Supporting Information

S1 Appendix Predictor Feature Details

Calculation of Proportion of Days Covered (PDC) PDC is calculated by establishing
the number of days a patient could have their medication given the history of
prescription claims and supplied amounts, then dividing this by the number of days in
the period of interest. To account for the different prescription patterns that may be
used in different medication types, we use the “days supply” indicated at each
prescription claim, allowing us to estimate the PDC independent of the prescription
pattern (i.e. daily, weekly, monthly refills).

B Days Covered
~ Total Days in Period

where days covered is calculated by:

PDC

1. Identifying all prescription claims and days supply for MOUD in the examined
period;

2. Iterating through prescriptions in chronological order counting any “gap” days
where the patient is not covered and adding any overlapping days to the next
claim; and then

3. Deriving days covered by subtracting the total gap days from the days in the
period.

Treatment medication An important factor in determining outcomes is the treatment
approach chosen by the treating doctor including both whether prescription medication
is used and which type of medication is prescribed for the OUD. Pharmacy claims in
the first 3 months after the first diagnosis are scanned for any of the primary treatment
medications. The medication with the largest number of claims in the period is
considered to be the MOUD approach prescribed at the diagnosis point. A special case
is considered where both Buprenorphine and Naltrexone are claimed in the treatment
period in order to capture protocols combining the medications [47,48|]. This treatment
approach is then encoded into a categorical predictor variable for all models indicating
window medication as one of:

e Buprenorphine

e Methadone

e Naltrexone

e Buprenorphine and Naltrexone

Comorbidities The 29 categories for comorbidity are: Congestive Heart Failure
(CHF), Valvular heart problems, Pulmonary Hypertension (PHTN), Peripheral vascular
disease (PVD), Hypertension (HTN), Paralysis, Other Neurological (NeuroOther),
Pulmonary, Diabetes (DM), Diabetes with complications (DMcx), Hypothyroid, Renal
issues, Liver issues, Peptic Ulcers (PUD), HIV, Lymphoma, Metabolic disorders (Mets),
Tumour, Rheumatic issues, Coagulopathy, Obesity, Weight Loss, Electrolyte problems
(FluidsLytes), Blood Loss, Anaemia, Alcohol issues, Drug-related problems, Psychosis
and Depression.

The targeted categories are then simplified into 29 binary variables. Each one
indicating the presence of at least one diagnosed comorbid condition in the given
category before OUD diagnosis. These binary variables represent a simplified medical
history that can easily and realistically be used in predictive modelling at the time of
first OUD diagnosis. This approach has many advantages:
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Other prescriptions NDC codes for drugs of the classes of drugs included as

. Claims-level data without indicators of severity can be used.

. It is simple and reproducible given a history of diagnosis codes.

Complex patient history can be considered without overwhelming the model with

trivial features.

Features have a clear and interpretable general clinical meaning improving

interpretability.

predictors (SSRIs, benzodiazepine class drugs, opioid based analgesics) are extracted
from the RxNorm API via the RxNormR R package then used to scan prescription

claims for the cohort. Prescriptions from the 3 classes are partitioned into:

e “Prior” - claimed before the patient’s first OUD diagnosis.

e “During” - claimed during the month following the first OUD diagnosis.

This separation is made to differentiate historical factors from potential

pharmaceutical interactions in co-prescribed medications. The presence or absence of a
prescription claim in each class for each partition is then encoded as a binary variable (6
total). An assumption is made that some ongoing prescriptions a patient will use during

treatment for OUD can be determined at the point of diagnosis.
The complete lists of drugs in each class follows.

List of SSRIs

Citalopram (Celexa)
Escitalopram (Lexapro)
Fluoxetine (Prozac)
Paroxetine (Paxil, Pexeva)
Sertraline (Zoloft)
Vilazodone

Fluvoxamine

List of BENZODIAZEPINES

Alprazolam (Xanax)
Chlordiazepoxide (Librium)
Diazepam (Valium)
Lorazepam (Ativan)
Triazolam

Estazolam

Temazepam

Quazepam

Flurazepam
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List of Opioids

Opium
Heroin
Codeine
Oxycodone
Hydrocodone
Tramadol
Morphine
Hydromorphone
Fentanyl
Carfentanil
Vicodin

Percocet

Income Household income is included as a single categorical variable by dividing

regions into income categories based on average household income quantiles:
e Low Income (quantile < 0.2)
e Medium Income (quantile between 0.2 and 0.8)

e High Income (quantile > 0.8)

Source - Household Income in the Past 12 Months (In 2018 Inflation-adjusted
Dollars) American Community Survey 5-year estimates (2014-2018) from the US Census
Bureau.

