $25,000 11 28%) 7 (29%)
$25,000-49,999 16 (41%) 12 (50%)
$50,000-99,999 7 (18%) 1 (4%)
$100,000 or greater 5(13%) 4 (17%)
Pain condition/location, N (%)*
Back pain 25 (64%) 17 (71%)
Joint pain 18 (46%) 521%)
Fibromyalgia 4 (10%) 4 (17%)
Neuropathic pain 7 (18%) 5121%)
Cervical pain 10 (26%) 6 (25%)
Extremity pain 11 (28%) 6 (25%)
Migraine or tension headache 5(13%) 1 (4%)
pain
Pelvic pain 6 (15%) 3(13%)
Other 6 (15%) 3 (13%)
Pain severity (0-10) 5.7+1.3 52+1.6
Pain duration in years 15.2+7.53* 23.5+12.1*
Opioid prescription, n (%)*
Oxycodone 12 31%) 9 (38%)
Hydrocodone 7 (18%) 1 (4%)
Tramadol 15 (39%) 7 (29%)
Morphine 2 (5%) 521%)
Buprenorphine 5 (13%) 6 (25%)
Methadone 1 (3%) 1 (4%)
Other 2 (5%) -
Morphine equivalent daily dose, mg 111.7+216.32 160.9+227.6
Duration of opioid use in years 6.34 (6.8) 6.4 (7.6)

Data are mean (SD) or n (%)

“Because patients could report multiple pain conditions/locations
and opioid prescriptions, these percentages could sum to greater than
100%

Significant between-groups differences were observed for this
variable at p <0.05

Procedure

In a Zoom-based research visit, after obtaining written
informed consent, research staff collected demograph-
ics and then scheduled 90 consecutive days of EMAs
to be delivered through the mEMA app (Illumivu) to
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participants’ smartphones, beginning on the first day of
treatment. EMA is a method of data collection that over-
comes retrospective biases by gathering data via real-time
reports of momentary experiences in the context of every-
day life (Csikszentmihalyi & Larson, 2014; Shiffman et al.,
2008). After setting up the mEMA app, participants were
mailed a Garmin Vivosmart smartwatch, which was then
paired with the app. If participants did not own their own
smartphone, they were supplied with a loaner phone for
the duration of the study. An investigator uninvolved in
assessments or analysis generated treatment allocations to
MORE or SG with random assignment (1:1 ratio) in blocks
of 2-4 via computerized random number generator. To pre-
vent bias and maintain allocation concealment, participants
were not allocated until the day of the first treatment ses-
sion by the coordinator. To maintain blinding, the study
key with allocations was inaccessible to staff involved in
assessment or treatment, as well as the investigators until
study completion. Finally, 66 participants were randomized
to receive 8 weeks of MORE + JITAI or SG delivered via
telehealth, and underwent treatment (Fig. 1).

During the course of treatment and for the month there-
after, the mEMA app was connected via Bluetooth to the
Garmin Vivosmart smartwatch. Each day, participants were
sent one random EMA probe between 7 am and 9 pm. We
chose to send only one random probe per day to reduce
participant burden, given that participants could also be
sent multiple stress-triggered probes each day. Participants
responded to a mean of 60.0 (SD =59.2) random probes
with EMA ratings over the 90 days. In addition, from 7
am to 9 pm, when the Garmin Vivosmart stress metric
exceeded 1 SD of a participant’s moving average value,
the participant was sent a stress-triggered probe. After one
stress-triggered probe was sent, another could not be sent
for 90 min to prevent participant burden. However, due
to excessive Garmin Vivosmart signal artifacts, a system
malfunction resulted in 3 participants receiving several
hundred more probes than the sample average (>2.5 SD
of the mean number of probes), and as such, they were
excluded from outcome analyses. In the final study sample,
3904 probes were completed in total (mean probes per day
1.96, SD=1.69). At each EMA probe, participants were
asked to rate their craving, pain, positive affect, and stress.

Intervention
MORE

The telehealth MORE intervention followed the validated
MORE treatment manual (Garland, 2013). The MORE arm
participated in eight weekly, 2-hr telehealth group sessions
(comprising 612 participants) via a HIPAA-compliant
Zoom platform led by doctoral-level therapists. MORE
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therapists had 5 years of experience providing mindfulness-
based therapy to treat chronic pain and addiction, completed
didactic and experiential training in MORE, and then
received weekly clinical supervision by the developer of
MORE until achieving full fidelity on the MORE Fidelity
Measure (Hanley and Garland, 2021). MORE sessions
involved training in mindfulness and reappraisal to reduce
craving, pain, and stress, and training in savoring to augment
natural reward processing and positive emotion. MORE
participants were asked to engage in 15 min of mindfulness,
reappraisal, and savoring practice at home each day.

Supportive Group (SG) Psychotherapy

The SG arm participated in eight weekly, 2-hr telehealth
SG sessions (comprising 6—12 participants) via a HIPAA-
compliant Zoom platform led by the same doctoral-level
therapists who delivered the MORE arm (to prevent therapist
effects), who guided discussions on themes pertinent to
chronic pain and opioid misuse selected to match topics in
the MORE intervention. SG participants were encouraged to
disclose feelings and thoughts about session topics, as well
as to provide advice and support to their peers. During the
SG, the therapist employed empathic responding, elicited
emotional expression, and promoted a positive group
climate, but did not provide any specific therapeutic skill
training. The SG intervention typifies a widely available
form of conventional, process-oriented, Rogerian client-
centered psychotherapy (Rogers, 2003). To match the
MORE homework requirement, SG participants were asked
to journal for 15 min a day on the weekly session topics.

