

[image: image1]
Use and perceived usefulness of a just-in-time resonance breathing intervention adjunct for substance use disorder: Contextual and physiological predictors












	
	TYPE Clinical Trial
PUBLISHED 07 September 2022
DOI 10.3389/fpsyt.2022.945751






Use and perceived usefulness of a just-in-time resonance breathing intervention adjunct for substance use disorder: Contextual and physiological predictors

Julianne L. Price1,2, Marsha E. Bates1,2, Anthony P. Pawlak1, Sarah Grace Uhouse1,3, Sabrina M. Todaro1,4, Julie Morgano1 and Jennifer F. Buckman1,2*


1Cardiac Neuroscience Laboratory, Center of Alcohol and Substance Use Studies, Rutgers University—New Brunswick, Piscataway, NJ, United States

2Department of Kinesiology and Health, Rutgers University—New Brunswick, Piscataway, NJ, United States

3Department of Psychology, Rutgers University—New Brunswick, Piscataway, NJ, United States

4Department of Psychology, College of Health Sciences, University of Rhode Island, South Kingstown, RI, United States

[image: image2]

OPEN ACCESS

EDITED BY
Morten Hesse, Aarhus University, Denmark

REVIEWED BY
Domenico De Berardis, Mental Health Center (CSM) and Psychiatric Service of Diagnosis and Treatment (SPDC), Italy
 Snehil Gupta, All India Institute of Medical Sciences Bhopal, India

*CORRESPONDENCE
 Jennifer F. Buckman, jbuckman@rutgers.edu

SPECIALTY SECTION
 This article was submitted to Addictive Disorders, a section of the journal Frontiers in Psychiatry

RECEIVED 16 May 2022
 ACCEPTED 29 July 2022
 PUBLISHED 07 September 2022.

CITATION
 Price JL, Bates ME, Pawlak AP, Uhouse SG, Todaro SM, Morgano J and Buckman JF (2022) Use and perceived usefulness of a just-in-time resonance breathing intervention adjunct for substance use disorder: Contextual and physiological predictors. Front. Psychiatry 13:945751. doi: 10.3389/fpsyt.2022.945751

COPYRIGHT
 © 2022 Price, Bates, Pawlak, Uhouse, Todaro, Morgano and Buckman. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



Craving for alcohol and other drugs is often described as a momentary hyperarousal state that interferes with one's ability to use top-down strategies. As such, it may be best interrupted ‘in the moment' through bottom-up modulation. We recently reported that episodic resonance paced breathing (eRPB) delivered via mobile phone app as an add-on to outpatient treatment for substance use disorder (SUD) was effective at dampening craving over the course of an 8-week intervention (NCT#02579317). However, not all participants engaged with the eRPB app and there was high intra- and inter-individual variability in weekly ratings of usefulness. Here we examined baseline demographic, physiological, and psychiatric measures as well as time-varying exposure to positive, negative, and temptation craving triggers as predictors of frequency of eRPB app use and ratings of usefulness. Seventy-seven outpatient women were randomized to an eRPB (0.1 Hz) or a faster paced breathing sham (0.23 Hz) condition. Baseline measures were assessed within the first 3 weeks of treatment entry prior to randomization. App use frequency, ratings of usefulness, and trigger exposure were measured weekly throughout the intervention. Variables were entered into marginal means models with forward stepwise model selection and examined as predictors of use and usefulness. Frequent app use was associated with a lifetime alcohol use disorder (AUD) diagnosis (p = 0.026), higher ratings of usefulness (p < 0.001), and fewer exposures to positive triggers (e.g., celebration, socialization; p < 0.001). There was a trend-level association between frequency of app use and greater cardiovascular capacity at baseline (p = 0.088). Higher ratings of usefulness were associated with greater exposure to negative triggers (e.g,. loneliness, frustration; p < 0.001) and parasympathetic dysregulation at baseline (p = 0.05). A positive relationship between app use frequency and ratings of usefulness was present only in the eRPB group (p = 0.045). Matching ideal candidates and moments to an arousal modulation anti-craving intervention can help streamline screening and implementation of eRPB in the treatment of SUD.

