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Abstract

As the opioid crisis continues to have devastating consequences for our communities, families, and patients, innovative
approaches are necessary to augment clinical care and the management of patients with opioid use disorders. As stewards of
health analytic data, laboratories are uniquely poised to approach the opioid crisis differently. With this pilot study, we aimed to
bridge laboratory data with social determinants of health data, which are known to influence morbidity and mortality of patients
with substance use disorders. For the purpose of this pilot study, we focused on the co-use of opioids and benzodiazepines, which
can lead to an increased risk of fatal opioid-related overdoses and increased utilization of acute care. Using the laboratory finding
of the copresence of benzodiazepines and opioids as the primary outcome measure, we examined social determinants of health
attributes that predict co-use. We found that the provider practice that ordered the laboratory result is the primary predictor of
co-use. Increasing age was also predictive of co-use. Further, co-use is highly prevalent in specific geographic areas or “hotspots.”
The prominent geographic distribution of co-use suggests that targeted educational initiatives may benefit the communities in
which co-use is prevalent. This study exemplifies the Clinical Lab 2.0 approach by leveraging laboratory data to gain insights into
the overall health of the patient.
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Introduction

The prevalence of substance use disorders (SUDs) in the
United States represents a public health crisis of astounding
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proportions. As early as 2002, substance use emerged as the
single, most prominent factor in preventable illness, associated
health-care costs, and related social challenges.' The preva-
lence of opioid use disorder (OUD) alone is astronomically
high, with over 2.5 million Americans over 12 years of age
exhibiting this disease.” At a time when the overall cause of
death from opioids exceeds that of motor vehicle crashes,’
collaborative and innovative strategies are essential.
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One significant contributor to fatal opioid-related overdoses
is the co-use of opioids and benzodiazepines, accounting for
approximately 30% of fatal opioid-related overdoses.* In var-
ious issued statements and labeling requirements, the US Food
and Drug Administration (FDA) has urged significant caution
in the co-use of these drugs.’ The co-use of opioids and ben-
zodiazepines is a significant public health risk through the
increased risk of respiratory depression in patients with OUD.*

In the SUD population, broadly, and in OUD, in particular,
the interplay of medical and social support is paramount to
successful patient management. Individuals with SUD have
both significant physical and behavioral health requirements
that drive high health-care utilization and cost.’ The role of
social determinants of health (SDH) in impacting patients with
SUD and the accompanying comorbid conditions has been
long-recognized.” For example, socioeconomic status is inver-
sely correlated with increased drug-related morbidity and mor-
tality; it also shapes access to care, quality of care, and
prevention efforts in individuals who use drugs.® Homelessness
and incarceration have also been linked to poorer health out-
comes in this population, shifting access to medical insurance,
access to care, and increasing the risk of blood-borne infectious
disease.” Further, the risk of mortality from overdose is signif-
icantly higher in the 2 weeks following incarceration. '’

Screening for key SDH predictors during the patient visit
has been championed as critical step to supporting the holistic
management of SUD patients .'' Universal screening for SDH
attributes is a foundational element for Centers for Medicare
and Medicaid Services $157 million program, called the
Accountable Health Communities. ! However, even with
extensive effort, the implementation of this screening can be
arduous and variably applied.!! Further, patient interview may
not identify predictors that, while impactful, are not known or
considered by the patient such as geographic region, driving
distance to healthy food options, or relative levels of access to
transportation. Given the importance of value-based delivery of
health-care services and efficient use of physician time,'*"?
increased reliance on predetermined digital data can be used
to expedite patient—provider information gathering and bolster
conversations that impact SDH in conjunction with the delivery
of care and improving outcomes.

In a predictive modeling paradigm, we paired a previously
determined database of SDH predictors with the precision of
laboratory data in our SUD population to identify what critical
social determinants would predict the high-risk behavior of
concurrent use of opioids and benzodiazepines, a readily iden-
tified laboratory finding.

Methods

This pilot project integrated SDH, available through Staple
Health (a data science organization focused on using SDH to
predict patient risk and identify optimal interventions) with
laboratory data from Aspenti Health (a laboratory focused on
population health in SUD).

The laboratory data included urine drug testing results for 37
797 unique urine samples collected from October 22, 2018, to
March 5, 2019. Laboratory data included patient samples from
practices within Vermont, New York, New Hampshire, Mas-
sachusetts, Minnesota, Maine, and Iowa with >90% derived
from 2 states: Vermont and Massachusetts. This likely repre-
sents approximately a third of SUD testing in the state of Ver-
mont and only a small fraction of testing in Massachusetts. The
data set used for this study is predominantly composed of urine
drug testing data from patients in treatment for SUD. Urine
drug testing in this setting is used to monitor treatment adher-
ence, recognize relapse, or identify unexpected drug use.

