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ABSTRACT

Introduction: The opioid epidemic is a modern public health emergency. Common interventions to alleviate the

opioid epidemic aim to discourage excessive prescription of opioids. However, these methods often take place

over large municipal areas (state-level) and may fail to address the diversity that exists within each opioid case

(individual-level). An intervention to combat the opioid epidemic that takes place at the individual-level would

be preferable.

Methods: This research leverages computational tools and methods to characterize the opioid epidemic at the

individual-level using the electronic health record data from a large, academic medical center. To better under-

stand the characteristics of patients with opioid use disorder (OUD) we leveraged a self-controlled analysis to

compare the healthcare encounters before and after an individual’s first overdose event recorded within the

data. We further contrast these patients with matched, non-OUD controls to demonstrate the unique qualities of

the OUD cohort.

Results: Our research confirms that the rate of opioid overdoses in our hospital significantly increased between

2006 and 2015 (P<0.001), at an average rate of 9% per year. We further found that the period just prior to the

first overdose is marked by conditions of pain or malignancy, which may suggest that overdose stems from

pharmaceutical opioids prescribed for these conditions.

Conclusions: Informatics-based methodologies, like those presented here, may play a role in better understand-

ing those individuals who suffer from opioid dependency and overdose, and may lead to future research and

interventions that could successfully prevent morbidity and mortality associated with this epidemic.

Key words: opioid-related disorder, electronic health records, clinical informatics, epidemiology, substance-related disorders

INTRODUCTION

Characterizing the opioid epidemic from a rich and inclusive data

source is a keystone for its abatement. Like the human immunodefi-

ciency virus/Acquired immunodeficiency syndrome crisis, the opioid

epidemic is a modern public health emergency. The human immuno-

deficiency virus/Acquired immunodeficiency syndrome epidemic

reminds us that to effectively combat the opioid epidemic, clinical

interventions should be tailored to treat the affected populations.1,2
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At present, many strategies toward abatement of the epidemic in-

clude prescription drug monitoring programs (PDMPs) or prescrib-

ing limitations. These methods aim to monitor and limit over-

prescription of opioids and are often enacted at the state-level. How-

ever, such policies can fail to address patterns that occur within the

singular opioid use disorder (OUD) patient. A more informed ap-

proach to combating the epidemic would address opioid cases at the

individual-level. A thorough, longitudinal characterization of OUD

patients may support an individual-level intervention through identi-

fication of patterns of opioid misuse before and after overdose, and

hold the potential for improving quality of care that state-level inter-

ventions may overlook.

Though there are a number of factors theorized to have caused

the epidemic, the unique pharmacology of opioids and increased ad-

vocacy for pain management over the last three decades are likely

contributors.3–5 Opioids are a class of drug that includes prescription

medications such as morphine, and illicit drugs, such as heroin.6

These drugs interact with neuroreceptors to lessen pain-signal percep-

tion.7–9 For this reason opioids remain the most commonly prescribed

drug for the treatment of postoperative, cancer and noncancer pain.10

Opioids can also cause relaxation, sedation, and euphoria9,11 while

repeated use can lead to dependence.12,13 Acute overdose can result in

bradycardia, hypotension, respiratory depression, leading to eventual

respiratory and cardiopulmonary arrest resulting in death.14

The start of the opioid epidemic is widely cited as the mid-

1990s.15–17 There were many contributing factors, including a move-

ment to address untreated pain from the American Pain Society,18

use of opioids for treatment of nonmalignant pain,19 and targeted

marketing of physicians that minimized the addictive potential of

these drugs.20 The number of Americans that have been affected by

opioid misuse has increased. In 2016, 2.1 million Americans were es-

timated to have OUD and nearly 11.8 million Americans reported

opioid misuse in the previous year.21 Between 2001 and 2016, the

percentage of deaths attributable to opioids increased by 292%.22

In response to this crisis, law-makers, researchers, and clinicians

alike have sought to alleviate rising opioid use.23–26 Typically, inter-

ventions for the abatement of the opioid epidemic include policies

enacted at the state- and federal-levels. These include, but are not

limited to PDMPs and prescribing limitations.27 PDMPs are data-

bases that track controlled substance prescriptions within a state

and alert health authorities to behaviors that may contribute to the

epidemic.28 Prescribing limitations are intended to mitigate exces-

sive and unnecessary opioid prescribing through clinical practice

guidelines.29 Though these tactics hold promise, they are applied at

the state- and federal-level and fail to address the precursor charac-

teristics of the individual that may lead a prescription holder to de-

velop OUD and possible overdose. A comprehensive and evidence-

based intervention at the individual-level may be more appropriate.

Such individual-level interventions often begin with a thorough

characterization of the patients in the target cohort.

Target cohorts of OUD patients may be identified through many

data sources. Often, characterizations of the opioid epidemic are

done through the analysis of claims data30,31 or manual review of

clinical documentation.32–35 Administrative claims data, though

longitudinal, may be subject to coding biases and only captures bill-

able encounters for the insured.36,37 Those who abuse substances

comprise a highly marginalized population, where rates of insurance

may be low.38 A recent survey estimates that 20% of adults with

OUD are uninsured.39 The sole use of administrative data may disre-

gard a large portion of the OUD population. These omitted patients

may provide valuable insight into ways to mitigate overdose.

Alternatively, researchers have also engaged in manual review of

medical records, but this may be a time-consuming process and

more susceptible to human error than automated methods.40,41 A

characterization of opioid overdose that is both inclusive and effi-

cient is preferred.

This research leverages the electronic health record (EHR) to

study the opioid epidemic. The EHR is a rich, longitudinal data

source that captures a greater variety of patients and detail than ad-

ministrative data. The EHR may be coupled with informatics meth-

odologies for efficient and accurate research. This presents a

valuable opportunity to not only confirm the frequency of opioid

events, but to characterize the events leading up to and following

the overdose. We present data on all non-heroin opioid overdoses in

the Columbia University Irving Medical Center (CUIMC) EHR. In

addition to tracking the frequency of overdoses, we also contrast the

healthcare utilization in the period prior to and after an individual’s

first overdose. The use of EHR data to investigate opioid overdoses

provides not only a means to uncover overall trends overdoses, but

also supports the identification of healthcare utilization trends that

are common in overdose patients. By characterizing patients accord-

ing to patterns in the EHR, we provide another avenue to support

our understanding of the current epidemic.

MATERIALS AND METHODS

Data and computational tools
This research will leverage EHR data from the CUIMC clinical data

warehouse. The clinical data warehouse contains observational clini-

cal data for 5.37 million individual subjects from 1986 to 2017.

Patients encounters are documented in the EHR at each outpatient,

inpatient, and emergency department (ED) visit. Data modalities in-

clude, but are not limited to, diagnoses, clinical measurements, medi-

cations, and procedures. All CUIMC clinical data warehouse data is

formatted according to the Observational Health Data Science and

Informatics (OHDSI) common data model (CDM).42 Use of CDM-

formatted data will support downstream interoperability of our

methods within the OHDSI community and may promote reproduc-

tion by OHDSI collaborators at other sites. The Columbia University

Medical Center Institutional Review Board approved this study.