Clinical Trial Registration: https://clinicaltrials.gov/ct2/show/NCT02579317, identifier NCT02579317.
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Introduction

Craving for alcohol and other drugs is a core feature of substance use disorder (SUD) and a primary interrupter of recovery (1, 2). The experience of craving is complex and involves intense emotionality, behavioral activation, and autonomic physiological experiences that can block higher order cognitive processes (3–7). Physiologically, craving is marked by a shift toward sympathetic control, including increased heart rate (HR) (8, 9) and blood pressure (9, 10), decreased heart rate variability (HRV) (11, 12), and rapid respiration (13, 14). Bottom-up communication of these physiological correlates of craving can persist for hours (15–17), disengage top-down processes (18–20), and promote unintended substance use (7, 21, 22). A number of pharmacological and psychological anti-craving interventions have received empirical support (23–27). Supplementation by a just-in-time, bio-behavioral intervention that interrupts the relay of visceral craving signals from the body to the brain theoretically could create a temporal window for an individual to recruit top-down processes in risky contexts and thereby enhance existing approaches to support recovery in everyday life (20, 28–32).

HRV biofeedback, a bottom-up intervention used to dampen arousal, slows and paces respiration to drive vagally-mediated HR oscillations (~0.2–0.33 Hz) to match the periodicity of the HR baroreflex (~0.1 Hz) (33–35). In doing so, immediate increases in HRV and baroreflex sensitivity as well as decreases in BP and sometimes HR are observed (34, 36). All of these changes are indicators of parasympathetic control and likely underlie the beneficial effects of HRV biofeedback on stress/arousal (37, 38) and reactivity to appetitive cues (39–41). In addition, HRV biofeedback activates central-autonomic neural pathways that convey cardiovascular information to multiple cortical centers (42); this feedforward path has been proposed to underlie decreased craving for alcohol and other drugs (30, 43–47).

Standard HRV biofeedback is a clinician-guided intervention that requires a trained practitioner to lead a series of breath-based exercises to identify one's unique resonance frequency (i.e., the precise frequency of the periodicity of an individual's HR baroreflex; range: 0.075–0.12 Hz). Individuals are then instructed to practice breathing at their resonance frequency on their own time, usually with the aid of photoplethysmography (PPG) to visually synchronize respiration and HR oscillations; they return weekly for in-person practitioner-guided sessions. The duration of HRV biofeedback involvement, number of in-person sessions, and frequency of self-practice vary, but generally individuals complete weekly in-person visits for 2–10 weeks paired with 5–30 minutes of daily self-practice (45, 48). Self-guided episodic resonance-paced breathing (eRPB) is a parallel, but less intensive intervention strategy that leverages the respiratory strategies of HRV biofeedback. This intervention requires individuals to pace their breath to 0.1 Hz to approximate the resonance frequency of the HR baroreflex (36, 49). Without the assistance of a practitioner, eRPB can be used in the real world through mobile health platforms, allowing the active ingredient of HRV biofeedback to be implemented in daily life.

The utility of a just-in-time intervention like eRPB relies on self-administration of the application. Individual-level factors such as age, general health, mood, and baseline physiological traits have been associated with level of engagement with just-in-time interventions (39, 48, 50); and while racial and ethnic minority individuals find personalized interventions promising (51, 52), societal barriers continue to limit access and decrease enthusiasm for their implementation (53, 54). These studies suggest a need for more research aimed not only at whether a just-in-time intervention is efficacious, but also at quality of implementation, including who uses it, when it is used, and whether it is found to be useful.