Education Education factors are represented as six numeric variables representing
estimated proportions of the adult population with the highest level of educational
attainment given by:

e Post-Baccalaureate Education

No School

Elementary School

Middle School
High School

Post-Secondary Education

Source: Educational Attainment for the Population 25 Years and Over American

Community Survey 5-year estimates (2014-2018) from the US Census Bureau.

Employment Employment is represented by three numeric variables indicating the

proportion of the population in the area:

e Unemployed (looking for work)

Employed
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e Not in Labour Force

Source: Employment Status for the Population 16 Years and Over American
Community Survey 5-year estimates (2014-2018) from the US Census Bureau.

Urban development Urban development is indicated by a single categorical variable
indicating whether an area is considered urban or rural according to its level of
development. Source: Economic Research Service (ERS) of the United States

Department of Agriculture. Rural-Urban Commuting Area Codes.

S1 Fig.
S2 Fig.
S3 Fig.

S4 Fig.

they join Medicaid

S5 Fig.

within 3 months

S6 Fig.

S7 Fig.
S8 Fig.

S9 Fig.

Age distribution of the cohort.

Frequency of medications in the cohort

Frequency of top 10 comorbidities present in the cohort

Frequency of patients who have overdoses by time period, after

Top 10 features in order of decreasing correlation with overdose,

Distributions of PDC and Adherence over 3-months, 6-months,
and 12-months periods, respectively

Distribution of PDC based on medication type

Top 10 features that are decreasingly correlated with Adherence

Average OD rate for cohorts with different PDC (12 months)

S2 Appendix.

Description of the data broken down by medication

adherence.
Missing Overall PDC < 0.8 PDC >0.8 P-Value
n 26685 11564 15121
indv.GENCD_RF, n F 0 15076 (56.5) 6322 (54.7) 8754 (57.9) <0.001
(%)
M 11609 (43.5) 5242 (45.3) 6367 (42.1)
age_cat, n (%) 16-29 0 5240 (19.6) 2495 (21.6) 2745 (18.2) <0.001
30-39 11774 (44.1) 5069 (43.8) 6705 (44.3)
40-49 6031 (22.6) 2527 (21.9) 3504 (23.2)
50-59 2935 (11.0) 1226 (10.6) 1709 (11.3)
above_60 705 (2.6) 247 (2.1) 458 (3 0)
Prior CHF, n (%) False 0 26370 (98.8) 11426 (98.8) 14944 (98.8) 0.909
True 315 (1.2) 138 (1.2) 177 (1.2)
Prior_Valvular, n (%) False 0 26203 (98.2) 11387 (98.5) 14816 (98.0) 0.004
True 482 (1.8) 177 (1.5) 305 (2.0)
Prior PHTN, n (%) False 0 26505 (99.3) 11487 (99.3) 15018 (99.3) 0.939
True 180 (0.7) 77 (0.7) 103 (0.7)
Prior PVD, n (%) False 0 26239 (98.3) 11402 (98.6) 14837 (98.1) 0.003
True 446 (1.7) 162 (1.4) 284 (1.9)
Prior HTN, n (%) False 0 22435 (84.1) 9906 (85.7) 12529 (82.9) <0.001
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Prior_Paralysis, n (%)

Prior_NeuroOther, n

(%)

Prior_Pulmonary, n

(%)
Prior DM, n (%)
Prior_.DMex, n (%)

Prior_Hypothyroid, n
(%)

Prior_Renal, n (%)
Prior_Liver, n (%)
Prior_.PUD, n (%)
Prior_HIV, n (%)

Prior_Lymphoma, n

(%)
Prior_Mets, n (%)
Prior_Tumor, n (%)

Prior_Rheumatic, n

(%)

Prior_Coagulopathy, n
(%)

Prior_Obesity, n (%)

Prior_WeightLoss, n
(%)

Prior_FluidsLytes, n
(%)

Prior_BloodLoss, n

(%)
Prior_Anemia, n (%)

Prior_Alcohol, n (%)