Case identification
To investigate overdoses in the CUIMC EHR, we identified all non-

heroin opioid overdoses between January 1, 2006 and December 31,

2015. We mapped validated codes for non-heroin opioid overdo-

ses43 from International Classification of Disease, Ninth Revision,

Clinical Modification (ICD-9-CM)44 to OHDSI concept IDs (Ta-

ble 1). Unique overdose events (encounters) that qualified for this re-

view must have had at least one of these diagnosis codes in an

emergency department or inpatient setting. The results of this query

were used to generate our trend analysis. The encounters where then

used to identify the unique set of overdose patients (cases) which are

used for all later analyses. A single case may have multiple overdose

encounters; we refer to the first of the overdoses as the Index Event.

Other eligibility criteria for identifying cases includes continuous ob-

servation of at least 365 days before and 365 days after first over-

dose. A flow chart of the inclusion criteria when applied to CUIMC

data can be found in the Supplementary File #4.

Trend analysis
The annual increasing rate of opioid overdoses is well docu-

mented.21,32,45–51 To confirm a similar increase, we fit a single effect
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Poisson regression model to model the rate of opioid overdoses. The

number of unique ED and inpatient admissions associated with

overdoses were calculated for each calendar year (2006–2015). We

similarly collected the number of all unique ED and inpatient admis-

sions, regardless of related diagnoses. We then determined the signif-

icance of overdoses per year by modeling the probability of Y events

(opioid overdoses) with E Yð Þ ¼ l during time period t. The log-lin-

ear model for the expected rate of overdose is given by

log
l
t

� �
¼ b0 þ b1Year

The model was run using the R (R Core Team, Vienna, Austria)

package, glm, to fit generalized linear models, and significance of

parameters was assessed using the Wald Chi-Squared Test.

Demographics
Unlike other data sources that may be limited in scope or incom-

plete, the EHR is a rich record of patient care. To supplement our

confirmation of increasing opioid overdoses, we can additionally

query the EHR to characterize patients over time. We present demo-

graphic data, such as age group, sex, and other variables such as,

healthcare utilization, prescriptions, medical history, and death for a

subset of the opioid overdose case cohort that was identified for the

trend analysis. Because we are interested in a longitudinal character-

ization, this subset of patient’s must have at least 365 days of avail-

able clinical data before and after their index event. Given the

incomplete and inconsistent documentation of race and ethnicity

data in the EHR, we elected to exclude this demographic fea-

ture.52,53

Health care utilization among the opioid-using population is an

important factor to investigate, as metrics of healthcare utilization

may help distinguish misuse from legitimate, but over-prescribed

drugs54–56 and addiction from drug-seeking behaviors.57–59 We ex-

amined healthcare utilization by looking at patterns in the encounter

type. Encounter types include, inpatient stays, outpatient appoint-

ments, and ED visits.

A known factor in the rise of the epidemic is the long-term use and

misuse of prescription drugs.60–64 To better understand patterns of pre-

scription analgesic use, we identified three medication groups of interest

that were defined by the Anatomical Therapeutic Chemical (ATC) Clas-

sification System.65 The drug groups are All Analgesics (ATC N02);

Non-Opioid Analgesics (ATC N02B); and Opioid Analgesics (ATC

N02A). More information on these drug classes can be found in the

Supplementary File #1. Any drug that is a descendant of the ATC class

was included in this analysis. For each of these three medication groups,

we calculated (1) the number of unique patients with a prescription,

and the microaverage (average within a single patient) of (2) the number

of prescriptions, (3) the duration in days of a drug, (4) the quantity of

drug, and (5) the number of refills.

We also present metrics of medical history that address relevant

risk factors for opioid misuse, such as surgical procedures,66–68

substance related disorders,69,70 traumatic injuries,71 and death

(Supplementary File #2).

Rather than presenting a single set of metrics for this case cohort,

we present the same metrics over three periods of interest.1 The Va-

nilla Period, which characterizes the steady-state healthcare utiliza-

tion of patients. We defined this period to be the 6–12 months prior

to each patients’ first overdose.2 The Pre-OD Period, which charac-

terizes the period leading up to the first overdose. We defined this

period to be the 6 months just prior to the overdose, but not includ-

ing the overdose, itself.3 The Post-OD Period, which characterizes

the period directly following the patient’s first overdose. We defined

this period to be the 6 months after the overdose, but not including

the overdose, itself.

To better contextualize the demographic data for the opioid case

cohort, we additionally present all demographic domains for the

three-time periods for the control cohort. To be eligible for the con-

trol cohort, patients must have had at least 365 days of observation,

at least 1 inpatient admission, and could not have any history of sub-

stance abuse (Supplementary File #3). From all eligible controls, a

random sample was selected to match the distribution of age and

sex of the case cohort.

Self-controlled disproportionality analysis
Utilizing the Vanilla Period, Pre-OD Period, and the Post-OD Pe-

riod that were defined above, we implemented a self-controlled dis-

proportionality analysis to identify signals in conditions,

procedures, and pharmacologic ingredients, both leading up to and

directly after the first overdose of patients in the opioid case cohort

(Figure 1). While not causal, this analysis may aid in our under-

standing of patterns that may warn of an impending overdose and

the high-risk complications that follow.

Disproportionality analyses are often used to mine large, obser-

vational databases for signals in observed-to-expected ratios.72–75

The self-controlled disproportionality analysis utilized herein differs

from the traditional method in that each patient serves as their own

control. The benefit of the self-controlled design is that patient-

invariant features will not bias the results.76–79 This is especially im-

portant when investigating opioid overdoses because long-term,

chronic illnesses often require pain management with opioids. To

better understand patterns leading up to the first overdose, we com-

pared the Pre-OD Period with the Vanilla Period, which we call the

Pre-OD Analysis. We then completed the Post-OD Analysis, which

compared the Post-OD Period with the Vanilla Period to under-

stand the window immediately following overdose. For each of these

two experiments, we undertook three disproportionality analyses to

look at exposure signals in (1) conditions, excluding overdose-

related concepts and their descendants, (2) procedures, and (3) med-

ications at the ingredient level.

In both experiments, the data was queried and later analyzed

according to a contingency table preparation. For each period in an

experiment, the observed exposure frequency was recorded as the

Table 1. Mapping of ICD-9CM codes for opioid overdose to OHDSI CDM concept codes

OHDSI ICD-9CM

Concept name ID Concept name ID

Poisoning by opiate AND/OR related narcotic 433083 Poisoning by other opiates and narcotics 965.09

Poisoning by opiate analgesic drug 4084011 Poisoning by opium (alkaloids), unspecified 965.00

Methadone analog poisoning 4156145 Poisoning by methadone 965.02
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count of patients with that exposure in that period. For both experi-

ments, the odds ratio (OR) and 95% confidence interval (CI) for

each exposure was calculated. Exposures with zero counts that

resulted in infinite ORs were excluded.

