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Abstract
Medications such as buprenorphine-naloxone are among the most effective treatments for opioid

use disorder, but limited retention in treatment limits long-term outcomes. In this study, we assess the
feasibility of a machine learning model to predict retention vs. attrition in medication for opioid use
disorder (MOUD) treatment using electronic medical record data including concepts extracted from
clinical notes. A logistic regression classifier was trained on 374 MOUD treatments with 68% resulting in
potential attrition. On a held-out test set of 157 events, the full model achieved an area under the receiver
operating characteristic curve (AUROC) of 0.77 (95% CI: 0.64-0.90) and AUROC of 0.74 (95% CI:
0.62-0.87) with a limited model using only structured EMR data. Risk prediction for opioid MOUD
retention vs. attrition is feasible given electronic medical record data, even without necessarily
incorporating concepts extracted from clinical notes.

Introduction
Opioid use disorder (OUD) is a major public health concern in the United States, with

approximately 2.4 million Americans suffering from the condition.1 The consequences of OUD can be
severe if left untreated, with morbidity and mortality often resulting from an opioid overdose.2 In order to
address this issue and improve outcomes for those with OUD, it is important to identify and address the
factors that contribute to treatment dropout, specifically for medication for opioid use disorder (MOUD).
MOUD is a widely accepted and evidence-based treatment approach for OUD and is recommended by the
World Health Organization and approved by the US Food and Drug Administration.3 One such MOUD is
buprenorphine-naloxone, also known as Suboxone, which is a partial opioid receptor agonist fused with
an opioid antagonist.4 Buprenorphine-naloxone is approved for the maintenance treatment of opioid
dependence and has been associated with favorable clinical outcomes, including reduced illicit drug use,
lower risk of overdose, reduced crime, and higher treatment retention.5 Despite the effectiveness of
buprenorphine-naloxone and other MOUD medications, premature treatment discontinuation remains a
major obstacle for many patients with OUD.6 This can be due to a variety of factors, including social and
environmental barriers, psychological and emotional challenges, and issues related to access and
availability of treatment. As a result, treatment retention is often poor, and patients may struggle to
maintain long-term recovery from OUD.

Previous research has demonstrated the efficacy of machine learning and deep learning models in
accurately predicting OUD by leveraging electronic health record (EHR) data.7–11 These models hold
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promise for enhancing clinical decision-making by enabling early intervention and prevention of OUD.
Nonetheless, there remains a gap in our capacity to determine which patients on MOUD are at the greatest
risk of being lost to follow-up. To address this issue, there have been previous efforts to examine the
attrition patterns of OUD patients who were treated with buprenorphine-naloxone and assess the
association between clinical, sociodemographic, and medication dosing features with attrition.12 However,
predicting premature discontinuation of MOUD is poorly characterized in the literature emphasizing the
importance of providing clinicians with this knowledge to facilitate informed treatment decisions and
personalized care plans tailored to the specific risk profiles of different patient populations seeking OUD
treatment. In order to address this gap, we use both structured and unstructured data within electronic
medical records of patients receiving buprenorphine-naloxone treatment to predict which patients are
likely to prematurely discontinue MOUD. Early identification of patients at risk of treatment
discontinuation may aid early intervention efforts, thus improving treatment adherence and outcomes. Our
objective is to determine whether retrospective EMR data is predictive of which MOUD-treated patients
will be retained in ongoing therapy. Additionally, we evaluate whether natural language processing of
unstructured clinical notes improves identifying patients at risk for treatment attrition.

Implementation of such tools would have significant public health implications, including
risk-adjusted outcome assessments of different treatment centers in collaboration with organizations such
as the National Institute on Drug Abuse Clinical Trials Network (NIDA CTN), or organizations tasked
with analyzing the state of the opioid crisis and proposing solutions to it domestically while attempting to
stop its spread internationally.13,14 These advancements may significantly enhance our ability to identify
and address barriers to treatment retention for patients with OUD and aid development of targeted,
personalized treatment plans, improving treatment retention and ultimately leading to better outcomes.

