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ABSTRACT

Predictors from the structured data in the electronic health record (EHR) have previously been used for case-
identification in substance misuse. We aim to examine the added benefit from census-tract data, a proxy for
socioeconomic status, to improve identification. A cohort of 186,611 hospitalizations was derived between 2007 and
2017. Reference labels included alcohol misuse only, opioid misuse only, and both alcohol and opioid misuse. Baseline
models were created using 24 EHR variables, and enhanced models were created with the addition of 48 census-tract
variables from the United States American Community Survey. The absolute net reclassification index (NRI) was
applied to measure the benefit in adding census-tract variables to baseline models. The baseline models already had
good calibration and discrimination. Adding census-tract variables provided negligible improvement to sensitivity
and specificity and NRI was less than 1% across substance groups. Our results show the census-tract added minimal
value to prediction models.

INTRODUCTION

Substance misuse is a common cause of hospitalization and death in the United States. The most common type of
primary and secondary substance-related diagnosis among inpatient hospitalizations is alcohol-related disorders, and
it ranks second in 7-day readmission rates'. Additionally, rates of opioid-related deaths have continued to increase,
particularly with the advent of synthetic opioids. Approximately 70% of drug overdose deaths in 2018 involved
opioids?. Both alcohol and opioid misuse are complex behavioral conditions that encompass a variety of co-existing
conditions and social determinants of health.

Both alcohol and opioid misuse have been shown to be associated with social and behavioral determinants of health,
such as poverty level?, education level*, and employment status®. Furthermore, substance use outcomes appear to be
clustered by geographic area®. One community study using geographical information software suggests its benefit in
characterizing drug use in neighborhoods’. This suggests that environmental influences may play a role in substance
use. Measures of census-level socioeconomic status (SES) indicators function as proxies for individual-level SES
information, help fill a gap in electronic health record (EHR) data® and improve the accuracy for identifying cases of
substance misuse in patients. The SES indicators provide additional value beyond individual risk factors in predicting
health risk and examining health outcomes®°, Few studies have linked EHR data with census-level data for substance
misuse, so their effectiveness is less apparent for prediction.

In this study, we used the publicly available United States American Community Survey data summarized to census-
tract to represent SES for patients. We linked the census-tract variables to geo-coded patient addresses in the EHR at
a tertiary care health system to examine the added benefit in the census-tract data to existing structured EHR data. We
aim to study the added benefit of the census-tract data for the prediction of alcohol misuse, opioid misuse, and both
alcohol and opioid misuse. We hypothesize that census-tract data will improve the net reclassification of cases for
each type of substance misuse over EHR data alone.
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METHODS

Patient Setting

Loyola University Medical Center (LUMC) is a 559-bed hospital and tertiary academic center, including a burn and
Level 1 trauma center serving Chicago and its western suburbs. LUMC has maintained Epic (Epic Systems
Corporation, Verona, Wisconsin) as its EHR vendor since 2003 and includes a Microsoft SQL server-based clinical
data warehouse (CDW) that has been available for research since 2007. The study was performed at an encounter
level. The study population is composed of all adult (>18 years of age) inpatient encounters between January 1, 2007
and September 30, 2017. Exclusion criteria were the following: (1) outpatient encounters and (2) encounters where
census-tract data could not be matched to patient address.

Reference labels for substance misuse

Misuse included patients with opioid use disorder, taking an illicit opioid or non-prescribed opioid, alcohol use
disorder, and excessive alcohol consumption as defined by National Institute on Alcohol Abuse and Alcoholism. Two
methods were used to identify cases. First, a combination of International Classification of Diseases (ICD)-9 and —10
codes for opioid misuse and alcohol misuse were adopted from the Healthcare Cost and Utilization Project (HCUP)
ICD codes for opioid abuse, opioid dependence, opioid poisoning, alcohol dependence, and alcohol abuse. A total of
20 1CD codes were used for opioid misuse and 22 ICD codes for alcohol misuse. Second, computable phenotypes that
used natural language processing were applied to the clinical notes of the EHR for both alcohol and opioid misuse.
The computable phenotypes for opioid misuse and alcohol misuse had previously been trained and validated at LUMC
and they both had an area under the receiver operating characteristic curve (AUROC) of greater than 0.90%113, All the
data (ICD codes and clinical notes) used to build the reference labels were independent from the variables that were
used as features in the models below.

