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of a risk-score model for opioid
overdose using a national claims
database

Kyu-Nam Heo?, Ju-yeun Lee'* & Young-Mi Ah?**

Opioid overdose can be serious adverse effects of opioid analgesics. Thus, several strategies to
mitigate risk and reduce the harm of opioid overdose have been developed. However, despite a
marked increase in opioid analgesic consumption in Korea, there have been no tools predicting

the risk of opioid overdose in the Korean population. Using the national claims database of the
Korean population, we identified patients who were incidentally prescribed non-injectable opioid
analgesic (NIOA) at least once from 2017 to 2018 (N=1,752,380). Among them, 866 cases of opioid
overdose occurred, and per case, four controls were selected. Patients were randomly allocated to
the development (80%) and validation (20%) cohort. Thirteen predictive variables were selected via
logistic regression modelling, and a risk-score was assigned for each predictor. Our model showed
good performance with c-statistics of 0.84 in the validation cohort. The developed risk score model is
the first tool to identify high-risk patients for opioid overdose in Korea. It is expected to be applicable
in the clinical setting and useful as a national level surveillance tool due to the easily calculable and
identifiable predictors available from the claims database.

Opioids are considered crucial for pain relief; however, they are associated with significant harms such as
overdose'. In the USA, along with the rise in opioid prescription since 1999, opioid-related overdose admis-
sions had quadrupled by 2010% During 1999—2017, 702,568 drug-related deaths occurred, of which two-thirds
were opioid-related?.

US regulatory authorities declared the opioid crisis a national public health emergency*. To encourage safe
use of opioids, the Centers for Disease Control and Prevention published guidelines on safe opioid prescription
practice in primary care settings>®. Risk evaluation and mitigation strategies and prescription drug monitor-
ing programs were implemented to encourage safe opioid use. Consequently, a decrease in opioid prescription
was observed from 2012, and death by prescription opioids had decreased by 13.5% in 2017—2018”. However,
overdose deaths involving opioids are still on the rise, and the proportion of drug-related overdose deaths due to
illicit opioids has risen sharply since 20178, This phenomenon might be related to the unexpected interruption of
opioid prescription due to the increased prescription burden of physicians. Thus, according to experts, prescrip-
tion restriction policies should be applied with caution, and each patient’s situation should be considered®'.
For instance, patients inevitably in need of opioids, such as those with malignant pain, should receive opioid
prescriptions. Therefore, to prevent opioid-related adverse outcomes, it is important to assess the individual
patient risk rather than to regulate opioid prescriptions according to uniform standards.

In this context, several models for predicting opioid overdose have been reported. These included a risk
index to identify patients with a risk of overdose or serious opioid-induced respiratory depression'! and a
machine learning algorithm to predict opioid overdose'%. However, most such studies were conducted in North
America'"". Considering that the healthcare system is key in prescription practice and healthcare utilisation'®?,
and that ethnicity influences opioid-related negative outcomes®, these tools should be developed or validated
in domestic populations.

Although Korea has had few issues regarding opioid overdose because opioid use is lower than in other
countries, a significant increase in opioid prescription trends has been observed in recent years (347.5 prescrip-
tions/1000 person in 2009 vs. 531.3 prescriptions/1000 person in 2019)?!. Also, the prevalence of chronic use of
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opioid, a well-known risk factor for overdose, has sharply increased (strong opioids: 0.04% in 2002 to 0.24% in
2015)**. A multicentre study reported that 21% of patients on chronic opioid therapy for more than three months
had instances of inappropriate or excessive opioid use?’. To ameliorate the opioid-related problem due to opioid
prescription increase, a program examining opioid prescriptions for physicians has recently been established
in Korea?*. However, there are no tools that can predict the risk of opioid overdose for an individual patient in
the Korean population.

In this study, we aimed to develop and validate a predictive risk-score model for opioid overdose among
Korean patients prescribed non-injectable opioid analgesic (NIOA). We used this model to stratify Korean
patients prescribed NIOA into subgroups with similar risks for opioid overdose.

Methods

Study design and database. This study was a retrospective, nested case—control study that used the
National Health Insurance Claims Database of the Korean Health Insurance Review Service (HIRA) from 2016
to 2018. In Korea, it is compulsory for all citizens to enrol in the national health insurance system, and all medi-
cal claims are electronically submitted to the HIRA, which covers almost 98% of the entire population. Thus,
these data are representative of the population®. The database contains detailed information on basic demo-
graphic characteristics, healthcare utilisation, medical procedures, prescription, and disease diagnosis, based
on the International Statistical Classification of Diseases and Related Health Problems, Tenth Revision (ICD-
10). This study was approved by the Yeungnam University Institutional Review Board (approval number: YU
2019-01-001). The informed consent from the participants was waived by the Yeungnam University Institutional
Review Board because this study used anonymized data retrospectively, and there was no or minimal risk of
harm to the participants. All methods were performed according to relevant guidelines and regulations.

Study participants and outcome definition. First, adult patients who initiated NIOA use during
2017—-2018 (N=1,752,380) were defined as the NIOA cohort, and the date of the first prescription was the
cohort entry date. We excluded patients with NIOA prescriptions in 2016. We defined NIOA as oral or transder-
mal opioid analgesics (ATC code: N02A and R05DA04), excluding tramadol, and excluded injectable formula-
tions.

Among them, the case group with opioid overdose events was defined as follows: (A) those with occurrence
of an opioid-related poisoning event, (B) those with occurrence of emergency department (ED) visits involving a
naloxone injection and active NIOA prescriptions within 180 days before the event (those with naloxone injection
for the first developed stroke or within the context of a surgical procedure were not included). When a patient
had more than one event, we gave a higher priority to outcome (A) than to (B). When outcome (A) occurred,
we set the index date as the date of occurrence; otherwise, the date of occurrence of outcome (B) was set as the
index date. Additionally, we classified the cases as severe when central respiratory depression was concurrently
confirmed (Supplementary Table 1). We excluded patients with diagnosis codes for (A) or naloxone injection
before the entry date to identify a new event. Patients who had naloxone injection after the entry date, but who
were not classified as the case group, were also excluded.

In a ratio of 1:4, control groups were selected among patients without any aforementioned event, using the
exact-match method, based on cohort-entry date and follow-up duration (duration between the date of initial
opioid prescription and the date of the last medical record).