The current analyses used data from a randomized clinical trial (RCT) of an adjunctive eRPB intervention for women attending an outpatient behavioral treatment program for SUD. Our initial report on clinical outcomes found improvements in craving that varied with the frequency of eRPB use during intervention weeks in this sample, compared to a breathing sham control group (55). Here, we focused on a complimentary aim of the RCT that addressed when and for whom the eRPB intervention was most useful. We examined a series of a priori baseline demographic, substance use, and physiological characteristics as well as time-varying exposure to triggers for substance craving to predict two metrics of utility: frequency of use and self-reported usefulness of eRPB. Based on previous reports that relate age, health, and baseline physiology with use of technology-based interventions, we hypothesized that younger age, greater basal cardiovascular dysregulation, and metrics of poor health would be associated with more frequent use and higher ratings of app usefulness. We further evaluated time-varying predictors of app utility in line with its intended use in daily life. Given that negative emotionality is commonly cited as a trigger to relapse (56, 57), particularly in women (58), it was hypothesized that increased exposure to negative craving triggers (e.g., loneliness, experiencing conflict, feeling shaky) would be associated with greater use and usefulness of an arousal modulating intervention compared to positive affect triggers (e.g., celebration, socialization).



Materials and methods


Trial design

The Project IMPACT (In-the-moment Protection Against Craving Triggers; NCT#02579317) design used a parallel-assignment RCT to test whether self-administered, in-the-moment, resonance breathing episodes would improve outcomes for women receiving SUD treatment. Urn randomization was used to assign participants to either the eRPB or sham breathing intervention to maximize the probability of balanced groups with regard to important prognostic characteristics [age 18–30, >30 years; alcohol use disorder (AUD) or other substance use disorder (SUD) diagnosis]  and to preserve unpredictability/allocation concealment. The protocol was approved by and conducted in accordance with the Institutional Review Board for the Protection of Human Subjects Involved in Research.



Recruitment and sample characteristics

Participants were recruited between November 2015 and March 2020 from a community outpatient substance use treatment facility that offered a continuum of care for women. This client-centered facility used evidence-based treatment approaches that optimize clinical care for women and their children including seeking safety (59), motivational interviewing (60), and child parent psychotherapy (61). Consecutive admissions to the program were invited to take part in an 8-week paced breathing study with two arms: 6 breaths per min (eRPB) or 14 breaths per minute (sham breathing control). Inclusion criteria included age between 18 and 65 years, the ability to provide informed consent and complete breathing tasks, and not pregnant. Women who qualified as having a current or lifetime SUD (alcohol included) were included in the study. Six women had achieved more than 30 days of abstinence at the time of enrollment. Women who exhibited severe mental health symptoms did not qualify for the intensive outpatient program; no further psychiatric criteria were applied.

A timeline of study involvement and relevant measures can be seen in Figure 1. As part of the intake evaluation, clinicians administered the New Jersey Substance Abuse Monitoring System (NJSAMS), a clinical interview conducted by all NJ state-funded treatment facilities that collects demographic information, substance use history, financial status, medical history, and clinical information to help treatment providers identify the appropriate treatment level for clients. At initial research contact, all participants provided written informed consent (n = 107). Participants then completed demographic and health screening information (week 1). During week 2, a trained, graduate-level clinical researcher administered the alcohol and substance use disorder sections of the Structured Clinical Interview for DSM-5 [SCID-5 (62)] to verify diagnoses, the Mini International Neuropsychiatric Interview (MINI) 7.0 (63) to assess psychiatric comorbidities, and the Inventory of Drug Taking Situations [IDTS (64)], which identifies positive, negative, and temptation-related triggers for substance use. The following week, the researcher returned to administer a 90-day TimeLine Follow Back in-person interview [TLFB (65)] that assessed alcohol and other drug use (opiate, stimulant, nicotine, cannabis, hallucinogens); craving scale [Penn Alcohol Craving Scale (PACS) (66)], and depressive and anxiety symptoms inventories [Beck Depressive Inventory, BDI (67) and Beck Anxiety Inventory, BAI (68)]. An in-laboratory session was then scheduled.


[image: Figure 1]
FIGURE 1
 Timeline of study involvement and relevant measures. NJSAMS, New Jersey Substance Abuse Monitoring System; Structured Clinical Interview for DSM-5; BDI, Beck Depressive Inventory; BAI, Beck Anxiety Inventory; VAS, Visual Analog Scale.


