CMA]J

RESEARCH

Sensitivity and specificity of administrative mortality data
for identifying prescription opioid-related deaths

Emilie Gladstone MPH, Kate Smolina PhD, Steven G. Morgan PhD, Kimberly A. Fernandes MSc

Diana Martins MSc, Tara Gomes MHSc

— ABSTRACT

Background: Comprehensive systems for sur-
veilling prescription opioid-related harms pro-
vide clear evidence that deaths from prescrip-
tion opioids have increased dramatically in
the United States. However, these harms are
not systematically monitored in Canada. In
light of a growing public health crisis, accessi-
ble, nationwide data sources to examine pre-
scription opioid-related harms in Canada are
needed. We sought to examine the perfor-
mance of 5 algorithms to identify prescription
opioid-related deaths from vital statistics data
against data abstracted from the Office of the
Chief Coroner of Ontario as a gold standard.

Methods: We identified all prescription
opioid-related deaths from Ontario coroners’
data that occurred between Jan. 31, 2003, and
Dec. 31, 2010. We then used 5 different algo-
rithms to identify prescription opioid-related

deaths from vital statistics death data in 2010.
We selected the algorithm with the highest
sensitivity and a positive predictive value of
more than 80% as the optimal algorithm for
identifying prescription opioid-related deaths.

Results: Four of the 5 algorithms had positive
predictive values of more than 80%. The algo-
rithm with the highest sensitivity (75%) in 2010
improved slightly in its predictive performance
from 2003 to 2010.

Interpretation: In the absence of specific systems
for monitoring prescription opioid-related
deaths in Canada, readily available national vital
statistics data can be used to study prescription
opioid-related mortality with considerable accu-
racy. Despite some limitations, these data may
facilitate the implementation of national sur-
veillance and monitoring strategies.

he surveillance of prescription opioid—
I related deaths is a public health impera-
tive.! Over the past 2 decades, rates of
prescription opioid-related death have increased
rapidly in the United States?? and Australia.*> In
the US, there is extensive public health surveil-
lance of prescription opioid-related harms using
multiple systems that collect information on
deaths, emergency department visits, calls to
poison control centres and drug seizures from
law enforcement agencies.

Information related to prescription opioid—
related harms in Canada is incomplete. These
indicators are not systematically reported or
monitored at national or provincial levels, and
knowledge as to how these harms vary across
regions in Canada is limited.® Our knowledge of
the prevalence of prescription opioid-related
deaths is restricted to localized estimates
obtained through various methods. National sur-
veillance of prescription opioid-related deaths is
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essential to inform and evaluate solutions to this
complex public health crisis in Canada.

Because individual review of postmortem
toxicologic analyses is the gold-standard
approach for identifying whether a death was
related to prescription opioids, studying these
deaths generally requires a review of coroners’
records. However, the process of abstracting pre-
scription opioid-related deaths from coroners’
records is time and resource intensive. Further-
more, coroners’ records are not usually available
to researchers.

An alternative source of data that captures
cause of death in Canada is the Statistics Canada
Vital Statistics Death Database. These data cap-
ture the contributing causes of death as deter-
mined by a physician, coroner or medical exam-
iner and subsequently abstracted by professionals
and coded using the International Statistical Clas-
sification of Diseases, 10th revision (ICD-10).”
Vital statistics data have the potential to provide
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researchers with national estimates of prescrip-
tion opioid-related deaths, but the accuracy of
ICD-10 codes is unknown. Therefore, the ability
of these data to accurately identify prescription
opioid-related deaths — which are often com-
plex and have multiple contributing factors — is
questionable.

Given the widespread availability of vital sta-
tistics data and the public health importance of
conducting ongoing national surveillance of pre-
scription opioid-related mortality, establishing
the validity of algorithms designed to identify
prescription opioid—related deaths in these data
is important. We sought to validate several algo-
rithms that use vital statistics data to identify pre-
scription opioid-related deaths against data we
abstracted from the Office of the Chrief Coroner
of Ontario as a gold standard.