Variables. The dependent variable for prediction was opioid overdose at the index date. Variables previ-
ously identified as risk factors or that were likely to be related to opioid overdose were selected as candidate
predictors!*17:2,

The assessed variables were demographics (age, sex, and insurance status), baseline comorbidities (mental
health disorders and other medical diagnoses), cause of pain at the initiation of NIOA, healthcare utilisation at
baseline (hospitalisation period, number of ED visits), NIOA use pattern during the month prior to the index
date (main ingredient, number of extended-release and long-acting [ER/LA] opioids, persistence of NIOA use,
mean daily milligrams of morphine equivalents [MME]), other medications used during the month prior to
the index date (anxiolytics, anticonvulsants, antidepressants, antipsychotics, benzodiazepines, gabapentinoids,
muscle relaxants, non-opioid analgesics, naltrexone, other hypnotics, stimulants, and tramadol) (Supplementary
Table 2), number of prescribers, and number of prescriptions for NIOA from cohort-entry date to index date.
Individual mean daily MME was calculated as the sum of the total MMEs prescribed 1 month prior to the index
date, divided by the number of days covered with NIOA prescriptions. Based on the continuity of the NIOA use
1 month before the index date, we classified the persistence of NIOA use as follows: (1) none: no active NIOA
prescription for 2 months (- 60 to — 1 days), (2) new: new active NIOA prescription 1 month (- 30 to — 1 days),
(3) past: active NIOA prescription ended before 1 month (- 60 to —31 days), and (4) persistent: active NIOA
prescription for 2 months (- 60 to — 1 days) prior to the event.

We assumed no missing values for the measured variables. Since we utilised a claim database, it was not pos-
sible to determine whether the absence of records, such as prescription or diagnosis records, was due to missing
data. Therefore, we deemed the absence of record as the absence of a corresponding condition. We confirmed
that there were no missing values for demographic factors, such as age, sex, and insurance status.

Derivation of risk-score model.  First, we randomly split the data into the development cohort (80%) and
validation cohort (20%), stratified by outcome. To select the variables to be included in the prediction model,
the following process was performed. The frequencies of candidate predictors were evaluated, and items with
a prevalence of less than 1% were excluded. The excluded items were moderate to severe liver disease, sleep
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apnoea, stimulant use, and naltrexone use. We examined the multicollinearity between variables using the vari-
ance inflation factor. Next, variables with a<0.1 in the univariable logistic regression analysis were selected as
potential predictors of opioid overdose. During this process, sex, myocardial infarction, rheumatic disease, and
severe renal disease which did not met the criteria were excluded. To select more efficient variables, we uti-
lised the Akaike Information Criterion (AIC) and performed stepwise selection through three repeated five-fold
cross-validation steps?. Finally, when variables that were related to each other coexisted, we carefully modified
our final list of variables, considering their applicability in the clinical field. For instance, benzodiazepine use was
selected over anxiety disorder because use of benzodiazepine or possession of a medication could be easily iden-
tified by the interviewer, while the patient may be reluctant to reveal anxiety disorder to healthcare providers.

Multivariable logistic regression with the final list of variables was performed for the entire development
cohort. Then, the risk-score model was developed through the risk-score assignment for each variable, by multi-
plying the B coefficient of each variable by 10 and rounding it to the nearest integer. Individual patient risk-scores
were calculated using this model. We also created a simple prediction model that could be easily and accurately
identified in a primary care setting. For this purpose, information that the patient may be reluctant to relay to
the clinician or may not recall correctly, such as substance use disorder, number of NIOA prescriptions, and
number of ED visits at baseline, were excluded from the full model.

Performance of the model was evaluated for discrimination and calibration in the validation cohort®®. The
c-statistic or area under the receiver operating characteristic curve was measured to quantify the discrimination
performance. Calibration was evaluated qualitatively by constructing a calibration plot.

Considering the risk-score distribution of individuals and predicted probability in the development cohort,
we classified participants into low-risk, intermediate-risk, and high-risk groups. The cut-off point for the inter-
mediate-risk group was determined using the Youden index, which balances sensitivity and specificity®. The
cut-off for the high-risk group was arbitrary determined by the score corresponding to the top 10% of all the
scores obtained, as described previously'2. Sensitivity, specificity, and positive- and negative-likelihood ratios
were evaluated for these cut-off value. We also evaluated the distribution of severe cases of opioid overdose in
each risk group.

We applied the developed prediction model with the strict outcome definition of limiting the active NIOA
prescription window to 30 days before the index date, instead of 180 days, when identifying cases with outcome
(B) and confirmed the performance in the total cohort.

Sample size calculation. Sample size was calculated as described previously*’. As we planned to match
the case and control groups at a ratio of 1:4, the overall outcome proportion was set at 0.2. We targeted the mean
absolute prediction error, R?Nagelkerke, and shrinkage factors as 0.05, 0.05, and 0.9, respectively. As we expected
to develop a parsimonious model, the number of predictor parameters was set at 18. The event size required
for model development was calculated to be 630 cases. Thus, the total of 690 cases in the development cohort
provided adequate statistical power.

Statistical analysis. For descriptive statistics, we used percentage or mean (standard deviation). The x>
test or Fisher’s exact test was applied to compare categorical variables between groups, while ¢ tests were used
to compare continuous variables between groups. Logistic regression was performed to assess the association
between the variables and outcomes. Statistical significance was determined at p-value less than 0.05. Statistical
analyses were performed using SAS version 9.4 (SAS Institute, Cary, NC).

Results

Clinical characteristics of the development cohort. From 1 January 2017 to 31 December 2018, we
identified 866 case patients (0.05%) and 3464 matched control patients among the 1,752,380 patients initiated
NIOA (Fig. 1). Patients in the development and validation cohorts had similar characteristics and outcome
distributions (Supplementary Table 3). The mean + standard deviation of age (development cohort: 60.5+17.8
vs. validation cohort: 61.0 + 18.3), Charlson comorbidity index (CCI) score (3.1 +2.7 vs. 3.0 £ 2.7), proportion of
male patients (46.4% vs. 44.7%), beneficiaries with medical aid or national meritorious service (NMS) (10.8% vs.
12.0%), and patients with comorbidities, such as cancer (21.2% vs. 21.3%) and substance use disorder (1.3% vs.
1.4%), were not statistically significantly different between the development and validation cohorts.

In the development cohort, compared to the control group, the patients in the case group were older
(69.3+14.6 vs. 58.2+17.8, p<0.001) and had higher CCI scores (4.4+2.8 vs. 2.7 +2.6, p <0.001), and the pro-
portion of medical aid or NMS beneficiaries was higher (21.4% vs. 8.2%, p <0.001) (Table 1). Patients in the case
group were more likely to be diagnosed with mood disorders, anxiety, schizophrenia, substance use disorder,
cerebrovascular disease, dementia, pancreatitis, and respiratory disease. The proportion of patients prescribed
each of the concurrent medications, such as benzodiazepine, was also higher in the case group (Table 2).

Initiation of NIOA due to surgery was more frequent in the control group (23.7%) than those in the case
group (17.7%). NIOA use patterns, such as prescription frequency, number of prescribers, and proportion of
the patients prescribed ER/LA NIOA were significantly different between the groups. Compared to the control
group, the patients in the case group were more frequently prescribed ER/LA opioids (> 1 agent; 23.4% vs. 45.8%),
prescribed a higher daily dose (=20 MMEs; 13.8% vs. 30.7%), had more prescribers (=2 prescribers; 9.2% vs.
22.8%), and had a higher prescription frequency (= 3 times; 15.0% vs. 34.1%).