Of the 107 consented participants, 4 did not meet criteria and were excluded from the study, 17 dropped out of treatment and study procedures prior to the baseline in-lab assessment, and 6 withdrew from study procedures, but remained in treatment. Due to the pandemic-related suspension of non-essential human subjects research in March 2020, three participants were discontinued prior to data collection and study enrollment was terminated before the full target sample could be recruited. Seventy-seven participants completed the baseline in-lab cardiovascular assessment and were randomized. Seven discontinued treatment and study involvement after randomization but before app use data collection. Four participants had unusable baseline cardiovascular data. Time-varying covariate data were missing for four participants. The final sample for the current analyses included 62 participants. Thirteen women reported on the weekly usefulness measure but failed to provide their phone for data uploads and thus are missing app use frequency data. The CONSORT flow diagram is presented in Figure 2.


[image: Figure 2]
FIGURE 2
 CONSORT enrollment diagram. *Participants remained in the study and reported on usefulness of the intervention but did not return iPhone for app usage data download. Participants are included in model of Usefulness but not Use Frequency.




Pre-intervention laboratory phase

During the laboratory session, participants were given a light lunch and completed questionnaires and cognitive tasks [Not reported here; see Supplementary material in Price et al. (55)]. Participants then were seated comfortably in front of an LCD TV screen. A standard lead II configuration (arm & ankle) was used for electrocardiogram (ECG) measurement. A cuff sensor for beat-to-beat blood pressure measurement was placed around the second phalange of the right middle finger. A stretch belt with piezoelectric sensors for respiratory measurement was set around the chest. ECG, respiration, and blood pressure were continuously acquired at a 2,000 Hz sampling rate using PowerLab Acquisition System (ADInstruments, Colorado Springs, CO) and Finometer MIDI (Finapres Medical Systems, Enschede, Netherlands). Data were post-processed prior to analysis using WinCPRS software (Absolut Aliens Oy, Turku, Finland) to manually modify artifacts and missed or irregular beats by interpolation from other physiological signals. Frequency domain indices were computed from spectral analysis after cubic interpolation of the equidistant waveform and 4 Hz resampling.

Participants were asked to take 5 breaths into a calibration tube (completely filling and then emptying the bag of air) to calibrate respiratory volume. ECG, blood pressure, and respiration data were then recorded during three 5-min tasks. Baseline: A rectangle presented in the center of the TV screen changed color every 10 seconds and participants silently counted the number of blue rectangles (69). Sham Breathing: Participants breathed at a rate of ~14 breaths/min following a visual pacer (E-Z Air, Biofeedback Foundation of Europe, Montreal, Canada). They inhaled as the pacer moved vertically up and exhaled as it moved down. Resonance Breathing: Participants breathed at a rate of 6 breaths/min following the visual pacer to inhale as the pacer moved up and exhale as it moved down.

After completion of the physiological recording, participants were randomized into the eRPB or sham breathing group. Participants were given an iPhone programmed with CameraHRV [© Marco Altini, Amsterdam, Netherlands], an app that uses PPG in combination with a breathing pacer. Participants in both groups were instructed on how to open the app, enter the reason that prompted their app use, place their index finger over the camera lens to capture pulse data, and follow the app's pacer (inhaling as the vertical breathing bar moved up and exhaling as it moved down). The pacer was preset at 6 breaths per minutes for the eRPB group and 14 breaths per minute for the sham group. Randomization was double blind; iPhone app programming (eRPB vs. sham) was conducted by one unblinded researcher. Participants were asked to use their app for 5 min any time they anticipated or experienced a trigger and/or any other reason that might encourage them to drink or use drugs. In the event no such situations were encountered, participants were asked to use the app at the end of the day for 5 min. Preliminary observations of the PPG data suggested that participants breathed at the frequencies assigned to them during their self-initiated episodes of app use.



Intervention

Participants were engaged in the intervention phase of the study for 8 weeks. The primary variables for the current analyses were collected during this phase. Research personnel met with participants weekly to upload app use data and collect self-report measures. Participants completed four Visual Analog Scale (VAS) questions to assess how much they were triggered by positive, negative, and temptation cues (per the IDTS cue categorization), and their perceived usefulness of the app. Participants also completed the Positive And Negative Affect Scale (PANAS) (70), PACS, and TLFB since last visit.



