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Evaluating a mobile app’s effects on
depression and anxiety in
medication-treated opioid use disorder
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Michael V. Heinz1,2 , Damien Lekkas1,3, Veronica Abreu1, Camilla Lee1, Lisa A. Marsch1,2,4 &
Nicholas C. Jacobson1,2,3,4

Depression and anxiety frequently co-occurwith opioid use disorder (OUD) yet are often overlooked in
standard OUD treatments. This study evaluated the feasibility, acceptability, and preliminary
effectiveness of a mobile application designed to address these symptoms in individuals receiving
medications for OUD (MOUD). A randomized controlled trial recruited N = 63 adults with OUD who
received MOUD and screened positive for moderate depression or generalized anxiety. Participants
were randomized to an app-based digital intervention or treatment-as-usual for 4 weeks, and
completed follow-ups at 4 and 8 weeks. Primary outcomes were self-reported severity measures for
depression and generalized anxiety, and urine drug screens (UDS). Secondary outcomes included
self-reportedOUDseverity, craving intensity, anddigital biomarkers derived frompassive smartphone
sensors. The application was well-received (median app rating = 4/5 stars). The intervention group
showed significant reductions in depressive and generalized anxiety symptoms post-intervention and
at 8 weeks follow-up (d > 0.70), with large (d = 0.78) and moderate (d = 0.38) effect sizes, respectively,
compared to controls. Both groups exhibited substantial decreases in self-reported severity of opioid
use symptoms (d > 2.50). UDSsuggested similar between-groupadherence toMOUD,with amarginal
decrease in opioid (MOP) use in the intervention group and increase in controls, yielding medium
between group effect sizes (d = 0.44). Passive sensor data suggested significant increases in social
connectedness in the intervention group, evidenced by a significant rise in incoming and outgoing
calls and text connections. Initial evidence supports the feasibility and acceptability of a digital
intervention for treating anxiety and depressive symptoms in persons receiving MOUD. While
underpowered to confidently determine statistical significance beyond directionality, the intervention
showed promise in reducing depressive and anxiety symptoms, suggesting its potential as a cost-
effective and scalable adjunctive therapy alongside standard OUD treatment. Due to the preliminary
nature of this pilot study, further research with sample sizes permitting greater statistical power is
needed to confirm findings and explore long-term effects.

Since 2017, the overdose crisis in the United States has continued to soar,
with opioid use disorder (OUD) cited as the leading cause of overdose-
related deaths1. OUD is highly prevalent in the United States and is esti-
mated to affect between 6.7 and 7.6 million persons2. Financially, OUD
undertreatment and associated complications impose great strains on both

the individual and society3 with estimated annual US opioid-related costs
totaling $1.5 trillion in 20204. Further complicatingmatters,OUD is difficult
to treat effectively as it often presentswith other seriousmental and physical
comorbidities5 and is a risk factor for trauma6, suicide7, and infectious
disease8. While effective treatment for OUD can reduce financial burden
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and associated adverse health outcomes, the majority (65%) of those with
OUD are not receiving substance use treatment9. Moreover, OUD pre-
valence and overdose fatality rates continue to increase despite the presence
of medication as well as psychotherapeutic treatments for OUD. The rea-
sons for this aremanifold and stem inpart fromstigma, insufficient clinician
training, and shortage of addiction specialists10, ultimately contributing to
an appreciable and especially detrimental treatment gap.

Among the many comorbidities of OUD, anxiety and depression are
especially prominent11. While lifetime prevalence for generalized anxiety
disorder (GAD) and major depressive disorder (MDD) is 4 and 17%,
respectively, 11% of individuals with OUD are also diagnosed with GAD
and an even greater 46% with MDD12. The associations of these disorders
with OUD are multifaceted and bidirectional13,14, with research suggesting
heightened risk ofMDD in those withOUD15, as well as an increased risk of
OUD among MDD patients16. Similar risk dynamics have also been
reported when looking at anxiety disorders and non-medical opioid use17.
Research supports that anxiety and depressionmayhave a perpetuating and
causal role inOUD.Opioidnonfatal overdose and relapse, for instance,have
been positively associated with depression18,19, and opioid cravings have
been shown to be associated with symptoms of depression and anxiety20.
Further, research supports that induced anxious or depressed mood states
may increase cravings for opioids21,22. Transdiagnostic psychological factors,
such as distress intolerance17 and anxiety sensitivity14, may underlie vul-
nerability to both negative affective states (e.g., anxiety) and substance use
disorders. These findings highlight the importance of implementing OUD
interventions that are sensitive to changes, fluctuations, and shifting con-
texts within the GAD and MDD symptom milieu.

Despite the clear evidence for treatmentswhichaddress both substance
use and mental health disorders, <1 in 5 addiction treatment programs in
the US offer treatment for co-occurring mental disorders23, and only one
quarter of those with co-occurring OUD and a mental disorder receive
adequate treatment for both9. The rarity of such dual diagnosis treatment
programs and undertreatment of co-occurring mental disorders, in com-
bination with commonly cited issues of general mental health service
accessibility due to insurance and finances, stymies efforts to provide
optimalOUD care. In total, bridging theOUD treatment gapmust not only
entail the expansion of resource availability in a way that mitigates financial
burden, but also the incorporation of measures and procedures that are
attuned to the variable presence and manifestation of mental health co-
occurrence. Tomanage the opioid crisis, OUD intervention strategies must
become farther reaching as well as more contextually sensitive and
personalized.

In this regard, one promisingway forward is through the leverage of
ubiquitous and highly integrated mobile devices (i.e., smartphones)
which have the capacity to improve mental health and substance use
disorder care access within many traditionally underserved and low-
income populations24. As of 2021, an estimated 85% of Americans own
smartphones, with rural populations seeing comparable adoption rates
of around 80%25. The reach of mobile devices is demonstrable; thus,
digital approaches to OUD treatment inequity built for mobile
deployment may possess a level of scalability and accessibility com-
mensurate with need. Additionally, smartphones allow for the long-
itudinal and dense collection of contextually relevant behavior and
mental health information. Through a combination of unobtrusive
passive sensing and ecological momentary assessment (EMA),
smartphone-powered data collection and interaction can address and
complement the typically fragmented nature of addiction treatment,
providing continuous patient monitoring and support. This continuity
of support is important as OUD patients are likely to encounter opioid
use triggers, heightening their risk for relapse26. In practice, smartphone-
based implementations can be integrated within OUD intervention
strategies to build treatment regimens that are continuously sensitive to
the dynamic behavioral signals of OUD and comorbid mental health
symptomatology. Taken together, modern smartphone-based imple-
mentations for OUD treatment, support, and intervention have the

capacity to combat the traditional treatment challenges of availability,
continuity, and contextual depth to ultimately serve as a complementary
and powerful addition to the clinical toolkit.