Development of risk-score model for opioid overdose. The results of univariable and multivariable
logistic regression analyses that were used to develop the risk screening scores for opioid overdose are summa-
rised in Table 3 (results of univariable analysis of all candidate predictors are listed in Supplementary Table 4).
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Figure 1. Patient-selection flow chart. NIOA non-injectable opioid analgesics.

Thirteen predictors were associated with the development of opioid overdose: age group, insurance status, cause
of opioid prescription, three comorbidities (cerebrovascular disease, dementia, and substance use disorder), four
classes of medication use (anticonvulsants, benzodiazepine, gabapentinoids, and tramadol), three types of NIOA
use patterns (cause of initiations, ER/LA opioid use, and number of opioid prescriptions), and the number of ED
visits at baseline. Among those variables, older age (=75 years) (adjusted odds ratio [aOR] 3.47; 95% confidence
interval [CI] 2.48-4.86), history of substance use disorder (aOR 4.67; 95% CI 2.34-9.34), exposure to anticon-
vulsants (aOR 5.00; 95% CI 3.34-7.47), and frequent opioid prescriptions (>10) (aOR 6.07; 95% CI 3.79-9.72)
were identified as factors markedly increasing the risk of opioid overdose. On the other hand, NIOA initiation
due to surgical pain appeared to be a protective factor (aOR 0.62; 95% CI 0.49-0.80). Using the above-mentioned
13 variables, the screening score was developed, with a possible range of -5 to 129.

The c-statistic of the screening score in development cohort was 0.82 (95% CI 0.80-0.84), while in the valida-
tion cohort, it was 0.84 (95% CI 0.81-0.87) (Fig. 2). The calibration plot indicated that the model fit the observed
data well, as the prediction line was close to the perfect agreement line (Fig. 3).

When the full model was adjusted to a simple model after excluding variables that were difficult to identify in
the primary care setting, including substance use disorder, number of NIOA prescriptions, and number of ED
visits at baseline, the simple model showed good performance, although the performance on the ROC analysis
was slightly reduced (c-statistic 0.81, 95% CI 0.77-0.84; ROC comparison, p <0.001) (see Supplementary Figs. 1,
2, and Supplementary Table 5).

Risk stratification. Table 4 shows the results of stratification into low- (< 18 points), intermediate- (18-31
points), and high-risk (=32 points) groups in the development and validation cohorts. In the validation cohort,
579 (65.8%), 214 (24.3%), and 87 (9.9%) patients were classified as low, intermediate, and high risk, respectively,
of which 45 (7.8%), 74 (34.6%), and 57 (65.5%) eventually developed opioid overdose, respectively. In each risk
group, there were 14 (2.4%), 22 (10.3%), and 21 (24.1%) severe cases. When using the intermediate-risk thresh-
old, the sensitivity and specificity of the model for predicting opioid overdose was 74.4% (95% CI 67.3—80.7%)
and 75.9% (95% CI 72.5—79.0%), respectively, and the positive- and negative-likelihood ratios were 3.08 (95%
CI2.63-3.61) and 0.34 (95% CI 0.26-0.44), respectively. When using the high-risk threshold, the sensitivity and
specificity were 32.4% (95% CI 25.5—39.8%) and 95.7% (95% CI 94.0—97.1%), respectively, while the positive-
and negative-likelihood ratios were 7.60 (95% CI 5.04-11.45) and 0.71 (95% CI 0.64-0.78), respectively. The
odds ratios of the intermediate-risk group and high-risk group, as compared to the low-risk group, were 6.27
(95% CI 4.14-9.50) and 22.55 (95% CI 13.18-38.56), respectively. The results of the simple model are presented
in Supplementary Table 6.
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Development cohort Validation cohort
Variables, N (%) Control (N=2760) | Case (N=690) | p-value | Control (N=704) | Case(N=176) | p-value
Age group, mean = SD 58.2+17.8 69.3+£14.6 <0.001 |58.7+18.5 69.9+14.1 <0.001
20-50 years 864 (31.3) 65 (9.4) <0.001 | 210 (29.8) 16 (9.1)
50-75 years 1302 (47.2) 312 (45.2) 334 (47.4) 75 (42.6)
=75 years 594 (21.5) 313 (45.4) 160 (22.7) 85 (48.3)
Male 1276 (46.2) 325 (47.1) 0.682 | 306 (43.5) 87 (49.4) 0.154
CCI score, mean +SD 2.7+2.6 44+28 <0.001 |27£2.6 4.6x2.8 <0.001
0-2 1605 (58.2) 180 (26.1) <0.001 | 413 (58.7) 43 (24.4) <0.001
3-4 591 (21.4) 207 (30.0) 151 (21.4) 54 (30.7)
5-6 307 (11.1) 155 (22.5) 80 (11.4) 37(21)
>7 257 (9.3) 148 (21.4) 60 (8.5) 42 (23.9)
Health insurance type
Medical insurance 2535 (91.8) 542 (78.6) <0.001 | 637 (90.5) 137 (77.8) <0.001
Medical aid or NMS 225 (8.2) 148 (21.4) 67 (9.5) 39 (22.2)
Cancer
No 2228 (80.7) 491 (71.2) <0.001 |578(82.1) 115 (65.3) <0.001
Non-metastatic cancer 380 (13.8) 133 (19.3) 91 (12.9) 40 (22.7)
Metastatic cancer 152 (5.5) 66 (9.6) 35 (5.0) 21(11.9)
Comorbid disease
Mood disorder 444 (16.1) 253 (36.7) <0.001 | 122(17.3) 65 (36.9) <0.001
Anxiety 530 (19.2) 272 (39.4) <0.001 134 (19.0) 58 (33.0) <0.001
Schizophrenia 28 (1.0) 29 (4.2) <0.001 11 (1.6) 7 (4.0) 0.067*
Substance use disorder 17 (0.6) 27 (3.9) <0.001 |4(0.6) 8(4.5) <0.001*
Myocardial infarction 51(1.8) 17 (2.5) 0.298 |16(2.3) 7 (4.0) 0.195%
Heart failure 193 (7.0) 108 (15.7) <0.001 |60 (8.5) 32(18.2) <0.001
Diabetes mellitus 786 (28.5) 327 (47.4) <0.001 | 194 (27.6) 79 (44.9) <0.001
Hypertension 1165 (42.2) 475 (68.8) <0.001 |318(45.2) 114 (64.8) <0.001
PVD 453 (16.4) 193 (28.0) <0.001 116 (16.5) 51 (29.0) <0.001
CVD 315 (11.4) 265 (38.4) <0.001 |93(13.2) 61 (34.7) <0.001
Dementia 240 (8.7) 183 (26.5) <0.001 |60 (8.5) 43 (24.4) <0.001
Pancreatitis 147 (5.3) 56 (8.1) 0.005 |40 (5.7) 16 (9.1) 0.098
Respiratory disease 1262 (45.7) 368 (53.3) <0.001 | 328 (46.6) 90 (51.1) 0.280
Rheumatic disease 165 (6.0) 57 (8.3) 0.029 |50 (7.1) 14 (8.0) 0.697
Peptic ulcer disease 880 (31.9) 279 (40.4) <0.001 | 203 (28.8) 66 (37.5) 0.026
Liver disease (moderate to severe) | 24 (0.9) 10 (1.4) 0.168 | 7(1.0) 2(1.1) 12
Renal disease (severe) 53(1.9) 16 (2.3) 0.504 |10 (1.4) 3(1.7) 0.731*
Sleep apnoea 10 (0.4) 1(0.1) 0.365 | 1(0.1) 0(0) 1?
No. of emergency department visit at baseline
0 2167 (78.5) 411 (59.6) <0.001 | 555 (78.8) 98 (55.7) <0.001
1-3 561 (20.3) 244 (35.4) 144 (20.5) 68 (38.6)
>4 32(1.2) 35(5.1) 5(0.7) 10 (5.7)
Cumulative duration of admission at baseline
0 1814 (65.7) 316 (45.8) <0.001 | 449 (63.8) 75 (42.6) <0.001
1-7 430 (15.6) 112 (16.2) 115 (16.3) 30 (17.0)
>8 516 (18.7) 262 (38.0) 140 (19.9) 71 (40.3)

