Quantifying the opioid use disorder crisis: PULSNAR finds nearly 3/4 undiagnosed
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Background

The opioid crisis continues to be a significant global public health challenge.’ In the US, 107,941 drug
overdose deaths occurred in 2022, with opioids contributing to 81,806 (75.8%) of these fatalities.” The
economic burden associated with opioid use disorder (OUD) and fatal opioid overdoses in the US was
estimated at $1.02 trillion in 2017 (5.25% of the GDP),? escalating to nearly $1.5 trillion in 2020 (7.12% of
the GDP).*

Accurate estimation and diagnosis of OUD is essential for identifying individuals at risk, assessing
treatment needs, monitoring prevention and intervention efforts, and recruiting treatment-naive
participants for clinical trials. However, OUD is substantially underdiagnosed and undercoded in
electronic health records (EHRs) and claims data.’ This poses a significant challenge in estimating the
prevalence of OUD, and in applying cutting-edge machine learning (ML) techniques to model patient
outcomes.

To address the issues of underdiagnosis and undercoding of OUD, our study employs a novel Positive and
Unlabeled (PU) machine learning (ML) approach, termed "Positive Unlabeled Learning Selected Not At
Random (PULSNAR)”® to estimate the proportion of OUD among undetected individuals. Furthermore,
we utilized SHapley Additive exPlanations (SHAP) values to analyze the relationships between important
features and outcomes to understand the underlying risk factors and potential predictors of OUD. To the
best of our knowledge, this is the first study to apply PU learning to opioid-related data to estimate the
prevalence of undercoding and predict OUD.

Materials and Methods

This study used the US MarketScan Commercial Claims and Encounters (CCAE, 2017-2021) database for
cohort and feature selection mapped to the OMOP common data model.? The study cohort comprised
individuals with a minimum of two years of observation after January 1, 2017, and exposure to at least
one of the 37 opioid medications throughout their enroliment period (e.g., morphine, oxycodone). The
OUD phenotype was defined using the International Classification of Diseases, Tenth Revision, Clinical
Modification (ICD-10-CM) codes F11.1%, F11.2*, and F11.93. Individuals with these codes were labeled
positive cases (class 1), while those without were considered unlabeled (class 0). A total of 94,668
unique covariates were identified for the ML model, including age groups, sex, and two feature classes:
Conditions (ICD-10-CM and ancestors) and Drug exposures (RxNorm) at an ingredient level. For positive
cases, covariates were selected from the period preceding the first OUD coding date, while for unlabeled



cases, all conditions and drugs during the observation period were included. This process resulted in
45,019 positive and 3,297,025 unlabeled examples.

The dataset had a significant class imbalance, with the ratio of unlabeled to positive examples being
approximately 73 to 1. To address this, we created 73 balanced datasets. Each balanced dataset included
all the positive (labeled) examples and a similar number of unlabeled examples, which were sampled
without replacement from the original unlabeled set. We then employed the PULSNAR algorithm to
estimate the proportion (a) of OUD among uncoded examples and calibrate predictions for the
unlabeled examples in each balanced dataset. The unlabeled examples were then sorted in descending
order of the calibrated predictions, and the top a x (# unlabeled in the balanced set) examples were
selected as probable positives. For the PULSNAR method, we used XGBoost® as a classifier to estimate
the predictions. Figure 1 illustrates the complete process for calculating a using the PULSNAR method
and generating calibrated predictions for uncoded individuals where the estimates are expected to
accurately reflect the true likelihood of OUD.