Candidate Variables from the EHR

Variables for analyses from the EHR were extracted from the following domains: (1) demographics including
insurance status; (2) comorbidities organized by Elixhauser disease classification categories and present on admission
(excluding the codes used in the reference labels)**; (3) Elixhauser readmission score and Elixhauser mortality score;
(4) inpatient pain score from the admission nursing flowsheets; (5) ICD codes for chronic pain present on admission;
(6) laboratory testing with blood alcohol concentration (BAC) in mg/dL. A total of 24 EHR variables were examined.
Median imputation for integer variables and mode imputation for nominal variables were applied to integer values
with missing data except for BAC which was categorized as not tested.

Candidate Variables from Census Tract Data

The United States (US) Census Tract socioeconomic (SES) data were used as a proxy for individual-level social and
behavioral determinants of health. The ‘censusapi’ R package was used as a wrapper for the US Census Bureau’s
Application Program Interfaces (API)®. The Census APIs were used to match the addresses to corresponding
geocodes for all patients in our analytic cohort®. The data were extracted from the American Community Survey 5-
year Data between 2013 and 2017, Forty-eight census-tract variables for analyses were extracted from the following
domains: (1) demographics; (2) highest education level; (3) marital status; (4) household composition; (5) insurance
status; (6) employment status; (7) first language; (8) veteran status; (9) percent of households below poverty level.

Statistical analysis: Association of EHR and census-tract variables with substance misuse

Individual EHR and census-tract variables were examined across groups by substance use type (alcohol misuse only,
opioid misuse only, alcohol and opioid misuse, and no misuse) (Tables 1 and 2). The variables were entered into a
generalized linear mixed effects model with Poisson distribution and included random intercepts to account for within-
patient correlation due to multiple inpatient encounters over time. A total of 72 candidate variables were examined
representing both the structured EHR variables and census-tract variables. Results from all substance use models were
reported using prevalence ratios with 95% confidence intervals (ClI).

Predictive Analytics

The dataset was split into 70% (n=130,628) for training and 30% (n=55,983) for testing. Variable selection was
performed using the least absolute shrinkage and selection operator (LASSO) in a GLM and hyperparameter tuning
to find the largest value of A that is within one standard error of the minimum was performed on the training set using
10-fold cross-validation. First, baseline EHR models were derived to select features from the candidate EHR variables
for predicting each type of substance misuse (alcohol misuse vs. no misuse; opioid misuse vs. no misuse; both types
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VS. no misuse). Second, the census-tract variables were added to the list of candidate variables and variable selection
with LASSO was performed. The Area Under the Receiver Operating Characteristics (AUROC) was calculated for
each model, and the AUROC between the baseline and enhanced models were compared using a bootstrap test for
two correlated ROC curves with 100 permutations. The following formula was used: D=(baseline AUROC — enhanced
AUROC)/s where s is the standard deviation of the bootstrap differences and D is compared to the normal distribution.
In addition to examining discrimination with AUROC, we also examined calibration with the calibration slope and
intercept with their 95% Cls.

The absolute Net Reclassification Index (NRI) was applied to examine the benefit in adding census-tract variables to
EHR data across multiple thresholds on the AUROC. The thresholds examined were the following: (1) Youden’s J
index (maximizing accuracy and minimizing error); (2) the highest sensitivity/recall threshold when specificity was
set to 75%, and (3) the highest specificity threshold when sensitivity/recall was set to 75%. The highest absolute NRI
from these possible thresholds was reported in the results. The absolute NRI represents the absolute number of patients
correctly reclassified by the enhanced model over the EHR-only model. It was used to determine if the enhanced
model performed better than the EHR-only model‘®. The net reclassification was calculated by subtracting the
incorrect reclassification of the enhanced model and the correct reclassification enhanced model. An incorrect
reclassification is when the baseline model accurately classified the case, but the enhanced model incorrectly
reclassifies the case. Similarly, a correct reclassification is when the baseline incorrectly classified the case, but the
nested model correctly reclassifies the case. The absolute NRI can be calculated by the following equation:

misuse net reclassification + no misuse net reclassification
Absolute NRI = x 100
total encounters

In addition, classification plots were built to better visualize discrimination and compare AUROCSs. Classification
plots also overcome the problem of comparing model performance conditional on specific thresholds by showing all
true positive (sensitivity) and false positive rates (specificity) by risk thresholds®®. Figure 1 shows sensitivity/recall
and specificity conditional on all risk thresholds.