Table 1. Baseline characteristics of study participants according to outcomes in the development and
validation cohorts. SD standard deviation, CCI Charlson comorbidity index, NMS National Meritorious
Service, PVD peripheral vascular disease, CVD cerebrovascular disease. *Fisher’s exact test.

The application results of the full model or simple model with strict outcome definitions showed similar
trends (Supplementary Figs. 3-6, and Supplementary Tables 7, 8).

Discussion

Using a national claim database comprising virtually the entire Korean adult population who had started NIOA,
we developed and internally validated a risk-score model as a screening tool that can classify patients at high risk
of opioid overdose. The risk screening tool comprised 13 items, including several well-documented risk factors
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Development cohort Validation cohort
Variables, N (%) Control (N=2760) | Case (N=690) | p-value | Control (N=704) | Case (N=176) | p-value
Concurrent medication
Anxiolytics 64 (2.3) 35(5.1) <0.001 |21(3.0) 6(3.4) 0.769
Anticonvulsant 57 (2.1) 85(12.3) <0.001 13 (1.8) 27 (15.3) <0.001
Antidepressants 286 (10.4) 179 (25.9) <0.001 78 (11.1) 51 (29.0) <0.001
Antipsychotics 109 (3.9) 100 (14.5) <0.001 |35 (5.0) 29 (16.5) <0.001
Benzodiazepines 390 (14.1) 217 (31.4) <0.001 105 (14.9) 54 (30.7) <0.001
Gabapentinoids 207 (7.5) 140 (20.3) <0.001 |47(6.7) 37 (21.0) <0.001
Muscle relaxant 493 (17.9) 172 (24.9) <0.001 | 115(16.3) 43 (24.4) 0.012
Non-opioid analgesics 1681 (60.9) 501 (72.6) <0.001 | 408 (58.0) 135(76.7) <0.001
Naltrexone 2(0.1) 0(0) 0.479 | 0(0) 0(0) -
Other hypnotics 156 (5.7) 100 (14.5) <0.001 |34 (4.8) 27 (15.3) <0.001
Stimulants 0 (0) 3(0.4) <0.001 |1(0.1) 2(1.1) 0.104°
Tramadol 575 (20.8) 250 (36.2) <0.001 131 (18.6) 74 (42.0) <0.001
NIOA use pattern
Cause of initiations
Traumatic injury 389 (14.1) 112 (16.2) 0.002 | 88(12.5) 25(14.2) 0.663
Surgery 655 (23.7) 122 (17.7) 172 (24.4) 38 (21.6)
Other 1716 (62.2) 456 (66.1) 444 (63.1) 113 (64.2)
Ingredients
Buprenorphine 269 (9.7) 126 (18.3) <0.001 |51(7.2) 27 (15.3) <0.001
Codeine 518(18.8) 112 (16.2) 0.123 123 (17.5) 21(11.9) <0.001
Dihydrocodeine 22(0.8) 7 (1.0) 0.576 | 3(0.4) 1(0.6) 12
Fentanyl 242 (8.8) 124 (18.0) <0.001 |51(7.2) 35(19.9) <0.001
Hydrocodone 22(0.8) 3(0.4) 0.316 |8(1.1) 3(1.7) 0.467*
Hydromorphone 49 (1.8) 18 (2.6) 0.156 | 8(1.1) 3(1.7) 0.467°
Morphine 9(0.3) 7 (1.0) 0.017 | 1(0.1) 2(1.1) 0.104*
Oxycodone 222 (8.0) 137 (19.9) <0.001 |61(8.7) 44 (25.0) <0.001
Tapentadol 24(0.9) 8(1.2) 0477 |1(0.1) 4(2.3) 0.007
No. of ER/LA opioid
0 2113 (76.6) 374 (54.2) <0.001 | 570 (81.0) 86 (48.9) <0.001
1 572 (20.7) 263 (38.1) 118 (16.8) 81 (46)
>2 75 (2.7) 53 (7.7) 16 (2.3) 9(5.1)
Persistence of use before index date
No 1251 (45.3) 197 (28.6) <0.001 | 361 (51.3) 50 (28.4) <0.001
Past 321 (11.6) 67 (9.7) 81 (11.5) 17 (9.7)
New 784 (28.4) 219 (31.7) 186 (26.4) 64 (36.4)
Persistent 404 (14.6) 207 (30.0) 76 (10.8) 45 (25.6)
No. of prescriber
1 2507 (90.8) 533 (77.2) <0.001 | 646 (91.8) 119 (67.6) <0.001
2 210 (7.6) 111 (16.1) 54 (7.7) 47 (26.7)
>3 43 (1.6) 46 (6.7) 4(0.6) 10 (5.7)
No. of prescription
1-2 2345 (85) 455 (65.9) <0.001 | 584 (83.0) 100 (56.8) <0.001*
3-6 320 (11.6) 133 (19.3) 100 (14.2) 55(31.3)
7-9 57 (2.1) 41 (5.9) 13 (1.8) 9(5.1)
>10 38 (1.4) 61 (8.8) 7 (1.0) 12 (6.8)
Daily MME
0-19 2380 (86.2) 478 (69.3) <0.001 | 625 (88.8) 114 (64.8) <0.001
20-49 216 (7.8) 114 (16.5) 46 (6.5) 33 (18.8)
>50 164 (5.9) 98 (14.2) 33 (4.7) 29 (16.5)

