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A B S T R A C T

Background: Despite effective treatments for opioid use disorder (OUD), relapse and treatment drop-out diminish 
their efficacy, increasing the risks of adverse outcomes, including death. Predicting important outcomes, 
including non-prescribed opioid use (NPOU) and treatment discontinuation among persons receiving medica
tions for OUD (MOUD) can provide a proactive approach to these challenges. Our study uses ecological 
momentary assessment (EMA) and deep learning to predict momentary NPOU, medication nonadherence, and 
treatment retention in MOUD patients.
Methods: Study participants included adults receiving MOUD at a large outpatient treatment program. We pre
dicted NPOU (EMA-based), medication nonadherence (Electronic Health Record [EHR]- and EMA-based), and 
treatment retention (EHR-based) using context-sensitive EMAs (e.g., stress, pain, social setting). We used 
recurrent deep learning models with 7-day sliding windows to predict the next-day outcomes, using Area Under 
the ROC Curve (AUC) for assessment. We employed SHapley additive ExPlanations (SHAP) to understand feature 
latency and importance.
Results: Participants comprised 62 adults with 14,322 observations. Model performance varied across EMA 
subtypes and outcomes with AUCs spanning 0.58–0.97. Recent substance use was the best performing predictor 
for EMA-based NPOU (AUC = 0.97). Life-contextual factors were best performers for EMA-based medication 
nonadherence (AUC = 0.68) and retention (AUC = 0.89), and substance use risk factors (e.g., nicotine and 
alcohol use) and self-reported MOUD adherence performed best for predicting EHR-based medication non
adherence (AUC = 0.79). SHAP revealed varying latencies between predictors and outcomes.
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Conclusions: Findings support the effectiveness of EMA and deep learning for forecasting actionable outcomes in 
persons receiving MOUD. These insights will enable the development of personalized dynamic risk profiles and 
just-in-time adaptive interventions (JITAIs) to mitigate high-risk OUD outcomes.

1. Introduction

The United States (US) has seen an exponential increase in drug 
overdose deaths since the 1990s, with opioids involved in over 80,000 
overdose deaths in 2022, a 19 % increase from 2020 (CDC WONDER). 
The cause of this increase is likely multifactorial, driven in part by the 
availability of higher potency synthetic opioids (Mattson et al., 2021). 
Opioid use disorder (OUD), characterized by frequent, non-prescription 
use of opioids impacting daily functioning and leading to symptoms such 
as cravings, withdrawal symptoms, and failure to fulfill role obligations 
(American Psychiatric Association, 2013), affects nearly 7 million adults 
in the US (Keyes et al., 2022); further, OUD accounts for over 1 billion in 
US spending annually (Luo, 2021). Apart from the societal economic 
burden, OUD causes tremendous individual suffering, associated with 
elevated rates of co-occurring mental, physical, and psychosocial 
problems, such as anxiety, depression, serious infections, loss of 
employment, and termination of parental rights (American Psychiatric 
Association, 2013; Howard & Guastaferro, 2019; White et al., 2020). 
Further, persons with OUD have a 20 times higher risk of death than 
those without (National Academies of Sciences, Engineering, and Med
icine, et al., 2019).

Importantly, effective and lifesaving medications for OUD (MOUD) 
exist, including FDA-approved products made with buprenorphine, 
methadone, and naltrexone. MOUD has robust evidence supporting its 
benefit, including reduced deaths by overdose (Ma et al., 2019), 
improved treatment retention, reduced risk of relapse, reduced risk of 
serious infection (MacArthur et al., 2012), and improvements in quality 
of life (Ponizovsky & Grinshpoon, 2007). Indeed, persons who start an 
MOUD have an 80 % reduction in all cause and overdose crude mortality 
rates (Ma et al., 2019).

For most, successfully maintaining recovery requires long-term 
treatment with MOUD (Kraus et al., 2011; Weinstein et al., 2017), 
with discontinuation increasing the risk of adverse outcomes, including 
relapse and death (Ma et al., 2019). A cascade of care framework for 
OUD, spanning detection in the early risk stage to maintenance and 
recovery, shows significant drop-off between stages (e.g., treatment 
retention to sustained recovery) (Yedinak et al., 2019). Unfortunately, 
the natural course of OUD is unstable and often characterized by low 
treatment retention and repeated relapse and remission (Fishman et al., 
2020). The causes of relapse and suboptimal retention in treatment are 
manifold, driven by complex psychosocial, physiologic, and environ
mental factors, with relapse itself being a risk factor for treatment 
discontinuation (Weinstein et al., 2017) in OUD. Other known 
substance-use risk factors include patient contextual factors, such as 
environmental cues and stressful life events, negative mood states, and 
withdrawal symptoms (Chalana et al., 2016; Chang & Raynor, 2021; 
Preston et al., 2017). It is of considerable public health importance to 
understand factors which contribute to relapse and treatment 
discontinuation.

While research to date has investigated risk factors for MOUD 
discontinuation and relapse (Chang & Raynor, 2021; Heiwe et al., 2011; 
Naji et al., 2016; Samples et al., 2018), many studies have focused on 
predominantly static, group-level factors, often assessed retrospectively. 
For example, Naji et al. (2016) found that the age onset of OUD and 
benzodiazepine use predicted relapse among patients receiving metha
done; Samples et al. (2018) found that male sex, younger age, and mi
nority race/ethnicity predicted discontinuation of buprenorphine 
treatment. While these findings are important in stratifying individual 
risk according to static, historical factors, they do not account for fluc
tuating risk states or account for the dynamic nature of addiction, which 

may be characterized by rapid temporal changes and influenced by 
contextual factors, mood states, and physiologic changes. Further, un
derstanding dynamic risk factors, which predict relapse or treatment 
discontinuation is a prerequisite for just-in-time adaptive interventions 
(JITAIs), which aim to deliver the right intervention at the right time, 
proximal to points of receptivity (Mishra et al., 2021; Perski et al., 
2022).