The analysis was performed using RStudio Version 1.1.463 (RStudio Team, Boston, MA). All results from the
prediction models are reported on the test dataset. The Institutional Review Board of Loyola University Chicago
approved this study.

RESULTS

Patient Characteristics

The census tract variables for SES could not be linked in 16.2% (n=37,254) of patient encounters due to missing or
incorrect address information in the EMR. The final cohort analyzed was composed of 186,611 adult hospitalizations.
There were 13,263 (7.1%) positive cases of alcohol misuse, 4,484 (2.4%) positive cases of opioid misuse, and 2,896
(1.6%) cases of concurrent alcohol and opioid misuse. The association of different patient characteristics derived from
the EHR data is listed in Table 1. The Elixhauser comorbidity most strongly associated with alcohol misuse was liver
disease at 3.26 (95% CI, 3.07-3.46), followed by psychosis at 2.30 (95% CI, 2.14-2.47). Psychosis was the most
strongly associated with opioid misuse and combined alcohol+opioid substance use groups with a prevalence ratio of
2.66 (95% Cl, 2.40-2.95) and 2.50 (95% ClI, 2.13-2.94), respectively. Discharge to a psychiatric facility was strongly
associated with all categories of substance use (p<0.01 for all substance use types). Detectable BAC levels of <80
mg/dL and >80 mg/dL (above legal limit) had the strongest association for alcohol misuse with prevalence ratios of
9.25 (95% Cl, 6.30-11.29) and 8.43 (95% ClI, 8.55-10.01), respectively.

Variables from major domains of the census-tract variables from the 2013-2017 American Community Survey are
listed in Table 2. Higher levels of per capita income, median household earnings, and median income were associated
with lower prevalence of each substance use type (p<0.01 for all comparisons). Similarly, greater levels of poverty
were associated with higher rates of substance misuse (p<0.01 for all comparisons). Further, lower levels of high
school education and increases in food stamp usage had a positive association with all substance use types (p<0.01
for all comparisons).
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Table 1. Patient Demographics and Characteristics across groups for Substance Misuse