Table 2. Medication use pattern of study participants according to outcomes in the development and
validation cohorts. NIOA non-injectable opioid analgesics, ER/LA extended-release and long-acting, MME
morphine milligram equivalent. *Fisher’s exact test.
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Univariable Multivariable

Risk factor OR (95% CI) aOR (95% CI) B Coefficient | Score
Age group

20-50 Reference Reference - 0

50-75 3.19(2.41-4.22) | 2.00(1.46-2.73) | 0.69 7

>75 7.00 (5.26-9.33) 3.47 (2.48-4.86) | 1.24 12
Health insurance type

Medical insurance Reference Reference - 0

Medical aid or NMS 3.08 (2.45-3.86) 1.55(1.18-2.04) | 0.44 4
Comorbidities

CVD 4.84 (3.99-5.87) 2.5(1.98-3.15) 0.91 9

Dementia 379 (3.06-4.70) | 1.34(1.03-1.75) | 0.29 3

Substance use disorder 6.57 (3.56-12.13) | 4.67 (2.34-9.34) | 1.54 15
No. of emergency department visit at baseline

0 Reference Reference - 0

1-3 2.29 (1.91-2.76) 1.53 (1.24-1.89) | 0.42 4

>4 5.77 (3.53-9.42) 2.51 (1.38-4.58) | 0.92 9
Concurrent medication

Anticonvulsants 6.66 (4.71-9.43) 5.00 (3.34-7.47) | 1.61 16

Benzodiazepine 2.79 (2.30-3.38) 1.46 (1.16-1.83) | 0.38 4

Gabapentinoids 3.14 (2.49-3.96) 1.64 (1.25-2.16) | 0.49 5

Tramadol 2.16 (1.80-2.59) | 1.34 (1.08-1.66) |0.29 3
Cause of analgesics

Other* Reference Reference - 0

Surgery 0.69 (0.56-0.86) | 0.62 (0.49-0.80) | —0.47 -5
No. of ER/LA opioid

0 Reference Reference - 0

>1b 2.76 (2.32-3.28) 1.57 (1.27-1.94) | 0.45 5
No. of opioid prescription

1-2 Reference Reference - 0

3-6 2.14 (1.71-2.69) 1.68 (1.3-2.18) 0.52 5

7-9 3.71(2.45-5.61) | 2.36(1.48-3.76) | 0.86 9

>10 8.27 (5.45-12.56) | 6.07 (3.79-9.72) | 1.80 18

Table 3. Development of the predictive risk-score model for opioid overdose. CI confidence interval, NMS
National Meritorious Service, CVD cerebrovascular disease, ER/LA extended-release and long-acting.
*Traumatic injury was collapsed into other category. "For multivariable logistic regression model,>2 ER/LA
opioid was collapsed into >1 ER/LA opioid.

related to opioid overdose?®*'-**. We found that older age; beneficiaries with medical aid or NMS medical care;
the existence of baseline comorbidities, such as substance use disorder, cerebrovascular disease, and dementia;
exposure to medication with sedative properties; having a high number of NIOA prescriptions; use of ER/LA
NIOA; and an ED visit before NIOA initiation predicted an increased risk of opioid overdose. On the other hand,
use of NIOA for pain due to surgery showed a protective effect. Compared to the previous studies in the USA,
which reported the incidence of opioid overdose as 0.4-0.6%'>%, the observed incidence of opioid overdose
events in the population that initiated NIOA in our study was very low (0.05%).

Predictors showing the strongest association were the number of NIOA prescriptions within the period
from the cohort entry date to the index date, with > 10 NIOA prescriptions resulting in more than six times the
risk (aOR 6.07; 95% CI 3.79—9.72). While several previous studies found the number of opioid prescribers or
pharmacies as risk factors for opioid overdose!**>*, the number of opioid prescriptions, instead of the number
of prescribers, was a predictor of opioid overdose in the present study. These results may be attributable to the
health care system of Korea. Similar to previous studies, medical aid beneficiaries®, a prior history of substance
use disorder!'*1617263134 ER/L A opioid prescription'**, and exposure to medications acting on the central nerv-
ous system, such as benzodiazepines and gabapentinoids, increased the odds of opioid overdose***7-%,

Since tramadol is not regulated as a controlled substance in Korea, we did not consider tramadol as a NIOA.
Thus, patients prescribed only tramadol were not included in the study. However, among the participants
included, tramadol use was evaluated as an additional medication in this study. While previous studies have
identified tramadol as a protective factor against serious opioid-related overdoses*, we found that exposure to
tramadol was associated with an increased risk of opioid overdose. However, this result should be cautiously
interpreted.
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Figure 2. Receiver operating characteristic curve of predictive risk-score model for opioid overdose. AUC area
under the receiver operating characteristic curve, CI confidence interval.
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Figure 3. Calibration plot for predictive risk-score model for opioid overdose. (a) Calibration plot in the
development cohort. (b) Calibration plot in the validation cohort.
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. Development cohort Validation cohort
Performance metrics
(full model) Low risk Intermediate risk | High risk Low risk Intermediate risk | High risk
Total, N (%) 2274 (65.9) | 813 (23.6) 363 (10.5) 579 (65.8) | 214 (24.3) 87 (9.9)
Predicted score (range) | (-5t017) (18to31) (32t0129) (-5t017) | (18to031) (32t0129)
Actual overdose
episodes, N (% of each | 179 (7.9) 296 (36.4) 215 (59.2) 45 (7.8) 74 (34.6) 57 (65.5)
subgroup)
Actual non-overdose
episodes, N (% of each | 2095 (92.1) | 517 (63.6) 148 (40.8) 534 (92.2) | 140 (65.4) 30 (34.5)
subgroup)
Actual severe overdose
episodes, N (% of each | 48 (2.1) 95(11.7) 80 (22.0) 14 (2.4) 22(10.3) 21(24.1)
subgroup)
Actual non-severe
overdose episodes, N 2226 (97.9) | 718(88.3) 283 (78.0) 565 (97.6) | 192(89.7) 66 (75.9)
(% of each subgroup)
Sensitivity, % (95% CI) | - 74.1(70.6-77.3) 31.2(27.7-34.8) - 74.4 (67.3-80.7) 32.4(25.5-39.8)
Specificity, % (95% CI) | - 75.9 (74.3-77.5) | 94.6 (93.7-95.5) - 75.9(72.5-79.0) | 95.7 (94.0-97.1)
LR (+) (95% CI) - 3.07 (2.84-3.33) 5.81 (4.80-7.04) - 3.08 (2.63-3.61) 7.60 (5.04-11.45)
LR (=) (95% CI) - 0.34 (0.30-0.39) 0.73 (0.69-0.77) - 0.34 (0.26-0.44) 0.71 (0.64-0.78)
OR (95% CI) Reference 6.70 (5.44-8.26) 17.00 (13.12-22.03) | Reference | 6.27 (4.14-9.50) 22.55(13.18-38.56)
0,
% of all overdose 25.9% 42.9% 31.2% 25.6% 42.0% 32.4%
episodes captured
0y
% of all severe OVe{,dOSC 21.5% 42.6% 35.9% 24.6% 38.6% 36.8%
episodes captured

Table 4. Prediction performance stratified by risk. CI confidence interval, LR likelihood ratio, OR odds ratio.
“Development cohort: n=690; validation cohort: n=176. *Development cohort: n=223; validation cohort:
n=>57.