Ecological momentary assessment (EMA), the repeated sampling of a 
person's experiences and behavior in their natural environment 
(Shiffman et al., 2008) provides a promising approach to explore dy
namic risk factors for relapse, treatment retention, and medication 
nonadherence among persons with OUD. Indeed, many randomized 
controlled trials and observational studies to date have demonstrated 
the feasibility and acceptability of frequent EMA among persons 
receiving MOUD (Heinz et al., 2024; Alexander et al., 2023) and have 
begun to disentangle the complex dynamic relationships between opioid 
use outcomes, such as non-prescribed opioid use, and risk factors, such 
as cravings (Huhn et al., 2016; Mun et al., 2021), stress (Bertz et al., 
2022), mood and anxiety (Fatseas et al., 2018), and pain (Mun et al., 
2021). To our knowledge, most EMA studies to date have focused on 
only a subset of potential opioid risk factors and have been conducted 
outside of a predictive framework, important for developing personal
ized risk models.

EMA combined with deep learning methods, which have the capacity 
to model highly dimensional time series (Petneházi, 2019), such as that 
generated by multi-item EMA, have the potential to identify personal
ized markers that predict important outcomes in persons with OUD. In 
the present analysis, we use comprehensive app-delivered EMA prompts 
regarding contextual, psychological, and physiologic factors paired with 
deep recurrent neural networks (RNNs) to predict four outcomes: (1) 
self-reported non-prescribed opioid use (NPOU), (2) self-reported 
medication nonadherence, (3) objective medication nonadherence, 
and (4) retention in OUD treatment, the latter two outcomes objectively 
measured by data from the participant's Electronic Health Record 
(EHR). For interpretability, we trained a model for each outcome, for 
each of the twelve EMA subtypes (e.g., Withdrawal Symptoms, Last 
Hour Substance Use, Mood Symptoms). We hypothesized that EMA 
would predict outcomes with moderate performance (AUC > 0.70). 
Lastly, we used the SHapley Additive exPlanations (SHAP) method to 
explore the most influential input features across the 48 machine- 
learning models.

2. Methods

2.1. Participants

Participants (N = 62) were drawn from the National Institute on 
Drug Abuse (NIDA) Clinical Trials Network's “Digital Health to Under
stand Clinical Trajectories in Medication Treatment for Opioid Use 
Disorder (DTECT)” study (Marsch et al., 2022), approved with CTN- 
0084-A2 DTECT Study protocol; primary outcomes have been pub
lished previously (Campbell et al., 2023), including baseline de
mographics, which are summarized in Table 1. The DTECT study 
recruited adults who were enrolled in Kaiser Permanente Northern 
California (KPNC) Addiction Medication Recovery Services (AMRS) and 
undergoing outpatient treatment with buprenorphine MOUD for at least 
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two weeks in the date range of June 2020 to January 2021. Participants 
provided informed consent to participate in a 12-week study during 
which time they completed EMA prompts and provided permission for 
researchers to access EHR data regarding MOUD dispensation.1

2.2. Ecological momentary assessment

Participants were prompted with EMAs related to mental health, 
psychological state, and substance use three times daily. All EMA sub
types were conducted three times daily, unless otherwise specified.2

EMA subtypes included those relevant to sleep, MOUD adherence, stress, 
pain, substance cravings, substance withdrawal symptoms, substance 
use risk context, mood, locale and social context, substances used in the 
last hour, substances used over the last day, and momentary self-regu
lation.3 For a full list of EMA subtypes with respective abbreviations, to 
be used hereafter in the text, please refer to Supplemental Fig. 1. For a 
full list of EMA subtypes and their corresponding questions, please refer 
to Supplemental Table 1. All EMA responses were scaled to be between 
0 and 1, and dummy coding was used where necessary to create binary 
variables.

2.3. Outcomes

We analyzed four outcomes: NPOU, nonadherence to MOUD 
(measured by EMA), nonadherence to MOUD (measured by EHR), and 
treatment retention. NPOU was derived from the EMA: “Substance Use 
Over the Last Hour,” where participants were asked three times daily 
whether they had used any of nine substances over the last hour. If the 
substance was an opioid, including street methadone or street bupre
norphine, fentanyl, or heroin, a positive flag was set for NPOU for that 
EMA instance. EMA-based nonadherence to MOUD was derived from the 
EMA item, MED-ADHERE (reference Supplemental Table 1). EHR-based 
nonadherence to MOUD was derived from EHR data4 about medication 
dispensations. If a participant had no remaining medication on a 
particular day, based on previous dispensations and the expected daily 

consumption, they were flagged as non-adherent. If they still had 
medication left, they were labeled as adherent. Finally, regarding 
treatment retention, participants were considered to have been retained 
in treatment for 84 days if they had no long gap(s) in their MOUD 
coverage during the study. A one-day gap in coverage occurred when, on 
a specific day, a participant ran out of their buprenorphine supply, given 
past medication disbursements and expected daily intake. A “long gap” 
is a contiguous gap of 30 or more days in MOUD; if such gap(s) occurred, 
their treatment retention duration was defined to be the number of days 
prior to the first such gap.