The laboratory results introduced into the model were gen-
erated at a centralized testing laboratory (Aspenti Health) and
pulled from the laboratory’s information system (LIS). A sub-
set of this data identifying the copresence of opioids and ben-
zodiazepines was introduced into the model. The presence of
opioid-related compounds was defined as the presence of any
of the following compounds: oxycodone, morphine, hydroco-
done, hydromorphone, oxymorphone, fentanyl, heroin metabo-
lite (6-acetylmorphine), buprenorphine, and methadone or
related classes, by either screening or confirmation methodol-
ogy. The presence of benzodiazepine compounds was defined
as the presence of any of the following compounds: 7-
aminoclonazepam, o-hydroxy-alprazolam, lorazepam, midazo-
lam, nordiazepam, temazepam, oxazepam, or related classes by
either screening or confirmation testing. The window of detec-
tion in urine varies based on the compound and the individual’s
pharmacokinetic profile but ranges between 1 and 7 days.'*
Since urine drug testing verifies drug consumption, it is an
effective measure of co-use. Samples in the data set were
flagged as either positive or negative for co-use of opioids or
benzodiazepines.

A subset of 21 unique SDH predictive features were selected
for inclusion in this model (see Table 1) from more than 250
SDH attributes available through Staple Health. The first vari-
able listed in Table 1 is the practice. The practice represents the
organization that a patient attends for SUD treatment. This may
be an individual provider or a group of providers. These SDH
attributes were combined with an additional 8 attributes asso-
ciated with the sample (sample characteristics) available
through Aspenti Health’s laboratory LIS. These features were
selected for inclusion based on known correlates with SUD as
well as the availability of data in this population. Features
include patient-level factors as well as social and geographic
factors ranging from indicators of food access, housing,
employment, and crime statistics.

The selected SDH attributes were paired with urine drug
testing data to support the management of SUD patients. Pre-
dictive models were trained on the provided historical labora-
tory data sets described above to determine which SDH is most
predictive of co-use of opioids and benzodiazepines. This
merged data set was deidentified for analysis. Authors were
blinded to individual identifiers for this study and the study has
been deemed not human subject research and is exempted from
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Table I. The 29 SDH and Sample Characteristics Used in the Model *

Relative
Model
Feature Unit of Measure Influence
Practice Patient 0.398
Patient age Patient 0.150
Percent on public assistance Census block group  0.047
Patient sex Patient 0.044
Distance from address Patient 0.041
to supermarket, km
Block group Census block group  0.036
Collection time: minute Patient 0.022
Collection day of the month Patient 0.022
Percent unemployed Census block group  0.019
Staple economic stress index (SESI)  Census block group  0.018
Average commute time Census block group  0.017
Collection time: hour Patient 0.017
House value index Patient 0.017
Percent single parent Census block group  0.014
Distance from address to Patient 0.014
grocery store, km
Distance from address to Patient 0.013
convenience store, km
Percent households with more than Census block group  0.013
| person living per room
Collection time: day of week Patient 0.013
Percent of households below Census block group  0.013
200% FPL
Percent of households below Census block group  0.012
100% FPL
Percent of individuals over 25 Census block group  0.011
with no high school degree
Predicted income Patient 0.011
Percent of households with no car  Census block group  0.010
Collection time: second Patient 0.009
Collection time: month Patient 0.008
Household size, sqft Patient 0.007
Household income bracket Patient 0.001
Number of generations living Patient 0.001
in household
Collection time: year Patient 0.001

Abbreviations: FPL, federal poverty level; SDH, social determinants of health.
*Census block group: Smallest unit of measure published by the US census,
containing between 600 and 3 000 people. Staple economic stress index (SESI)
is calculated by block group based on factors related to economic stress
including the percent of households below the federal poverty limit, single
parent families, access to transportation, levels of education, and crowded
living situations. Supermarket, grocery store, and convenience store: 3 levels of
granularity are provided for distance to food sources including supermarket,
grocery store, and convenience store. All 3 variables have been included due to
differences in relative influence in the model.

full institutional review board review by the University of
Vermont Health Network institutional process.