The impact of age on opioid overdose is controversial. Hasegawa et al. showed that the risk of opioid overdose
decreased in the elderly and increased in the middle-aged group compared to younger adults*’, Bonhert et al.
also found decreased risk with older age*’, while Cho et al., Rose et al., and Khanna et al. reported increased risk
with older age>***. Our results showed that the odds for opioid overdose increased with age. Older individuals
are more sensitive to opioids due to pharmacokinetic factors, such as reduced renal and hepatic clearance, which
induce prolonged effects of opioids, followed by respiratory depression*’.

Previously developed models for prediction of opioid overdose have reported c-statistics of between 0.69 and
0.91'*"7. Our final model showed consistent, good discrimination and calibration with c-statistics of 0.84 (95%
CI 0.81-0.87) in the validation cohort. While previous studies have developed prediction models with databases
from specific populations (e.g., a veterans” health administration database)'>'¢, we utilised a national claims
database that included nearly 100% of the Korean population. This implies generalizability of our findings to all
patients prescribed NIOA in Korea. The high prediction performance obtained in the validation cohort provided
evidence of the strong internal validity of the study. However, this tool needs to be used with caution, consider-
ing the low prevalence of opioid overdose, as a low prevalence results in a low positive-predictive value and a
high-negative predictive value. Taking this into consideration, this tool should not be used as a standalone tool
to make decisions about initiation or modification of NIOA treatment, but should be used to identify patients
requiring more intensive monitoring with respect to opioid overdose. By focusing preferentially on patients
in the intermediate-to high-risk group, almost 75% cases of opioid overdose can be captured, saving time and
resources for evaluating patients unlikely to develop serious adverse effects.

Our prediction model is expected to be applicable in the clinical setting and in national-level surveillance,
because of its readily identifiable and easily calculable nature. In particular, a simple model that utilises variables
that can be identified through interviews and prescription details is expected to be useful in primary care. We
identified several modifiable predictors, such as NIOA prescription patterns and non-opioid medication use
patterns that can predict future opioid overdose. In this regard, this tool can help clinicians identify patients at-
risk of opioid overdose, and to assist in decision-making about reducing the risk of preventable adverse effects
when evaluating the risks and benefits of the treatment.

Our study had several limitations. Due to the nature of the claims database, we could not investigate some
important sociodemographic factors, such as family history, smoking behaviour, and alcohol consumption.
Second, an individual’s actual NIOA intake could not be evaluated because only prescription records were avail-
able. Third, although we identified all patients eligible for our definition of opioid overdose, only a portion of
patients without opioid overdose were included as control patients, because four control patients were assigned
to each case. As a result, it was not possible to calculate positive- and negative-predictive values directly, which
are subject to the prevalence of the outcome*’. We also could not estimate the absolute incidence of opioid
overdose in each risk group from our model. Finally, although our novel screening score had been internally
validated, it should be externally validated in different data sources or in specific subgroups of patients to ensure
generalizability in different settings*.
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In conclusion, we have newly developed and internally validated a model for predicting opioid overdose in
opioid incident users in Korea, based on the national claim database. This tool can stratify patients according to
their risk of opioid overdose, allowing healthcare providers to focus medical resources on a limited number of
patients. Ideally, this tool can also be utilised as a national-level surveillance tool to identify patients at risk of
opioid overdose. To ensure the clinical usefulness of the model, external validation and prospective evaluation
of the model in a real-world setting are needed.

Data availability

We used the national health insurance database in Korea, which was provided by Health Insurance Review and
Assessment Service (HIRA) in South Korea (No. M20200325410). The databases are prohibited to transfer, rent
or sale to any third party as well as the researcher who have been officially approved for database use. (Official
website: https://opendata.hira.or.kr/home.do) Other researchers can request access to the data from the HIRA
via the official website.

Received: 30 November 2021; Accepted: 10 March 2022
Published online: 23 March 2022

References
1. Sharma, B, Bruner, A., Barnett, G. & Fishman, M. Opioid use disorders. Child Adolesc. Psychiatr. Clin. N. Am. 25, 473-487. https://
doi.org/10.1016/j.chc.2016.03.002 (2016).
2. Guy, G. P.Jr. et al. Vital signs: Changes in opioid prescribing in the United States, 2006-2015. MMWR Morb. Mortal. Wkly. Rep.
66, 697-704. https://doi.org/10.15585/mmwr.mm6626a4 (2017).
3. Hedegaard, H., Minifio, A. M. & Warner, M. Drug overdose deaths in the United States, 1999-2017. NCHS data brief, 1-8 (2018).
4. Gostin, L. O., Hodge, J. G. Jr. & Noe, S. A. Reframing the opioid epidemic as a national emergency. JAMA 318, 1539-1540. https://
doi.org/10.1001/jama.2017.13358 (2017).
5. Compton, W. M., Boyle, M. & Wargo, E. Prescription opioid abuse: Problems and responses. Prev. Med. 80, 5-9. https://doi.org/
10.1016/j.ypmed.2015.04.003 (2015).
6. Dowell, D., Haegerich, T. M. & Chou, R. CDC Guideline for prescribing opioids for chronic pain—United States, 2016. MMWR
Recomm. Rep. 65, 1-49. https://doi.org/10.15585/mmwr.rr6501el (2016).
7. Scholl, L., Seth, P, Kariisa, M., Wilson, N. & Baldwin, G. Drug and opioid-involved overdose deaths—United States, 2013-2017.
MMWR Morb. Mortal. Wkly. Rep. 67, 1419-1427. https://doi.org/10.15585/mmwr.mm675152el (2018).
. National Institute of Health. Overdose Death Rates. https://www.drugabuse.gov/drug-topics/trends-statistics/overdose-death-rates
9. Dowell, D., Haegerich, T. & Chou, R. No shortcuts to safer opioid prescribing. N. Engl. J. Med. 380, 2285-2287. https://doi.org/10.
1056/NEJMp1904190 (2019).

10. Holmgren, A. ], Botelho, A. & Brandt, A. M. A History of prescription drug monitoring programs in the United States: Political
appeal and public health efficacy. Am. J. Public Health 110, 1191-1197. https://doi.org/10.2105/ajph.2020.305696 (2020).

11. Zedler, B. et al. Development of a risk index for serious prescription opioid-induced respiratory depression or overdose in veterans’
health administration patients. Pain Med. 16, 1566-1579. https://doi.org/10.1111/pme.12777 (2015).