2.4. Data preprocessing

We preprocessed the EMA data for each participant to construct a 7 
day (21 EMA) sliding window per person. Missing EMA information was 
coded with a missing value indicator (− 1) in the modeling pipeline. A 
sliding window of 21 or less EMA responses for days 1–84 (EMA re
sponses 1–252) resulted in a total of 231 windows for each person for 
each EMA type. For each EMA type, we stacked corresponding time 
windows for each participant. Thus, for each EMA type, each time 
window for all participants was represented by an array of size (62 
[participants] x 21 [EMA measurement points] x n [EMA features]), 
where n represents the total number of EMA questions for a particular 
EMA type). Please reference Supplemental Fig. 1 for a schematic rep
resentation of such a dataframe.

2.5. Missing data among input features

Given our goal to preserve the temporal dynamics in EMA data, we 
did not impute missing data among the input features. Rather, we 
inserted a missing value indicator (− 1) for each missing input data point 
prior to running the model. The missing value indicator approach 
allowed us to use all available data, without discarding incomplete time 
windows.

2.6. Missing data among outcomes

We replaced missing values in our NPOU outcome with positive use 
(1). This practice is common in OUD treatment studies because it pro
vides the most conservative estimate of treatment efficacy and NPOU 
(Biondi et al., 2020). In the same way, we replaced missing values in our 
EMA-based medication nonadherence outcome with non-adherence (1). 
However, to mitigate the undue influence of replaced outcomes on 
either parameter tuning or performance metrics, we imposed sample 
weighting5 during model training. The application of sample weights 
during model training reduced the importance of observations, i.e., in
dividual participant time windows, to an extent directly proportional to 
the amount of missing outcome values for that participant at that time 
window. For example, if a given participant was missing 10 % of their 
outcome values for a given time window, the sample weight for this 
observation would be 0.90.

Further, to avoid biasing our performance results, we excluded 
outcome predictions that corresponded to missing EMA-based outcomes 
when calculating performance metrics, including Area Under the 
Receiver Operating Characteristic Curve (AUC), Positive Predictive 
Value (PPV), Negative Predictive Value (NPV), Sensitivity, Specificity, 
and F1 Score (F1). This means we did not consider the model's pre
dictions for any imputed outcome label in the performance metric 
calculation. The remaining two outcomes, MOUD nonadherence and 
treatment retention did not require these considerations because none of 
their data points were missing; they were derived from the participants' 
EHR records.

Table 1 
Aggregate summary of baseline participant characteristics. N: Number of par
ticipants; + due to small cell sizes, we do not report gender identification other 
than male and female.

N %

All participants 62 100.00 %
Gender identity +

Female 29 46.77 %
Male 31 50.00 %

Age (years), mean (SD) 37.2 (13.3)
Ethnicity

Hispanic, Latino or of Spanish Origin 13 20.97 %
Not Hispanic, Latino or of Spanish Origin 49 79.03 %

Race
White 44 70.97 %
Non-white/More than one race 18 29.03 %

1 The interested reader can refer to Marsch et al. (2022) for further infor
mation regarding the DTECT study protocol.

2 The day was divided into 3 periods–morning, afternoon, and evening–and 
the prompts were delivered randomly within each time period. The prompts 
could be delayed an hour if the participant was preoccupied. Participants were 
also able to provide self-initiated EMAs, however these were excluded due to 
low volume.

3 It is important to emphasize that the self-regulation questions were inten
ded to measure in-the-moment self-regulation and were not an overall measure 
of trait self-regulation.

4 The interested reader can refer to Marsch et al. (2022) for more details 
about the KPNC AMRS treatment programs and the KPNC EHR. The health 
system from which participants were recruited maintained pharmacy infor
mation in the Virtual Data Warehouse.

5 We used the Keras model training API and applied the sample weight 
argument within the model.fit() method.
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2.7. Modeling approach and evaluation

Given our time-series data format, combined with our aim to use the 
raw data without extensive preprocessing, we used a deep recurrent 
neural network (RNN) architecture for modeling, specifically an RNN 
with gated recurrent units (GRU). Deep RNNs with GRUs have been 
shown to effectively model long and short temporal dependencies in 
time series data (Chung et al., 2014) and have been successfully used to 
model time-series data in mental health (Tlachac et al., 2022). We used a 
‘sequence to sequence’ modeling approach, where the input sequence 
comprised the predictor EMA subtype of shape [62 (persons) x 21 (EMA 
time points) x n (EMA features, where n was the number of individual 
EMA questions)] and the output comprised a sequence [62 (persons) x 
21 (EMA time points)] for NPOU or [62 (persons) x 7 (EHR-based time 
points, 1 per day)] for treatment retention, EMA-based MOUD adher
ence, and EHR-based MOUD adherence. Toward our exploratory pre
dictive aim, we created a one-day latency between predictors and 
outcome; given the small sample size, we alternated between training 
and evaluation across each successive time window, beginning with 
training and ending with evaluation. Evaluation was only performed on 
data previously unseen by the model to ensure generalizability and 
prevent overfitting.