Throughout the analysis process, 128 unique models were
built and evaluated. These included logistic regressions, deci-
sion trees, random decision forests, and deep-learning models.
Models were compared based on area under the receiver oper-
ating characteristic (AUROC), an objective measure com-
monly used to compare and evaluate binary classification
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Figure |. The area under the receiver operating curve (AUROC)
demonstrating the relationship between true positive rate (sensitivity)
and false positive rate for the top 3 performance models.

models for overall performance of the model, taking into
account both sensitivity and specificity. The n coefficient (also
known as the Matthews correlation coefficient), a second mea-
sure of the quality of a binary classifier, was also used given
this measure works particularly well in imbalanced data sets
where there are relatively few positive outcomes, as can occur
in clinical data.

As a critical value of this type of modeling is to identify a
specific patient’s risk, the ability to interpret the modeling
process and explain each prediction were prioritized. The ini-
tial extract of patient test data from the Aspenti LIS was
cleaned of duplicates and redundant data and patients without
an address or date of birth were removed.

Results

A subset of 6950 unique patients found to have the requisite
information for SDH matching and analysis, with a total of 750
(10.8%) flagged for co-use of opioids and benzodiazepines.
After initial model building and evaluation, 3 top performing
candidates warranted further investigation: An L2 regularized
logistic regression (AUROC 0.7152), a deep neural network
(AUROC 0.7070), and a bagged (bootstrap aggregated) ran-
dom decision forest (AUROC 0.7284). The relative perfor-
mance of these 3 models is displayed in Figure 1.

The random decision forest was selected based on overall
model performance (largest AUROC score), as well as the



Academic Pathology

39.9%
g .
g 15.0%
47% 44% 41% 3.9
6 41% 36% o0y 22% 19% 18%
H E E SN o o= os =
& & & Y f e a o
«‘"-{;Q‘ \\’ £ # Oﬂé '\:l‘o\_—f\b 0(\5‘;%
< 3 chQ 4}@%
<« 6\0?.-,_,‘1‘:’
e

Figure 2. The 10 most common SDH and sample characteristics for
co-use of opioid and benzodiazepines. Note: Neighborhood is
defined as the census block group in which a patient’s address is
located; SESI is calculated by block group based on factors related to
economic stress including the percentage of households below the
federal poverty limit, single parent families, access to transportation,
levels of education, and crowded living situations. The top 10 most
common attributes account for 79.8% of the total prediction of the
model. SDH indicates social determinants of health; SESI, staple
economic stress index.

ability of pruned random forests to manage issues of overfit-
ting. This “forest” was built through an ensemble of 46 unique
random decision trees. A benefit of this model is the ability to
extract detailed explanations of individual prediction results
from this type of model, an important feature in a clinical
setting. The relative global influence of SDH predictors within
the model was defined as a normalized measure of error reduc-
tion that each variable imparts on the final model. As men-
tioned earlier, this model achieved an AUROC score of
0.7284 and a maximum 7w coefficient of 0.2275. These results
indicate a moderately strong predictive model for this initial
proof of concept work.

Specific SDH variables were reviewed to assess their rela-
tive influence in the selected model predicting co-use of
opioids and benzodiazepines. The 10 most influential factors
for the selected model are presented in Figure 2, which
accounted for 79.8% of the overall influencers in this model.
The 2 most influential global predictors of co-use were the
practice from which the laboratory test was ordered and the
age of the patient.

Additionally, by using address latitude/longitude points, a
geospatial analysis was completed to further characterize the
geographic distribution of patients found to co-use. Overall
clustering of co-use in Northern New England can be seen in
Figure 3A, whereas the percentage of co-use presented for the
20 towns with the most co-use can be seen in Table 2. Co-use
percentages ranged from 0% to 33.33% for towns across the
analysis region. Figure 3B displays a more detailed view of
Worcester, Massachusetts, the region with the highest density
of co-use. This map presents a graphical overlay of co-use with
an economic stress index, which was not demonstrated to be a
top global predictor (1.8% overall influence, see Figure 2), and
demonstrated no obvious pattern or distribution.

The second most influential SDH predictor for co-use was
identified as increasing age. Figure 4 demonstrates the relation-
ship between ages by percentage of co-use. A simple ordinary
least squares regression showed a statistically significant rela-
tionship between age and co-use (P value <.001, r* = 0.899).

Discussion

This pilot study examined what SDH attributes would predict
co-use of opioids and benzodiazepines, as defined by the copre-
sence of opioids and benzodiazepines by urine drug testing, in
patients being treated for SUDs.