Alongside EMA, ecological momentary interventions (EMI), e.g., tai-
lored interventions delivered in real-time to people in their natural envir-
onment, have been explored in a variety of mental health populations,
including substance use27–30, mood31–33, and anxiety disorders34–38. Such EMI
studies among persons with depression and anxiety have generally yielded
positive results, though with variable effect sizes39. Substance-related EMI
studies to date have preferentially targeted alcohol use disorder, usually
without exploration of co-occurring psychiatric disorders34. Nonetheless,
smartphone application development for OUD has seen a steady increase
over the last decade40, with numerous options available for download on
mobile app stores41. Such mobile applications have shown feasibility and
acceptability in pilot studies42–44, and randomized control trial results45 and
large real-world observational studies46 have supported the clinical effec-
tiveness of digital therapeutics as adjunctive treatments aimed at core OUD
symptomatology. However, no studies to date have assessed the feasibility,
acceptability, or effectiveness of interventions aimedat addressing comorbid
mood and anxiety disorders co-occurring with OUD.

To this end, the primary aim of the current work was to test the
feasibility and acceptability of a smartphone app-based digital intervention
designed to treat anxiety anddepressive symptomsamongpersons receiving
medication treatments for OUD (MOUD). This randomized controlled
pilot study enrolled participants with comorbid OUD andmood or anxiety
disorder currently receiving MOUD via online targeted advertisements on
the Reddit platform; the intervention consisted of a series of 4–6 videos each
week delivered through a custom module within the publicly available
Mood Triggers smartphone application47 and rooted in cognitive-
behavioral principles48. The videos were brief (120 s on average; Fig. 1 dis-
plays the basic app layout, and the interested reader may view an example
video of the intervention in the Supplementary Materials) and designed to
target anxiety and depression symptomatology, built on CBT principles
dealing with (i) actions, (ii) mental hygiene, (iii) exposure, (iv) acceptance,
(v) cognitions, (vi) regulationandpositive feelings, or (vii) preparation.Each
video introduced participants to an exercise to help manage symptoms in
their everyday routine, including short guides to progressive muscle
relaxation, problem-solving strategies, and relapse prevention.

We hypothesized that the digital intervention would show feasibility,
based on the ability to successfully recruit participants (n = 30 randomized
to intervention, n = 30 randomized to control) and demonstrate accept-
ability with at least 50% of intervention sessions completed by those
assigned to the intervention. Using a star-based rating system, we provided
the functionality for participants to rate both their overall satisfaction with
the app and the app’s ability to help reduce anxiety and depressive
symptoms.

Secondarily, this work sought to test the effectiveness of this digital
intervention in treating anxiety, depressive and OUD symptoms among
persons with co-occurring disorders. Measured through self-report and
weekly urine drug screens (UDS), we hypothesized that those assigned to
the digital intervention would experience greater reductions in depres-
sive and anxiety symptoms alongside reductions in opioid cravings and
use. Given the previously discussed relationship between anxiety/
depression andOUD, we hypothesized that our interventionwould have
indirect effects on opioid use outcomes. Validated self-report measures
included the 9-item Patient Health Questionnaire (PHQ-9)49 for asses-
sing depression, the Generalized Anxiety Disorder Questionnaire
(GAD-Q-IV)50, the RapidOpioid Dependence Screen (RODS)51, and the
Opioid Craving Scale (OCS)52.

Lastly, we explored the feasibility of EMA and passive sensing add-ons
to the digital intervention,whichhave the potential to serve as usefulmetrics
of symptom change and allow for participant self-monitoring. Ambient
light, GPS location, call and text logs, and screen time were collected via
passive sensing monitoring on the participants’ personal mobile devices.
Such passive data streams have potential to serve as proxies for important
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mental health outcomes, such as activity level and social connectedness53.
Further, as an objective and longitudinal data source, passive sensing has the
potential to supplement traditional self-reported measures. We specified
primary and secondary outcomes in aClinicalTrials.govpreregistration (ID:
NCT05047627), aswell as the guiding aimsof thework,whichwere to assess
the feasibility, acceptability and preliminary effectiveness of the mobile
digital intervention.

Results
Participant flow through study
During the study recruitment window, September 2021 to October 2022,
462 unique persons completed the screening survey. Of these, 172 indivi-
duals initially qualified and completed a secondary screening which func-
tioned as a baseline measure for those who were eventually enrolled.
Concurrently, participants were required to provide physical address ver-
ification and undergo IP address and geolocation validation measures. A
total of 63 participants passed the secondary screening and were rando-
mized to either the experimental condition (n = 32) or waitlist control
(n = 31). Those in the intervention group received a telephone onboarding
session with a trained research assistant. Those in the control group were
offered a telephone call, but not required to partake. After 4 weeks of the
study, all participants were asked to complete a post-intervention symptom
survey (of which 46 completed). Biweekly drug screens were collected
remotely fromall participants for the remaining 4weeks of the study (weeks
4–8). After 8 weeks, at the completion of the study, all participants were
asked to complete one final exit survey (of which 47 completed). See Fig. 2
for a summary of the recruitment, onboarding, and study collection pro-
tocol. A trained research assistantmanually codedUDS images sharedwith
research staff by participants. To ensure fidelity of codings, a second rater
independently coded a majority subset (67.04%) of the images. Cohen’s
Kappa was calculated to determine interrater agreement (κ = 0.78). Dis-
agreements were manually reviewed and reconciled.

Five participants droppedout of the study, three from the experimental
group and two from the waitlist group. Reasons for drop out included
frustration with repeat UDS, frustration with the mobile application, and
feeling that symptoms were too severe to participate. The trial was stopped

after thepredetermined recruitment goalwas reachedandall had completed
the trial.

Baseline demographics
The groups overall had no statistically significant baseline differences, with
the exception of race, annual household income, and geographic region
(p < 0.05). The intervention group contained a lower ratio of White parti-
cipants, compared to the waitlist group. See Table 1 for more information.