Participants in MORE completed 6.6 (SD=1.7) sessions,
whereas those in SG completed 7.4 (SD=0.8) sessions.
Treatment session attendance, but not any other clinical
(baseline or EMA rating) or demographic variable, was
significantly associated with responding to random EMA
probes, B=10.85, SE=4.94, p=0.032.

Stressed-Triggered, JITAl-Initiated Mindfulness Practice

In cooperation with Ilumivu, using the mEMA app,
we built a JITAI system that prompts mindfulness
practice when a physiological stress metric obtained
from the Garmin Vivosmart smartwatch is>1 SD of
the individual participant’s moving average level. The
Garmin Vivosmart uses continuous physiological data
from photoplethysmogram (PPG), accelerometer, and
pulse oximeter sensors to detect physiological stress via
Firstbeat PRO’s heartbeat analysis software (Firstbeat
Technologies, Ltd., 2014). Based on the participant age,
gender, height, weight, and physical activity level, the
Firstbeat PRO software estimates the individual’s maximal
HR (HR_,,), maximum respiration rate, and maximum

max

oxygen consumption (VO,,...). RR-interval data obtained
by the Garmin Vivosmart are processed with an artifact
detection filter to correctly classify heartbeats, after which
linear interpolation is used to re-sample artifact-corrected
RR intervals at 5 Hz. The software removes low-frequency
trends and variances below and above the frequency bands
of interest from the re-sampled RR-interval data with a
polynomial filter and digital FIR band-pass (0.03—1.2 Hz)
filter. The software calculates time domain and frequency
domain HRV variables including high-frequency HRV
(0.15-0.40 Hz). The software uses neural network modeling
for segmentation of second-by-second RR-interval data
into stationary segments. Prior to detection of stress,
the software distinguishes movement artifacts, physical
activity, and postural changes from other non-metabolic
factors that influence cardiac activity (e.g., stress and other
psychological states). Respiration rate is estimated from RR
intervals and HRV spectral frequency data (Charlton et al.,
2016), with respiration rate determined as the frequency
of peak power (amplitude) in the respiratory spectrum.
Segments associated with physical activity were detected
via accelerometer data and oxygen consumption. If the
VO, is>20% of the participant’s VO,,,,, the segment was
labeled as physical activity and excluded from the stress
metric. Accelerometer data further refines the detection
of postural changes and other body movements. For non-
physical activity, the segments when the body is in a
stress state are determined. Stress is defined as a state of
sympathetic predominance, indicated by decreases in HRV
from the individual’s typical resting HRV level and elevated
HR. The Firstbeat PRO algorithm-derived physiological
stress metric has been validated in multiple other studies
(Fohr et al., 2015; Madison et al., 2021; Myllymiki et al.,
2011, 2012; Palesh et al., 2019; Rusko et al., 2006; Teisala
et al., 2014; Uusitalo et al., 2011). We performed our own
validation study by examining whether chronic pain patients
on LTOT (n=68) were more likely to give affirmative
responses on the dichotomous item “Are you stressed?”
delivered by EMA probes when the physiological stress
metric was> 1 SD of their moving average individual level
vs. when EMA probes are delivered randomly. Across
2098 sampling moments, participants had 64% greater
odds of reporting being stressed at EMA probes triggered
by physiological stress metric than at random EMA probes
(B=0.49, SE=0.09, p<0.001, OR=1.64, 95% CI 1.36,
1.97), and stress ratings were significantly higher at EMA
probes triggered by the physiological stress metric than at
random EMA probes (M =4.34+0.08 vs. M=3.13 +0.08;
F 5084=90.56, p<0.001).

When the physiological stress metric was> 1 SD of the
individual’s moving average, the mEMA app triggered an
EMA probe asking the participant to rate their craving,
pain, positive affect, and stress. Next, MORE + JITAI
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participants were asked by the app whether they wished
to practice mindfulness. If the participant responded
affirmatively, the mEMA app launched the JITAI-initiated
mindfulness practice session by playing an audio-recorded
mindfulness practice. One minute after each audio-recorded
mindfulness practice, participants in MORE were asked to
rate their craving, pain, positive affect, and stress to assess
the impact of the audio-recorded mindfulness practice on
acute symptoms. Participants in the SG only completed the
first set of EMA questions and were not asked to practice
mindfulness.

EMA Measures

The primary outcome was opioid craving, measured with
two items on a 0—10 numeric rating scale (NRS) to more
broadly capture the construct. First, we asked “How much
do you want to take opioids right now?” (Garland et al.,
2019a, 2019b, 2019c¢; Garland and Howard, 2014) based
on Robinson and Berridge’s (2001) concept of craving as
mesolimbic dopamine-mediated wanting. Second, we asked,
“How strong of an urge do you have to take more opioid
medication than prescribed?” to assess craving for opioid
dose escalation (Wasan et al., 2012). Because these items
were so highly correlated (r=0.92, p <0.001), we treated
them as two indicators of the same construct and used their
average in outcome analysis.

The co-primary outcome was pain, assessed with two
0-10 numeric rating scale (NRS) items “How intense is
your pain right now?” and “How unpleasant is your pain
right now?” (Farrar et al., 2001). Because these items were
so highly correlated (r=0.85, p<0.001), we treated them as
two indicators of the same construct and used their average
in pain outcome analysis.