Although studies have varied widely on the prevalence of
co-use in the population with SUD, several studies have iden-
tified co-use as high as 50% to 70% of cases.'> Surprisingly, in
our analysis, 10.8% of cases were identified as having co-use of
opioids and benzodiazepines. Given we used the broadest pos-
sible definition of opioids and benzodiazepines to include treat-
ment with buprenorphine and methadone as opioids, this was
unexpected. It is possible that with recent successes of Ver-
mont’s Hub and Spoke Model'® and the high representation of
Vermont in this data set that this model may include a more
stable treatment population.

Nevertheless, the co-use of these 2 drug classes poses a
significant public health risk and has led the US FDA to release
its highest warning label for co-use in September 2017."” Most
notably, risks of respiratory depression, overdose, and overdose
death are increased in this population with 30% of fatal opioid-
related overdoses involving a concurrent benzodiazepine.*
With approximately 50 000 opioid-related overdose deaths per
year,'® this amounts to roughly 15 000 preventable deaths attri-
butable to co-use annually. Co-use also results in an increased
utilization of acute, episodic care by doubling the rate of emer-
gency room visits and inpatient services.* A recent analysis
suggested that the overall population risk for this type of acute,
episodic care would be reduced by 15% if co-use was elimi-
nated.* With nearly $2 billion dollars in annual hospital costs
attributable to patients involved in opioid-related overdoses,'’
any risk reduction is economically impactful in this population.

Despite broad awareness of the risk of respiratory depres-
sion and the associated risk of overdose in this population, the
prevalence of co-use has more than doubled in the past
decade.*'"** Given the significant adverse outcomes, a deeper
characterization of the population that co-uses benzodiazepines
and opioids is needed.'® Further, an understanding of attributes
that may predict co-use could assist providers in assessing risk
in their patients. In this pilot study reviewing 29 SDH and
patient attributes, 2 predictors alone accounted for 54.9% of
the overall global prediction of our model: the patient age and
the practice from which the test was ordered.

The observation that patient age is a predictor of co-use of
opioids and benzodiazepines is aligned with extensive litera-
ture demonstrating increased use of benzodiazepines with
advancing age.?' In a comprehensive study examining approx-
imately 60% of retail pharmacies in the United States, 8.7% of
older patients (65-80 years) were prescribed benzodiazepines
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Figure 3. A, Geographic hotspots of co-use throughout Northern New England region. Numerically labeled geographic locations correspond
to the locations of higher co-use (in ranked order). B, An example of | geographic hotspot of Worchester, Massachusetts, with SDH overlay of
an economic stress score by local region. This corresponds to geographic “hot spot” #1 in A. Orange circles reflect co-use. Blue circle denotes
no co-use. Note: Individual points on this map have been given a small amount of random latitude—longitude shift to preserve confidentiality.
SDH indicates social determinants of health.

Table 2. The Top 20 Towns Ordered by Percentage of Co-Use
Among the Study Population.*

Percent of Population
Patients Found (Last Available
to Co-use Town State Year)

333 Montpelier Vermont 7484 (2017)
32.1 Wilmington Vermont 1876 (2010)
28.6 Portland Maine 66 822 (2017)
28.6 Webster Massachusetts 17 020 (2017)
20.5 St Albans Town  Vermont 6971 (2011)
19.2 Johnson Vermont 3614 (2017)
18.5 Highgate Vermont 3654 (2017)
18.3 Swanton Vermont 6427 (2010)
18.1 Worcester Massachusetts 185 677 (2017)
17.3 St Albans City Vermont 6918 (2010)
15.6 Barre Town Vermont 9066 (2011)
15.4 West Rutland Vermont 2181 (2017)
14.3 Fairfax Vermont 4669 (2017)
13.6 Cambridge Massachusetts 113 630 (2017)
13.0 Somerville Massachusetts 81 360 (2017)
13.0 Bennington Vermont 15764 (2010)
12.8 Hartford Vermont 9952 (2010)
12.5 Sheldon Vermont 2190 (2010)
12.5 South Burlington  Vermont 19 141 (2017)
1.8 Shaftsbury Vermont 3443 (2017)

*The lower limit cutoff was set to towns that had at least 20 unique patients in
the study population to protect patient confidentiality. Sources: US Census

Bureau.

in contrast to 2.6% of younger individuals (18-35 years). Fur-
ther, some studies have demonstrated that co-use is more likely
in older population.* Although patient age cannot be changed,

the risks associated with age and co-use may inform conversa-
tions between provider and patient and help identify a poten-
tially higher risk population.