Statistical approach

Analyses were conducted using SAS 9.4 (Cary, NC: SAS Institute Inc). Demographic and substance use comparisons of the eRPB and sham groups were conducted using ANOVA and chi-square.

Two measures of eRPB utility served as dependent variables in marginal means models: number of app uses per week as recorded from the iPhone app and weekly VAS ratings of usefulness. Traditional Intent-to-Treat analyses were not performed due to the seven participants with no outcome data points. Instead, maximum likelihood estimation was used to retain participants who were missing some, but not all, outcome data. Figure 3 depicts the week-to-week changes in both dependent variables, demonstrating a high degree of within- and between-subjects variability to be explained. Fixed predictors were extracted from the screening session [age, race (1 = Black, 0 = not Black), and frequency of exercise (weekly, monthly, or not at all)], the NJSAMS interview (existence of a current chronic medical condition), the SCID (lifetime AUD and SUD diagnoses), and the pre-intervention assessment [depressive and anxiety symptoms (BDI, BAI), cardiovascular parameters]. Cardiovascular predictors included mean power of high frequency (HF) HRV (0.15–0.40 Hz) during the baseline task, an index of resting parasympathetic activity, κ and peak power achieved at 0.1 Hz during resonance breathing, a proxy for baroreflex activity. Weekly VAS assessment of positive, negative, and temptation triggers during the intervention phase were included as time-varying predictors.


[image: Figure 3]
FIGURE 3
 (A,B) Individual trajectories of app use frequency and ratings of usefulness across the 8-week intervention. Raw values of VAS ratings are shown.


VAS questionnaires were scaled 0–100. Arcsin square root transformation [image: image]), was applied to all four VAS scales (Positive, Negative, and Temptation Triggers, Usefulness); this transform is a variance standardizing procedure for percentage (p) data (71). The natural log was taken of all physiological variables as is standard practice. Multicollinearity was assessed by first examining the bivariate correlation matrix and flagging correlations r ≈> 0.70 (72). Second, the specified dependent and independent variables, including interactions with condition randomization, were initially run in an ordinary least squares (OLS) regression model to examine the tolerances and variance inflation factors (VIF) for each entry in the regression equation.

Marginal means models were fit with a forward stepwise model selection procedure informed by fit indices (−2 log likelihood). Predictors that did not significantly improve model fit (non-significant X2) were dropped from the model. Model fit comparisons can be seen in the Table 1 noting which predictors were retained and which predictors were dropped from each model. All predictors were entered individually. Fixed demographic and health variables were entered first (age, race, exercise, medical condition), followed by substance use and affect variables (AUD/SUD, BDI, BAI), physiological indices (resting HF HRV, peak 0.1 Hz during resonance breathing), and then time-varying covariates (weekly negative, positive, and temptation triggers). The two dependent variables were hypothesized to be highly related and predictive of each other (i.e., frequency of use would be influenced by perceived usefulness; perceived usefulness would be influenced by the frequency of use). Thus, each dependent variable was entered into the opposing model as a time-varying predictor. Condition (eRPB vs. sham) and its interaction with all variables that remained in the model were then entered in the same manner. Robust standard errors were specified. Statistically significant effects (α = 0.05) are reported in-text with raw regression coefficients, t-statistics, and p-values.


Table 1A. Model fit statistics (compared to previous row): App use frequency.

[image: Table 1]


Table 1B. Model fit statistics (compared to previous row): Usefulness.
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Results


Multicollinearity

The bivariate correlation matrix can be seen in Table 2. A number of predictors were modestly associated with one another (r < 0.5). Scores on the BDI and BAI were correlated (r = 0.69) as were mean VAS trigger scales (Negative, Positive, Temptation, r = 0.32–0.58). VIF of main and interactive effects were well-below 10 and ranged from 1.55 to 8.71 [with the exception of condition, which was included in the calculation of interaction terms and thus had high collinearity with each interaction predictor (VIF≤ 16.63)]. All planned predictors were maintained in the analyses.


TABLE 2 Demographics and bivariate correlation matrix.