True
False
True
False

True
False

True
False
True
False
True
False

True
False
True
False
True
False
True
False
True
False

True
False
True
False
True
False

True
False

True
False
True
False

True
False

True
False

True
False
True
False
True

4250 (15.9)
26573 (99.6)
112 (0.4)

24501 (91.8)

2184 (8.2)
22288 (83.5)

4397 (16.5)
25546 (95.7)
1139 (4.3)
25935 (97.2)
750 (2.8)
25772 (96.6)

913 (3.4)
26471 (99.2)
214 (0.8)
24380 (91.4)
2305 (8.6)
26502 (99.3)
183 (0.7)
26570 (99.6)
115 (0.4)
26656 (99.9)

29 (0.1)
26636 (99.8)
49 (0.2)
26437 (99.1)
248 (0.9)
25925 (97.2)

760 (2.8)
26325 (98.7)

360 (1.3)
24766 (92.8)
1919 (7.2)
25934 (97.2)

751 (2.8)
24875 (93.2)

1810 (6.8)
26457 (99.1)

228 (0.9)
25577 (95.8)
1108 (4.2)
24785 (92.9)
1900 (7.1)

1658 (14.3)
11515 (99.6)
49 (0.4)

10629 (91.9)

935 (8.1)
9858 (85.2)

1706 (14.8)
11110 (96.1)
454 (3.9)
11258 (97.4)
306 (2.6)
11231 (97.1)

333 (2.9)
11479 (99.3)
85 (0.7)
10637 (92.0)
927 (8.0)
11493 (99.4)
71 (0.6)
11523 (99.6)
41 (0.4)
11553 (99.9)

11 (0.1)
11539 (99.8)
25 (0.2)
11463 (99.1)
101 (0.9)
11247 (97.3)

317 (2.7)
11424 (98.8)

140 (1.2)
10855 (93.9)
709 (6.1)
11250 (97.3)

314 (2.7)
10720 (92.7)

844 (7.3)
11464 (99.1)

100 (0.9)
11112 (96.1)
452 (3.9)
10640 (92.0)
924 (8.0)

2592 (17.1)
15058 (99.6)
63 (0.4)

13872 (91.7)

1249 (8.3)
12430 (82.2)

2691 (17.8)
14436 (95.5)
685 (4.5)
14677 (97.1)
444 (2.9)
14541 (96.2)

580 (3.8)
14992 (99.1)
129 (0.9)
13743 (90.9)
1378 (9.1)
15009 (99.3)
112 (0.7)
15047 (99.5)
74 (0.5)
15103 (99.9)

18 (0.1)
15097 (99.8)
24 (0.2)
14974 (99.0)
147 (1.0)
14678 (97.1)

443 (2.9)
14901 (98.5)

220 (1.5)
13911 (92.0)
1210 (8.0)
14684 (97.1)

437 (2.9)
14155 (93.6)

966 (6.4)
14993 (99.2)

128 (0.8)
14465 (95.7)
656 (4.3)
14145 (93.5)
976 (6.5)

0.995

0.622

<0.001

0.017

0.166

<0.001

0.316

0.002

0.243

0.116

0.689

0.346

0.442

0.379

0.097

<0.001

0.414

0.004

0.926

0.087

<0.001
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Prior_Drugs, n (%)

Prior_Psychoses, n

(%)

Prior_Depression, n

(%0)

income_cat, n (%)

no_school, mean (SD)
elementary_school,
mean (SD)
middle_school, mean
(SD)
high_school,
(SD)
post_secondary_edu,
mean (SD)
post_baccalaureate,
mean (SD)
employed, mean (SD)
area_type, n (%)

mean

window_mat, n (%)

ssri_rx_before_f11, n

(%)

ssri_rx_during f11, n

(%)

bzd_rx_before f11, n
(%)

bzd_rx_during f11, n
(%)

od_before_f11, n (%)

opd_rx_before f11, n
(%)

opd_rx_during f11, n
(%)

False
True
False

True
False

True
high
low
mid

Metropolitan
are
Micropolitan
area

Rural areas
Small town
B

BN

M

N

False

True
False

True
False

True
False

True
False
True
False

True
False

373

277

277

277

277

277

277

264
12

32 (0.1)
26653 (99.9)
23631 (88.6)

3054 (11.4)
20774 (77.8)