Heatmap visualization of disproportionality analysis
To better understand patterns in conditions that precede and suc-

ceed an overdose, data from the self-controlled disproportionality

analysis was further analyzed to highlight how comorbidities change

over time. For all conditions, we calculated average per-patient rate

of occurrence, for each month in the 12 months prior to overdose

(Vanilla þ Pre-OD Period) and in the 6 months after overdose

(Post-OD Period). The rate for each condition was then normalized

by the absolute difference between the (1) mean of that conditions

monthly rate in the Post-OD Period, which we call the Macro Mean

Post-OD; and (2) the mean of that conditions monthly rate in the

Vanilla þ Pre-OD Period, which we call the Macro Mean Vanilla þ
Pre-OD.

We calculated the difference between the Macro Mean Post-OD

and the Macro Mean Vanilla þ Pre-OD for each condition. To facil-

itate interpretation of this visualization, we reduce the presented

output and present the 10 conditions with the highest difference in

Macro Means and the 10 conditions with the lowest difference in

Macro Means. The highest difference in Macro Means were posi-

tive, indicating an increased occurrence of this condition in the Post-

OD Period, relative to the Vanilla þ Pre-OD Period. The lowest dif-

ference in Macro Means were negative indicating an increased oc-

currence of this condition in the Vanilla þ Pre-OD Period, relative

to the Post-OD Period.

RESULTS

Case identification
Within the study period, there were 9 498 646 patient encounters to

NewYork-Presbyterian Hospital. Of these patients, 502 (0.005%)

were assigned a diagnosis code associated with a non-heroin opioid

overdose in an inpatient or emergency department setting. We be-

lieve this estimate to be low, as calculation of this prevalence

includes outpatient encounters where acute opioid overdose is

highly unlikely. These encounters correspond to 434 unique patient

cases, of which 379 (87.3%) met the eligibility criteria for inclusion

in our analyses.

Trend analysis
Our trend analysis confirms that, in the years 2006 through

2015, the ratio of opioid overdoses out of all hospital encounters

significantly increased (P<0.001), at an average rate of 9% per

year (95% CI, 5.7–12.5). A plot of the opioid overdose rate over

time is shown in Figure 2.

Demographics
The results of the demographics analysis are shown in Table 2.

Across all periods and medication types, a greater number of opioid

overdose cases had prescriptions for analgesic drugs than the con-

trols. Overdose patients had an increased prevalence of Opioid

Analgesics (ATC N02A), and higher microaverages of number of

prescriptions, days’ duration of medication, and quantity per pre-

scription associated with this drug type. The prevalence of an opioid

prescription increases from 16% in the Vanilla Period to 26% in the

Pre-OD Period for cases. However, the prevalence in the case co-

hort continues to rise to 30% in the Post-OD period.

Self-controlled disproportionality analysis
The results of the self-controlled disproportionality analysis are

shown in Table 3. The top conditions, procedures, and ingredient-

level drugs are ranked by decreasing significance, which is given by

the lower bound of the 95% CI. In both the Pre-OD and Post-OD

Analyses, the highest odds condition is altered mental status, with a

Pre-OD OR of 12.74 (2.99–24.32) and a Post-OD OR of 22.24

(5.33–92.73). Similarly, computerized axial tomography of head is

the highest odds procedure in both analyses, with a Pre-OD OR of

8.85 (2.65–29.57) and a Post-OD OR of 11.56 (3.51–38.08). No

medications were found to be significant in either analysis.

Heatmap visualization of disproportionality analysis
To better understand the significance of our self-controlled dispro-

portionality analysis results, and the progression of opioid overdose,

we additionally visualized the monthly disproportionality analysis

data with a heatmap. The conditions with high absolute mean differ-

ence in normalized rates in the Vanilla & Pre-OD Period (Macro

Average Vanilla & Pre-OD) and the Post-OD Period (Macro Aver-

age Post-OD) are shown in Figure 3.

DISCUSSION

The opioid epidemic continues to be a public health emergency.

While many interventions have focused on rural areas, urban rates

of overdose are on the rise.21 Our research demonstrates that the ep-

idemic is well represented in New York City. Between 2006 and

2015, the rate of opioid overdoses at CUIMC significantly in-

creased, at an average annual rate of 9%. We believe this finding to

be generalizable to other NYC hospitals, as our rate of inpatient and

Figure 1. Schematic of self-controlled disproportionality analysis.
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Figure 2. Rate of opioid overdoses per 100,000 hospital encounters over years 2006-2015.

Table 2. Demographics, healthcare utilization, medication use, and medical history in control and opioid case cohort under varying periods

Random matched

sample of OD�
All ODþ Vanilla Period (�12

to �6 mo)

Pre-OD Period

(�6 to 0 mo)

Post-OD Period

(0 to þ6 mo)

N ¼ 379 379

Age at first OD (years)

<18 13 13

18–25 38 38

>25 317 317

Unknown 11 11

Sex

Male 235 235

Female 144 144

Average # of visits/year

All visits 11.5 12.1 11.2 11.6

Inpatient 3.6 3.3 3.4 3.5

Outpatient 10.4 14.4 12.0 12.2

Emergency department 4.1 4.4 5.1 5.2

Medications

All analgesics (ATC N02)

# of people with Rx 70 (18%) 107 (28%) 177 (47%) 210 (55%)

Rx/persona 0.93 1.85 3.07 3.84

Days duration/persona 13.46 10.91 9.12 12.88

Quantity/persona 28.65 40.25 41.62 41.73

# refills/persona 1.35 0.62 0.29 0.45

Non-opioid analgesic (ATC N02B)

# of people with Rx 70 (18%) 97 (26%) 166 (44%) 192 (51%)

Rx/persona 0.79 0.98 1.73 2.26

Days duration/persona 14.54 12.15 9.67 15.65

Quantity/persona 28.63 36.12 42.72 40.85

# refills/persona 1.50 0.69 0.40 0.66

Opioid analgesic (ATC N02A)

# of people with Rx 32 (8%) 60 (16%) 99 (26%) 112 (30%)

Rx/persona 0.26 1.11 1.70 1.91

Days duration/persona 6.44 7.26 8.39 8.67

Quantity/persona 31.59 42.17 55.11 40.40

# refills/persona 0.67 0.00 0.12 0.07

History

Surgical procedure 58 (15%) 46 (12%) 73 (19%) 70 (18%)

Substance-related disorder

Alcohol-related 0 (0%) 30 (8%) 49 (13%) 82 (18%)

Drug-related 0 (0%) 79 (21%) 119 (31%) 198 (22%)

Traumatic injury 20 (5%) 30 (8%) 48 (13%) 54 (14%)

Post-OD death rate 0.005

OD: overdose; ODþ: positive for opioid overdose; OD�: negative for opioid overdose; Rx: prescription; #: number; ATC: Anatomical Therapeutic Chemical

class.
aMicroaverage.
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Table 3. Results of the self-controlled disproportionality analyses