Primary outcomes
Our results indicated a large effect size for depression (measured by PHQ-9)
frombaseline to post-intervention (4weeks) and a very large effect size from
baseline to follow-up (8 weeks) in the intervention group. We found a
medium effect size from baseline to 4 weeks and a small effect size from
baseline to 8weeks in the control group. Further, we found a small–medium
between-group effect size from baseline to post-intervention and a large
between-group effect size frombaseline to follow-up.These effect sizeswere,
however, not statistically significant. These results are summarized in
Table 2 and displayed in graphical form in Fig. 3A.

Our results indicated a large effect size for generalized anxiety (as
measured by the GAD-Q-IV) from baseline to post-intervention and a very
large effect size from baseline to follow-up in the intervention group. We
found medium effect sizes from baseline to 4 weeks and from baseline to
8 weeks in the control group. Furthermore, we found a small–medium
between-group effect size from baseline to post-intervention and amedium
between-group effect size frombaseline to follow-up. These effect sizes were
not statistically significant. These results are summarized in Table 2 and
displayed in graphical form in Fig. 3B.

Analysis of within and between-group differences across 4 (baseline
to post-study) and 8 (baseline to follow-up) weeks of MTD and BUP
positive screens on UDS were used to determine MOUD adherence.
UDS results revealed similar between-group adherence to buprenor-
phine as indicated by positive buprenorphine screens from baseline to
post-intervention and from baseline to follow-up, with a small decrease
in the intervention and control groups from baseline to post-
intervention and from baseline to follow-up.

npj-mental-health-research
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A B C D

Fig. 1 | The layout of the application, “Mood Triggers” used for the guided intervention. A Login screen for participants.BThe organization of the videomodules.CThe
screen during an active video module. Note that a transcript is provided for accessibility. D User trends in user answers to daily prompts on anxiety and depression.
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Regarding methadone adherence, the intervention group showed a
small increase in adherence frombaseline to 4weeks andbaseline to 8weeks.
The control group showed a negligible difference from baseline to 4 weeks
and a very small increase from baseline to 8 weeks. There was a small

between-group difference from baseline to 4 weeks and a negligible
between-group difference from baseline to 8 weeks.

From baseline to 4 weeks, the results suggested a small between-group
effect size in opioid (MOP) use such that the waitlist group had a small
increase in opioid use, while the intervention group experienced a small
decrease. Likewise, the results showed that these trends continued from
baseline to follow-up with a small to medium between-group effect size,
with the intervention groupand thewaitlist groupdecreasing and increasing
their opioid use, respectively. It should be noted that neither between-group
nor across-time changes in substance use were statistically significant.
Across all study participants and all 5 weeks, 70.16% of drug screens were
completed. All within-group and between-group statistical results for UDS
are summarized in Table 2.

Secondary outcomes
We found a very large, statistically significant effect size from baseline to
post-intervention and from baseline to follow-up in both the intervention
and control groups. However, we found only a very small between-group
effect size at both4weeks and8weeks,whichwasnot statistically significant.
These results are summarized inTable 2 and are displayed in graphical form
in Fig. 3C.

We found a small increase in self-reported opioid cravings (as
measured by OCS) in the intervention group from baseline to post-
intervention and negligible change from baseline to follow-up in the
intervention group. The results demonstrated a large effect size for
opioid cravings from baseline to post-intervention and a medium-large
effect size from baseline to follow-up in only the control group. We
found a very large between-group effect size frombaseline to 4weeks and
a large between-group effect size from baseline to 8 weeks. These effect
sizes were not statistically significant. The associated statistical results
are summarized in Table 2.

Fifteen features were collected via smartphone passive sensors and
spanned four behavioral domains: movement (three features), light
exposure (two features), general phone use (two features) and social
interaction (eight features). There were significant differences in
baseline and/or individual trajectories for most features; however,
except for a subset of social interaction features (Fig. 4), these features
were not significantly associated with the fixed effect of time since the
beginning of the intervention within persons. The results demonstrate
that both overall volume and diversity of phone-based social interac-
tions increased through time across intervention participants. A
complete report of findings for each feature is available in Supple-
mentary File 1.

App acceptability and usership
The average satisfactionwith the appwas 3.86 stars (median = 4, SD = 1.08)
and the average rating regarding the app’s ability to help reduce depressive
and anxiety symptoms was 3.25 stars (median = 3, SD = 1.11). The parti-
cipant rating distributions are displayed in Fig. 5.

EMAswere anoptional componentof the app,whichdroveparticipant
self-monitoring functionality. We present a supplementary descriptive
figure (see Supplementary Fig. 1), highlighting usership of the EMA feature
across time.

Discussion
The present work is the first to investigate the feasibility, acceptability, and
preliminary effectiveness of an app-delivered digital intervention for use in
treating depression and anxiety among persons receiving MOUD. This
work utilized multiple streams of data, including subjective self-report to
evaluate intervention response, UDS for objective substantiation, and pas-
sively collected smartphone data to assess behavioral changes. As hypo-
thesized, evidence supported both feasibility and acceptability. Regarding
acceptability, we found on average a favorable intervention rating (average
rating ≥ 3.25), commensurate with existing highly-rated mental health
mobile apps on the iOSandGoogle Play app stores54.Despite the limitations

Fig. 2 | Study flow diagram. Summary of study which spans recruitment, rando-
mization, intervention, and timing of survey administration.
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Fig. 3 | Within and between-group comparisons of key intervention outcomes
through time. Cohen’s d values are shown for both within and between group
comparisons. Pre to Post represents a 4-week period while Pre to Follow-up

represents an 8-week period.ADepression,B anxiety, andCOUD. SS simple slopes;
* significant Cohen’s d value. Note that if negative signs were present for between-
group effect size, they are dropped in the figure.