12. Lo-Ciganic, W. H. et al. Evaluation of machine-learning algorithms for predicting opioid overdose risk among medicare benefi-
ciaries with opioid prescriptions. JAMA Netw. Open 2, €190968. https://doi.org/10.1001/jamanetworkopen.2019.0968 (2019).

13. Chang, H. Y. et al. A predictive risk model for nonfatal opioid overdose in a statewide population of buprenorphine patients. Drug
Alcohol Depend. 201, 127-133. https://doi.org/10.1016/j.drugalcdep.2019.04.016 (2019).

14. Glanz, J. M. et al. Prediction model for two-year risk of opioid overdose among patients prescribed chronic opioid therapy. J. Gen.
Intern. Med. 33, 1646-1653. https://doi.org/10.1007/s11606-017-4288-3 (2018).

15. Khanna, A. K. et al. Prediction of opioid-induced respiratory depression on inpatient wards using continuous capnography and
oximetry: An international prospective observational trial. Anesth. Analg. 131, 1012-1024. https://doi.org/10.1213/ane.00000
00000004788 (2020).

16. Oliva, E. M. et al. Development and applications of the Veterans Health Administration’s Stratification Tool for Opioid Risk Mitiga-
tion (STORM) to improve opioid safety and prevent overdose and suicide. Psychol. Serv. 14, 34-49. https://doi.org/10.1037/ser00
00099 (2017).

17. Zedler, B. K., Saunders, W. B., Joyce, A. R., Vick, C. C. & Murrelle, E. L. Validation of a screening risk index for serious prescription
opioid-induced respiratory depression or overdose in a US commercial health plan claims database. Pain Med. 19, 68-78. https://
doi.org/10.1093/pm/pnx009 (2018).

18. Irawati, S. et al. Key factors influencing the prescribing of statins: A qualitative study among physicians working in primary
healthcare facilities in Indonesia. BMJ Open 10, €035098. https://doi.org/10.1136/bmjopen-2019-035098%]BM]JOpen (2020).

19. Watt, A, Tiessen, J., Ling, T. & Rabinovich, L. Prescribing in Primary Care: Understanding What Shapes GPs’ Prescribing Choices
and How Might These be Improved (RAND Corporation, 2007).

20. Baehr, A., Pefia, ]. C. & Hu, D. J. Racial and ethnic disparities in adverse drug events: A systematic review of the literature. J. Racial
Ethn. Health Disparities 2, 527-536. https://doi.org/10.1007/s40615-015-0101-3 (2015).

21. Cho, N. R. et al. Trends in opioid prescribing practices in South Korea, 2009-2019: Are we safe from an opioid epidemic?. PLoS One
16, €0250972. https://doi.org/10.1371/journal.pone.0250972 (2021).

22. Oh, T.K, Jeon, Y. T. & Choi, J. W. Trends in chronic opioid use and association with five-year survival in South Korea: A population-
based cohort study. Br. J. Anaesth. 123, 655-663. https://doi.org/10.1016/j.bja.2019.08.012 (2019).

23. Castaneda, A. M., Lee, C. S., Kim, Y. C,, Lee, D. & Moon, J. Y. Addressing opioid-related chemical coping in long-term opioid
therapy for chronic noncancer pain: A multicenter, observational, cross-sectional study. J. Clin. Med. 7, 354. https://doi.org/10.
3390/jcm7100354 (2018).

24. Kim, S., Kim, E. & Suh, H. S. Cost-Effectiveness of an opioid abuse-prevention program using the narcotics information manage-
ment system in South Korea. Value Health 24, 174-181. https://doi.org/10.1016/.jval.2020.12.002 (2021).

25. Kim, J. A., Yoon, S., Kim, L. Y. & Kim, D. S. Towards Actualizing the Value Potential of Korea Health Insurance Review and Assess-
ment (HIRA) Data as a Resource for Health Research: Strengths, limitations, applications, and strategies for optimal use of HIRA
data. J. Korean Med. Sci. 32, 718-728. https://doi.org/10.3346/jkms.2017.32.5.718 (2017).

26. Dilokthornsakul, P. et al. Risk factors of prescription opioid overdose among Colorado Medicaid beneficiaries. J. Pain 17, 436-443.
https://doi.org/10.1016/j.jpain.2015.12.006 (2016).

27. Yang, H. & Maslow, A. A macro of building predictive model in PROC LOGISTIC with AIC-optimal variable selection embedded
in cross-validation. SAS Conference Proceedings. https://www.lexjansen.com/sesug/2017/APP-36.pdf (2017).

28. Alba, A. C. et al. Discrimination and calibration of clinical prediction models: Users” guides to the medical literature. JAMA 318,
1377-1384. https://doi.org/10.1001/jama.2017.12126 (2017).

fosd

Scientific Reports |

(2022) 12:4974 | https://doi.org/10.1038/s41598-022-09095-y nature portfolio


https://opendata.hira.or.kr/home.do
https://doi.org/10.1016/j.chc.2016.03.002
https://doi.org/10.1016/j.chc.2016.03.002
https://doi.org/10.15585/mmwr.mm6626a4
https://doi.org/10.1001/jama.2017.13358
https://doi.org/10.1001/jama.2017.13358
https://doi.org/10.1016/j.ypmed.2015.04.003
https://doi.org/10.1016/j.ypmed.2015.04.003
https://doi.org/10.15585/mmwr.rr6501e1
https://doi.org/10.15585/mmwr.mm675152e1
https://www.drugabuse.gov/drug-topics/trends-statistics/overdose-death-rates
https://doi.org/10.1056/NEJMp1904190
https://doi.org/10.1056/NEJMp1904190
https://doi.org/10.2105/ajph.2020.305696
https://doi.org/10.1111/pme.12777
https://doi.org/10.1001/jamanetworkopen.2019.0968
https://doi.org/10.1016/j.drugalcdep.2019.04.016
https://doi.org/10.1007/s11606-017-4288-3
https://doi.org/10.1213/ane.0000000000004788
https://doi.org/10.1213/ane.0000000000004788
https://doi.org/10.1037/ser0000099
https://doi.org/10.1037/ser0000099
https://doi.org/10.1093/pm/pnx009
https://doi.org/10.1093/pm/pnx009
https://doi.org/10.1136/bmjopen-2019-035098%JBMJOpen
https://doi.org/10.1007/s40615-015-0101-3
https://doi.org/10.1371/journal.pone.0250972
https://doi.org/10.1016/j.bja.2019.08.012
https://doi.org/10.3390/jcm7100354
https://doi.org/10.3390/jcm7100354
https://doi.org/10.1016/j.jval.2020.12.002
https://doi.org/10.3346/jkms.2017.32.5.718
https://doi.org/10.1016/j.jpain.2015.12.006
https://www.lexjansen.com/sesug/2017/APP-36.pdf
https://doi.org/10.1001/jama.2017.12126

www.nature.com/scientificreports/

29. Youden, W. J. Index for rating diagnostic tests. Cancer 3, 32-35. https://doi.org/10.1002/1097-0142(1950)3:1%3c32::aid-cncr2
820030106%3e3.0.c0;2-3 (1950).