[image: Table 2]



Frequency of app use

A summary of significant findings can be seen in Table 3. Two baseline characteristics were associated with app use frequency. More frequent use was significantly associated with having an AUD diagnosis (ß = 2.41, t35 = 2.32, p = 0.026) and associated at a trend level with a higher peak 0.1 Hz index during resonance breathing (ß = 0.568, t35 = 1.75, p = 0.088). Of the time-varying covariates, more frequent use was associated with fewer weekly exposures to positive triggers (ß = −1.11, t238 = −3.46, p < 0.001) but high weekly ratings of app usefulness (ß = 1.35, t238 = 3.46, p < 0.001). The residual r2 determined that the final model accounted for 41% of the within-subject variance.


TABLE 3 Standardized beta weights of significant predictors.

[image: Table 3]



Ratings of app usefulness

High ratings of usefulness were associated with both lower basal high frequency HRV at intake (ß = −0.150, t33 = −2.01, p = 0.05) and greater weekly exposure to negative triggers (ß = 0.508, t(241) = 4.48, p < 0.001). There was a significant interaction between frequency of use and condition; more frequent use was predictive of higher ratings of usefulness only in the eRPB group (Figure 4, ß = 0.830, t(241) = 2.01, p = 0.045). The residual r2 suggested that the final model accounted for 50% of the within-subject variance.


[image: Figure 4]
FIGURE 4
 Relationship between app use and ratings of usefulness by condition.





Discussion

The accessibility of eHealth platforms is a powerful advancement for the delivery of just-in-time interventions to potentially reduce the influence of daily life triggers on substance use behavior. This study sought to identify factors that affect compliance with the use of an app-based breathing intervention as well as its perceived usefulness in dampening alcohol and drug craving in-the-moment in women receiving outpatient treatment for SUD. Identifying individuals who may be most likely to use app-based interventions can contribute to efficient screening (i.e., person-intervention matching) and support aftercare planning that best promotes long term recovery. Further, triangulation of app use with its perceived usefulness can provide information about internal and contextual moderators of eRBP's effectiveness for craving blockade.

The results of the current analyses supplement our prior demonstration of the efficacy of eRPB as an anti-craving, just-in-time, bottom-up intervention. They provide several notable observations about who engaged in the study paradigm and for whom it was most useful. Perhaps most compelling was the observation that participants in the eRPB group, but not the sham breathing group, who used the app more frequently rated the app as most useful for countering triggers of substance craving. The sham control condition had high face validity and paced respiration within the lower range of normal respiration rates. That the association between use and usefulness was limited to the eRPB group supports the study's hypothesis that it is the activation of the HR baroreflex system, as opposed to a general calming or distraction effect of paced breathing, that dampens arousal and stabilizes craving.

Beyond this support for eRPB's ability to activate putative physiologic mechanisms of behavior change, the present results suggest that a number of state-level physiologic factors influence acceptability and usefulness of the app in the sample as a whole. Women who entered the intervention with lower resting parasympathetic activity found the app to be more useful. This makes intuitive sense from a physiological perspective as women with signs of autonomic dysregulation would be most likely to benefit from an intervention aimed at modulating autonomic arousal, and is also consistent with our previous study that showed lower basal HRV was a predictor of HRV biofeedback efficacy (39). There was also a trend for women who generated larger responses to eRPB during their initial laboratory visit to use the app more frequently; again, this makes intuitive physiological sense in that when an app accomplishes what it sets out to do (in this case, maximizing heart rate oscillations), it is more likely to be used. Several factors, however, can influence the 0.1 Hz HRV peak obtained during eRPB (45, 73); thus, more research with larger samples is needed to discern the effects of sex, race, and ethnicity. Larger samples may further identify momentary factors related to the intervention's efficacy. Nonetheless, this study found evidence of pre-intervention physiological predictors of app utility, suggesting that simple, brief cardiovascular assessments at intake could help identify those who are mostly likely to benefit from an eRPB add-on to treatment to mitigate craving and support long-term recovery.