The second most common predictor of co-use was the prac-
tice from which the urine drug test was ordered. Although this
second finding does not represent a traditional, patient-specific
social determinant of health, it is an interesting factor that
increases the likelihood of co-use in our model. Although we
observed significant geographic variability with distinct geo-
graphic “hot spots” of co-use, this was not predicted by other
geographic factors such as census block group or distance to
food sources. Rather, the predictor was the practice from which
the urine drug test was ordered, suggesting that this relates
instead to the given practice or individual provider’s prescrib-
ing practices or policies or thus far unassessed unique determi-
nants within individual practice populations. Repeated studies
have cited differences in regional and county benzodiazepine
and opioid prescribing practices with approximately 6-fold var-
iation in each.”**® This study suggests that these differences
may be identifiable on a practice level and targeted educational
interventions may be of utility.

Interestingly, some attributes were not as influential in the
current model at predicting co-use. Several geographically
determined attributes such as indices related to the economic
stressors of a region, percent in a region unemployed and on
public assistance, percentage of individuals below the federal
poverty line, and census block group were not as predictive in
this model. This is in contrast to prior studies which have
shown associations between geographic factors such as pov-
erty, unemployment, and zip codes and overdose rates.>* There
are a few possibilities that may account for this divergence
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from previous studies. First, our model differs from several
studies that rely upon traditional regression-based approaches
to identify patient risk factors in that other models have
excluded geospatial labels such as zip code or block group.?>~°
This exclusion is often performed to combat issues of multi-
collinearity. We elected to include the block group label as an
input to the model because random decision forests are rela-
tively robust to multicollinearity and the feature had predictive
value. Second, this may be due to the high prevalence of rural
representation in our data set, which have been shown to have
differences in what geographic factors influence overdose.?” It
is possible that it may reflect a difference in the outcome mea-
sure of co-use rather than overdose, which has been the primary
outcome measure in many studies.*?%%’ Finally, it may be that
the 2 attributes of age and the practice from which the test was
ordered were far more predictive of co-use in this model that
they overwhelmed the more traditional findings. Given the
small sampling and the fact that this remains a pilot study,
future studies will be essential to clarify this.

There remain some limitations to this study. First, as with
any work focused on SDH,”® a key limitation is that patients in
this population may have instability in many SDH such as gain
and loss of insurance or lack of a home address. These factors
can challenge algorithmic efforts to appropriately identify all
individual patients and limit the use of SDH in specific settings.
This can be further exacerbated by transitions into and out of
this community. To mitigate this, we employed strategies to
limit the impact of these gaps, such as frequently updating data
sets, and employing statistics to demonstrate where variability
is higher. Second, given the study design, we have little spe-
cific information at the practice level including the number and
training of providers in the practice. Additional work would be
required to understand what provider characteristics are

influencing the model. Finally, we recognize that the most
significant impact of this work that remains will be in the
ability to provide patient-level risk reporting. Identifying risk
on a patient level can empower providers and patients to iden-
tify SDH factors that can be modified and supported. The over-
all effectiveness of this reporting strategy will be dependent
upon provider adoption and utilization.

This study reflects an initial proof of concept relating a
preexisting database of available SDH predictors with labora-
tory data. This work demonstrates a unique way to marry
laboratory data with SDH information. The relative precision
of the outcome measure—the co-use of opioids and benzodia-
zepines through their copresence on a laboratory report—has
allowed for exploration of attributes that could predict the pre-
valence of co-use. Although the patient safety risks of co-use of
opioids and benzodiazepines are well-appreciated, the factors
that lead to co-use are relatively understudied.'” Further, by
using the laboratory finding of co-use, it allows for an
expanded discourse on outcome measures beyond the common
metrics of overdose, overdose death, emergency department
visits, and inpatient stays.'***** Additionally, the goal of this
pilot was not only to generate an accurate model but also one
that supports its use as a screening strategy for future clinical
integration. Using this predictive model and associated infra-
structure, care teams will be able to predict a patient’s risk of
co-use and understand the key factors driving that risk.

There has been increasing awareness of the importance of
SDH in overall wellness and health.?° The increasing emphasis
on SDH is likely to improve adoption of this strategy. Many
granting agencies and organizations have emphasized the
importance of incorporation of SDH into clinical work.>' To
our knowledge, this represents the first peer-reviewed publica-
tion demonstrating the integration of laboratory data with SDH.
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This pilot project exemplifies the utility of laboratory data in
driving a more holistic approach to substance use management,
as championed by the Clinical Lab 2.0 movement.*?
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