For example (see Fig. 1.B), we trained our model using EMA features 
from the first time window (days 1–7) and outcomes from the second 
time window (days 2–8). We then evaluated our model using EMA 
predictors from days 2–8 and outcomes from days 3–9. Saving all model 
weights, we then updated our model weights by training on EMA inputs 
from days 2–8 and outcomes from days 3–9. We then evaluated our 
model on EMA inputs from days 3–9 and outcomes from days 4–10. We 
continued this process for the remaining time windows, comprising 84 
total days of participant EMA completion. Fig. 1.B. displays a schematic 
of our modeling pipeline. We used AUC as the primary performance 
metric, given its balance of true positive and false negative rate, and 
utility in binary classification tasks as compared to other performance 
metrics (Halimu et al., 2019; Ling et al., 2003). To provide a compre
hensive performance report, we also computed sensitivity, specificity, 
PPV, NPV, and F1.

2.8. Model interpretability

Although our methods permitted moderate interpretability by the 
nature of our analytic design using EMA subtypes, we additionally used 
SHapley additive ExPlanations (SHAP) analysis for finer model inter
pretability (Lundberg & Lee, 2017). In the context of our modeling 
approach, we used SHAP to determine the marginal contribution of each 
individual EMA item and hour of the day on the model's prediction. 
SHAP enables this interpretation by perturbing the values of a feature 
and assessing its influence on the model's predictions. SHAP values were 
calculated, the absolute value was taken, and these values were subse
quently averaged across persons resulting in a single value per feature 
per time point. This value corresponds to the relative influence of the 
feature at a particular time point on the model's prediction of either the 
negative or positive class.

3. Results

3.1. Study Participants

Participants comprised 62 adults receiving MOUD (Observations =
14,322), with the following self-reported baseline demographic 

characteristics: 50.0 % self-reported male, 46.8 % self-reported female, 
3.2 % are not reported6; mean age 37.2 years; 71.0 % White, 29.0 % 
Non-white or more than one race; 79.0 % Not of Hispanic, Latino or of 
Spanish Origin, 21.0 % of Hispanic, Latino, or Spanish Origin. NPOU 
was reported on 410 participant-days, attributable to 32 participants. 
There were a total of 191 reports of EMA-based medication non- 
adherence attributable to 34 participants. There were a total of 630 
EHR-based nonadherence events attributable to 29 participants. The 
mean percentage of days retained in treatment was 92.20 [86.37, 98.04] 
for all participants. As part of their treatment, participants engaged in 
scheduled group or individual encounters with the Addiction Medicine 
and Recovery Services Department with a mean length of 74 min. On 
average, participants completed a total of 13.16 visits (median = 13, SD 
= 10.35) during the study. The majority of these were video virtual visits 
(mean = 6.21, median = 3, SD = 8.58) and scheduled telephone visits 
(mean = 5.98, median = 5, SD = 5.56).

3.2. EMA missing data

Across EMA subtypes, the proportion of missing EMA data ranged 
from 0.29 to 0.32 for EMA-based medication nonadherence and sleep, 
respectively. The interested reader may reference Supplemental Table 2 
for detailed data by EMA subtype.

3.3. Modeling performance

3.3.1. Non-prescribed opioid use model performance
According to AUC, we found NPOU to be the most strongly predicted 

on average by all EMAs (AUC range = [0.62–0.97]) compared to other 
outcomes. Self-reported substance use over the last hour performed the 
best (AUC = 0.97 [0.96, 0.98]). Sleep and self-reported substance use 
over the last day perform the most poorly (AUC = 0.62 [0.59, 0.64]). 
Additionally, the negative predictive value for EMA-based NPOU was 
much higher than the positive predictive value across all EMA types. The 
PPV ranged from 0.10 to 0.77, while the NPV ranged from 0.94 to 0.99. 
All performance metrics for all EMAs are displayed in Table 2.

3.3.2. MOUD EMA-based nonadherence model performance
According to AUC, we found EMA-based medication nonadherence 

to be the least strongly predicted (AUC range = [0.58–0.68]) compared 
to all other outcomes. The CTXT and substance use over the last hour 
EMA subtypes performed the best (AUC = 0.68 [0.64, 0.73]). The SLEEP 
and substance use over the last day EMA subtypes performed the most 
poorly (AUC = 0.58 [0.53, 0.63]). Additionally, the negative predictive 
value for EMA-based treatment nonadherence was much higher than the 
positive predictive value across all EMA types. The PPV ranged from 
0.09 to 0.18, while the NPV ranged from 0.96 to 0.97. All performance 
metrics for all EMAs are displayed in Table 3.

3.3.3. MOUD EHR-based nonadherence model performance
According to AUC, we found the EHR-based MOUD nonadherence to 

be moderately predicted by EMA (AUC range = [0.73, 0.79]), compared 
to other outcomes. The SURF and medication adherence EMA subtypes 
performed the best (AUC = 0.79 [0.76, 0.81]). The SLEEP, WITHDWL, 
STRESS, and CRAVING EMA subtypes performed the most poorly (AUC 
= 0.73 [0.71, 0.76]). Additionally, the negative predictive value for 
EHR-based treatment nonadherence was much higher than the positive 
predictive value across all EMA types. The PPV ranged from 0.30 to 
0.71, while the NPV ranged from 0.92 to 0.94. All performance metrics 
for all EMAs are displayed in Table 4.