Alcohol Misuse Only Opioid Misuse Only | Alcohol + Opioid Misuse No Misuse
(n=13263) n=4484) n=2896) (n=165968)
Prevalence P Prevalence P Prevalence P Prevalence P
Ratio | Value Ratio | Value Ratio | Value Ratio | Value
(95% CI) (95% CI) (95% CI) (95% CI)
Age (years)
18-24 (referent) (referent) (referent) (referent)
25-34 0.98 (0.87, 1.10) 0.76 | 1.03 (0.84, 1.28) 0.75 § 1.27 (0.86, 1.86) 0.23 | 0.99 (0.96, 1.02) 0.46
35-44 1.05 (0.94, 1.18) 0.41 § 1.13 (0.91, 1.40) 0.28 § 1.15(0.77, 1.70) 0.50 § 0.97 (0.94, 1.00) 0.02
45-54 1.15 (1.03, 1.29) 0.01 § 0.97 (0.78, 1.20) 0.78 § 1.06 (0.72, 1.56) 0.77 § 0.94 (0.91,0.96) | <0.001
55+ 0.54 (0.48, 0.59) <0.001 § 0.52(0.42,0.63) | <0.001 j 0.40(0.28,0.59) | <0.001 § 1.05 (1.02,1.07) | <0.001
Sex
Female (referent) (referent) (referent) (referent)
Male 3.09 (2.85,3.31) <0.001 § 1.74(1.55,1.95) | <0.001 j§ 2.43(1.94,3.05) | <0.001 § 0.91 (0.90, 0.91) | <0.001
Race/Ethnicity
Non-Hispanic White § (referent) (referent) (referent) (referent)
Non-Hispanic Black § 1.21 (1.14, 1.30) <0.001 § 1.85(1.63,2.11) | <0.001 j 1.76 (1.38,2.24) | <0.001 § 0.96 (0.95, 0.97) | <0.001
Hispanic 1.17 (1.03,1.32) 0.01 § 0.97 (0.73, 1.28) 0.83 § 1.18 (0.71, 1.95) 0.52 § 0.99 (0.97, 1.01) 0.29
Other 1.14 (1.05, 1.24) <0.001 § 0.85 (0.70, 1.03) 0.10 § 1.00 (0.70, 1.43) 1.00 § 0.99 (0.98, 1.01) 0.26
Insurance
Private (referent) (referent) (referent) (referent)
Medicare 0.69 (0.65, 0.73) <0.001 § 0.80(0.80,0.80) | <0.001 § 0.75 (0.60, 0.95) 0.02 § 1.03(1.02,1.04) | <0.001
Medicaid 1.97 (1.85, 2.10) <0.001 § 2.22 (2.02,2.43) | <0.001 jj 2.85(2.28, 3.55) | <0.001 j§ 0.88 (0.87,0.90) | <0.001
No Insurance/Other f§ 2.88 (2.68, 3.09) <0.001 § 2.55(2.27,2.85) | <0.001 § 3.29 (2.59,4.17) | <0.001 § 0.80 (0.78,0.82) | <0.001
Pain documented in 0.94 (0.91, 0.98) 0.01 § 1.15(1.08,1.23) | <0.001 § 0.90 (0.80, 1.00) 0.06 § 1.00 (0.99, 1.01) 0.84
Nurse flowsheet
Elixhauser
Comorbidities
CHF 0.65 (0.61, 0.70) <0.001 § 0.95 (0.85, 1.06) 0.36 § 0.75 (0.59, 0.94) 0.01 § 1.05(1.03,1.06) | <0.001
Hypertension 0.65 (0.62, 0.68) <0.001 § 0.83(0.76,0.90) | <0.001 j 0.67 (0.59,0.78) | <0.001 § 1.05 (1.04,1.06) | <0.001
Neurological 1.46 (1.39, 1.54) <0.001 § 1.32(1.21,1.44) | <0.001 § 1.53 (1.33,1.75) | <0.001 f§ 0.94 (0.93,0.95) | <0.001
Pulmonary 1.03 (0.97, 1.09) 0.39 § 1.19 (1.07,1.31) | <0.001 § 1.02 (0.86, 1.21) 0.81 § 0.99 (0.97, 1.00) 0.03