Table 1 | Baseline characteristics of cohort

Characteristic Waitlist control (n = 31) Intervention (n = 32) Overall (N = 63) p value

Mean age (s.d.), years 35.47 (9.89) 38.74 (9.20) 37.08 (9.62) 0.179

Gender, n (%)

Man 14 (45.16) 18 (56.25) 32 (50.79) 0.528

Woman 16 (51.61) 13 (40.63) 29 (46.03)

Prefer not to disclose 1 (3.23) 1 (3.13) 2 (3.17)

Race, n (%)

White 17 (54.84) 27 (84.38) 44 (69.84) 0.037

Other/multiracial 12 (38.71) 4 (12.50) 16 (25.40)

Prefer not to disclose 2 (6.45) 1 (3.13) 3 (4.76)

Annual household income in USD, n (%)

<30,000 11 (35.48) 10 (31.25) 21 (33.33) 0.041

30,000–59,999 8 (25.81) 11 (34.38) 19 (30.16)

60,000–89,999 11 (35.48) 10 (31.25) 21 (33.33)

≥90,000 1 (3.23) 1 (3.13) 2 (3.17)

Highest level of education, n (%)

Less than high school 4 (12.90) 5 (15.63) 9 (14.29) 0.233

High school or equivalent 7 (22.58) 4 (12.50) 11(17.46)

Some college 8 (25.81) 14 (43.75) 22 (34.92)

Trade/technical 1 (3.23) 0 (0.00) 1 (1.59)

Associate’s degree 5 (16.13) 0 (0.00) 5 (7.94)

Bachelor’s degree 4 (12.90) 6 (18.75) 10 (15.87)

Master’s degree 1 (3.23) 1 (3.13) 2 (3.17)

Doctoral degree 1 (3.23) 2 (6.25) 3 (4.76)

Geographic region, n (%)

Northeast 6 (19.35) 5 (15.63) 11 (17.46) 0.003

Midwest 8 (25.81) 9 (28.13) 17 (26.98)

South 5 (16.13) 17 (53.13) 22 (34.92)

West 9 (29.03) 1 (3.13) 10 (15.87)

Other 3 (9.68) 0 (0.00) 3 (4.76)
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Table 1 (continued) | Baseline characteristics of cohort

Characteristic Waitlist control (n = 31) Intervention (n = 32) Overall (N = 63) p value

Current medication for opioid use disorder (%)

Naltrexone 7 (22.58) 3 (9.38) 10 (15.87) 0.391

Buprenorphine 14 (45.16) 17 (53.13) 31 (49.21)

Methadone 15 (48.39) 15 (46.88) 30 (47.62)

Prior opioid use (buprenorphine and methadone), n (%)

Buprenorphine 28 (90.32) 29 (90.63) 57 (90.48) 0.698

Methadone 26 (83.87) 24 (75.00) 50 (79.37) 0.949

Prior opioid use (all other), n (%)

Heroin 27 (87.10) 27 (84.38) 54 (85.71) 0.999

Morphine 25 (80.65) 26 (81.25) 51 (80.95) 0.795

MS Contin 20 (64.52) 21 (65.63) 41 (65.08) 0.863

Oxycodone 26 (83.87) 25 (78.13) 51 (80.95) 0.999

Oxycontin 24 (77.42) 23 (71.88) 47 (74.60) 0.999

Mean sum psychometric score (s.d.)

PHQ-9 16.41 (6.04) 16.05 (6.37) 16.23 (6.16) 0.819

GAD-Q-IV 10.18 (2.20) 10.13 (2.17) 10.15 (2.17) 0.928

RODS 8.82 (0.62) 8.79 (0.75) 8.80 (0.68) 0.863

OCS 6.35 (3.21) 6.54 (3.91) 6.45 (3.56) 0.834

This table outlines the baseline characteristics of the study population (N = 63), whichwas divided into the intervention group (n = 32) and thewaitlist control group (n = 31).We completed a between-group
statistical comparison, the results ofwhich are depicted in the far right column. TheChi-squared testwas used for categorical variables, and theWelch two-sample t-testwas used for continuous variables.
We used p = 0.05 as threshold for significance. Significant values are printed in bold.

Table 2 | Statistical results of within and between group differences

Within group Between group

Intervention Waitlist

Pre–Post Pre–Follow Pre–Post Base–Follow Pre–Post Pre–Follow

Primary outcomes

Depression (PHQ-9) β −4.03 −5.36 −2.65 −1.45 1.38 3.91

SE 2.49 2.95 2.81 2.16 3.72 3.66

(df) t (40) −1.62 (49) −1.82 (37) −0.94 (89) −0.67 (38) 0.37 (59) 1.07

p value 0.113 0.075 0.352 0.504 0.713 0.290

95% CI [−9.07, 1.00] [−11.29, 0.57] [−8.34, 3.04] [−5.73, 2.84] [−6.15, 8.91] [−3.42, 11.24]

d −0.81 −1.08 −0.54 −0.30 0.27 0.78

Generalized anxiety (GAD-Q-IV) β −1.80 −2.47 −1.04 −1.53 0.76 0.94

SE 1.26 1.62 2.13 1.55 2.41 2.13

(df) t (39) −1.42 (47) −1.53 (32) −0.49 (50) −0.98 (34) 0.31 (51) 0.44

p value 0.162 0.134 0.627 0.330 0.755 0.660

95% CI [−4.36, 0.76] [−5.72, 0.78] [−5.37, 3.28] [−4.64, 1.59] [−4.14, 5.66] [−3.33, 5.21]

d −0.73 −1.00 −0.42 −0.62 0.31 0.38

Urine drug screens—buprenorphine β −0.04 −0.15 −0.71 −1.49 −0.65 −1.23

SE 0.52 0.62 0.67 1.06 0.85 1.08

(df) t (940) −0.07 (169) −0.24 (131) −1.06 (57) −1.40 (215) −0.76 (99) −1.14

p value 0.943 0.813 0.290 0.166 0.446 0.256

95% CI [−1.07, 0.99] [−1.37, 1.08] [−2.04, 0.62] [−3.61, 0.64] [−2.34, 1.03] [−3.37, 0.90]

d −0.01 −0.03 −0.16 −0.34 −0.15 −0.28

Urine drug screens—methadone β 1.17 1.05 −0.22 0.69 −1.39 −0.35

SE 0.63 0.66 0.70 0.88 0.95 1.17

(df) t (770) 1.86 (355) 1.58 (114) −0.32 (65) 0.79 (213) −1.47 (82) −0.30

p value 0.063 0.116 0.750 0.434 0.143 0.765

95% CI [−0.06, 2.40] [−0.26, 2.35] [−1.60, 1.16] [−1.07, 2.46] [−3.26, 0.47] [−2.68, 1.98]

d 0.24 0.21 −0.05 0.14 −0.28 −0.07
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imposed by our sample size, we observed encouraging trends toward
symptomatic improvements in both self-reported depression and anxiety
among those assigned to the intervention, compared with randomized
controls (Fig. 3). Furthermore, these reductions were maintained and
observed after cessation of the intervention at 4 weeks follow-up. OUD self-
report severity decreased andwas sustained at follow-up, although this effect
was seen in both the treatment and waitlist control groups. While these
preliminary findings suggest a potentially beneficial impact of our digital
intervention, it is important to interpret these effects with due caution, as
they do not reach the threshold for statistical significance. We believe that
the lack of statistical significance was due to the small sample size, which we
discuss further in limitations and future directions. Associated with these
promising outcomes, social connectedness, asmeasured through analysis of
passively collected call and text logs, saw significant increases from baseline
within the intervention group (Fig. 4). However, contrary to our hypothesis,
decreases in cravings were only observed among control participants,
whereas the intervention group saw slight increases. Taken together, this
pilot study has demonstrated the potential clinical utility of digitally deliv-
ered CBT in those with OUD, specifically highlighting both the promise of
using this approach to target depression and anxiety comorbid sympto-
matology to good effect, aswell as the ability for thismodality to facilitate the
dense and longitudinal behavioral contextualization of OUD through
complementary passive sensing monitoring.