6 Two participants (3.2 %) self-reported “Non-Binary” or “Prefer not to 
report”. Summary statistics are not reported for participants who reported these 
gender identities because there were fewer than 5 participants who selected 
either of these categories.
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Fig. 1. (A) The EMA legend, describing the 12 EMA subtypes with their respective abbreviations. (B) Displays the schematic for our modeling pipeline. Note that a 
sequence to sequence gated recurrent unit (GRU)-based model is run alternately in training and prediction mode in order to train and evaluate performance. Note 
that the final sequence prediction (denoted by wide border) is removed and used for the performance evaluation (AUC is noted in the figure). Finally, note that the 
prediction used in evaluation always comprises unseen test data, which has not been used in model training at the time of prediction. The schematic drawn above 
shows the most general version of our modeling pipeline; note that for the EMA outcome, NPOU, our time window moved forward at the EMA level, rather than the 
day level.
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3.3.4. Treatment retention model performance
According AUC, we found the treatment retention outcome to be 

second to NPOU in overall modeling performance with EMA (AUC 
range = [0.73, 0.89]) with a narrower performance distribution than the 
first. The CTXT EMA subtype performed the best (AUC = 0.89 
[0.88,0.90]) of all EMA subtypes. The WITHDWL EMA subtype per
formed the most poorly (AUC = 0.73 [0.70, 0.75]), albeit still with 
moderate performance. Additionally, the positive predictive value for 
EHR-based retention was much higher than the negative predictive 
value across all EMA types. The PPV ranged from 0.95 to 0.98, while the 
NPV ranged from 0.25 to 0.60. All performance metrics for all EMAs 
subtypes are displayed in Table 5.

3.4. Results on model interpretability

3.4.1. Non prescribed opioid use SHAP analysis
Two primary trends in the relationship between individual EMA 

responses across time and NPOU were revealed via SHAP analysis. The 
first trend showed an short latency between EMA response and NPOU, 
most notably for CTXT (‘Now Walking’ and ‘Now at the Bar/Club’ 
items), SR (‘Thinking’ and ‘Enjoy Risk’ items), SURF (‘What if I Used’), 
and MOOD (‘Lively’, ‘Bored’, ‘Exhausted’, and ‘Uneasy’ items). Alter
natively, the second trend showed a clear gradient for a higher model 
influence the longer the duration since a response about STRESS (Stress) 
and PAIN (Level). Refer to Supplemental File 2 for SHAP plots of the 
items discussed herein.

Table 2 
Model performance metrics for NPOU prediction. AUC: Area under the receiving operator characteristic curve; C.I.: confidence interval; NPOU: Non-Prescribed Opioid 
Use; PPV: Positive predictive value; NPV: Negative Predictive value; F1: F1 Score.

EMA type Test set performance (NPOU)

AUC 95 % C.I. Sensitivity Specificity PPV NPV F1

SLEEP 0.62 (0.60, 0.64) 0.74 0.45 0.10 0.95 0.18
TODAY_USED 0.62 (0.59, 0.64) 0.54 0.64 0.12 0.94 0.19
MED_ADHERE 0.65 (0.63, 0.67) 0.75 0.46 0.11 0.95 0.19
PAIN 0.79 (0.77, 0.81) 0.59 0.84 0.24 0.96 0.34
WITHDWL 0.79 (0.77, 0.81) 0.57 0.93 0.43 0.96 0.49
STRESS 0.80 (0.78, 0.82) 0.71 0.76 0.21 0.97 0.32
CRAVING 0.82 (0.80, 0.84) 0.74 0.75 0.20 0.97 0.32
CTXT 0.90 (0.89, 0.92) 0.82 0.86 0.34 0.98 0.48
MOOD 0.91 (0.90, 0.93) 0.81 0.89 0.38 0.98 0.52
SR 0.92 (0.91, 0.93) 0.81 0.92 0.46 0.98 0.59
SURF 0.93 (0.91, 0.94) 0.84 0.91 0.44 0.98 0.57
HR_USED 0.97 (0.96, 0.98) 0.92 0.98 0.77 0.99 0.84

Table 3 
Model performance metrics for nonadherence to buprenorphine medication prediction, based on participant self-report. AUC: Area under the receiving operator 
characteristic curve; C.I.: confidence interval; PPV: Positive predictive value; NPV: Negative Predictive value; F1: F1 Score.

EMA Type Test set performance (medication nonadherence via EMA)

AUC 95 % C.I. Sensitivity Specificity PPV NPV F1

SLEEP 0.58 (0.53, 0.62) 0.42 0.75 0.09 0.96 0.15
TODAY_USED 0.58 (0.54, 0.63) 0.33 0.84 0.10 0.96 0.16
PAIN 0.60 (0.55, 0.64) 0.38 0.81 0.10 0.96 0.16
STRESS 0.62 (0.57, 0.66) 0.43 0.78 0.10 0.96 0.16
WITHDWL 0.63 (0.58, 0.67) 0.45 0.80 0.11 0.96 0.18
CRAVING 0.63 (0.58, 0.67) 0.51 0.76 0.11 0.96 0.18
MOOD 0.65 (0.60, 0.69) 0.57 0.71 0.10 0.97 0.17
SURF 0.66 (0.62, 0.71) 0.52 0.77 0.11 0.97 0.19
SR 0.66 (0.61, 0.70) 0.58 0.70 0.10 0.97 0.17
HR_USED 0.68 (0.64, 0.73) 0.46 0.86 0.16 0.97 0.24
CTXT 0.68 (0.64, 0.73) 0.50 0.87 0.18 0.97 0.26

Table 4 
Model performance metrics for nonadherence to buprenorphine medication prediction, based on health record. AUC: Area under the receiving operator characteristic 
curve; C.I.: confidence interval; PPV: Positive predictive value; NPV: Negative Predictive value; F1: F1 Score.