Pre-OD analysis Post-OD analysis

Concept OR 95% CI Concept OR 95% CI

Top conditions Altered mental status 12.74 2.99–54.32 Altered mental status 22.24 5.33–92.73

Disturbance of consciousness 6.70 1.50–29.88 Acute respiratory failure 13.15 4.01–43.10

Suicidal thoughts 3.86 1.27–11.75 Suicidal deliberate poisoning 16.79 3.99–70.68

Schizoaffective schizophrenia 5.11 1.11–23.47 Pneumonitis due to inhalation

of food or vomitus

8.47 2.53–28.39

Depressive disorder 1.62 1.05–2.51 Suicidal thoughts 6.34 2.18–18.45

Bipolar disorder 2.00 1.03–3.88 Acidosis 8.85 2.03–38.59

Type 2 diabetes mellitus 1.61 1.01–2.58 Disturbance of consciousness 8.85 2.03–38.59

Essential hypertension 1.44 0.99–2.10 Conduction disorder of the heart 5.78 1.97–16.93

Psychotic disorder 2.17 0.97–3.87 Schizoaffective schizophrenia 8.31 1.90–36.39

Top procedures Computerized axial tomography of head 8.85 2.65–29.57 Computerized axial tomography

of head

11.56 3.51–38.08

Insertion of endotracheal tube 6.61 1.94–22.55 Diagnostic ultrasound of heart 6.43 2.47–16.76

Continuous invasive mechanical ventilation

for less than 96 consecutive hours

7.23 1.63–32.04 Diagnostic ultrasound of peripheral

vascular system

5.22 1.77–15.43

Other puncture of vein 2.46 1.57–3.84 Other puncture of vein 2.68 1.72–4.16

Collection of venous blood by

venipuncture

2.37 1.52–3.71 Collection of venous blood by

venipuncture

2.59 1.66–4.03

Diagnostic ultrasound of heart 3.73 1.37–10.15 Injection of anticoagulant 7.23 1.63–32.04

Electrographic monitoring 10.24 1.30–80.43 Therapeutic, prophylactic, or

diagnostic injection

3.65 1.45–9.14

Injection or infusion of electrolytes 10.24 1.30–80.43 Computerized axial tomography

of thorax

11.30 1.45–87.96

Therapeutic, prophylactic, or

diagnostic injection

2.31 1.24–4.34 Therapeutic, prophylactic, or

diagnostic injection

2.46 1.32–4.60

Top ingredient-

level drugs

Albuterol 3.02 0.31–29.13 Methadone 1.82 0.60–5.48

Methadone 0.80 0.21–2.99 Albuterol 5.05 0.59–43.46

Ipratropium 2.01 0.18–22.21 Glucose 0.66 0.11–4.00

Tiotropium 1.00 0.06–16.05 Tiotropium 1.00 0.06–16.05

Clonidine 1.00 0.06–16.05 Prednisone 1.00 0.06–16.05

Figure 3. Heatmap of the 10 highest condition rates per month in the Vanilla & Pre-OD period and the Post-OD period.
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emergency department overdoses coincides with the rates reported

for New York City.80

The results of our demographics analysis demonstrate that our

case cohort is similar in many respects to published research on this

disease process.80 Our cohort was predominantly adult patients

greater than 25 years old (84%) and male (62%).

A larger proportion of cases had prescriptions for analgesic drugs

in all study periods compared to the control. When examining Opi-

oid Analgesic (ATC N02A), 8% of the controls held prescriptions

for this medication class, while those cases had notably increased

opioid prescriptions in all study periods (16%–30%). This implies

that those with opioid prescriptions are at increased risk for over-

dose.81 Surprisingly, the proportion of patients with Opioid Analge-

sic prescriptions increased with each study period. This may imply

that the prescribing providers were unaware of prior overdoses and

existing opioid prescriptions, possible because New York’s PDMP

requirement did not go into effect until 2013. Additionally, while

both the cases and controls had durations of prescriptions outside

the CDC recommended period of 3 days for acute pain,82 we see

longer durations with the opioid cases, with an average of 8.39 days

in the Pre-OD Period and 8.67 days in the Post-OD period. This

suggests that longer duration of opioid prescriptions can be associ-

ated with overdose events.

The self-controlled disproportionality analyses, Pre-OD Analysis

and Post-OD Analysis, highlight trends in procedures, medications,

and conditions that characterize the progression of our opioid case

population.

Procedures
The high-odds procedures in the Pre-OD Analysis, such as comput-

erized axial tomography of head, insertion of endotracheal tube, di-

agnostic ultrasound of the heart, electrographic monitoring, and

continuous invasive [mechanical ventilation], may indicate that a

traumatic injury, intensive care medical treatment, or scheduled sur-

gical procedure took place just prior to the first opioid overdose.

Traumatic injuries and surgical procedures have been associated

with continued opioid use,83 though we cannot demonstrate causal-

ity here. Similar high-odds procedures are seen in the Post-OD Anal-

ysis, which may indicate that further traumatic injuries, or

evaluations for toxidromes and altered mental states are associated

after overdose, as well.

Diagnostic imaging, such as computerized axial tomography of

head, may be part of the workup for mental status changes in the ab-

sence of other identifiable causes.84 Subsequent traumatic injuries,

psychiatric evaluations, or overdoses may be the attributable to the

increase in odds of many diagnostic images from the Pre-OD to the

Post-OD Period. In the Post-OD Analysis, we also see diagnostic ul-

trasound of peripheral vascular system, which was not present in the

other experiment. There is a well-documented transition from pre-

scription opioid abuse to intravenous heroin,85 which increases risk

of venous sclerosis and the need for this procedure.

In general, the associations we have identified between proce-

dures and opioid overdose cannot impart causality. However, proce-

dure codes represent a unique perspective on clinical care that is

worthy of analysis. Unlike medications or diagnosis codes which

may follow patients through various episodes of care, procedures

are predominantly associated with a distinct encounter—such as a

chest x-ray during an emergency department visit—and usually re-

quired for billing. Therefore, we can have a high level of confidence

in trends we have identified in our results, despite uncertainty in

their cause. Further research on the relationships between opioid

overdoses and procedures could aid in our understanding of this

complex and at-risk patient population.

Ingredient-level drugs
Our results demonstrate that no medications at the ingredient-level

were found to be significant in either our Pre-OD or Post-OD ex-

periment, though we find interest in the relative rank of methadone

Post-OD. Methadone is a synthetic opioid typically used for

medication-assisted therapy (MAT) of OUD.86 In the Pre-OD Anal-

ysis, methadone is the second most common ingredient, with a non-

significant OR estimate of 0.80. In the Post-OD Analysis,

methadone is the highest rank ingredient, with an estimated OR of

1.82. The change in both the rank and the estimate, though nonsig-

nificant, indicates possible actions to treat OUD with MAT. The in-

crease in MAT, coupled with the increase in opioid prescriptions

seen in the Demographics Analysis, may indicate the presence of

two cohorts: one where patients continue opioid use after overdose,

and one where patients seek treatment with MAT.