We examined the SHAP plot for the top 15 features identified by XGBoost, selected based on their
average gain score across 73 balanced dataset models. The SHAP plot provided insights into the
relationships between the covariates and the predicted outcomes, thereby enhancing the model's
interpretability.
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Figure. 1. Steps to estimate the proportion of uncoded OUD using PULSNAR.
PP: Probable positives identified by PULSNAR; PN: Probable negatives identified by PULSNAR; CP: coded positives

Results

In the study cohort of 3,342,044 individuals exposed to opioid medication, only 45,019 cases (1.35%)
were coded or diagnosed with OUD. However, applying the PULSNAR method identified an estimated
124,723 additional cases of undiagnosed OUD, representing 3.78% of individuals who were not initially
coded for the disorder (imputed OUD, 95% ClI: [3.76%, 3.80%]). Consequently, the overall cumulative
prevalence of OUD among patients who received opioid medication over an average of 3.39 years of
observation, was 5.08% across all age groups and sexes. This estimate combines both diagnosed and
imputed undiagnosed cases, with 74.3% of the cases being imputed. The average age of patients with



coded OUD was 42 years (standard deviation: 13), whereas the average age for those without coded
OUD was 38 years (standard deviation: 15). Figure 2 presents the mean a estimates from the PULSNAR
method for each iteration across 73 balanced datasets, along with the 95% confidence intervals (Cls).
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Figure. 2. Distribution of a estimates by PULSNAR method. Each iteration had 73 a estimates, each corresponding to one of
the 73 balanced datasets. Red line: mean a value

The mean gain scores of the top 15 important covariates returned by the XGBoost model across all 73
balanced datasets are shown in Figure 3. These top covariates contributed most to the prediction
(positive class or negative class) by the XGBoost model.
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Figure. 3. Gain scores for the top 15 features distinguishing patients with OUD. The gain score represents the mean gain
across 73 balanced datasets and 40 iterations. Higher gain scores mean the feature produced more separation between child
nodes across the models.



Figure 4 displays the SHAP plot for the top 15 features identified by the XGBoost model. In this plot, red
indicates high feature values, while blue indicates low feature values. The plot shows that individuals
with high values for certain features, such as acetaminophen, buprenorphine, chronic pain syndrome,
other psychoactive substance-related disorders, and naloxone, are likely to be predicted as having OUD
by the model. The wide spread of a color (red/blue) for a feature highlights the varying effects of the
feature on model predictions across different individuals. Conversely, a dense clustering of a color
(red/blue) suggests that the feature consistently affects model predictions similarly for different
individuals.
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Figure. 4. SHAP plot for the top 15 features identified by the XGBoost model across all 73 balanced datasets. The plot shows
the effects of these features on XGBoost’s OUD prediction for individuals.

Discussion and Conclusion

Accurate detection of OUD is crucial for several key reasons, including identifying at-risk individuals,
improving responses to the opioid crisis, expanding access to treatment, guiding public health strategies,
enhancing health outcomes, addressing co-occurring conditions, and ultimately saving lives. This study
demonstrated the appropriateness of the PU learning algorithm, PULSNAR, in identifying undercoded or
undiagnosed OUD. In our study cohort, merely 1 in 73 individuals were coded for OUD. However, by
applying the PULSNAR method, our estimates suggest that approximately 1 in 20 individuals exposed to
opioids have OUD, leading to an overall estimated cumulative prevalence of 5.08% across all age and sex
demographics. This estimation is consistent with the prevalence ranges reported in other studies,
justifying the applicability of PULSNAR.'>!! The gain scores obtained from the XGBoost model provide
valuable insights into potential risk factors and predictors associated with OUD. Unsurprisingly,



treatments for OUD, such as buprenorphine and naloxone were highly predictive of OUD, as well as the
presence of chronic pain and treatments for pain (e.g., acetaminophen). The lower incidence of OUD
among patients who received a COVID-19 vaccine, as well as those with a positive COVID-19 test, may
represent a temporal bias that warrants further investigation. The predictive power of other substance
use disorders, including alcoholism, suggests that common causes may underlie multiple substance use
conditions. Through this novel application of PULSNAR, we have not only identified a significant hidden
burden of OUD, but also set the stage for improved diagnostic practices and interventions that are vital
to intervening in the opioid crisis. Importantly each patient has a calibrated probability that can be used
for screening as well as for probabilistic phenotyping.
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