Secondary outcomes were positive affect— ‘How positive
are you feeling right now?” (Lindsay et al., 2018)—and
stress— ‘How stressed are you right now?”—both rated on
0-10 NRS (Garland et al., 2019a, 2019b, 2019¢).

HRV Measures

HRYV was analyzed offline using the raw inter-beat interval
data (IBI) streamed from the Garmin Vivosmart. A fast
Fourier transform was applied separately to IBI data to
extract HF-HRV from a de-trended, end-tapered inter-beat
interval time series. The spectrum for the selected R-R
interval segment was calculated via Welch’s periodogram
method, in which R-R interval data were reduced using a
window width of 300 s applied every 60 s with a window
overlap of 240 s (80%). High-frequency heart rate variability
(HF-HRYV, 0.15-0.40 Hz) was computed for each minute of
the 5 min before and 5 min after each mindfulness practice
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session in 1-min epochs to assess the impact of audio-guided
JITAI mindfulness practice.

Data Analyses

Analyses were performed using the R statistical platform,
version 4.2.2. We estimated several multilevel models
using the Generalized Additive Mixed Models for Location,
Scale, and Shape package (“gamlss”). “Gamlss” is unique
in its ability to model a wide range of distribution families,
parameters, and both linear and non-linear multilevel models
(Stasinopoulos et al., 2017).

Analyses first examined the distributional form of the
outcomes craving, pain, stress, and positive affect using
the “fitdistrplus” package, distribution selection features
of “gamlss,” and null models. All methods indicated
craving, stress, and positive affect were best modeled using
a distribution from the beta family owing to considerable
positive skew. Pain was relatively well-described by a normal
distribution but, because of thick tails, a ¢-distribution was
a better fit by Generalized Akaike Information Criteria
(GAIC). Because the beta-family requires data bound
0 to 1, craving, stress, and positivity were rescaled as a
proportion from the original 0 to 10 metric, and a beta-
inflated distribution was adopted. Beta-inflated models
utilized a “logit” link function. When exponentiated, the
coefficients provide mean ratios, similar to odds ratios, that
represent how much less or greater the mean of one group
is compared to another. Results from the 7-family model of
pain are interpreted just as in Gaussian regression.

For each outcome, we tested two- (time within person)
and three-level (time within day within person) linear,
quadratic, and generalized additive mixed models (GAMMs)
both with and without a random slope for time. Three-level
models with day at level 2 either failed to converge, or were
overparameterized according to GAIC. In all cases, two-
level random slope additive models were indicated. Because
the fixed effect for time was non-linear, the random slope
was also entered as a non-linear term, specifically a cubic
spline. In all cases, native diagnostics of “gamlss” revealed
excellent model fit and residual diagnostics. To provide a
meaningful test of the main effect for condition (and to avoid
convergence issues), time was standardized and rescaled
such that O represented the end of observation. This scaling
tests whether the MORE and SG groups differ on outcomes
at the end of the study period.

It is worth noting that, in models that are non-linear or
curvilinear, polynomials (a special case of a linear model)
can provide very inaccurate predictions, including those
outside the bounds of the scale, because they provide a
global fit. Smooth functions are fit locally, and, therefore,
avoid impossible predictions and are also not easily



Mindfulness (2023) 14:1329-1345

1335

influenced by extreme observations or sparse regions of data
(Stasinopoulos et al., 2017).

Because “gamlss” estimates models that are considerably
more complicated than linear mixed models, several caveats
are worth noting. “Gamlss” does not produce variances for
random effects because the estimator is not maximum like-
lihood. Instead, the significance of random effects is tested
using a native “gamlss” function that provides a likelihood
ratio test (LRT); if the result is significant, the random effect
should be retained. Fixed effects are tested similarly. As noted
by Stasinopoulos et al., (2017, p. 18), p-values for fixed effects
estimates do not consider the uncertainty of the smoothing
terms, and an LRT is again used to test their significance by
fixing the penalized degrees of freedom of the smooth terms;
this provides a more accurate p-value. For both random and
fixed effects, only LRTs of the highest order term are returned
given that models cannot drop lower-level terms in a signifi-
cant interaction. In order to provide a test of the main effect
of Condition at the end of observation, sub-models removed
the interaction and again utilized an LRT to test the term.
Just as ICCs cannot be computed accurately for models with
random slopes, they also cannot be computed for models with
smooth terms and smoothed random slopes. Therefore, ICCs
in the tables presented in the results reflect a linear model with
no random slope, and are for reference only. Finally, because
groups differed at baseline on EMA outcomes by random
chance, we conducted a sensitivity analysis where the baseline
EMA rating was included as a covariate.

GAMMs are typically interpreted graphically because of
the complications interpreting smooth terms. In all cases,
figures present the predictions from the final models. Time
in the figures is transformed back to the scale of days for
easier interpretation. Figures for beta-inflated models also
rescale the predictions back from a proportion to the origi-
nal metrics, 0-10. Random effects in figures are fixed at the
average value of the outcome.