Conditions
Our results from the self-controlled disproportionality analysis of

conditions highlight the close relationship between drug abuse and

mental health.87,88 High OR conditions, such as altered mental sta-

tus, suicidal thoughts, schizoaffective schizophrenia, bipolar disor-

der, suicidal deliberate poisoning, and psychotic disorder are

common in both the Pre-OD and Post-OD Analyses. However, con-

ditions that typically result from overdose are unique to the Post-

OD period; these include acute respiratory failure,89,90 pneumonitis

due to inhalation of food or vomitus,91 acidosis,92 and conduction

disorder of the heart.93

Heatmap visualization of disproportionality analysis
Conditions that traditionally merit opioid prescription have dispro-

portionately higher rates in the Vanilla þ Pre-OD Period than the

Post-OD Period. These include conditions of (1) pain, such as shoul-

der pain and neck pain, (2) cancer-related conditions, such as pri-

mary malignant neoplasm of the brain and spinal cord; respiratory

track; rectum; and head, neck, and face, (3) and injury, shown here

as intracranial injury. We also see mental health conditions of bipo-

lar (affective) and adjustment (disorder). These results are con-

trasted by the Post-OD Period, where we see many condition

associated with (1) prolonged opioid misuse, such as acute respira-

tory failure, congestive heart failure, viral hepatitis C,94 and contin-

uous opioid dependence, and (2) continuing mental health issues,

including suicidal deliberate poisoning; depressive disorder; and al-

tered mental status. This visualization of the self-controlled dispro-

portionality analysis data highlights that the Vanilla þ Pre-OD

Period is marked by high pain conditions, which may suggest that

opioid overdose stems from pharmaceutical opioids prescribed for

the treatment of these conditions. The Post-OD Period is distin-

guished by complications of prolonged opioid use. However, in both

Periods, mental health appears to be a strong associational condition

to overdose.

LIMITATIONS

This research has some limitations. As with all analyses of EHR

data, the results of this research may be both biased by the inaccu-

rate or incomplete recording of clinical encounters, or may be reflec-

tive of institutional practices that impede generalizability.95,96
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The results presented in this article represent only a single site, and

as such the external validity of these findings are limited. In our self-

controlled disproportionality analysis, because we were interested in

characterizing the Post-OD Period, we restricted our inquiry to non-

fatal opioid cases. As such, patients with fatal overdoses are not

characterized. Additionally, the span of time assigned to the Vanilla,

Pre-OD, and Post-OD Periods was somewhat arbitrary. More in-

formative windows may exist. Furthermore, this is a retrospective

analysis, and as such, strong assumptions and specialized methodol-

ogy would be required to investigate causal relationships.

CONCLUSIONS

This research characterizes OUD patients, their care trajectory near

an overdose event, and may illuminate aspects of the opioid epi-

demic. Using the EHR data at CUIMC, we are able to confirm a rise

in non-heroin opioid overdoses. Unlike characterizations of the epi-

demic, our use of the EHR and informatics methodologies provides

invaluable insights into the overdose patients and characteristics of

their healthcare utilization surrounding the first, nonlethal overdose.

The results of this analysis suggest that on the individual-level, the

continuum of the epidemic may begin with condition occurrences

associated with pain that may be tied to legitimate opioid prescrip-

tions. This finding suggests that clinicians should consider the possi-

bility that OUD may develop in medically necessary scenarios, and

lead to an overdose in the short term. The patterns in condition di-

agnosis and drug prescription may also be used to inform policies

surrounding the opioid-epidemic.

This research further suggests that the medical and research com-

munities should explore informatics methods for novel ways to ex-

plore this epidemic. Ubiquitous and computable data sources, like

the EHR, may allow researchers to study a wider breadth of patients

and efficiently analyze their characteristics. When coupled with

established informatics-based methodologies, like those presented

here, the EHR may be able to play a role in better understanding

those individuals who suffer from OUD and overdose. A better un-

derstanding of the events and medically relevant characteristics asso-

ciated with patients with OUD may lead to future research and

interventions that could successfully prevent morbidity and mortal-

ity associated with the epidemic.

FUNDING

This research was supported in part by the National Library of Med-

icine grant, T15 LM007079, Training in Biomedical Informatics at

Columbia University.

AUTHOR CONTRIBUTIONS

BS conceived of the study. BS, AA, and AP designed the study. AA

created the cohorts, performed the analysis, drafted the manu-

script, and designed the figures. BS, AT, DV, and AP provided crit-

ical feedback and helped shape the research, analysis and

manuscript.

SUPPLEMENTARY MATERIAL

Supplementary material is available at Journal of the American

Medical Informatics Association online.

COMPETING INTERESTS

None declared.

REFERENCES

1. Parker CM, Hirsch JS, Hansen HB, Branas C, Martins SS. Facing opioids

in the shadow of the HIV epidemic. N Engl J Med 2019; 380 (1): 1–3.

2. Williams AR, Bisaga A. From AIDS to opioids—how to combat an epi-

demic. N Engl J Med 2016; 375 (9): 813–5.

3. Dasgupta N, Beletsky L, Ciccarone D. Opioid crisis: no easy fix to its so-

cial and economic determinants. Am J Public Health 2018; 108 (2):

182–6.

4. Pendyal A. The root causes of the current opioid crisis. Mayo Clin Proc

2018; 93 (9): 1329.

5. Rummans TA, Burton MC, Dawson NL. How good intentions contrib-

uted to bad outcomes: the opioid crisis. Mayo Clin Proc 2018; 93 (3):

344–50.

6. CDC. Opioid drugs. Opioid basics; 2018. https://www.cdc.gov/drugover-

dose/opioids/index.html Accessed January 31, 2019.

7. NIDA. Localization of opiate binding sites within the brain and spinal

cord. The neurobiology of drug addiction; 2007. https://www.drugabuse.

gov/publications/teaching-packets/neurobiology-drug-addiction/section-

iii-action-heroin-morphine/2-localization-opiate-binding-si Accessed Jan-

uary 31, 2019.

8. Fornasari D. Pain pharmacology: focus on opioids. Clin Cases Miner

Bone Metab 2014; 11 (3): 165–8.

9. Wise RA, Bozarth MA. Brain mechanisms of drug reward and euphoria.

Psychiatr Med 1985; 3 (4): 445–60.

10. Dahan A, Aarts L, Smith TW. Incidence, reversal, and prevention of

opioid-induced respiratory depression. Anesthesiology 2010; 112 (1):

226–38.

11. Fields HL, Margolis EB. Understanding opioid reward. Trends Neurosci

2015; 38 (4): 217–25.

12. Edlund MJ, Martin BC, Russo JE, Devries A, Braden JB, Sullivan MD.

The role of opioid prescription in incident opioid abuse and dependence

among individuals with chronic non-cancer pain. Clin J Pain 2013; 30 (7):

1.