EMA type Test set performance (medication nonadherence via health record)

AUC 95 % C.I. Sensitivity Specificity PPV NPV F1

SLEEP 0.73 (0.71, 0.76) 0.50 0.89 0.40 0.92 0.45
WITHDWL 0.73 (0.71, 0.76) 0.56 0.83 0.33 0.93 0.42
STRESS 0.73 (0.71, 0.76) 0.52 0.85 0.35 0.92 0.42
CRAVING 0.73 (0.71, 0.76) 0.51 0.91 0.45 0.93 0.48
CTXT 0.75 (0.72, 0.77) 0.52 0.97 0.71 0.93 0.60
PAIN 0.76 (0.74, 0.79) 0.61 0.84 0.36 0.94 0.45
TODAY_USED 0.76 (0.74, 0.79) 0.59 0.85 0.37 0.93 0.46
MOOD 0.77 (0.74, 0.79) 0.59 0.87 0.40 0.94 0.48
SR 0.77 (0.75, 0.80) 0.59 0.88 0.41 0.94 0.49
HR_USED 0.78 (0.76, 0.81) 0.64 0.86 0.40 0.94 0.49
MED_ADHERE 0.79 (0.76, 0.81) 0.59 0.90 0.46 0.94 0.52
SURF 0.79 (0.76, 0.81) 0.67 0.77 0.30 0.94 0.42
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3.4.2. EMA-based MOUD nonadherence SHAP analysis
SHAP analysis for the individual EMA prompts revealed that the 

most influential features for predicting EMA-based MOUD non
adherence had mixed latencies. Of particular note were SR (‘planning’ 
item was most influential at higher latency), MOOD (‘boredom’, 
‘exhaustion’, and ‘contentment’ items had higher latencies) and 
CRAVING (‘cocaine’, ‘meth’, and to a lesser extent ‘heroin’ were most 
influential at shorter latencies). Refer to Supplemental File 3 for SHAP 
plots of the items discussed herein.

3.4.3. EHR-based MOUD nonadherence SHAP analysis
SHAP analysis for the individual EMA prompts revealed that a ma

jority of influential features for predicting EHR-based MOUD non
adherence had long latencies. Specifically CRAVING (‘cocaine’ item), SR 
(‘thinking’, ‘planning’, ‘cautious’, and ‘finish’ items), MOOD (‘bored’, 
‘exhausted’, and ‘content’ items) and HR_USED (any non-prescribed 
opioid, crack cocaine, benzodiazepines, alcohol, and marijuana items) 
exhibited a high-latency relationship with the outcome. SURF (‘nicotine’ 
item) and PAIN (‘level’ item) showed low latencies. Refer to Supple
mental File 4 for SHAP plots of the items discussed herein.

3.4.4. Treatment retention SHAP analysis
SHAP analysis for the individual EMA prompts revealed that the 

most influential features for predicting treatment retention generally 
had a high latency, similar to EHR-Based Nonadherence. Specifically, 
CRAVING (‘Cocaine’ and ‘Meth’ items), SR (‘Thinking’, ‘Automatic’, 
‘Planned’ and ‘Finish’ items), SURF (Nicotine), PAIN (‘Level’, 
‘Thoughts’, and ‘Interference’ items), MOOD (‘Bored’ and ‘Exhausted’ 
items) and CTXT (‘Used Drugs’) exhibited this high-latency relationship 
with the outcome. Refer to Supplemental File 5 for SHAP plots of the 
items discussed herein.

4. Discussion

Using dense EMA time series, our study was the first to examine 
dynamic risk factors associated with important outcomes among pa
tients receiving MOUD. Our work is of considerable public health 
importance given the high prevalence of OUD and the challenges asso
ciated with successful MOUD treatment and retention. Although 
research to date has explored risk factors for opioid relapse and treat
ment dropout, much of this research has explored immutable or static 
baseline risk factors, lacking sufficient account for the dynamic and 
fluctuating course of OUD and its risk factors. In the present analysis, we 
used novel recurrent deep learning approaches aimed at preserving the 
dynamic temporal dependencies embedded in raw EMA data, account
ing for the dynamic nature of important OUD risk factors. We divided 
the data according to EMA subtypes (e.g., self-regulation, sleep) to un
derstand those OUD-related behaviors most important to relapse, 

treatment retention, and medication nonadherence. For fine-grained 
interpretability, we used a robust iterative approach (SHAP) to deter
mine which features drove EMA outcome prediction on the EMA 
question-level within each EMA subtype.

Our results demonstrated that each EMA subtype had the capacity to 
predict NPOU, medication nonadherence (measured via both EHR and 
EMA), and treatment retention better than chance up to 7 days in the 
future. Each EMA also showed the capacity to predict both self-reported 
(NPOU and EMA-based medication nonadherence) and objectively 
assessed (EHR-based medication nonadherence and retention) outcomes 
for persons receiving MOUD. Notably, substance use within the last hour 
(HR_USED) EMA responses appeared in the top three most important 
EMA subtypes across all outcomes by AUC (see Tables 2–5). HR_USED 
also had the highest PPV for NPOU (by far) and treatment retention, the 
former perhaps not a surprise given the propensity of past use to predict 
future use. General context variables (CTXT) variables showed impor
tance across outcomes (see Tables 2–5), ranking as the highest by PPV 
for both EMA- and EHR-based nonadherence. Self-regulation (SR) EMA 
responses were highly important for predicting NPOU, Treatment 
Retention, and EMA-based medication non-adherence (see Tables 2–3, 
5).