Participants were included in the analysis if they had
at least one timepoint of data. Power analysis via Optimal
Design software (Spybrook et al., 2011) assuming a
medium-large standardized effect size and low variability
of the level-1 residual and coefficient (power calculation
inputs derived from prior EMA studies of MORE
(Garland et al., 2017, 2019a, 2019b, 2019¢)) indicated that
power > 0.80 with 90 measurement points per participant
and sample size of 60 participants. The Group (MORE
vs. SG) X Time interaction was the primary fixed effect
of interest. To control for false discovery in co-primary
outcomes, we compared the unadjusted p-values against
Bonferroni-adjusted alpha=0.05/2=0.025. Regarding
analysis of changes in acute symptoms and HF-HRV from
before to after JITAI-initiated mindfulness practice among
participants in the MORE arm, MLM was also employed.
The MLM comprised a random intercept per subject ID,

a random intercept for JITAI instance (representing the
day and time of the instance), and single fixed effect, the
main effect of Practice (before mindfulness practice, after
mindfulness practice), which tested whether EMA ratings
and HF-HRYV values before and after mindfulness practice
significantly differed.

We sought to explore if the biometric data collected by
the wearable sensor during a JITAI-initiated mindfulness
practice session could be directly used to train a machine
learning algorithm to automatically predict the impact
of mindfulness practice on reducing stress, craving, and
pain ratings. While training such a predictive machine
learning algorithm is a significantly more challenging
problem than frequentist statistical analyses, a moder-
ately accurate predictive machine learning algorithm can
fundamentally enable personalized mindfulness thera-
peutics by providing an objective metric of the impact
of mindfulness practice sessions.

To this end, we trained three machine learning-based
classifiers with varying complexities (i.e., logistic regres-
sion, decision tree, and random-forest) to automatically pre-
dict if a JITAI-initiated mindfulness practice session would
occasion decreased craving, pain, and stress ratings using
biometric data (e.g., heart rate, HRV, pulse oximeter, accel-
erometer, calorie, and step count) captured from the Garmin
wristwatch during the session. Each participant was asked
to self-report their craving, pain, and stress ratings with
EMA prompts before and after the JITAI-initiated mindful-
ness practice. Mindfulness practice sessions were designed
to decrease craving, pain, and stress. A specific session was
classified as effective if the participant’s EMA rating was
lower after the session compared to the rating immediately
prior to the session. Consequently, we trained the predictive
machine learning algorithm to solve this binary classifica-
tion problem (i.e., the post-EMA rating decreased from pre-
EMA rating vs. an increase or no-change in rating between
pre- and post-EMA). We trained and tested all these classi-
fiers using their implementation in sklearn (Pedregosa et al.,
2011) with different parameter combinations. For logistic
regression, we considered different regularization strengths
{0.1,1,10}, and penalty norms {L2 and L1}. Similarly, for
both the decision tree and random forest, we considered
split criterion of {‘gini’, ‘entropy’, ‘log_loss’}, and max-
imum depth of the tree {20, 50, 100}. To maximize the
information from the features, we selected the best features
using a recursive feature selection method where we itera-
tively removed the feature of least importance (based on the
weight of the parameter) until we reached an optimal sub-
set. Every minute, the mEMA sense app and Garmin API
provided a total of 35 features from the biometric data that
include features from heart rate (minimum R-R interval,
average R-R, NN50, etc.), HRV (spectral frequency activ-
ity, e.g., LF, HF), pulse oximeter value, calorie count, and
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step count information. These features, collected over a time
window of 5 min before and 5 min after a mindfulness ses-
sion, were used as inputs for our machine learning model.
We z-normalized the features of each subject to have a mean
of 0 and standard deviation of 1 to remove any subject-
related information. We used leave-one-person-out cross
validation (LOOCYV), where each subject’s data is itera-
tively held out for testing while remaining subjects’ data are
used for training to predict the JITAl-initiated mindfulness
practice effectiveness.

Results

Effects of Treatment on Momentary Craving, Pain,
and Affective State

Craving

Compared to SG participants, participants in MORE + JITAI
reported significantly greater decreases in opioid craving
over time, Group X Time MR =1.19 (SE=0.05), p <0.001
(Table 2). The modified likelihood test of the main effect
of condition indicates the MORE + JITAI group had sig-
nificantly less craving at the end of observation. GAMMs
are also usually interpreted visually. Figure 2 shows
the SG group increased in craving over time, while the
MORE +JITAI group declined in craving over time, both
in a non-linear fashion. Because the MORE + group began
the study with higher craving levels than the SG, we con-
trolled for baseline craving as a covariate in a sensitivity
analysis. The LRT test of the interaction in the presence

of the baseline craving covariate again found a significant
Group x Time interaction favoring MORE, »*(0.70)=5.2,
p=0.013.

Pain

Compared to SG participants, participants in MORE + JITAI
reported significantly greater decreases in pain over time,
Group X Time »=0.47 (SE=0.03), p <0.001 (Table 3).
The modified likelihood test of the main effect of con-
dition indicates the MORE + JITAI group had signifi-
cantly less pain at the end of observation. Figure 3 indi-
cates the SG group showed an increase in pain over time,
while the MORE + JITAI group decreased pain over time,
both in a non-linear fashion. After an initial decline, the
MORE +JITAI group hit a lower bound about 70 days into
observation. In our sensitivity analysis, the LRT test of the
interaction and in the presence of the baseline pain covariate
again found a significant Group X Time interaction favoring
MORE, »* (0.32)=55.9, p<0.001.