Methods

We conducted a retrospective validation study
among Ontario residents who died of prescrip-
tion opioid-related causes between 2003 and
2010. Residents from outside of the province
who died in Ontario and Ontario residents who
died outside of the province were not captured in
our analysis.

This study was approved by the Research
Ethics Board of Sunnybrook Health Sciences
Centre, Toronto, Ontario.

Mortality data from the Office of the
Chief Coroner for Ontario (gold standard)
We used data abstracted from the Office of the
Chief Coroner for Ontario to identify all pre-
scription opioid-related deaths in Ontario from
Jan. 1, 2003, to Dec. 31, 2010. Canadian law
requires that all unexpected or unnatural deaths
be reported to the coroner so that cause or causes
of death can be determined. Poisoning deaths
would thus be among such cases reviewed by a
coroner. In addition, coroners’ cases involve
detailed toxicologic testing.

Using methods described in detail elsewhere,?
we defined the gold standard for identifying pre-
scription opioid—related deaths as cases where
the coroner’s report indicated either that pre-
scription opioid concentrations were present at
high enough levels to cause death or that a com-
bination of drugs caused death that included one
or more prescription opioids detected at a clini-
cally significant concentration. Deaths from pre-
scription opioids that had been dispensed from a
pharmacy and deaths from prescription opioids
obtained from diverted or nonmedical sources
were classified as prescription opioid-related
deaths. Deaths were not deemed opioid-related if
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opioids were merely present at therapeutic
levels.

We identified prescription opioid-related
deaths among all drug- or alcohol-related deaths
that involved a prescription opioid from 2003 to
2010. A second abstractor independently
reviewed a sample of the charts, and there was
100% agreement about the causes of death
between the 2 abstractors. If the abstractor was
uncertain about the cause of death, the case was
reviewed by 1 or more physicians until consen-
sus was achieved.

Mortality data from the vital statistics
database

We used mortality data from the Statistics Can-
ada Vital Statistics Database to identify individu-
als who died in Ontario from prescription opi-
oid-related causes. The database captures all
deaths of Canadian residents who die in Ontario,
including information about a person’s cause or
causes of death from the death certificate.” Cause
or causes of death on each certificate are coded
using the ICD-10 system by mortality classifica-
tion staff and entered into a computer database.’
A computer system selects the most important
contributing cause of death for each record,
termed the underlying cause of death, as per
World Health Organization specifications. Addi-
tional information about the death is recorded in
the multiple cause of death field. This field con-
tains more detailed information about the death
(e.g., the type of drug involved in a poisoning
death) and lists other contributing causes of
death. Each record lists 1 underlying cause of
death and up to 11 multiple causes of death.

Definitions of prescription opioid-related
death

We tested the validity of 5 algorithms designed
to identify prescription opioid-related deaths in
the vital statistics death data. These algorithms,
which combine underlying and multiple causes
of death coding to identify prescription opioid—
related deaths, are presented in Table 1.

The first algorithm is based on definitions
used by researchers at the US Centers for Dis-
ease Control and Prevention (CDC) to identify
prescription opioid-related deaths using US
mortality data.'®!! This algorithm specifies an
underlying cause of death related to poisoning,
and multiple cause of death codes that indicate at
least 1 prescription opioid contributed to the poi-
soning death. This algorithm represents a strict
definition of prescription opioid—related deaths,
which could lead to the potential underreporting
of deaths. Therefore, we tested 3 more inclusive
variations of this algorithm. Specifically, algo-
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rithm 2 is similar to algorithm 1 but also captures
deaths where the multiple cause of death is
“other and unspecified narcotics” (code T406).
Both algorithms 3 and 4 do not require the
underlying cause of death to be poisoning.
Instead, algorithm 3 only requires that the multi-
ple cause of death codes indicate at least 1 pre-
scription opioid contributed to the death. Algo-
rithm 4 only requires that multiple cause of death
codes indicate that either prescription opioids or
other unspecified narcotics contributed to death.
In efforts to further increase the sensitivity of
these definitions, we developed algorithm 5 after
reviewing the frequencies of ICD-10 codes
assigned to individuals. Algorithm 5 builds on
algorithm 4 by including any deaths identified as
a narcotic poisoning in any cause of death field
so long as there is no evidence of illicit narcotics
(e.g., heroin).