Materials and Methods
Data Source

The present study employed a retrospective analysis of EHR data obtained from an academic
medical center. The data encompassed patients who were treated for opioid use disorder at an academic
medical center between 2009 and 2022. All identifiable information was removed or obscured from the
structured data, utilizing the Safe Harbor approach as per NIST guidelines. The unstructured data,
comprising clinical text, was de-identified via TiDE, a text de-identification algorithm.15 The study
included all individuals aged 18-89 who were prescribed buprenorphine-naloxone medication for a
duration exceeding one day at the institution. Approval for the study was obtained from the Institutional
Review Board (IRB) at our academic medical center.

Predictors
Labels for the data were created using the length of a “drug era” for buprenorphine-naloxone

treatment. A drug era is a period of time during which a patient is continuously exposed to
buprenorphine-naloxone. A drug era can be defined based on the start and end dates of drug exposure for
a patient. During a drug era, a patient may stop taking the drug temporarily and then start again. If this
happens, the original drug era will be extended to include the time during which the patient was not taking
the drug if the drug hiatus is no less than 30 days in length. If a patient starts taking a different drug or set
of drugs, a new drug era will begin with a new start date. Furthermore, the categorization of drug eras was
bifurcated through two distinct approaches: (1) A stringent demarcation based on their Observational
Medical Outcomes Partnership (OMOP) drug ID, wherein comparable drugs could retain discrete
identities within different drug eras if variations existed in their dosage or administration route;
alternatively, (2) Drug eras had the flexibility for consolidation if they shared analogous active
compounds, irrespective of differences in dosage or administration route. Our experimental emphasis
centered on the utilization of approach (1); however, outcomes for approach (2) were also reported.

Features for a drug era were selected by taking all diagnosis, procedure, drug prescription, and
note keyword data recorded 90 days prior to the start of a drug era. The resulting feature matrix for our
531 drug eras contained 2,791,773 features composed of 17,961 diagnosis features, 17,271 procedure
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features, 47,476 drug features, 2,709,065 note keyword features, and 10 demographic features.
Dimensionality reduction was performed to reduce the feature matrix space. Our dimensionality reduction
method was based on a statistically significant cutoff between feature differences in the attrition and
retention groups using Fisher's exact test. Features that show a statistically significant difference in their
distribution between the two groups are retained, while those that do not show a significant difference are
discarded. The final feature matrix contained 323 features composed of 27 diagnosis features, 37
procedure features, 57 drug features, 192 note keyword features, and 10 demographic features.

Outcome and Settings
To label a drug era as an attrition or retention event, we used a 180-day cut-off where drug eras

less than recommended 180 days were considered MOUD attrition events. Research showed that patients
that discontinued MOUD within the first 180 days after starting it, are at higher risk of relapse than those
who discontinued treatment after 180 days.16–18 The 180-day cut-off has been used in prior clinical trials
and is a way to identify individuals who may be at a particularly high risk of relapse and may benefit from
additional support or re-initiation of MOUD.

The model was trained on data from 12/30/2009 to 11/07/2020 (training set, 374 drug eras), and
tested retrospectively on data from 11/08/2020 to 07/03/2022 (test set, 157 drug eras). Table 1 shows
descriptive analyses of our train and test sets. Note, training and testing datasets have no patients in
common to avoid data leakage. L1-regularized logistic regression (Lasso) was used for feature selection
and prediction. Lasso’s hyperparameter (lambda) was tuned using 10-fold cross-validation on 70% of the
training set to maximize the area under the ROC curve (AUC).

Table 1: Patient characteristics and clinical characteristics for the training set, and retrospective test set.