It stands to reason that recent substance use behaviors would predict 
future substance use. Further, it is not surprising that the self-regulation 
(SR) EMA subtype is among the most important features, given prior 
evidence for the relationship between the constructs measured by the 
SR, such as sensation seeking and emotion regulation (Scherer et al., 
2022), and opioid use. Specifically, emotional regulation (Aaron et al., 
2020; Lutz et al., 2018; Riquino et al., 2018), notably “nonacceptance of 
emotional responses” (Gold et al., 2020), sensation seeking (Franques 
et al., 2003), and impulsivity (Marino et al., 2013) have been associated 
with opioid use. Further evidence supporting the importance of SR is the 
demonstrated efficacy of self-regulatory practices on opioid misuse 
(Garland et al., 2019).

In contrast with the highest performing EMA subtypes, we found 
more variability across outcomes in the lower performers. We found the 
lowest performing EMA subtypes were SLEEP, TODAY-USED, and MED- 
ADHERE for predicting NPOU (see Table 2); SLEEP, TODAY_USED, and 
PAIN were the lowest for predicting EMA-based nonadherence (see 
Table 3); STRESS, WITHDWL, and SLEEP were the lowest for predicting 
EHR-based medication nonadherence (see Table 4); and, WITHDWL, 
STRESS, and MED-ADHERE were the lowest for predicting treatment 
retention (see Table 5). While prior evidence supports important sub
stance use risk factors from each of these subtypes (Marsch et al., 2022), 
we suspect that the low performance of MED-ADHERE, SLEEP, and 
TODAY-USED may have been negatively impacted by their relatively 
low temporal density, owing to a single daily measurement. Further, 
TODAY-USED had sparse positive values, given its use as a backup item 
for heretofore unreported substance use.

Table 5 
Model performance metrics for retention in treatment prediction. AUC: Area under the receiving operator characteristic curve; C.I.: confidence interval; PPV: Positive 
predictive value; NPV: Negative Predictive value; F1: F1 Score.

EMA type Test set performance (treatment retention)

AUC 95 % C.I. Sensitivity Specificity PPV NPV F1

WITHDWL 0.73 (0.70, 0.75) 0.91 0.54 0.95 0.35 0.93
STRESS 0.73 (0.71, 0.75) 0.91 0.54 0.95 0.35 0.93
MED_ADHERE 0.74 (0.72, 0.76) 0.91 0.6 0.96 0.39 0.94
TODAY_USED 0.76 (0.74, 0.78) 0.90 0.59 0.96 0.36 0.93
PAIN 0.77 (0.75, 0.79) 0.80 0.73 0.97 0.25 0.88
SLEEP 0.80 (0.78, 0.82) 0.90 0.62 0.96 0.38 0.93
SURF 0.81 (0.79, 0.83) 0.87 0.65 0.96 0.33 0.92
CRAVING 0.81 (0.79, 0.83) 0.89 0.68 0.97 0.37 0.93
MOOD 0.83 (0.82, 0.85) 0.86 0.75 0.97 0.33 0.91
SR 0.85 (0.83, 0.86) 0.89 0.74 0.97 0.39 0.93
HR_USED 0.86 (0.84, 0.87) 0.91 0.76 0.98 0.43 0.94
CTXT 0.89 (0.88, 0.90) 0.96 0.74 0.97 0.60 0.96
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Although we found model performance above chance across EMA 
subtypes, we noted that PPV was low to moderate in NPOU and medi
cation nonadherence, and NPV was low to moderate in predicting 
retention. Considering a scenario where such models were deployed for 
predicting real world patient outcomes, these findings would suggest a 
need for a careful, statistically- and clinically-informed approach. Spe
cifically, we would expect a relatively high false discovery rate for NPOU 
and nonadherence models and a relatively high false omission rate for 
treatment retention models. Thus, considering the risk of downstream 
effects would be a crucial prerequisite to deployment. An unintended 
consequence of a false positive in the case of NPOU or medication 
nonadherence, for instance, could be outcomes similar to false positives 
on urine drug screens (UDS), with the potential for damage to thera
peutic rapport and unnecessary follow up measures.

Beyond a basic understanding of the most predictive EMA subtypes 
permitted by model performance metrics across EMA subtypes, SHAP 
analysis allowed for a more granular understanding of particular EMA 
items and associated temporal latencies most influential in model pre
diction. As these results flow from an exploratory feasibility study with 
many EMA questions, an exhaustive discussion of all features for every 
outcome is outside the scope of this work. Rather, we provide a narrative 
overview of broad themes observed in the SHAP plots and provide 
commentary on this unique explanatory method for multivariate time 
series within a deep learning framework. We further provide a subset of 
potentially useful EMA prompt subtypes, which have promise for future 
research aimed at predicting important outcomes among persons 
receiving MOUD; these include substance use over the last hour 
(HR_USED), general contextual variables (CTXT), and self-regulation 
(SR). We refer the interested reader to Supplemental Files 2–5 for all 
48 SHAP plots (4 outcomes with 12 EMA subtypes each).