Complicated DM 0.70 (0.64, 0.75) <0.001 § 0.92 (0.81, 1.05) 0.22 § 0.86 (0.67, 1.10) 0.23 | 1.04 (1.02,1.06) | <0.001
Uncomplicated DM § 0.74 (0.69, 0.79) <0.001 § 0.83(0.75,0.92) | <0.001 § 0.73 (0.60, 0.98) 0.002 { 1.03 (1.02, 1.04) | <0.001
Renal 0.68 (0.68, 0.78) <0.001 § 0.83(0.74,0.93) 0.002 j 0.69 (0.55, 0.86) 0.001 j 1.04 (1.03,1.05) | <0.001
Liver 3.26 (3.07, 3.46) <0.001 § 1.97(1.22,1.54) | <0.001 § 1.67 (1.14,1.64) | <0.001 § 0.72 (0.71,0.74) | <0.001
HIV 1.27 (0.94,1.72) 0.12 § 1.80 (1.20, 2.69) 0.005 J 1.79 (0.93, 3.44) 0.08 § 0.86 (0.80,0.93) | <0.001
Rheumatic 0.45 (0.37, 0.54) <0.001 § 0.80 (0.60, 1.06) 0.12 § 0.67 (0.39, 1.22) 0.20 § 1.07 (1.04,1.10) | <0.001
Obesity 0.62 (0.58, 0.67) <0.001 § 0.99 (0.88, 1.11) 0.83 j§ 0.87 (0.87,0.87) | <0.001 j 1.05 (1.04,1.10) | <0.001
Weight Loss 1.30 (1.22, 1.40) <0.001 § 1.19(1.06, 1.33) 0.002 j 1.13(0.93, 1.38) 0.21 § 0.94 (0.92,0.96) | <0.001
Anemia 0.98 (0.93, 1.03) 0.40 § 1.05(0.98, 1.13) 0.19 § 0.97 (0.85, 1.11) 0.68 § 0.99 (0.98, 1.00) 0.25
Psychosis 2.30(2.14,2.47) <0.001 j§ 2.66 (2.40,2.95) | <0.001 f 2.50 (2.12,2.94) | <0.001 f§ 0.77 (0.75,0.79) | <0.001
Depression 1.41 (1.33, 1.49) <0.001 § 1.82(1.67,1.97) | <0.001 f 1.55 (1.35,1.78) | <0.001 f 0.91 (0.90, 0.93) | <0.001
Disposition
Acute Care (referent) (referent) (referent) (referent)
In-Hospital Death 1.26 (1.12,1.42) <0.001 § 0.69 (0.54, 0.86) 0.001 j 0.60 (0.38, 0.93) 0.02 § 0.95 (0.92, 0.98) 0.004
Home 0.92 (0.86, 0.98) 0.01 § 0.93(0.83, 1.04) 0.18 § 0.98 (0.80, 1.21) 0.83 | 1.00 (0.98, 1.01) 0.81
AMA 1.68 (1.45, 1.95) <0.001 § 1.31(1.09, 0.58) 0.004 J 1.38 (1.03, 1.86) 0.03 § 0.69 (0.65, 0.74) | <0.001
Long Term Care 1.02 (0.93,1.12) 0.67 § 0.93 (0.79, 1.09) 0.36 § 0.98 (0.73, 1.33) 0.91 § 0.99 (0.97, 1.00) 0.41
Psychiatric Hospital § 4.81 (4.08, 5.67) <0.001 J§ 3.08 (2.40, 3.95) 0.70 § 2.96 (2.10,4.18) | <0.001 j 0.36 (0.32,0.41) | <0.001
Alcohol Testing
Not Tested (referent) (referent) (referent) (referent)
BAC=0 3.48 (3.28, 3.68) <0.001 § 2.30(2.08,2.54) | <0.001 j 3.27 (2.82,3.79) | <0.001 j§ 0.69 (0.67,0.71) | <0.001
Below Legal (< 80) 9.25 (6.30, 11.29) | <0.001 j 3.36 (2.85,3.95) | <0.001 § 4.69 (3.84,5.72) | <0.001 § 0.15(0.13,0.17) | <0.001
Above Legal (>80) | 8.43(8.55,10.01) | <0.001 f 3.15(1.78,5.56) | <0.001 || 4.40 (2.38,8.15) | <0.001 | 0.23 (0.16,0.34) | <0.001