Metric Train set Test set

Event-level attributes

Total N distinct events 374 157

N attrition events (%) 68% 92%

Median N events per patient (95% CI) 1 (CI: 1-1) 1 (CI: 1-1)

Median age (years) at drug era start date 48 (CI: 45-51) 54 (46-60)

Age (years) at drug era start date

18-25 24 17

26-45 140 46

46-60 112 27

>60 98 67

Patient drug eras

Median drug era length (95% CI) 80 (CI: 67-91) 38 (CI: 28-42)

Patient diagnosis
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Total diagnosis features 29

Median N distinct diagnosis (95% CI) 0 (CI: 0-1) 1 (CI: 1-2)

Patient drug prescriptions

Total drug features 59

Median N distinct drug prescriptions
(95% CI) 1 (CI: 1-1) 4 (CI: 2-7)

Patient procedures

Total procedure features 39

Median N distinct procedures (95% CI) 1 (CI: 0-1) 2 (CI: 0-8)

Patient note features

Total note features 194

Median N distinct note features (95% CI) 9 (CI: 7-13) 25 (CI: 17-41)

Patient-level attributes

Total N distinct patients 297 113

Gender

Female 143 58

Male 154 55

Race

American Indian or Alaska Native 1 2

Asian 9 10

Black or African American 20 7

Native Hawaiian or other Pacific Islander 1 1

White 234 78

Not Reported 32 15

Ethnicity

Hispanic or Latino 25 19

Not Hispanic or Latino 266 91
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Not Reported 6 3

Results
Area under the receiver operator curve (AUC), sensitivity, specificity, positive predictive value

(PPV), and negative predictive value (NPV) were used to evaluate model discrimination. 95% confidence
intervals were calculated using Clopper-Pearson for sensitivity, specificity, PPV, and NPV, and using the
DeLong test for AUC.19 Calibration in the mean and measures of weak and moderate calibration
(calibration slope, calibration intercept, and calibration curves) were calculated for the retrospective test
set. Table 2 shows the model’s prediction performance results. On the retrospective test set, the model had
an AUC of 0.77 (95% CI: 0.64-0.90), sensitivity of 0.91 (95% CI: 0.85-0.95), specificity of 0.29 (95% CI:
0.08-0.58), PPV of 0.93 (95% CI: 0.87-0.97), and NPV of 0.24 (95% CI: 0.07-0.5). The calibration slope
was 1.10 and the calibration intercept was 1.34 before recalibration. After Platt scaling, the model had an
AUC of 0.77 (CI: 0.64-0.90), sensitivity of 0.99 (CI: 0.96-1), specificity of 0.14 (CI: 0.02-0.43), PPV of
0.92 (CI: 0.87-0.96), and NPV of 0.67 (CI: 0.09-0.99), calibration slope of 1 and an intercept of 0. Drug
era method (2) yields an AUC of 0.67 (CI: 0.55-0.76) before and after Platt scaling.

Further, we conducted an ablation study to explore the effect of using unstructured data on the
model’s predictive power. We trained and tested our model using only structured EMR data (excluding
features extracted from patients' unstructured clinical notes) and the model’s prediction performance
(AUC) was 0.74 (95% CI: 0.62-0.87).

Table 2:Model performance for the retrospective test set (n = 157) before and after Platt scaling.

Metric Retrospective test set Calibrated retrospective test
set

AUC 0.77 (CI: 0.64-0.90) 0.77 (CI: 0.64-0.90)

Threshold for binary
classification 0.56 0.56

Sensitivity 0.91 (CI: 0.85-0.95) 0.99 (CI: 0.96-1)

Specificity 0.29 (CI: 0.08-0.58) 0.14 (CI: 0.018-0.43)

PPV 0.93 (CI: 0.87-0.97) 0.92 (CI: 0.87-0.96)

NPV 0.24 (CI: 0.07-0.50) 0.67 (CI: 0.094-0.99)

Calibration slope 1.10 1

Calibration intercept 1.34 0

AUC (Drug Era Method 2) 0.67 (CI: 0.55-0.76) 0.67 (CI: 0.55-0.76)

Predictive features
Table 3 shows feature coefficients computed by our model. The presence of a diagnosis related to

sedative, hypnotic, and/or anxiolytic use disorder was the most predictive feature for attrition in our
model, followed by the presence of a muscle pain diagnosis, the administration of the medications
cyclobenzaprine hydrochloride, pregabalin, and mentions of ‘very difficult’ and ‘restlessness’ in clinical
notes. Furthermore, the presence of a peripheral nerve disease diagnosis, a disorder of the sacrococcygeal
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spine diagnosis, and the administration of the medications prazosin, cetirizine hydrochloride, mirtazapine,
and rheumatoid arthritis diagnosis were the most predictive features for MOUD retention.