Stress

Compared to SG participants, participants in
MORE + JITAI reported significantly less stress over
time, Group X Time MR =1.20 (SE=0.04), p <0.001
(Table 4). The modified likelihood test of the main effect
of condition indicated the MORE + JITAI did not have
significantly less stress at the end of observation. Figure 4
indicates the SG group showed a small decrease in stress
over time in a non-linear fashion. The MORE + JITAI
group showed a much greater decline in stress, but this

Table 2 Parameter estimates

and likelihood ratio tests for Parameter Mean ratio (MR) SE 95% C1 1(3699.5) p
the two-level GAMM assessing Fixed effects
craving (intercept) 0.43 0.06 (0.33,0.57)  -6.04 <0.001
cs(Time) 0.94 0.03 (0.88,1.00) -1.88 0.060
Condition (SG) 1.46 0.22 (1.08,1.96) 248 0.013
cs(Time X Condition (SG)) 1.19 0.05 (1.10,1.28)  4.48 <0.001
Deviance statistics and ICC
Global deviance 3174.9
AIC 3342.0
ICC 0.49
Likelihood ratio tests df AIC LRT P
re(cs(Time X Condition (SG))  73.5 4988.1 1803.2 <0.001
cs(Time X Condition (SG)) 0.8 3348.8 84 0.002
Condition (SG) (modified) 1 5052.4 17.5 <0.001

TR L)

SG is the reference group for condition. “re” stands for the random effect term and “cs” stands for cubic
spline. Likelihood ratio tests (LRTs) utilize the dropl() function in “gamlss” to test the significance of
the terms given the uncertainty of the smooth terms. Only the highest order term is tested. The LRT of
Condition is modified by removing the interaction term to test the main effect of Condition at the end of
observation. ICC was tested for a simplified, linear model with no smoothed random slope
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Fig.2 Predicted trajectories for

Predicted Trajectories for Craving (Over Time) by Condition

craving (over time) by condi-
tion. Effects of Mindfulness-
Oriented Recovery Enhance- 3.01
ment + Just-in-Time Adaptive
Intervention (MORE) vs. sup-
portive group (SG) psychother-
apy on ecological momentary
assessments of craving (mean
with 95% C.1.)

g
5
1

Predicted Values 0-10
N
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Condition
= MORE
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group started with a higher initial level of stress. In our
sensitivity analysis, the LRT test of the interaction in the
presence of the baseline stress covariate again found a
significant Group x Time interaction favoring MORE, y?
(1.04)=6.9, p=0.009.

Positive Affect

Compared to SG participants, participants in
MORE + JITATI reported significantly greater
increases in positive affect over time, Group X Time
MR =0.87 (SE=0.02), p<0.001 (Table 5). The

3’0 4‘5 6’0 7‘5 9‘0
Time in Days

modified likelihood test of the main effect of condi-
tion indicates the MORE + JITAI showed significantly
more positive affect at the end of observation. Figure 5
indicates the SG group had a small increase in positiv-
ity initially, but then showed a decline below baseline
by the end of observation, while the MORE + JITAI
group showed increased positive affect until hitting
an upper bound at about 70 days into observation. In
our sensitivity analysis, the LRT test of the interaction
in the presence of the baseline positive affect covari-
ate again found a significant Group X Time interaction
favoring MORE, »° (1.35)=27.0, p < 0.001.

Table 3 Parameter estimates

and likelihood ratio tests for Parameter b SE 95% 13693.6) P
the two-level GAMM assessing Fixed effects
pamn (intercept) 428 0.07 (4.14, 4.43) 58.83 <0.001
cs(Time) -0.16 0.02 (-0.21.-0.12) -7.50 <0.001
Condition (SG) 2.01 0.11 (1.78,2.23) 17.53 <0.001
cs(Time X Condition (SG)) 0.47 0.03 (0.41, 0.54) 14.26 <0.001
Deviance statistics and ICC
Global deviance 13,319.1
AIC 13,489.4
ICC 0.77
Likelihood ratio tests daf AIC LRT P
re(cs(Time X Condition (SG)) 70.1 16,708 3358.9 <0.001
cs(Time X Condition (SG)) 1.7 13,602 115.5 <0.001
Condition (SG) (modified) 1 16,942 23.6 <0.001

TR 1)

SG is the reference group for condition. “re” stands for the random effect term and “cs” stands for cubic
spline. Likelihood ratio tests (LRTs) utilize the dropl() function in “gamlss” to test the significance of
the terms given the uncertainty of the smooth terms. Only the highest order term is tested. The LRT of
Condition is modified by removing the interaction term to test the main effect of Condition at the end of
observation. ICC was tested for a simplified, linear model with no smoothed random slope
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Fig.3 Predicted trajectories for

Predicted Trajectories for Pain (Over Time) by Condition

pain (over time) by condition.
Effects of Mindfulness-Oriented
Recovery Enhancement + Just- 7.04
in-Time Adaptive Intervention
(MORE) vs. supportive group
(SG) psychotherapy on ecologi-
cal momentary assessments of o
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P
=]
s
el
i)
i)
el
G
& 50
4.0

Condition

= MORE
= SG

Additional Sensitivity Analyses

Sensitivity analyses controlling for between-groups
differences in pain duration did not change the valence or
significance of the observed effects on any outcome.

JITAl-Initiated Mindfulness Practice Impact
on Craving, Pain, and Affective State

When MORE + JITAI participants were asked by the
app whether they wished to practice mindfulness,
participants responded affirmatively 20.5% of the

15 30 45 60 75 90

Time in Days

time. Across the study, participants in MORE + JITAI
engaged in 395 audio-guided, JITAI-initiated mind-
fulness practice sessions. Stress (B=0.49, SE=0.19,
p =0.009), craving (B=0.54, SE=0.16, p<0.001),
and pain (B=0.37, SE=0.14, p=0.011) ratings
were higher, and positive affect lower (B = —0.32,
SE=0.15, p=0.037) when participants chose to
practice mindfulness following stress-triggered
probes.