30. Riley, R. D. et al. Calculating the sample size required for developing a clinical prediction model. BMJ (Clin. Res. Ed.) 368, 441.
https://doi.org/10.1136/bmj.m441 (2020).

31. Braden, J. B. et al. Emergency department visits among recipients of chronic opioid therapy. Arch. Intern. Med. 170, 1425-1432.
https://doi.org/10.1001/archinternmed.2010.273 (2010).

32. Hasegawa, K., Brown, D. E, Tsugawa, Y. & Camargo, C. A. Jr. Epidemiology of emergency department visits for opioid overdose:
A population-based study. Mayo Clin. Proc. 89, 462-471. https://doi.org/10.1016/j.mayocp.2013.12.008 (2014).

33. Webster, L. R. Risk factors for opioid-use disorder and overdose. Anesth. Analg. 125, 1741-1748. https://doi.org/10.1213/ane.00000
00000002496 (2017).

34. Zedler, B. et al. Risk factors for serious prescription opioid-related toxicity or overdose among Veterans Health Administration
patients. Pain Med. 15, 1911-1929. https://doi.org/10.1111/pme.12480 (2014).

35. Herzig, S. J. et al. Risk factors for severe opioid-related adverse events in a national cohort of medical hospitalizations. J. Gen.
Intern. Med. 35, 538-545. https://doi.org/10.1007/s11606-019-05490-w (2020).

36. Paulozzi, L. J. et al. A history of being prescribed controlled substances and risk of drug overdose death. Pain Med. 13, 87-95.
https://doi.org/10.1111/1.1526-4637.2011.01260.x (2012).

37. Bykov, K., Bateman, B. T,, Franklin, J. M., Vine, S. M. & Patorno, E. Association of gabapentinoids with the risk of opioid-related
adverse events in surgical patients in the United States. JAMA Netw. Open 3, €2031647. https://doi.org/10.1001/jamanetworkopen.
2020.31647 (2020).

38. Abrahamsson, T., Berge, J., Ojehagen, A. & Hakansson, A. Benzodiazepine, z-drug and pregabalin prescriptions and mortality
among patients in opioid maintenance treatment—A nation-wide register-based open cohort study. Drug Alcohol Depend. 174,
58-64. https://doi.org/10.1016/j.drugalcdep.2017.01.013 (2017).

39. Cho,J. et al. Risk of overdose with exposure to prescription opioids, benzodiazepines, and non-benzodiazepine sedative-hypnotics
in adults: A retrospective cohort study. J. Gen. Intern. Med. 35, 696-703. https://doi.org/10.1007/s11606-019-05545-y (2020).

40. Bohnert, A. S. et al. Association between opioid prescribing patterns and opioid overdose-related deaths. JAMA 305, 1315-1321.
https://doi.org/10.1001/jama.2011.370 (2011).

41. Rose, A.]. et al. Effect of age on opioid prescribing, overdose, and mortality in Massachusetts, 2011 to 2015. J. Am. Geriatr. Soc.
67, 128-132. https://doi.org/10.1111/jgs.15659 (2019).

42. Freye, E. & Levy, J. V. Use of opioids in the elderly—Pharmacokinetic and pharmacodynamic considerations. Anasthesiologie,
Intensivmedizin, Notfallmedizin, Schmerztherapie: AINS 39, 527-537. https://doi.org/10.1055/s-2004-825883 (2004).

43. Smith, J. E., Winkler, R. L. & Fryback, D. G. The first positive: Computing positive predictive value at the extremes. Ann. Intern.
Med. 132, 804-809. https://doi.org/10.7326/0003-4819-132-10-200005160-00008 (2000).

44. Moons, K. G. et al. Risk prediction models: II. External validation, model updating, and impact assessment. Heart 98, 691-698.
https://doi.org/10.1136/heartjnl-2011-301247 (2012).

Author contributions

Conceptualization, Y.-M.A. and ].-Y.L.; methodology, Y.-M.A. and J.-Y.L; software, K.-N.H.; validation, Y.-M.A.
and J.-Y.L.; formal analysis, K.-N.H.; investigation, K.-N.H.; resources, Y.-M.A. and J.-Y.L.; data curation, K.-
N.H.; writing—original draft preparation, K.-N.H.; writing—review and editing, Y.-M.A; visualization, K.-N.H.;
supervision, J.-Y.L.; project administration, Y.-M.A.; funding acquisition, Y.-M.A. All authors have read and
agreed to the published version of the manuscript.

Funding
This work was supported by the National Research Foundation of Korea (NRF) Grant funded by the Korea
government (MSIP; Ministry of Science, ICT & Future Planning) (No. NRF-2019R1G1A1011055).

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-09095-y.

Correspondence and requests for materials should be addressed to J.L. or Y.-M.A.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:4974 | https://doi.org/10.1038/s41598-022-09095-y nature portfolio


https://doi.org/10.1002/1097-0142(1950)3:1%3c32::aid-cncr2820030106%3e3.0.co;2-3
https://doi.org/10.1002/1097-0142(1950)3:1%3c32::aid-cncr2820030106%3e3.0.co;2-3
https://doi.org/10.1136/bmj.m441
https://doi.org/10.1001/archinternmed.2010.273
https://doi.org/10.1016/j.mayocp.2013.12.008
https://doi.org/10.1213/ane.0000000000002496
https://doi.org/10.1213/ane.0000000000002496
https://doi.org/10.1111/pme.12480
https://doi.org/10.1007/s11606-019-05490-w
https://doi.org/10.1111/j.1526-4637.2011.01260.x
https://doi.org/10.1001/jamanetworkopen.2020.31647
https://doi.org/10.1001/jamanetworkopen.2020.31647
https://doi.org/10.1016/j.drugalcdep.2017.01.013
https://doi.org/10.1007/s11606-019-05545-y
https://doi.org/10.1001/jama.2011.370
https://doi.org/10.1111/jgs.15659
https://doi.org/10.1055/s-2004-825883
https://doi.org/10.7326/0003-4819-132-10-200005160-00008
https://doi.org/10.1136/heartjnl-2011-301247
https://doi.org/10.1038/s41598-022-09095-y
https://doi.org/10.1038/s41598-022-09095-y
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Development and validation of a risk-score model for opioid overdose using a national claims database
	Methods
	Study design and database. 
	Study participants and outcome definition. 
	Variables. 
	Derivation of risk-score model. 
	Sample size calculation. 
	Statistical analysis. 

	Results
	Clinical characteristics of the development cohort. 
	Development of risk-score model for opioid overdose. 
	Risk stratification. 

	Discussion
	References