13. Shah A, Hayes CJ, Martin BC. Characteristics of initial prescription epi-

sodes and likelihood of long-term opioid use—United States, 2006–2015.

MMWR Morb Mortal Wkly Rep 2017; 66 (10): 265–9.

14. Baldini A, Von Korff M, Lin EHB. A review of potential adverse effects of

long-term opioid therapy: a practitioner’s guide. Prim Care Companion

CNS Disord 2012; 14 (3). http://www.ncbi.nlm.nih.gov/pubmed/

23106029.

15. Department of Justice Drug Enforcement Administration. Automation of

reports and consolidates orders system; 2013. http://www.deadiversion.

usdoj.gov/arcos. Accessed March 6, 2019.

16. Paulozzi LJ, Weisler RH, Patkar AA. A national epidemic of unintentional

prescription opioid overdose deaths: how physicians can help control it. J

Clin Psychiatry 2011; 72 (05): 589–92.

17. deShazo RD, Johnson M, Eriator I, Rodenmeyer K. Backstories on the US

opioid epidemic. Good intentions gone bad, an industry gone rogue, and

watch dogs gone to sleep. Am J Med 2018; 131 (6): 595–601.

18. Max MB, Donovan M, Miaskowski CA, et al. Quality improvement

guidelines for the treatment of acute pain and cancer pain. American Pain

Society Quality of Care Committee. JAMA 1995; 274 (23): 1874–80.

19. Maxwell JC. The prescription drug epidemic in the United States: A per-

fect storm. Drug Alcohol Rev 2011; 30 (3): 264–70.

20. Van Zee A. The promotion and marketing of oxycontin: commercial tri-

umph, public health tragedy. Am J Public Health 2009; 99 (2): 221–7.

21. Hoots BE, Xu L, Kariisa M, Wilson NO, Rudd RA, Scholl L. 2018 Annual

surveillance report of drug-related risk and outcomes; 2018. https://www.

cdc.gov/ Accessed January 31, 2019.

22. Gomes T, Tadrous M, Mamdani MM, Paterson JM, Juurlink DN. The

burden of opioid-related mortality in the United States. JAMA Netw

Open 2018; 1 (2): e180217.

84 JAMIA Open, 2020, Vol. 3, No. 1

https://academic.oup.com/jamiaopen/article-lookup/doi/10.1093/jamiaopen/ooz063#supplementary-data
https://www.cdc.gov/drugoverdose/opioids/index.html Accessed 
https://www.cdc.gov/drugoverdose/opioids/index.html Accessed 
https://www.drugabuse.gov/publications/teaching-packets/neurobiology-drug-addiction/section-iii-action-heroin-morphine/2-localization-opiate-binding-si Accessed 
https://www.drugabuse.gov/publications/teaching-packets/neurobiology-drug-addiction/section-iii-action-heroin-morphine/2-localization-opiate-binding-si Accessed 
https://www.drugabuse.gov/publications/teaching-packets/neurobiology-drug-addiction/section-iii-action-heroin-morphine/2-localization-opiate-binding-si Accessed 
http://www.ncbi.nlm.nih.gov/pubmed/23106029
http://www.ncbi.nlm.nih.gov/pubmed/23106029
http://www.deadiversion.usdoj.gov/arcos
http://www.deadiversion.usdoj.gov/arcos
https://www.cdc.gov/ Accessed 
https://www.cdc.gov/ Accessed 


23. Garg RK, Fulton-Kehoe D, Turner JA, et al. Changes in opioid prescribing

for Washington workers’ compensation claimants after implementation

of an opioid dosing guideline for chronic noncancer pain: 2004 to 2010. J

Pain 2013; 14 (12): 1620–8.

24. Volkow ND, Collins FS. The role of science in addressing the opioid crisis.

N Engl J Med 2017; 377 (4): 391–4.

25. Volkow ND, Frieden TR, Hyde PS, Cha SS. Medication-assisted thera-

pies—tackling the opioid-overdose epidemic. N Engl J Med 2014; 370

(22): 2063–6.

26. Wickramatilake S, Zur J, Mulvaney-Day N, Klimo MV, Selmi E, Har-

wood H. How states are tackling the opioid crisis. Public Health Rep

2017; 132 (2): 171–9.

27. Griggs CA, Weiner SG, Feldman JA. Prescription drug monitoring pro-

grams: examining limitations and future approaches. West J Emerg Med

2015; 16 (1): 67–70.

28. What states need to know about PDMPs; 2017. https://www.cdc.gov/dru-

goverdose/pdmp/states.html Accessed March 6, 2019.

29. Guideline for prescribing opioids for chronic pain; 2017. www.cdc.gov/

drugoverdose/prescribing/guideline.html Accessed March 6, 2019.

30. Cochran G, Gordon AJ, Lo-Ciganic W-H, et al. An examination of

claims-based predictors of overdose from a large Medicaid program. Med

Care 2017; 55 (3): 291–8.

31. Vivolo-Kantor AM, Seth P, Gladden RM, et al. Vital signs: trends in emer-

gency department visits for suspected opioid overdoses—United States,

July 2016–September 2017. MMWR Morb Mortal Wkly Rep 2018; 67

(9): 279–85.

32. Cerd�a M, Ransome Y, Keyes KM, et al. Prescription opioid mortality

trends in New York City, 1990–2006: examining the emergence of an epi-

demic. Drug Alcohol Depend 2013; 132 (1–2): 53–62.

33. LoVecchio F, Pizon A, Riley B, Sami A, D’Incognito C. Onset of symp-

toms after methadone overdose. Am J Emerg Med 2007; 25 (1): 57–9.

34. Boyle J, Clement C, Atherton A, Stock C. A retrospective chart review of

opioid represcribing following nonfatal overdose at a Veterans Affairs

hospital. Ment Health Clin 2017; 7 (6): 276–81.

35. Sigmon SC. Characterizing the emerging population of prescription opioid

abusers. Am J Addict 2006; 15 (3): 208–12.

36. Van Walraven C, Austin P. Administrative database research has unique

characteristics that can risk biased results; 2012. https://www.whi.org/

researchers/sigs/Health Services Research/Supporting Docs/HSR SIG

Documents on Call/2011 biases in admin claims data research review.pdf

Accessed January 31, 2019.

37. Tyree PT, Lind BK, Lafferty WE. Challenges of using medical insurance

claims data for utilization analysis. Am J Med Qual 2006; 21 (4): 269–75.

38. Wu L-T, Kouzis AC, Schlenger WE. Substance use, dependence, and ser-

vice utilization among the US uninsured nonelderly population. Am J Pub-

lic Health 2003; 93 (12): 2079–85.

39. Center for Behavioral Health Statistics. Results from the 2015 national

survey on drug use and health: detailed tables; 2015. https://www.samhsa.

gov/data/sites/default/files/NSDUH-DetTabs-2015/NSDUH-DetTabs-

2015/NSDUH-DetTabs-2015.pdf Accessed January 31, 2019.