5911 (22.2)
4017 (15.3)
4353 (16.5)
17942 (68.2)
0.0 (0.0)
0.0 (0.0)

0.0 (0.0)
0.1 (0.0)
0.8 (0.1)
0.1 (0.1)

0.5 (0.1)
17894 (67.1)

6374 (23.9)

584 (2.2)
1821 (6.8)
22543 (84.5)
1681 (6.3)
309 (1.2)
2152 (8.1)
18099 (67.8)

8586 (32.2)
22177 (83.1)

4508 (16.9)
24725 (92.7)

1960 (7.3)
26231 (98.3)

454 (1.7)
25240 (94.6)
1445 (5.4)
16885 (63.3)

9800 (36.7)
25236 (94.6)

10 (0.1)
11554 (99.9)
10228 (88.4)

1336 (11.6)
9022 (78.0)

2542 (22.0)
1754 (15.4)
2022 (17.7)
7630 (66.9)
0.0 (0.0)
0.0 (0.0)

0.0 (0.0)
0.1 (0.0)
0.8 (0.1)
0.1 (0.1)

0.5 (0.1)
8035 (69.5)

2545 (22.0)

234 (2.0)
742 (6.4)
9470 (81.9)
926 (8.0)
126 (1.1)
1042 (9.0)
7920 (68.5)

3644 (31.5)
9733 (84.2)

1831 (15.8)
10752 (93.0)

812 (7.0)
11341 (98.1)

223 (1.9)
10839 (93.7)
725 (6.3)
7185 (62.1)

4379 (37.9)
10730 (92.8)

22 (0.1)
15099 (99.9)
13403 (88.6)

1718 (11.4)
11752 (77.7)

3369 (22.3)
2263 (15.2)
2331 (15.6)
10312 (69.2)
0.0 (0.0)
0.0 (0.0)

0.0 (0.0)
0.1 (0.0)
0.8 (0.1)
0.1 (0.0)

0.5 (0.1)
9859 (65.2)

3829 (25.3)

350 (2.3)
1079 (7.1)
13073 (86.5)
755 (5.0)
183 (1.2)
1110 (7.3)
10179 (67.3)

4942 (32.7)
12444 (82.3)

2677 (17.7)
13973 (92.4)

1148 (7.6)
14890 (98.5)

231 (1.5)
14401 (95.2)
720 (4.8)
9700 (64.1)

5421 (35.9)
14506 (95.9)

0.229

0.640

0.571

<0.001

0.817

0.422

0.108

0.050

<0.001

0.003

0.336
<0.001

<0.001

0.044

<0.001

0.081

0.014

<0.001

0.001

<0.001
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od_window_0, n (%)

state, n (%)

od_after_3m, n (%)

od_after F11, n (%)

top_pdc_3m,
(SD)

True
False
True
State B
State A
False
True
False
True

1449 (5.4)
26087 (97.8)
598 (2.2)
22315 (83.6)
4370 (16.4)
25132 (94.2)
1553 (5.8)
24684 (92.5)
2001 (7.5)
0.7 (0.3)

834 (7.2)
11204 (96.9)
360 (3.1)
9565 (82.7)
1999 (17.3)
10662 (92.2)
902 (7.8)
10393 (89.9)
1171 (10.1)
0.4 (0.2)

615 (4.1)
14883 (98.4)
238 (1.6)
12750 (84.3)
2371 (15.7)
14470 (95.7)
651 (4.3)
14291 (94.5)
830 (5.5)
1.0 (0.1)

<0.001

<0.001

<0.001

<0.001

<0.001
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S3 Appendix Hyperparameters used in the models.

Model

Parameters

Logistic Regres-
sion

Decision Tree
Random Forest

XGB

C=10

criterion=gini, min_samples_split =2, min_samples_leaf =1
n_estimators=200, criterion=gini, max_depth=10, ran-
dom_state=0, max_features=None

learning_rate=0.01, n_estimators=1000, max_depth=6, gamma=10,
subsample = 0.8, colsample_bytree = 0.4, scale_pos_weight=1,
objective=binary:logistic, reg_alpha = 0.3

S10 Fig. Top features with an increased risk of overdose after excluding
socio-economic features (Logistic regression)

S11 Fig. Top features with decreased risk of overdose after excluding
socio-economic features

S12 Fig. Feature importance for the XGB classifier after excluding
socio-economic features
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