Table 3: Top 6 most predictive features of attrition and retention for MOUD.

EHR concept predictive for attrition Group Coefficient

1 Sedative, hypnotic AND/OR anxiolytic-related disorder diagnosis 1.0343

2 Muscle pain diagnosis 0.8916

3 cyclobenzaprine hydrochloride 10 MG Oral Tablet drug 0.8716

4 pregabalin 50 MG Oral Capsule drug 0.8595

5 Very difficult note_nlp 0.5657

6 Restlessness note_nlp 0.5572

EHR concept predictive for retention Group Coefficient

1 mirtazapine 30 MG Oral Tablet drug 2.7958

2 cetirizine hydrochloride 10 MG Oral Tablet drug 2.7743

3 Disorder of sacrococcygeal spine diagnosis 2.0967

4 Peripheral nerve disease diagnosis 2.0909

5 Rheumatoid arthritis diagnosis 1.8261

6 prazosin 2 MG Oral Capsule drug 1.7390

Discussion
MOUD combines non-pharmacological therapies, such as counseling or cognitive behavioral

therapy, with FDA-approved medications to manage OUD as a chronic disorder. Consistent with the
management of other chronic conditions, such as diabetes, treatment plans for OUD are personalized for
each patient and formulated in collaboration with the patient, the prescriber, and other members of the
healthcare team.20 Many patients will benefit from staying on MOUD for the rest of their lives whereas
others will eventually choose to slowly taper off in a closely monitored fashion.20 Sudden treatment
discontinuation has a poor prognosis and is difficult to manage given the lack of resources available to
clinicians to identify patients who are most vulnerable to prematurely discontinuing therapy.

In this study, we proposed an automated prediction model that can anticipate when a patient is at
risk of discontinuing MOUD. By identifying patients who are at high risk of loss to follow-up, clinicians
can proactively intervene with personalized care and support, such as increasing the frequency of
appointments or providing additional resources to address barriers to treatment adherence. This approach
allows for a more individualized and patient-centered approach to care, where providers can address the
unique needs and challenges of each patient. Additionally, the use of predictive models can reduce the
incidence of treatment discontinuation, improving treatment outcomes and reducing the risk of relapse
and other adverse events, such as overdose death, associated with untreated OUD.21–25

We believe our prediction model is a step in the right direction toward giving clinicians the ability
to accurately predict which patients are going to discontinue MOUD. More specifically, our model reports
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a sensitivity of 0.99, suggesting that we can correctly identify 99% of patients who are at risk of
discontinuing MOUD. Additionally, our PPV of 0.92 suggests that out of all the patients who are
predicted to discontinue therapy by the model, 92% of them will actually be lost to follow-up. Both of
these measures are crucial in identifying patients who may require additional support or interventions.
However, sensitivity and PPV alone may not provide a complete picture of the model's performance.
Additionally, the specific context and consequences of false positives and false negatives should also be
taken into account when evaluating the model's performance. Nonetheless, high sensitivity and PPV are
promising results and suggest that the model is effective at identifying patients who may require
additional support to remain engaged in life-saving MOUD.

Further, our experimental results suggest that individuals with a sedative, hypnotic, and/or
anxiolytic-related disorder diagnosis may be at higher risk of attrition in MOUD, as indicated by the large
positive coefficient associated with this feature. Additionally, the presence of physical pain or discomfort,
as indicated by the other predictive features, may also be associated with an increased risk of attrition. On
the other hand, individuals with a peripheral nerve disease diagnosis, a disorder of the sacrococcygeal
spine diagnosis, and those who were prescribed prazosin, cetirizine hydrochloride, mirtazapine, or had a
rheumatoid arthritis diagnosis had large negative coefficients, suggesting that they may be more likely to
be retained in MOUD. Features selected by LASSO may be associated with the outcome, but this
association does not imply causality.