The observed trends toward improvement in depression and
anxiety symptoms are consistent with a robust literature supporting
cognitive-behavioral approaches to these disorders55,56, approaches that
are also found to be efficacious when delivered via a scalable and auto-
mated digital platform57. Unlike traditional CBT, however, this work
suggests that very short (i.e., 90 s on average), self-paced, and targeted
interventions may lead to favorable outcomes alongside a mitigation of
patient burden. While echoing past successes, the current study’s results
are unique and important in demonstrating an ability to effectively
target comorbid symptomatology in individuals undergoing treatment
for OUD.

In line with self-reported improvements in depression and anxiety,
those in the intervention group also showed increased smartphone
communication patterns (i.e., daily incoming/outgoing calls and unique
contacts) over time, perhaps signifying increased social connectedness.
However, it is crucial to acknowledge that insights derived from mobile
communication records provide a limited perspective on the multi-
faceted nature of social interactions and might not generalize to other
forms of social engagement, such as in-person interactions. Our findings
suggestive of increased social connectedness may be contextualized in
recent studies, which suggest that the mental health benefits of social
connectedness can be derived virtually58 and that communicative
smartphone use correlates with greater friendship satisfaction and
reduced anxiety59. We believe that the intervention may have led to more
social connection through intervention video exercises that either
directly or indirectly addressed social connection. Examples of such
exercises included (1) “activity scheduling”, which encouraged partici-
pants to schedule activities, providing the example of talking to a good
friend, (2) “interpersonal effectiveness,” (3) “grief processing”, which
included encouragement to share feelings with trusted contacts, and
“exposure treatment,”which emphasized the importance of approaching
anxiety-provoking situations, including social ones. Further, we posit
that overall improvements in anxiety and depression may have led to
increased social drive. Bolstering social connectedness may also help to
maintain improvements in depression and anxiety, as social con-
nectedness has been shown to be a consistent predictor ofmental health60

and may serve as a protective factor against depressive symptoms61.
Given the importance of social connectedness in managing both anxiety
and depression, as well as the phenomenological ties of anxiety and
depression to OUD, it stands to reason that social connectedness may be
an important consideration in populations receiving OUD treatment.

Despite this appreciable difference in depression and anxiety severity
change, as well as social connectedness, between those assigned to the
intervention and controls, both groups experienced similar trajectories of
OUD symptom decrease, had similar adherence to MOUD, and showed

Table 2 (continued) | Statistical results of within and between group differences

Within group Between group

Intervention Waitlist

Pre–Post Pre–Follow Pre–Post Base–Follow Pre–Post Pre–Follow

Urine drug screens—opioids (MOP) β −0.71 −0.62 0.33 1.09 1.03 1.70

SE 0.56 0.61 0.82 0.93 1.05 1.13

(df) t (967) −1.26 −1.01 (697) 0.40 (187) 1.17 (432) 0.99 (216) 1.51

p value 0.208 0.315 0.691 0.243 0.323 0.131

95% CI [−1.81, 0.39] [−1.83, 0.59] [−1.29, 1.94] [−0.74, 2.92] [−1.02, 3.09] [−0.51, 3.92]

d −0.18 −0.16 0.09 0.28 0.27 0.44

Secondary outcomes

OUD severity (RODS) β −5.23 −4.72 −5.56 −4.29 −0.33 0.43

SE 0.57 0.83 0.70 1.62 0.82 1.86

(df) t (121) −9.15 (279) −5.67 (68) −7.89 (43) −2.65 (118) 0.40 (55) 0.23

p value <0.001 <0.001 <0.001 0.011 0.692 0.817

95% CI [−6.37, −4.10] [−6.36, −3.08] [−6.96. −4.15] [−7.54, −1.03] [−1.95, 1.30] [−3.29, 4.16]

d −2.97 −2.67 −3.15 −2.43 −0.19 0.25

Opioid cravings (OCS) β 0.46 0.06 −1.83 −1.61 −2.92 −1.80

SE 0.76 1.16 1.49 1.39 1.73 1.79

(df) t (91) 0.61 (100) 0.05 (36) −1.23 (64) −1.16 (41) −1.69 (74) −1.01

p value 0.545 0.961 0.227 0.250 0.100 0.317

95% CI [−1.04, 1.96] [−2.25, 2.36] [−4.87, 1.19] [−4.38, 1.16] [−6.41, 0.58] [−5.37, 1.76]

d 0.20 0.03 −0.99 −0.70 −1.22 −0.75

Bold values identify statistical significance (p < 0.05).
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comparable levels of illicit substance use at 4 and 8 weeks (There was a
modest between-group effect size in opioids from pre-intervention to
4 weeks; the control group had a small increase in opioid use, while the
intervention group experienced a small decrease. See the results section for
additional information on this finding). There are two potential explana-
tions for thesefindings. First, the inclusion criteria didnot require a specified
duration of treatmentwithMOUDprior to joining the study.Given that the
recruitment strategy was exclusively via Reddit advertisements posted in
groups aimed at topics relevant toMOUD, there may have been a potential
selection bias toward persons who were proximal to MOUD treatment
initiation. As such, reductions in OUD symptoms due to the confounding
effect of recently initiatedMOUDare expectedgiven the robust evidence for
MOUD effectiveness, itself 62,63. Second, both groups were required to
complete biweekly UDS over the course of the 8-week study. Limited evi-
dence suggests that such monitoring may increase adherence to opioid
therapy and decrease illicit drug use64,65. However, this explanation is

weakened by the fact that the results of the UDS had no punitive con-
sequences for participants in the current study.