Importantly, the strongest predictors in both models were contextual in nature. Weeks of high exposure to negative triggers were associated with high ratings of usefulness. In contrast, weeks with high exposure to positive triggers were associated with less frequent use. eRPB is designed as a just-in-time intervention that is non-invasive and easy to perform in the context of daily life, without expensive equipment or the need for clinical supervision. The identification of time-varying predictors of frequency of app use and self-reported ratings of app utility supports eRPB as such an intervention. Furthermore, considered in the context of our prior studies linking eRPB and HRV biofeedback to craving modulation (39, 48, 55, 74) and the widely held perspective of craving as a highly contextual state (as opposed to trait) factor (75, 76), it is perhaps unsurprising that the greatest predictors of app use and usefulness are the equally dynamic daily life triggers that a person navigates during recovery.

A previous study of a traditional, clinician-led course of HRV biofeedback in a college recovery sample found that within-person variations in depression symptoms (i.e., weeks when symptoms were higher than the person's average level) significantly contributed to the prediction of craving during an 8-week intervention (74). We thus hypothesized that mood would influence how useful the app would be in the face of craving, or how frequently participants would use it. However, we found no relationship between depression symptoms and participants' frequency of use or reported usefulness of the resonance breathing app. A likely explanation for the difference is that mood is a similarly dynamic state that fluctuates in tandem with craving. Alayan and colleagues found a significant effect of within-person variability in weekly BDI, but not mean-level between-subjects BDI, on craving. The current study assessed BDI at the initial assessment, and not continuously throughout the intervention. Regular monitoring of mood states in conjunction with craving may therefore be necessary to clarify times when the resonance breathing app may be most beneficial.

Control of craving is an important but complex intervention target. Biobehavioral interventions such as eRPB may be valuable as components of a comprehensive treatment regimen along with pharmacological and other behavioral interventions. Currently approved anti-craving medications, primarily naltrexone and acamprosate, have demonstrated therapeutic benefit (77, 78). Off-label use of anticonvulsants (topiramate, gabapentin) and atypical antipsychotics (aripiprazole) also appear to decrease craving (25, 26, 79). Although anti-craving medications remain under-prescribed, evidence suggests that they are mostly like to be effective when used in combination with psychological treatments (80); eRPB can be seamlessly integrated with pharmacological treatment to augment craving control.


Limitations and future directions

One a priori predictor was not included in analyses or reported here. Upon launching the resonance breathing app, participants were prompted to enter the reason for use. Our intention was to code and categorize entries; however, women had difficulty naming their reasons for app use in the moment and the open text format of the prompts was not successful. It may be that the craving hyperarousal state sufficiently blocked cognitive processes and impeded participants' capacity to generate a free-response answer.

During the weekly in-person assessments, clinical researchers probed whether participants had difficulty using the breathing app, but responses were not recorded because this information primarily was used to solve technical issues. However, such qualitative data about the app's utility could help identify barriers to using the eHealth intervention. Such information is integral to dissemination and implementation and should be considered in future large scale trials.

The just-in-time self-administration aspect of the breathing app was a key component of the clinical trial. While women in the eRPB group who used the app more frequently found the app to be more useful, the mean number of uses per week was 4 (range 0–21), despite study instructions of at least daily use. There were possibly times when participants experienced craving and did not use the app, as well as days when craving triggers were not encountered. Recent computational modeling approaches using in-the-field autonomic signals, GPS indicators of trigger-heavy environments, and ecological momentary assessment (EMA) of subjective stress successfully predicted substance craving with a high degree of accuracy (16, 17, 81). Development of a neurocardiac intervention that is able to “ping” an individual to launch the resonance breathing app based on EMA and continuous physiological and location data may improve upon the self-administration model. This is a fertile area for future research.




Conclusion

eRPB, as a just-in-time, body-focused, anti-craving intervention has been shown effective in dampening craving. The ability to match patient phenotypes and momentary craving triggers with its utility optimizes use of continuously evolving intervention technology. These data provide implementation information to help identify treatment-seekers most suited for bottom-up arousal modulation. Brief assessment of baseline cardiovascular function and identification of momentary exposure to negative triggers may help target ideal candidates, and instances, of need to supplement treatment with resonance breathing.
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