40. Tinoco A, Evans RS, Staes CJ, Lloyd JF, Rothschild JM, Haug PJ. Com-

parison of computerized surveillance and manual chart review for adverse

events. J Am Med Inform Assoc 2011; 18 (4): 491–7.

41. Vassar M, Holzmann M. The retrospective chart review: important meth-

odological considerations. J Educ Eval Health Prof 2013; 10: 12.

42. Hripcsak G, Duke JD, Shah NH, et al. Observational health data sciences

and informatics (OHDSI): opportunities for observational researchers.

Stud Health Technol Inform 2015; 216: 574–8.

43. Gaither JR, Leventhal JM, Ryan SA, Camenga DR. National trends in

hospitalizations for opioid poisonings among children and adolescents,

1997 to 2012. JAMA Pediatr 2016; 170 (12): 1195.

44. World Health Organization. International Classification of Diseases,

Ninth Revisionm Clinical Modification (ICD-9-CM). Geneva, Switzer-

land: World Health Organization; 2010.

45. Rudd RA, Aleshire N, Zibbell JE, Matthew Gladden R. Increases in drug

and opioid overdose deaths-United States, 2000-2014. Am J Transplant

2016; 16 (4): 1323–7.

46. Rudd RA, Seth P, David F, Scholl L. Increases in drug and opioid-involved

overdose deaths—United States, 2010–2015. MMWR Morb Mortal Wkly

Rep 2016; 65 (5051): 1445–52.

47. Unick GJ, Rosenblum D, Mars S, Ciccarone D. Intertwined epidemics: na-

tional demographic trends in hospitalizations for heroin- and opioid-

related overdoses, 1993–2009. PLoS One 2013; 8 (2): e54496.

48. Bohnert ASB, Valenstein M, Bair MJ, et al. Association between opioid

prescribing patterns and opioid overdose-related deaths. JAMA 2011; 305

(13): 1315.

49. Dart RC, Surratt HL, Cicero TJ, et al. Trends in opioid analgesic abuse

and mortality in the United States. N Engl J Med 2015; 372 (3): 241–8.

50. Calcaterra S, Glanz J, Binswanger IA. National trends in pharmaceutical

opioid related overdose deaths compared to other substance related over-

dose deaths: 1999–2009. Drug Alcohol Depend 2013; 131 (3): 263–70.

51. Warner M, Chen LH, Makuc DM. Increase in fatal poisonings involving

opioid analgesics in the United States, 1999-2006. NCHS Data Brief

2009; (22): 1–8.

52. Polubriaginof F, Salmasian H, Shapiro AW, et al. Patient-Provided Data

Improves Race and Ethnicity Data Quality in Electronic Health Records.

Chicago, IL: AMIA; 2016.

53. Polubriaginof F, Boland M, Perotte A, Vawdrey D. Quality of Race and

Ethnicity Data in Electronic Health Records. CRI; 2016.

54. Abbasi AB, Salisbury-Afshar E, Jovanov D, et al. Health care utilization

of opioid overdose decedents with no opioid analgesic prescription his-

tory. J Urban Heal 2019; 96: 38–48. http://www.ncbi.nlm.nih.gov/

pubmed/30607879.

55. Bates C, Laciak R, Southwick A, Bishoff J. Overprescription of postopera-

tive narcotics: a look at postoperative pain medication delivery, consump-

tion and disposal in urological practice. J Urol 2011; 185 (2): 551–5.

56. Hill MV, McMahon ML, Stucke RS, Barth RJ. Wide variation and exces-

sive dosage of opioid prescriptions for common general surgical proce-

dures. Ann Surg 2017; 265 (4): 709–14.

57. Hansen GR. The drug-seeking patient in the emergency room. Emerg Med

Clin North Am 2005; 23 (2): 349–65.

58. Grover CA, Elder JW, Close RJ, Curry SM. How frequently are “Classic”

drug-seeking behaviors used by drug-seeking patients in the emergency de-

partment? West J Emerg Med 2012; 13 (5): 416–21.

59. Vukmir RB. Drug seeking behavior. Am J Drug Alcohol Abuse 2004; 30

(3): 551–75.

60. Strassels S. Economic burden of prescription opioid misuse and abuse. J

Manag Care Pharm 2009; 15 (7): 556–62.

61. Lankenau SE, Teti M, Silva K, Bloom JJ, Harocopos A, Treese M. Initia-

tion into prescription opioid misuse amongst young injection drug users.

Int J Drug Policy 2012; 23 (1): 37–44.

62. Birnbaum HG, White AG, Schiller M, Waldman T, Cleveland JM, Roland

CL. Societal costs of prescription opioid abuse, dependence, and misuse in

the United States. Pain Med 2011; 12 (4): 657–67.

63. Grattan A, Sullivan MD, Saunders KW, Campbell CI, Von Korff MR. De-

pression and prescription opioid misuse among chronic opioid therapy

recipients with no history of substance abuse. Ann Fam Med 2012; 10 (4):

304–11.

64. Meltzer EC, Rybin D, Saitz R, et al. Identifying prescription opioid use

disorder in primary care: diagnostic characteristics of the Current Opioid

Misuse Measure (COMM). Pain 2011; 152 (2): 397–402.

65. WHO Collaborating Centre for Drug Statistics Methodology &

Nordiska L€akemedelsn€amnden. Guidelines for ATC Classification. 4th

ed. Oslo: WHO Collaborating Centre for Drug Statistics Methodology;

1993.

66. Hah JM, Bateman BT, Ratliff J, Curtin C, Sun E. Chronic opioid use after

surgery: implications for perioperative management in the face of the opi-

oid epidemic. Anesth Analg 2017; 125 (5): 1733–40.

67. Raebel MA, Newcomer SR, Bayliss EA, et al. Chronic opioid use emerging

after bariatric surgery. Pharmacoepidemiol Drug Saf 2014; 23 (12):

1247–57.

68. Reslan S, Saules KK, Greenwald MK, Schuh LM. Substance misuse fol-

lowing Roux-en-Y Gastric bypass surgery. Subst Use Misuse 2014; 49 (4):

405–17.

JAMIA Open, 2020, Vol. 3, No. 1 85

https://www.cdc.gov/drugoverdose/pdmp/states.html
https://www.cdc.gov/drugoverdose/pdmp/states.html
http://www.cdc.gov/drugoverdose/prescribing/guideline.html
http://www.cdc.gov/drugoverdose/prescribing/guideline.html
https://www.whi.org/researchers/sigs/Health
https://www.whi.org/researchers/sigs/Health
https://www.samhsa.gov/data/sites/default/files/NSDUH-DetTabs-2015/NSDUH-DetTabs-2015/NSDUH-DetTabs-2015.pdf
https://www.samhsa.gov/data/sites/default/files/NSDUH-DetTabs-2015/NSDUH-DetTabs-2015/NSDUH-DetTabs-2015.pdf
https://www.samhsa.gov/data/sites/default/files/NSDUH-DetTabs-2015/NSDUH-DetTabs-2015/NSDUH-DetTabs-2015.pdf
http://www.ncbi.nlm.nih.gov/pubmed/30607879
http://www.ncbi.nlm.nih.gov/pubmed/30607879


69. Fiellin LE, Tetrault JM, Becker WC, Fiellin DA, Hoff RA. Previous use of

alcohol, cigarettes, and marijuana and subsequent abuse of prescription

opioids in young adults. J Adolesc Heal 2013; 52 (2): 158–63.