Given that depression and anxiety have been shown to be bidirectional
risk factors for opioid use, their improvement was anticipated to coincide
with a reduction in cravings. Counter to the study hypotheses, self-reported
cravings showed a marginal increase in the treatment group and decreased
in the control group.We suggest twopotential reasons for thisfinding. First,
the anxiety exposure-based exercises included in our interventionmay have
led to short term increases in craving as stress-mediated responses to the
exposure. Specifically, effective exposure therapy for anxiety disorders
necessarily increases short-term distress via voluntary exposure to feared
stimuli66. Subsequently, increased distress, including increased stress or
negative affect, has been positively associated with increased opioid
cravings67. Thus, short-term distress induced by exposure exercises could
lead to heightened cravings. Second, we posit that factors unique to those
participants inour interventiongroup(e.g.,more time spentweekly engaged
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in a study focused on opioid use) may have served as a behavioral cue,
increasing the likelihood of cravings68. It is also possible that cravings are
lower in the control group because participants are not abstaining from
drug-related activity. The question of craving exacerbation may be more
definitely understood by research which extends our methods to include
longer follow-up periods and a larger sample size.

The results of this work carry important preliminary implications
for future clinical and research efforts aimed at addressing concurrent
anxiety and depression among MOUD users. Most importantly,
findings support the feasibility, acceptability, and preliminary effec-
tiveness of a brief, digitally delivered CBT-based intervention, and
showcase the potential insights afforded through complementary
passive sensing data collection that is native and thus seamlessly
integrated into the delivery modality. While we do not see app-based
interventions as a replacement for traditional treatments, effective
digital interventions may serve to augment and scale traditional
approaches, which often overlook commonly co-occurring mental
health disorders (e.g., depression and anxiety). Further, such digital
interventions could also provide more immediate support for persons
awaiting treatment for co-occurring psychiatric disorders, or for whom
traditional treatment is inaccessible. Further, for clinical research
especially, the convenience of leveraging smartphones to collect pas-
sive sensing data alongside intervention administration may serve to
augment and better contextualize subjective self-report measures as
well as other more objective outcomes.

While this study has numerous strengths, it is important to acknowl-
edge its inherent limitations which may serve as an important guide for
future research efforts. First, the data gathered constitutes the initial results
of a pilot study, thus sample size was limited andmay have constrained the
capacity to detect small, statistically significant differences between the
intervention group and controls. Second, the recruitment methodology,
which relied on targeted Reddit advertisements, may have inadvertently
introduced selection bias and impacted generalizability. Relatedly, partici-
pation required the Android platform, potentially impacting the general-
izability of our findings, given differences between users of distinct mobile
platforms69. Third, information on the duration of MOUD treatment was
not collected prior to beginning the study, precluding an ability to account
for the impact of newly initiated MOUD on response trajectories. Fourth,

the cohort was characterized by a narrow racial diversity, predominantly
composed of individuals identifying as White, further impacting general-
izability. Additionally, given the potential challenges associated with app
installation, phonemeetingswere required for the intervention group,while
optional for the waitlist group. While these meetings were short and
intentionally focused, there is the possibility of differing duration of staff
interaction affecting treatment outcomes. Further, while we did collect app-
level feedback on participants’ experiences, we did not assess their com-
pliance with individual video interventions; we recognize that this is an
important consideration for future research. Lastly, the follow-up period for
the study was limited to 4 weeks, potentially limiting the ability to identify
and characterize long-term responses to the intervention.

Thus, while showing early promise for the effectiveness of digitally
deliveredmobile interventions, the results of our work primarily serve to
support the feasibility and acceptability of such interventions among
persons with co-occurring disorders; based on our results and limita-
tions, we provide recommendations for future research. First, we suggest
inclusion of larger, more diverse samples adequately powered to detect
between-group differences; second, we suggest extended follow-up in
order to assess the durability of the digital treatment effects; third, given
our success in utilizing passive sensor data (e.g., number of phone calls)
as an outcomemeasure for treatment response, we emphasize the future
importance of such data in assessing treatment effects, which we believe
will be especially useful in blended care interventions. As the passive
sensing data collection was a feature of the app itself, we only collected
these data for the intervention group; we thus emphasize the importance
in future study design to separate passive assessment from digital
intervention such that passive outcomes can be assessed for both
treatment and control groups.

In summary, there is considerable need for cost-effective, scalable
solutions aimed at effectively treating comorbid anxiety and depression
among those receiving MOUD. This pilot study is the first to lay the
groundwork for testing the feasibility, acceptability, and preliminary effec-
tiveness of a brief, digitally delivered CBT-based intervention for those
undergoing treatment for OUD. Through creative and resourceful leverage
of technology, treatment paradigms within substance misuse and mental
health can effectively coalesce and begin to overcome the traditional barriers
of accessibility that have plagued patients and clinicians alike. This study is
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one early foray into the rapidly burgeoning space of digital health with
promising implications for the hitherto unexplored realm of OUD research
and treatment.

Methods
Trial registration and institutional review
TheClinicalTrialwaspre-registeredwith clinicaltrials.gov (NCT05047627).
Primary and secondary outcomes were specified in the preregistration, as
well as the guiding aims of thework, i.e., to assess the feasibility, acceptability
and preliminary efficacy of the mobile digital intervention. The study
described herein was approved by the Dartmouth College Institutional
Review Board (STUDY00032008, approved 07/27/2020). It was most
recently rereviewed and approvedon06/12/2023.All collaboratorswhomet
criteria for authorship have been included as co-authors on themanuscript.
The study did not involve international collaborators.

Recruitment
Bolstered by previous works which have found Reddit to be a useful and
valid tool within social science research70–72, we used the Reddit platform to
make targeted recruitment posts on seven subreddit pages pertaining to
OUD treatments (r/suboxone; r/methadone) and several opioid drugs (r/
heroin, r/heroinsheroines, r/opiates, r/opiatesrecovery, r/fentanyl). For each
page used for recruiting, moderators were contacted by study personnel to
confirm that the recruitment ad followed all page guidelines. We utilized
RODS51 for OUD diagnosis, the PHQ-949 for depression diagnosis, and the
Generalized Anxiety Disorder Questionnaire (GAD-Q)50 for anxiety diag-
nosis. Inclusion criteria included (i) adults (age ≥ 18 years), (ii) fluency in
English, (iii) ability to provide informed consent, (iv) use of an Android
smartphone device running version 9 or greater, (v) diagnosis of OUD as
determined by total RODS score ≥3, (vi) current methadone, buprenor-
phine, or naltrexone treatment for OUD, and (vii) positive screen forMDD
or GAD as determined by a PHQ-9 ≥ 10 or a GAD-Q-IV positive screen as
defined by Newman et al.50. Preliminary screening was conducted via the
Qualtrics Platform73. Prospective participants were required to provide
proof of primary residence via photograph of official mail and their IP
address was checked against their self-disclosed physical address.