CHF = Congestive Heart Failure; DM = Diabetes; AMA = Left against medical advice; HIV = Human Immunodeficiency Virus; BAC = Blood alcohol level; Acute care = another

short-term general hospital for inpatient care, home health service, immediate care facility; Chronic care = inpatient rehab facility, nursing facility, long-term care hospital, skilled
nursing facility; Chronic pain not part of Elixhauser codes - the ICD-9/10 code used: 338, 338.0, 338.2, 338.21, 338.22, 338.28, 338.29, 338.4, 724.5, G89, G89.0, G89.2, G89.21,

(G89.22, G89.28, G89.29, G89.3, G89.4, R52.;Above legal blood alcohol level is > 0.08 g/dL; Below legal blood alcohol is < 0.08g/dL The census-tract variable for poverty level

was shown to represent an important indicator of census-level SES that correlates well with other SES measures's; therefore, we categorized patients into low (<9.9 percent of
households below federal poverty level), middle-(10.0-19.9 percent of households below federal poverty level), or high-poverty census-tract (20.0+ percent of households below

federal poverty level)s.
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Table 2. Census tract data from the 2013-2017 American Community Survey linked to hospitalizations from the

electronic health record

Alcohol Misuse Only Opioid Misuse Only § Alcohol + Opioid Misuse No Misuse
n=13263) n=4484) n=2896) (n=165968)
Prevalence P Prevalence P Prevalence P Prevalence P
Socioeconomic status Ratio Value Ratio | Value Ratio | Value Ratio | Value
(95% CI) (95% CI) (95% CI) (95% CI)
Less than High School
Education 1.01(1.01,1.02) | <0.001 J 1.01(1.00,1.01) 0.03 § 1.02 (1.01, 1.03) | <0.001 j 1.00(1.00, 1.00) | <0.001
Marriage Status
Married 0.99 (0.98,0.99) | <0.001 [ 0.98(0.96,0.99) | <0.001 § 0.97 (0.96,0.98) | <0.001 § 1.00(1.00, 1.00) | <0.001
Never Married 1.01(1.01,1.02) | <0.001 § 1.02(1.01,1.03) | <0.001 § 1.03(1.02,1.04) | <0.001 § 1.00 (1.00,1.00) | <0.001
Food Stamp Usage
(10% increase) 1.15(1.12,1.18) | <0.001 J§ 1.21(1.14,1.28) | <0.001 § 1.32(1.22,1.42) | <0.001 § 0.98 (0.97,0.98) | <0.001
Disability 1.02 (1.01,1.03) | <0.001 § 1.03(1.02,1.05) 0.001 j 1.04 (1.02, 1.07) 0.001 § 1.00 (1.00, 1.00) | <0.001
(5% increase)
Homeowner 0.96 (0.95,0.97) | <0.001 [ 0.95(0.94,0.72) | <0.001 § 0.93(0.90, 0.95) | <0.001 § 1.01(1.00,1.01) | <0.001
(5% increase)
Not a Citizen of US 1.06 (1.04,1.08) | <0.001 § 0.97(0.92,1.02) 0.25 J| 1.04 (1.04,1.04) | <0.001 § 0.99 (0.99, 1.00) | <0.001
(5% increase)
Per Capita Income 0.87(0.85,0.89) | <0.001 [ 0.87(0.82,0.92) | <0.001 § 0.78 (0.71,0.85) | <0.001 § 1.02(1.01,1.02) | <0.001
(per $10,000)
Median Earnings 0.87(0.85,0.89) | <0.001 J 0.87(0.82,0.92) | <0.001 § 0.76 (0.70, 0.84) | <0.001 g 1.02(1.01,1.02) | <0.001
(per $10,000)
Median Household
Income (per $10,000) 0.95(0.94,0.96) | <0.001 J 0.94(0.92,0.97) | <0.001 § 0.90(0.86,0.94) | <0.001 § 1.01(1.01,1.01) | <0.001
Poverty Level
Low (< 9.9%) (referent) (referent) (referent) (referent)
Middle (10%-19.9%) § 1.22(1.13,1.32) | <0.001 J 1.19(1.01,1.41) 0.04 § 1.47 (1.15,1.87) 0.002 § 0.97 (0.96,0.98) | <0.001
High (> 20%) 1.53(1.39,1.68) | <0.001 § 1.68(1.38,2.05) | <0.001 j 2.03 (1.53,2.70) | <0.001 § 0.95(0.93,0.96) | <0.001

Poverty level = low-(<9.9 percent of households below federal poverty level), middle-(10.0-19.9 percent of households below federal poverty level), or high-poverty census-tract (20.0+
% households below federal poverty level)

Alcohol-Only Model
The EHR variables selected by LASSO to create the baseline model were BAC, sex, insurance status, all the

Elixhauser comorbidities, pain level, and Elixhauser readmission and mortality indices. The 23-variable model had

an AUROC of 0.879 (95% ClI, 0.874-0.885). The calibration slope and intercept were 1.11 (95% Cl, 1.08-1.13) and
0.22 (95% ClI, 0.17-0.28), respectively.

The additional SES variables selected by LASSO for the enhanced model for alcohol misuse were the following
from the patient’s census-tract: (1) proportion divorced; (2) proportion veterans; (3) proportion without a high
school degree; (4) proportion college graduate (5) proportion with household size of two; (6) proportion

homeowner; (7) proportion not in labor force; and (8) proportion 25-64 years old. Only one Elixhauser comorbidity
was removed from the baseline model. The 32-variable model had a small improvement with an AUROC of 0.880
(95% CI: 0.875-0.886), and a p-value <0.01 for comparison between the baseline and nested models. A similar
calibration slope and intercept were found at 1.10 (95% CI, 1.08-1.13) and 0.21 (95% Cl, 0.15-0.27), respectively.
The threshold that provided the maximal benefit for reclassification had an absolute NRI of 0.39% (Table 3).
Figure 1a represents the classification plots and shows negligible gains across risk thresholds for sensitivity and
specificity.