From before to after the audio-guided, JITAI-initiated
mindfulness practice sessions, participants reported
significant decreases in craving (B=0.76, SE=0.16,

Table 4 Parameter estimates

and likelihood ratio ests for Parameter Mean ratio (MR)  SE 95% C1 1(3703.8) p
the two-level GAMM assessing Fixed effects
stress (intercept) 0.19 0.02 (0.15,024)  -14.32 <0.001
cs(Time) 0.86 0.03 (0.81,091) -4.94 <0.001
Condition (SG) 1.20 0.17 (0.91,1.58) 1.30 0.194
cs(Time X Condition (SG)) 1.20 0.04 (1.11,1.29) 483 <0.001
Deviance statistics and ICC
Global deviance -7842.3
AIC -7667.8
ICC 0.47
Likelihood ratio tests daf AIC LRT P
re(cs(Time X Condition (SG))  73.2 -5603.5  2210.8 <0.001
cs(Time X Condition (SG)) 1.67 -7639.4  31.8 <0.001
Condition (SG) (modified) 0.75 -5428.8  -0.63 1.000

TR 1)

SG is the reference group for condition. “re” stands for the random effect term and “cs” stands for cubic
spline. Likelihood ratio tests (LRTs) utilize the dropl() function in “gamlss” to test the significance of
the terms given the uncertainty of the smooth terms. Only the highest order term is tested. The LRT of
Condition is modified by removing the interaction term to test the main effect of Condition at the end of
observation. ICC was tested for a simplified, linear model with no smoothed random slope
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Fig.4 Predicted trajectories for Predicted Trajectories for Stress (Over Time) by Condition
stress (over time) by condition.
Effects of Mindfulness-Oriented
Recovery Enhancement + Just-
in-Time Adaptive Intervention 4.09
(MORE) vs. supportive group
(SG) psychotherapy on ecologi-
cal momentary assessments of o
stress (mean with 95% C.1.) bt
§ Condition
g 307 — MORE
E = SG
.?%
o
2.0
0 15 30 45 60 75 90
Time in Days
p <0.00001), pain (B=0.61, SE=0.12, p<0.00001), JITAI-initiated mindfulness practice sessions

and stress (B=0.85, SE=0.15, p<0.00001), and sig-
nificant increases in positive affect (B=1.32, SE=0.20,
p<0.00001).

Mindfulness JITAl Impact on HRV

We observed significant increases in HF-HRV
(B=1205.15, SE=25.91, p<0.0000001) from before
(M=647.31, SE=72.79) to after the audio-guided,

(M =852.46, SE=72.14).

Machine Learning Prediction of JITAl-Initiated
Mindfulness Practice Impact

The best machine learning models detected mindfulness
JITAI session impact on stress with a sensitivity of 0.76
and specificity of 0.64, on craving with a sensitivity of 0.60
and specificity of 0.73, and on pain with a sensitivity of 0.68
and specificity of 0.67.

Table 5 Parameter estimates

and likelihood ratio tests for Parameter Mean ratio (MR)  SE 95% C1 1(3697.3) p
the two-level GAMM assessing Fixed effects
positive affect (intercept) 231 0.15 (2.03,2.63) 1270 <0.001
cs(Time) 1.17 0.02 (1.14,1.21) 943 <0.001
Condition (SG) 0.63 0.05 (0.54,0.74)  -5.68 <0.001
cs(Time X Condition (SG)) 0.87 0.02 (0.83,091) -6.50 <0.001
Deviance statistics and ICC
Global deviance -1325.7
AIC -1150.3
ICC 0.39
Likelihood ratio tests daf AIC LRT P
re(cs(Time X Condition (SG))  77.7 2209.8 3515.5 <0.001
cs(Time X Condition (SG)) 1.42 -1129.7 234 <0.001
Condition (SG) (modified) 3.04 -878.2 23.5 <0.001

TR 1)

SG is the reference group for condition. “re” stands for the random effect term and “cs” stands for cubic
spline. Likelihood ratio tests (LRTs) utilize the dropl() function in “gamlss” to test the significance of
the terms given the uncertainty of the smooth terms. Only the highest order term is tested. The LRT of
Condition is modified by removing the interaction term to test the main effect of Condition at the end of
observation. ICC was tested for a simplified, linear model with no smoothed random slope
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Fig.5 Predicted trajecto-

Predicted Trajectories for Positivity (Over Time) by Condition

ries for positive affect (over 751

time) by condition. Effects of
Mindfulness-Oriented Recovery
Enhancement + Just-in-Time
Adaptive Intervention (MORE) 7.0
vs. supportive group (SG)
psychotherapy on ecological
momentary assessments of posi-

tive affect (mean with 95% C.1.) o5

Predicted Values 0-10
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Condition
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Discussion

In this pilot RCT, we found evidence for the preliminary
efficacy of a Zoom-based MORE +JITAI intervention for
people with chronic pain on LTOT. Relative to a Zoom-
based supportive group (SG) psychotherapy control,
participants in the MORE + JITAI intervention reported
greater reductions in EMA ratings of craving and pain
symptoms over time. JITAI-prompted mindfulness practice
sessions were associated with robust improvements in stress
and positive affect, as well as reductions in craving and pain.
Furthermore, we observed significant increases in HF-HRV
following JITAlI-initiated mindfulness practice, suggesting
that the acute practice of mindfulness enhances autonomic
regulation in everyday life.