Study period
Participants completed a baseline screening questionnaire, which included
GAD-Q-IV, PHQ-9, RODS, and the OCS52. Participants were randomized
to either the app-intervention group or the control group. Participants
randomized to the app-intervention group were scheduled for a phone call
onboarding with a trained research assistant. Participants in the waitlist
control group were also offered a phone meeting with a trained research
assistant. Participants were assisted in downloading and logging in to the
Mood Triggers application during this session. Participants in the inter-
vention group were asked to use the intervention (see the intervention
subsection) four to six times for 4 weeks. This consisted of completing 20
digital video sessions in total. Participants in the intervention group were
provided instructions on which interventions to use weekly. All study
participants completed a questionnaire battery at week 4 and week 8 of the
study. Both batteries contained the PHQ-9, GAD-Q-IV, RODS, OCS, and
theDifficulties inEmotionRegulation Scale (DERS)74.All study participants
were asked to complete a 12paneldrug screenfive times over thedurationof
the study.

Randomization
Weutilized a simple randomnumber generator in order to randomly assign
participants to either the intervention or waitlist control group. Randomi-
zation was performed by trained research assistants.

Power analysis
To assess the appropriateness of a sample size of 60 participants, divided
into two groups of 30 each, a simulation study was performed. We used
linear mixed models with nesting within individuals across two distinct

time points: baseline and post-study. Data for the simulation were
generated based on a multivariate normal distribution to account for
participant random effects at both time points. The main focus was to
evaluate the effectiveness of an intervention, aiming for a small to
moderate effect size of 0.3 as the difference between the waitlist control
and the intervention groups. A 10%missingness was also factored in for
the post-study data points. Upon running the simulation 100 times, we
found that in 90% of the cases, the chosen sample size was sufficiently
powered to detect the targeted effect size of 0.3. This result suggests that a
total sample size of 60 participants is adequate for identifying significant
differences in the outcome variable between the waitlist control and
intervention groups.

The intervention
MoodTriggers is an application designed by our research team,which led
participants through a suite of evidenced-based video interventions,
each a member of one of the following categories: (i) actions, (ii) good
mental hygiene, (iii) exposure, (iv) acceptance, (v) thoughts, (vi) reg-
ulation and positive feelings, or (vii) preparation. Each intervention was
written, designed, filmed, and edited by our research team, utilizing
evidence-based CBT skills. The topics included in the video suite were
curated in the context of prior research supporting a linkage between
anxiety and/or depression and substance use disorders13,14,18,19. Cravings,
for example, have shown the capacity to be induced by anxious or
depressed mood states21,22. The full suite of video interventions with
associated weeks of suggested viewing is available in Supplementary
Table 1. In addition, the application included a user interface for self-
tracking across time, driven by daily prompts on mood and anxiety. Key
elements of the application interface, as well as EMA prompts delivered
daily to participants are shown in Fig. 1 and Supplementary Table 2. The
EMA prompts were delivered in order to drive the application’s self-
monitoring functionality and to test the feasibility of using daily EMA
within a digital app-based intervention in a participant sample with a co-
occurring OUD. The EMA prompts were adapted from the Positive and
Negative Affect Schedule-Expanded Form (PANAS-X) and earlier work
by our research team75,76. EMAs were optional, and participants did not
receive additional compensation for completion.

The application was designed to be engaging and interactive. First, the
video interventions themselves generally followed the pattern of explaining
an evidenced-based psychotherapeutic skill before asking the participant to
attempt an in-vivo exercise using the skill. For example, the “exposure”
intervention explains the concept of graded exposure77 and then prompts
the user to make their own list of anxiety-provoking scenarios prior to
attempting exposure. Second, the application prompts the user daily with
questions regarding mood and anxiety, and encourages the user to track
their symptom report over time. Participants were also sent weekly
reminders via email to suggest video interventions, detailed in Supple-
mentary Table 1. The suggested order was such that concepts built on one
another, though participants did not need to view the videos in that order,
nor did they need to completeone set of videos before they couldmove on to
the next. To enhance the flexibility of the intervention, participants could
view videos anytime, anywhere at their discretion.

Compensation
Participants were compensated according to their individual completion of
five UDS and three questionnaires. Compensation occurred at three sepa-
rate time points: (i) at study qualification, (2) after post-measure completion
(week 4), and (iii) after follow-up completion (week 8). Participants were
compensated $15 for each UDS and survey, for a total possible compen-
sation of $120. Compensation was paid via online Amazon gift cards which
were delivered via email.

Measures
The severity of opioid use was measured using the validated 8-item self-
report RODS51. The first item prompts participants to report whether they
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have used any opioid over their lifetime. If the participant responds affir-
matively, they are directed to questions 2–8, which assesses cognitive,
behavioral, and physiological features associated with DSM-IV-defined
opioid dependence. A sum score of 3 on items 2–8 is used as a threshold for
opioid dependence. The RODS has demonstrated a sensitivity and speci-
ficity of 0.97 and 0.76, respectively, and a positive predictive value and
negative predictive value of 0.69 and 0.98, respectively51.

Anxiety severity was measured using the 14-item GAD-Q-IV
measure78, a self-report instrument for GAD based on the DSM-IV cri-
teria. Items 1–5 on the GAD-Q-IV assess the frequency, intensity and per-
ceived control of excessiveworry, aswell as topics ofworry. Items7–12assess
the DSM-IV-defined associated features of GAD over the last 6 months.
Items 13–14 assess the degree of impairment and dysfunction associated
with the symptoms. The GAD-Q-IV has a demonstrated sensitivity and
specificity of 0.83 and 0.89, respectively, and exhibits robust convergent and
discriminant validity, as well as test-retest reliability78. Kappa agreement
compared to a structured interview diagnosis of GAD was 0.6778.