Opioid-Only Model

The EHR variables selected by LASSO to create the baseline model were BAC, age, race and ethnicity, sex,
insurance status, congestive heart failure, neurological disorders, pulmonary disorders, uncomplicated diabetes,
complicated diabetes, renal disorders, liver disorders, HIV, metastasis, tumor, rheumatic disorders, obesity, weight
loss, anemia, psychosis, depression, and Elixhauser readmission and mortality indices. The 23-variable model had
an AUROC of 0.857 (95% ClI, 0.847-0.866). The calibration slope and intercept were 1.14 (95% ClI, 1.10-1.17) and
0.42 (95% Cl, 0.33-0.52), respectively.
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The additional SES variables selected by LASSO for the enhanced model for opioid misuse were the following from
the patient’s census-tract: (1) proportion black; (2) proportion white, (3) per capita income; (4) proportion food
stamps, and (5) median earnings. For the enhanced opioid misuse model, the 28-variable model had an AUROC of
0.857 (95% ClI, 0.848-0.866) and no improvement in the AUROC was found over the baseline model (p=0.65). The
enhanced opioid misuse model and relatively no change in the calibration slope and intercept of 1.14 (95% Cl, 1.1-
1.17) and 0.44 (95% ClI, 0.35-0.54), respectively. The threshold that provided the maximal benefit in reclassification
had an absolute NRI of 0.04% (Table 3). Figure 1b represents the classification plots with no appreciable change
visualized across risk thresholds for sensitivity and specificity.

Alcohol and Opioid Model

The EHR variables selected by LASSO to create the baseline model were BAC, age, sex, all the Elixhauser
comorbidities, pain level, and Elixhauser readmission and mortality indices. For the baseline alcohol and opioid
misuse model, a 23-variable model was derived with an AUROC of 0.952 (95% CI, 0.945-0.960). The baseline
model had a calibration slope and intercept of 1.14 (95% ClI, 1.10-1.19) and 0.54 (95% ClI, 0.40-0.67), respectively.

The additional SES variables selected by LASSO to create the enhanced model were the following from the
patient’s census tract: (1) proportion married; (2) proportion white; (3) proportion household size of two; (4)
proportion disabled; (4) median earning. For the enhanced alcohol and opioid misuse model, a 29-variable model
was derived with an AUROC of 0.953 (0.946-0.960) and no improvement in the AUROC was found over the
baseline model (p=0.21). The model had minimal change in the calibration slope and intercept at 1.14 (95% ClI,
1.10-1.19) and 0.53 (95% ClI, 0.40-0.66), respectively. None of the thresholds examined provided any benefit in
reclassification with the best absolute NRI at -0.13% (Table 3). Figure 1c represents the classification plots with no
improvements visualized across risk thresholds for sensitivity and specificity.

Table 3. Net Reclassification after the addition of selected census-tract variables

No Alcohol Alcohol No Opioid Opioid No Alcohol | Alcohol and
Misuse Misuse Misuse Misuse and Opioid | Opioid
(n=51069) (n=4914) (n=53662) (n=2321) Misuse Misuse
(n=55028) (n=955)
Correct Reclassification: 304 12 605 21 26 14
Incorrect Reclassification: 39 58 558 45 107 7
Net Reclassification 265 46 47 24 81 7

All results reported for the test dataset (n=55,983).
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Figure 1a-c. Classification plots for models with and without census-tract variables for (a) Alcohol-only; (b)
Opioid-only, and (c) Alcohol and Opioid misuse.
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baseline line model; EHR+SES = enhanced model with census tract variables; AUC = area under the receiver operating characteristics