The observed effects on craving and pain indicate that
MORE may be efficacious when delivered via telehealth.
A meta-analysis demonstrates MORE’s efficacy for reduc-
ing craving and pain (Parisi et al., 2022b), with effects
evident on EMA measures of these constructs (Garland
et al., 2017, 2019b). Although this study was not powered
to detect changes in opioid use and misuse, craving and
pain are both proximal outcomes linked with opioid con-
sumption. In that regard, pain severity is associated with
opioid use and misuse (Goesling et al., 2016; Griffin et al.,
2016; Rogers et al., 2020). Similarly, craving has been
shown to predict future risk of opioid misuse (Garland &
Howard, 2014a; Griffin et al., 2016; Messina & Worley,
2019; Wasan et al., 2012). Given the observed effects of
MORE +JITAI on craving and pain, future fully powered
RCTs should test whether this digital intervention format,
like the face-to-face intervention, might also reduce opioid
use and misuse.

@ Springer
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With regard to the secondary outcomes, MORE + JITAI
improved momentary stress and positive affect to a signif-
icantly greater extent than the SG. The effects on stress,
while robust, should be considered with the caveat that the
MORE +JITAI group began the study with substantially
higher stress levels; thus, the observed effects may be due
to regression to the mean. Yet, treatment session attend-
ance among participants in MORE + JITAI was inversely
associated with stress ratings, suggesting that the observed
stress-reducing effects result from the specific content in
the MORE intervention and not merely due to the passage
of time. Nonetheless, our findings converge with those of a
recent meta-analysis indicating that MORE improves mul-
tifarious forms of psychiatric distress (Parisi et al., 2022b).
Regarding positive affect, multiple trials have demonstrated
MORE’s effects on enhancing positive emotional processes,
including EMA measures of positive affect (Garland et al.,
2017, 2019a, 2019b, 2019¢). MORE may increase positive
affect in chronic pain patients on LTOT by enhancing neu-
rophysiological responsiveness to natural rewards, as previ-
ously observed (Garland et al., 2021, 2014a, 2019a).

Engagement with the Zoom-based interventions was
quite good, with 95% of the sample surpassing the treatment
completion threshold (>4 sessions) set in other mindfulness
trials (Garland et al., 2022; Kuyken et al., 2015), and most
participants attending the majority of the sessions. We
maximized attendance and engagement through a number
of strategies. First, we had a research staff member serve
as an “operator” who remained on the Zoom call while
the rest of the group met in a Zoom breakout room. The
operator helped solve participant technical difficulties
without causing disruption to the group. Study therapists
also increased engagement by requiring cameras to be
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turned on, regularly checking in with group members, and
engaging them in processing their therapeutic experiences.
We worked to increase engagement with the smartwatch
and mEMA app by providing technical support as needed,
including support in downloading and setting up the app as
well as maintaining an ongoing connection. Although study
participants wore the smartwatches throughout the protocol,
the JITAI response rate was modest, with participants
choosing to practice mindfulness only 20.5% of the time
when prompted. Because stress prompts could be delivered
when participants were harried and busy with activities of
daily living, having a selection of ultra-brief mindfulness
practices (<5 min) in future studies might help increase
JITAI-initiated mindfulness practice engagement.

The stress-triggered, JITAI-initiated mindfulness practice
component of the remote MORE + JITAI intervention is
one of its most novel features. Given the role of stress in
escalating the downward spiral of opioid use towards opioid
misuse and OUD, intervening at critical periods of high
stress by prompting mindfulness practice engagement might
significantly improve opioid and pain-related outcomes.
Here, we offered patients timely assistance with stress
coping by alerting them of the need to practice mindfulness
with a wearable sensing system that provides quantified
physiologic estimates of stress in the natural environment.
Given that an individual’s pain level and desire for opioids
can change rapidly and unexpectedly with the onset of
stressors in the environment, the real-time information from
our JITAI system provided a dynamic personalized treatment
by providing mind-body interventions for chronic pain and
opioid misuse at moments when they are more likely to be
useful. In the present study, participants were more likely
to choose to listen to the mindfulness audio when they
experienced more severe momentary symptom profiles
(higher pain, craving, and stress, and lower positive affect),
and the JITAI-initiated mindfulness practice sessions were
associated with significant reductions in momentary opioid
craving and pain symptoms, as well as improvements in
stress and positive affect. Yet, in the absence of a randomized
control JITAI condition, we cannot make strong causal
inferences regarding JITAI efficacy.

Wearable technologies are ubiquitous. Their rise has been
accelerated during the COVID-19 pandemic as people are
becoming increasingly interested in tracking their health
while working from home. The current results show a prom-
ising direction in predicting the effectiveness of JITAl-initi-
ated mindfulness practice in treating stress, pain, and opioid
craving using a commercially available, low-cost wristwatch
sensor. We show that machine learning models using attrib-
utes derived from optical heart rate, SpO2, and accelerom-
eter sensors can detect symptom improvement following
JITAI-initiated mindfulness practice sessions with some
degree of sensitivity and specificity. Previous research has