Opioid cravings were measured using the 3-item OCS, a modified
version of the robustly-validatedCocaineCraving Scale79. TheOCS includes
three items on a 0–10 scale pertaining to the intensity of opioid cravings and
the subjective likelihood of use in high-risk contexts. The OCS has
demonstrated strong predictive validity, with a 17% higher odds of using
opioids for each 1 point increase in cravings80. Further, a generalized version
of the cravings scale showed strong internal consistency (Mcdonald’s
omega = 0.80) for opioids, as well as factor loadings >0.60 for all three items.
The generalized craving scale also exhibits strong concurrent and dis-
criminant validity52.

The severity of depression was evaluated using the Patient Health
Questionnaire for Depression (PHQ-9)49, a well-validated 9-item self-report
instrument. The PHQ-9 prompts participants to assess their depressive
symptomsover thepreceding2weeks, utilizingaLikert scale that ranges from
0 to 3, where 0 denotes “Not at all” and 3 denotes “Every day”. Consequently,
the total score varies from0 to27,with a threshold of 10oftenused to indicate
MDD. The PHQ-9 shows robust construct and criterion validity; a sum-
mative score of 10 or higher displays an 0.88 sensitivity and specificity when
compared with an interview conducted by a mental health professional49.

All study participants were asked to completed either a 12 panel drug
screen [testing for tetrahydrocannabinol (THC), cocaine (COC), oxycodone
(OXY), methyl enedioxy methamphetamine (MDMA), buprenorphine
(BUP), opioids (MOP), amphetamines (AMP), barbiturates (BAR), benzo-
diazepines (BZO), methamphetamine (MET), methadone (MTD), and
phencyclidine (PCP)], or a 6-panel drug screen if their state prohibited full
panel testing (testing for AMP, BZO, COC, MOP, OXY, and THC). The
MOP assay had sensitivity to morphine, codeine, hydrocodone, hydro-
morphone, morphine 3-β-D-glucuronide, 6-monoacetylmorphine, normor-
phone, oxycodone, oxymorphone, and thebaine. They were mailed a box
containing five drug screens at baseline and asked to complete a total of five
tests over the 8 week study period. These occurred at baseline andweeks 2, 4,
6, and 8. Participants were reminded of each drug screen and instructed to
take a photograph of their UDS cup and upload it via a secure Qualtrics
survey.UDS results were interpreted and coded by trained research assistants
under the supervision of a medical doctor. A subset (67%) of drug screens
were checked by two independent raters for quality assurance.Over the study
population, analysis of within and between group differences across 4
(baseline topost-study) and8 (baseline to follow-up)weeksofMTDandBUP
positive screens on UDS were used to determine MOUD adherence.

Using a star-based rating system, scaled from 1 to 5 (1 = the worst,
5 = the best), we allowed participants to provide feedback on both their
overall satisfaction with the app andwith their belief that the app, including
the video interventions, could help them with their depressive and anxiety
symptoms.

Statistical analyses
The dataset was first separated into two groups: the waitlist (control) group
and the experiment (treatment) group. This separation allowedus to handle

each group separately during the imputation process, ensuring that the
imputation was conductedwithin the context of each group and affording a
greater ability to capture the inherent variability within the respective
groups.Missing data poses a challenge in statistical analyses, as it can lead to
biased estimates if not addressed appropriately. In order to account for
missing data, the multivariate imputation by chained equations (MICE)
method via the mice package in R (v4.10) was employed. Broadly, this
technique allows for the replacement of missing values withmultiple sets of
plausible values, reflecting the uncertainty around the true value. Accord-
ingly, 30 estimated datasets were generated through MICE and were sub-
sequently modeled in parallel.

Following the imputation process, we fit 30 robust linearmixed-effects
models to the data for each outcome using the robustlmm package in R. The
robust linear mixed-effects models offer several advantages over traditional
linearmixed-effectsmodels. Primarily, they are less sensitive to the presence
of outliers or contamination in the data. This robustness ensures that our
estimates remain reliable even in the face of extreme observations, which
could otherwise skew the results. The fixed effects part of our model
included thebaselinemeasureof theoutcomevariable (Baseline) as a control
to look specifically at deviations from where participants started, the
interaction between PrePost (before or after intervention) and Condition
(control or treatment), as well as the interaction between PreFollowup
(before or after follow-up) andCondition. These interactions allowed for the
examination of the differential effects of the intervention over time, both
between and within the two groups. The random effects accounted for
participant (ID) variation in trajectories across time points. This random
structure enabled an ability to capture the inherent variability between
subjects and their response to the intervention over time. Note that the
intercept was also removed (−1) from both the fixed and random effects
prior to modeling. To pool the results of these models across imputed
datasets, the lmerpool() function in the miceadds R package was applied
after custom translation for use in robust linearmixedmodels. As described
above, each robust linear mixed-effects model was of the following form:

outcome ¼ �1þ Baselineþ PrePost*Conditionþ PreFollowup*Condition

þ ð�1þ TimejIDÞ
ð1Þ

For all passive sensing data (15 features; see Supplementary File 1), we
fit 30 generalized additive mixed models for each outcome of interest using
themgcv package in R. Each participant (ID) and their time since the study
started (StudyTime) were modeled as fixed and random effects. The default
thin plate factor smooth (bs = “tp”) was used for StudyTime, while a factor
smooth (bs = fs) was used for StudyTime and ID. The ID variable was also
treated as a random effect (bs= “re”). To pool results across imputed
datasets, the lmerpool() function in the miceadds R package was applied.
The structure of each generalized additive mixed model took the following
form:

outcome∼ sðStudyTime; bs ¼ “tp”Þ þ sðID; bs ¼ “re”Þ
þsðStudyTime; ID; bs ¼ “fs”Þ ð2Þ

Subsequent tomodeling, Cohen’s d effect sizes for various contrasts
of interest, including between-group differences at Pre–Post and
Pre–Followup, as well as within-group differences at Pre–Post and
Pre–Followup were calculated based on Judd et al.81. These effect sizes
provided a standardized measure of the magnitude of the intervention’s
effect on the outcome variable, enabling us to assess the clinical or
practical significance of the results.

Data availability
The data analyzed herein contain potentially identifiable protected health
information and therefore are not shared openly by the study team. For
inquiries about the data, please contact the corresponding author by email:
michael.v.heinz@dartmouth.edu.
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Code availability
The code used for analysis presentedherein is available on request. Requests
for code can be submitted via email to the corresponding author by email:
michael.v.heinz@dartmouth.edu.
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