DISCUSSION

Prior studies have shown that using readily available data in the EHR may be useful in the identification of individuals
with substance misuse!*'3, Because substance misuse is strongly associated with SES, we added census-tract
variables, a proxy for SES data, to the EHR-only model. Our results show that including census-tract variables into
the prediction model using a LASSO approach resulted in several census-tract variables being added to the model but
only with small gains in AUROC for the alcohol misuse model. For the most part, there were little to no gains to the
AUROC, absolute NRI, and across risk thresholds for sensitivity/recall and specificity. Our results indicate that the
enhanced model did not contribute much predictive value, but our models from EHR-only data already had baseline
AUROCs above 0.84 so there may have been limited capacity for performance gains from baseline. Overall, our
models had good discrimination and calibration, but we show little benefit in the added complexity of linking SES
data for computable phenotypes in substance misuse. Other computable phenotypes with risk factors in SES may still
benefit from the addition of census-tract variables but they are likely on a case-by-case basis.
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Our univariable analysis demonstrates that patient’s lower SES status is strongly associated with substance misuse,
especially across census-tract data for income, employment, education level, and housing. These data are consistent
with individual-level data and consistent with the strong association for substance misuse in patients with Medicaid
and uninsured status®®. From the 72 patient-level and census-tract variables and structured data variables available to
our health system, we derived models to predict each substance use type. In addition to the commonly described risk
factors in demographics and comorbidities, additional factors such as comorbidities and arriving with a detectable
BAC were common to all models. We also found similar characteristics in the patients identified with substance
misuse to other urban cohort studies?®, supporting the reliability in our choice of predictors. Co-substance use,
hepatitis, HIV, chronic pain, and mental health conditions are commonly reported risk factors and predictors of
substance misuse?-*, For the alcohol misuse model, the Elixhauser codes for neurologic disease include delirium and
encephalopathy which are commonly encountered in patients with acute intoxication?.

Measures of census-level SES indicators function as proxies for individual-level socioeconomic information and help
fill a gap in EHR data®. The SES indicators provide additional value beyond individual factors in predicting health
risk®2627 and examining health outcomes'®28. Few studies have linked EHR data with census-level data for substance
misuse so their effectiveness is less apparent for health analyses. The selection operator in our LASSO model did pick
approximately a half dozen of the census-tract variables to predict the different types of substance misuse. Across the
models, the variables reflected race/ethnicity of the neighborhood, earnings and income status, and disabilities. Health
systems are increasingly more accountable for the health of the communities they serve®, so these additional data
sources may better inform strategies for community outreach and care.

In the end, our baseline models were already well calibrated and started with high performance for discrimination
with AUROCSs above 0.84. This may explain why our absolute NRI metrics and classification plots across multiple
thresholds did not show improvement with the addition of the census-tract variables. This may be viewed as a
limitation to our study and should be further explored across other computable phenotypes that are affected by SES.
The utility of census-tract variables is focused on patients with substance misuse, so their value may differ in
applications to other prediction models. Prior studies have focused on the additive NRI instead of absolute NRI, but
it does not consider the prevalence of the cases and non-cases in the cohort and may be misleading®. Our study used
absolute NRI to account for the low prevalence of cases and represent the total proportion reclassified correctly. The
absolute NRI of <1% for all the models indicates little value gained in reclassifications for the added complexity of
linking EHR data to the American Community Survey data.

There are several other limitations in our study. First, we assumed that there is little variability in census data between
years. The census data used for the modeling were the 5-year average between 2013 and 2017; however, our patient
cohort included patients between 2007 and 2017. Additionally, we used the patients’ last known address which may
not be representative of the patients’ geographic location during the time of the hospitalization. We did not have
accurate addresses on approximately 15% of patients which also included patients experiencing homelessness, which
is a major predictor for substance misuse. Because the census-tract variables were derived from the patients’ addresses,
the neighborhood characteristics serve only as a proxy for the individual-level characteristics. The result of this study
may suggest that the patient’s neighborhood improves the model rather than the patient’s SES. Lastly, this was a
single-center study, and an external validation study is needed to determine the generalizability of our results and other
model architectures may prove useful.

CONCLUSION

Substance misuse is a behavioral condition that has been shown to be highly associated with SES. However, in this
study, we showed that leveraging the publicly available census-tract data, a proxy for SES data, does not improve the
substance misuse prediction models. Our results suggest that the census-tract data does not add significant value to
our substance misuse computable phenotypes but more work is needed to examine their value across other EHR-level
prediction models.
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