Despite the rigorous methodology, our study comes with its limitations. Our study lacks sufficient
post-COVID era training and testing data. The COVID-19 pandemic has brought about significant
changes in clinical workflows and patient life. Patients with OUD have been severely affected,
experiencing more complications than non-OUD patients and reduced access to OUD treatment.26,27
COVID-19 patients with OUD had higher hospitalization odds, longer maximum lengths of stay, and
greater odds of invasive ventilator dependence than those without OUD.26 In addition, US counties with
higher OUD mortality rates also had significantly higher rates of COVID-19 mortality.28 As the pandemic
subsides, the impact on MOUD and OUD patients could have changed over time. This data set shift can
have significant implications for our machine learning model, where our training data is on pre-COVID
and COVID-19 era data. Thus, proper application of model monitoring would be necessary to evaluate the
model’s performance in real-world clinical settings. Furthermore, our model’s NPV was recorded at 0.67.
This suggests the model is more likely to generate false negatives, i.e., predict that a patient will not be
lost to follow-up when they actually will. In the context of a life-saving MOUD, patients who are at high
risk of discontinuing therapy may not receive the necessary intervention or support. Therefore, it is
important for future iterations of our model to utilize methods such as utility-based probability
thresholding to properly describe the highest costs of false negatives relative to false positives for our
prediction task. This will improve NPV to ensure that high-risk patients are identified and provided with
appropriate support and interventions.Another limitation includes our inability to classify different types
of attrition from MOUD therapy due to the costliness of manually labeled data. Attrition can result from a
multitude of factors, ranging from patient preference to external circumstances. Our definition of attrition
could include instances of attrition from MOUD therapy other than discontinuation due to a patient's
choice. Lastly, while our cohort was centered on drug exposure events related to buprenorphine-naloxone,
it is worth noting that there are several other medications available as MOUD for opioid use disorder.
Future versions of our model should include a more extensive list of these medications to ensure that our
results have a broader reach while also avoiding erroneous classifications of lost-to-follow-up cases in our
training and testing data. In reality, patients may have transitioned from buprenorphine-naloxone to a
different MOUD, and a more comprehensive medication list would enable us to capture these cases more
accurately. However, our choice to focus on buprenorphine-naloxone exposures improves the likelihood
our patients are on MOUD.

Our model’s AUC of 0.77 indicates that the machine learning binary classifier has discriminatory
power. Our ultimate aim is to develop a robust machine learning model that can identify patients at risk of
premature MOUD discontinuation with precision while ensuring that the model's performance remains
consistent across diverse patient populations and healthcare institutions. An intriguing avenue for future
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research is to explore the potential of unstructured clinical text data and large language models in
enhancing the model's predictive power. In this paper, we included unstructured clinical text data in the
form of Note-NLP from OMOP's data structure. However, Note-NLP features can lead to redundancy
across all information features. As a result, the addition of these data did not improve our model’s
performance. To accurately evaluate whether unstructured clinical text can enhance our ability to predict a
loss to follow-up, comprehensive comparison using a state-of-the-art language model is merited. This will
enable us to more effectively determine the impact of including unstructured clinical text in our feature
matrix and whether it can provide valuable insights that may not be captured by structured data alone.
Lastly, the patient population of our academic medical center might not be representative of the broader
population due to factors such as geographic location, socioeconomic status, and healthcare access.
Consequently, the model's predictions might be skewed towards the characteristics of this specific patient
population. In the future, we plan on conducting multi-site training and prospective testing of the model,
which includes federated studies on social determinants of health outcomes. Collaborating with multiple
institutions to explore the influence of social determinants on health outcomes would provide a richer and
more comprehensive understanding of the complexities involved in attrition from MOUD with the added
benefit of assessing our model’s robustness, generalizability, and performance.

Conclusions
Our findings show that retrospective EMR data can effectively predict opioid MOUD attrition and
retention and that additional unstructured information in clinical notes does not significantly improve
predictive performance.
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