We identified substance use over the last hour as an important pre
dictor for all outcomes. In particular, SHAP analysis revealed cannabis 
use as influential for predicting both NPOU and retention outcomes, 
consistent with existing literature identifying cannabis use as a risk 
factor for OUD (Olfson et al., 2018). Further, we identified cocaine and 
methamphetamine cravings as influential for prediction treatment 
retention and, to a lesser extent, MOUD nonadherence. This finding is in 
line with studies which highlight the considerable co-occurrence of non- 
prescribed opioid use and psychostimulant use (Ellis et al., 2018; Fischer 
et al., 2021), charged with particular importance due to the elevated risk 
for overdose among persons using both opioids and psychostimulants 
(Palis et al., 2022). Not surprisingly, mood was predictive of future OUD 
outcomes (Supplemental Figs. 2–5), with boredom and/or exhaustion 
showing particular importance across outcomes. Perhaps less obviously, 
boredom and exhaustion showed considerably higher temporal latency 
for nonadherence and retention outcomes compared to NPOU (Supple
mental Figs. 2–5). Substance Use Risk Factors (SURF) also showed pre
dictive importance across multiple outcomes, with nicotine use showing 
influence for retention and EHR-based nonadherence (Supplemental 
Figs. 4–5). This finding may be contextualized in robust literature 
showing shared high co-occurrence and shared neurobiologic pathways 
of nicotine and opioid use (Morris & Garver-Apgar, 2020), as well as 
improved OUD treatment outcomes with nicotine cessation (Lichenstein 
et al., 2019).

Many EMA predictors indicative of EHR-based nonadherence and 
retention often showed high temporal latency, observable approxi
mately 5–8 days preceding the outcome (Supplemental Figs. 4–5). This 
latency in outcomes related to objective measures of nonadherence and 
retention, in contrast to the NPOU outcome, may be attributable to a 
mediating role played by NPOU between risk factors for substance use 
and instances of treatment discontinuation or MOUD nonadherence. 
Specifically, individuals might initially have engaged in NPOU, which, 
in turn, amplified their likelihood of discontinuing treatment and/or not 
adhering to MOUD. This possibility aligns with existing literature, 
indicating that recent NPOU use and relapse escalate the risk of pre
mature treatment discontinuation (Gottlieb et al., 2022; Marcovitz et al., 

2016).
Taken together, our results demonstrate promise in the use of EMA to 

predict clinically meaningful and actionable outcomes in persons 
receiving MOUD. EMA, when it included physiological, psychological 
and contextual aspects, proved to be a robust tool in predicting not only 
important self-reported outcomes (i.e., NPOU, EMA-based medication 
nonadherence), but also objective EHR-derived outcomes (i.e., medica
tion nonadherence and treatment retention). Further, our use of recur
rent deep learning methods with dense EMA time series permitted 
precision in understanding temporal latencies between particular pre
dictors and OUD outcomes; identification of these temporal latencies 
suggested the existence of potentially salient time windows for inter
vention. Thus, using personalized and temporally sensitive risk factors 
for important OUD outcomes could permit the effective delivery of 
JITAIs, (Perski et al., 2022) aimed at preventing relapse and/or main
taining medication adherence and retention. To date, smartphone-based 
digital interventions have shown feasibility, acceptability, and real- 
world effectiveness (Maricich et al., 2021) in promoting abstinence 
and retention in treatment. Considering a cascade of care framework for 
OUD (Williams et al., 2019), JITAIs harnessing existing evidence based 
interventions informed by real-time insights into an individual's likeli
hood of NPOU, MOUD nonadherence and retention could reduce drop- 
off between stages and increase the proportion of individuals achieving 
sustained remission.

Although our study used robust methods to investigate dynamic risk 
factors of NPOU, treatment retention, and medication nonadherence 
among persons with OUD, our results must be contextualized among 
several important limitations. First, designed as a feasibility study 
(Marsch et al., 2022), our sample size is modest. Somewhat mitigating 
this limitation is the tremendous number of observations within and 
across persons (Observations = 14,322). Even so, our demographic di
versity is limited, impacting the generalizability of our results. During 
initial data collection there were seven possible categories for race 
(American Indian or Alaska Native, Asian, Black or African American, 
Native Hawaiian or Pacific Islander, White, Other, or Prefer Not to 
Answer). However, due to the modest sample size and subsequent low 
counts for some racial categories, they were collapsed into White and 
Non-white, limiting more fine-grained demographic analysis. Further, 
we acknowledge that our sample represents a treatment-enrolled pop
ulation and is most likely not representative of the larger OUD popula
tion, many of whom face barriers, such as internal and external stigma, 
to treatment engagement (McCurry et al., 2023).

Second, our EMA input features, the NPOU outcome, and the EMA- 
based medication nonadherence outcome are based on self-reports, 
which are susceptible to inaccurate reporting, and cognitive biases. 
Even so, EMA has advantages when compared to extended interval 
retrospective self-reporting (Stone et al., 2007), such as commonly used 
biweekly symptom inventories (Kroenke et al., 2001). Third, the 
intensive and active nature of EMA data collection resulted in some 
missing data. Our decision to replace missing responses with NPOU or 
non-adherence, while common practice, may have overestimated the 
actual prevalence of the self-report based outcomes. We mitigated this 
by downweighting for missing outcome values during performance 
evaluation. As a recommendation for future research aimed at further 
improving predictive power for real-world implementation, we suggest 
testing more direct EMA questions aimed at measuring treatment 
satisfaction, e.g., “Are you satisfied with your current MOUD 
treatment?”

Despite the limitations, our work is the first to use personalized, 
naturalistic features to predict clinically relevant outcomes in persons 
receiving MOUD. Further, despite the subjective nature of EMA, our 
work provides evidence for its capacity to predict important and 
objective EHR-based outcomes. In so doing, the work highlights the 
capacity of recurrent deep learning models to inform temporally 
nuanced predictions of relapse and MOUD treatment attrition. Such an 
understanding of temporally proximal, personalized risk factors will 
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allow for the building of timely clinical interventions, which hold 
tremendous potential in bolstering approaches to curb relapse and avert 
treatment attrition.

Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.josat.2025.209685.
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