utilized biometric data to create machine learning models
that predict stress (Carreiro et al., 2020; Chen et al., 2021;
Sandulescu et al., 2015), pain (Chen et al., 2021; Pouromran
et al., 2021), and craving (Carreiro et al., 2020; Gullapalli
et al., 2019). Sensitivity and specificity metrics to detect
stress and craving among populations who use substances
have been observed to range between 0.65 and 0.76 (Car-
reiro et al., 2020) and are thus comparable to the values we
obtained. Yet, no previous studies have examined the use
of machine learning models to evaluate mindfulness-based
or JITAI practices. Traditional methods often rely on self-
reported answers from participants, which have limitations
such as memory and response biases, under- or over-report-
ing, and a lack of standardization (Maisto et al., 1990). Our
work aims at addressing these issues by developing machine
learning models that demonstrate promising initial results
in detecting the impact of mindfulness on stress, craving,
and pain. These models can be used to compare the effec-
tiveness of various mindfulness practices and determine the
optimal time to prompt mindfulness sessions for maximum
impact. In the future, we plan to improve the models’ perfor-
mance by using raw physiological signals and incorporating
standard features like heart rate, HRV, calorie count, and
step information. The fact that such metrics are available in
most commercial wristwatches attests to the scalability of
our work, though our models should be optimized by being
trained on larger datasets. Altogether, our findings demon-
strate that a generalizable wearable computing platform can
be developed that can passively and continuously monitor
the effectiveness of mindfulness interventions in real time.
Developing an objective, machine learning metric for mind-
fulness effectiveness can unlock new opportunities for a per-
sonalized mindfulness approach, using an intelligent rec-
ommendation system that can identify optimal mindfulness
practices based on user-specific characteristics from a range
of possible techniques. Wearable computing systems have
also been proposed to recognize moments of craving (Gul-
lapalli et al., 2019). By integrating such a craving detection
system with the objective mindfulness effectiveness estima-
tion algorithm, we envision a complete closed-loop system
that will not only identify optimal moments (based on crav-
ing inference) to trigger mindfulness intervention but also
continuously learn to update the recommendations based on
person-specific traits, contexts, and outcomes.

Limitations and Future Directions

The primary limitation of this study relates to its research
design. Although this was a RCT, the current design cannot
disentangle the relative impact of the telehealth MORE
intervention from the mindfulness JITAIs. Such intervention
dismantling would have required a much larger study than
was feasible for this pilot trial. Future full-scale trials should
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employ a 2 x 2 factorial design to determine the independent
and interactive effects of the two intervention components.
Such a design is critical for determining if using the
wearable sensor to trigger JITAI-initiated mindfulness
practice sessions actually increases mindfulness practice
engagement above the unprompted base rate. Parallel to
meta-analytic results indicating that wearable sensors do
increase physical activity engagement in individuals with
chronic disease (Kirk et al., 2019), we hypothesized that
use of wearable sensors would increase mindfulness practice
engagement. Nonetheless, this approach still requires
participant engagement and motivation: the individual must
choose to attach the sensor each morning, and must choose
to practice when prompted. Gamification, contingency
management, and motivational strategies to increase
engagement and facilitate readiness to change might help to
increase the uptake of the mindfulness JITAI intervention.
This study had several other limitations. First, by random
chance, our simple randomization allocation schedule resulted
in imbalanced group sizes, yet mixed modeling is robust to
imbalances in group sizes. Nonetheless, future studies should
employ adaptive randomization to ensure a more balanced
allocation ratio. Second, the overall EMA response rate was
suboptimal, but not unexpected, given the vulnerable nature of
the study participants, many of whom were taking high opioid
doses, suffered from severe levels of pain and disability, had
comorbid psychiatric disorders, and were troubled by multi-
ple social challenges (low income, family conflict) that made
responding to EMA probes difficult. That said, treatment ses-
sion attendance, but not clinical or demographic variables,
predicted the EMA response rate, suggesting that participant
conscientiousness or treatment engagement is a key factor in
EMA responding. EMA response rates might be improved
in future studies using best practices (Bertz et al., 2018). For
instance, regular retraining of participants on EMA record-
ing procedures, maximizing user friendliness of app inter-
faces, and contacting participants when response rates begin
to lag below 75% could improve responding. Third, because
we did not use a control JITAI probe, we cannot determine
the efficacy of the JITAlI-initiated mindfulness practice. The
changes in symptoms from before to after the JITAl-initiated
mindfulness practice sessions represent observational data,
but no causal inferences can be drawn from these findings. It
is possible that symptoms improved following JITAI-initiated
mindfulness practice due to the passage of time or regression
to the mean. Fourth, the study was not powered to assess for
changes in actual opioid consumption; in the future, full-scale
clinical trials are needed to test MORE’s effects on opioid
use and misuse. Fifth, although the Garmin Vivosmart pro-
vided an estimate of ambulatory HRV that was sensitive to
treatment, the autonomic effects of MORE + JITAI should be
replicated with well-validated, laboratory-based psychophysi-
ological protocols. Though multiple validation studies have
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been conducted to date, additional studies are needed to vali-
date and optimize the Firstbeat PRO stress algorithm. Finally,
the relative lack of racial diversity in the sample is a limitation
to be improved in future studies.

In sum, the present stage 1 RCT suggests that implement-
ing MORE via a Zoom platform is feasible for people with
chronic pain receiving LTOT, and when combined with
stress-triggered JITAI prompts to practice mindfulness skills,
may result in improvements in symptoms of craving and pain
in everyday life. Machine learning may further enhance this
intervention approach by optimizing and personalizing the
selection of mindfulness techniques based on their efficacy
from moment-to-moment. Given these promising findings, a
future, full-scale RCT of this fully remote, digital mind—body
intervention approach is warranted.
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