70. Michna E, Ross EL, Hynes WL, et al. Predicting aberrant drug behavior in

patients treated for chronic pain: importance of abuse history. J Pain

Symptom Manage 2004; 28 (3): 250–8.

71. Holman JE, Stoddard GJ, Higgins TF. Rates of prescription opiate use be-

fore and after injury in patients with orthopaedic trauma and the risk fac-

tors for prolonged opiate use. J Bone Joint Surg Am 2013; 95 (12):

1075–80.

72. Egberts ACG, Meyboom RHB, van Puijenbroek EP. Use of measures of

disproportionality in pharmacovigilance. Drug Saf 2002; 25 (6): 453–8.

73. Lehman HP, Chen J, Gould AL, et al. An evaluation of computer-aided

disproportionality analysis for post-marketing signal detection. Clin Phar-

macol Ther 2007; 82 (2): 173–80.

74. van Puijenbroek EP, Bate A, Leufkens HGM, Lindquist M, Orre R,

Egberts ACG. A comparison of measures of disproportionality for signal

detection in spontaneous reporting systems for adverse drug reactions.

Pharmacoepidem Drug Saf 2002; 11 (1): 3–10.

75. Montastruc J-L, Sommet A, Bagheri H, Lapeyre-Mestre M. Benefits and

strengths of the disproportionality analysis for identification of adverse

drug reactions in a pharmacovigilance database. Br J Clin Pharmacol

2011; 72 (6): 905–8.

76. Arnaud M, B�egaud B, Thurin N, Moore N, Pariente A, Salvo F. Methods

for safety signal detection in healthcare databases: a literature review. Ex-

pert Opin Drug Saf 2017; 16 (6): 721–32.

77. Arnaud M, B�egaud B, Thurin N, Moore N, Pariente A, Salvo F. Expert opin-

ion on drug safety methods for safety signal detection in healthcare databases:

a literature review methods for safety signal detection in healthcare databases:

a literature review; 2017. http://www.tandfonline.com/action/journalInforma-

tion? journalCode¼ieds20 Accessed February 4, 2019.

78. Suchard MA, Zorych I, Simpson SE, Schuemie MJ, Ryan PB, Madigan D.

Empirical performance of the self-controlled case series design: lessons for

developing a risk identification and analysis system. Drug Saf 2013;36

(S1): 83–93.

79. Ryan PB, Schuemie MJ, Madigan D. Empirical performance of a self-

controlled cohort method: lessons for developing a risk identification and

analysis system. Drug Saf 2013; 36 (S1): 95–106.

80. New York State - County Opioid Quarterly Report. New York State;

2017. https://www.health.ny.gov/statistics/opioid/data/pdf/nys_jul17.pdf

Accessed March 4, 2019.

81. 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 2018; 67 (5152): 1419–27. http://www.cdc.gov/mmwr/

volumes/67/wr/mm6751521e1.htm? s_cid¼mm6751521e1_w

82. CDC. Opioids for acute pain – what you need to know types of pain.

www.cdc.gov/drugoverdose Accessed March 4 2019.

83. Brat GA, Agniel D, Beam A, et al. Postsurgical prescriptions for opioid na-

ive patients and association with overdose and misuse: retrospective co-

hort study. BMJ 2018; 360: 5790.

84. Marx JA, Hockberger RS, Walls RM, et al. Rosen’s Emergency Medicine:

Concepts and Clinical Practice. Mosby Year Book; 1992.

85. Jones CM. Heroin use and heroin use risk behaviors among

nonmedical users of prescription opioid pain relievers - United States,

2002-2004 and 2008-2010. Drug Alcohol Depend 2013; 132 (1–2):

95–100.

86. Anderson IB, Kearney TE. Use of methadone. West J Med 2000; 172 (1):

43–6.

87. Regier DA, Farmer ME, Rae DS, et al. Comorbidity of mental disorders

with alcohol and other drug abuse. JAMA 1990; 264 (19): 2511.

88. Loranger AW, Sartorius N, Andreoli A, et al. The International Personal-

ity Disorder Examination. Arch Gen Psychiatry 1994; 51 (3): 215.

89. Wilson KC, Saukkonen JJ. Acute respiratory failure from abused substan-

ces. J Intensive Care Med 2004; 19 (4): 183–93.

90. Lee-Chiong T, Matthay RA. Drug-induced pulmonary edema and acute

respiratory distress syndrome. Clin Chest Med 2004; 25 (1): 95–104.

91. Gottlieb LS, Boylen TC. Pulmonary complications of drug abuse. West J

Med [Internet] 1974; 120 (1): 8–16.

92. Bhardwaj H, Bhardwaj B, Awab A. Revisiting opioid overdose induced

acute respiratory distress syndrome. Indian J Crit Care Med 2014; 18 (2):

119–20.

93. Chen A, Ashburn MA. Cardiac effects of opioid therapy. Pain Med 2015;

16 (suppl 1): S27–31.

94. Zibbell JE, Asher AK, Patel RC, et al. Increases in acute hepatitis C virus

infection related to a growing opioid epidemic and associated injection

drug use, United States, 2004 to 2014. Am J Public Health 2018; 108 (2):

175–81.

95. Weiskopf NG, Hripcsak G, Swaminathan S, Weng C. Defining and mea-

suring completeness of electronic health records for secondary use. J

Biomed Inform 2013; 46 (5): 830–6.

96. Hripcsak G, Albers DJ. Next-generation phenotyping of electronic health

records. JAMIA 2012; 20: 117–21.

86 JAMIA Open, 2020, Vol. 3, No. 1

http://www.tandfonline.com/action/journalInformation? journalCode=ieds20
http://www.tandfonline.com/action/journalInformation? journalCode=ieds20
http://www.tandfonline.com/action/journalInformation? journalCode=ieds20
https://www.health.ny.gov/statistics/opioid/data/pdf/nys_jul17.pdf 
http://www.cdc.gov/mmwr/volumes/67/wr/mm6751521e1.htm? s_cid=mm6751521e1_w
http://www.cdc.gov/mmwr/volumes/67/wr/mm6751521e1.htm? s_cid=mm6751521e1_w
http://www.cdc.gov/mmwr/volumes/67/wr/mm6751521e1.htm? s_cid=mm6751521e1_w
http://www.cdc.gov/drugoverdose Accessed 

	Characterizing non-heroin opioid overdoses using electronic health records.
	Let us know how access to this document benefits you
	Recommended Citation

	ooz063-TF1
	ooz063-TF2