Statistical analyses

We determined the best algorithm for identifying
prescription opioid-related deaths in 2010 using
vital statistics data by comparing the cohorts
defined by the 5 algorithms to the cohort
abstracted from the Ontario coroners’ data. We
linked these data sets using unique encoded
identifiers and analyzed them at the Institute for
Clinical Evaluative Sciences. For each algo-
rithm, we calculated the sensitivity, specificity,
positive predictive value, negative predictive
value, level of agreement (x), area under the
receiver operating characteristic curve (AUC),
positive likelihood ratio and negative likelihood
ratio. To identify the optimal algorithm, we
selected the algorithm with the highest sensitiv-
ity and positive predictive value, with a mini-
mum positive predictive value of at least 80%.
These selection criteria are consistent with crite-
ria used in similar studies.!> Upon identifying the
optimal algorithm, we repeated the analysis by
year (2003-2010) to determine whether the
validity of the vital statistics data varied over
time as the issue of prescription opioid-related
deaths became better appreciated. We performed
all analyses using SAS software (version 9.3).

Results

We identified 3549 prescription opioid-related
deaths from coroners’ data, of which 3480 could
be matched to records in the Satistics Canada
Vital Statistics Death Database.

The performance of each algorithm in identi-
fying prescription opioid-related deaths in the
vital statistics data from 2010 is summarized in
Table 2. The specificities and negative predictive
values of the algorithms did not vary substan-

tially, because deaths from prescription opioids
represent a small proportion of deaths from all
causes. Algorithm 5, which represents the most
inclusive definition of prescription opioid—
related deaths, had the highest sensitivity (89%).
However, this algorithm had the lowest positive
predictive value (70%), capturing a higher pro-
portion of false positives when compared with
the other algorithms. All of the remaining algo-
rithms had a positive predictive value of more
than 80%.

In terms of sensitivity, algorithms 2 and 4
performed equally well (75%) and outperformed
algorithms 1 and 3. We selected algorithm 2 as
the optimal definition of prescription opioid—
related deaths because it had a higher positive
predictive value (90%) than algorithm 4 (87%).

The performance of these algorithms in iden-
tifying prescription opioid-related deaths in pre-
vious years of vital statistics data (2003-2009) is
detailed in Appendix 1 (available at www.cmaj.ca/
lookup/suppl/doi:10.1503/cmaj.150349/-/DC1);
however, we did not consider algorithm perfor-
mance in years other than 2010 when selecting
the optimal algorithm.

When using algorithm 2, although death data
obtained from vital statistics consistently under-
estimated the number of deaths in the coroners’
data, the trends were similar over time (Fig-
ure 1). Algorithm 5 had the highest sensitivity
but low positive predictive value, and therefore
did not meet our criteria as the optimal definition
for prescription opioid-related deaths. The use
of this algorithm overestimated the number of
prescription opioid-related deaths (Figure 1).
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Figure 1: Prescription opioid-related deaths identified from coroners’ data and
from the Statistics Canada Vital Statistics Death Database using algorithms 2

and 5 (see algorithm definitions in Table 1).
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There was a slight improvement in the sensi-
tivity of algorithm 2 from 2003 to 2010 (Table 3);
with the exception of 2004, the positive predictive
value was relatively constant over time.

Interpretation

This large, population-based study suggests
that vital statistics data can be used, with some
caution, to identify prescription opioid—related
deaths when coroners’ data are unavailable.

Modifications of the CDC algorithm for
identifying prescription opioid—related deaths
from vital statistics data were able to identify
three-quarters of true cases in Ontario in 2010.
However, this underestimation still allows for
meaningful examination of changes over time;
with improving sensitivity as a result of more
careful and detailed coding of deaths, the valid-
ity of vital statistics data will likely improve as
well. In the absence of existing surveillance of
prescription opioid-related harms in Canada,
the finding that readily available national vital
statistics data can be used to study prescription
opioid-related deaths is of considerable public
health and policy importance.

Owing to the paucity of data in this area, we
could not identify other studies of opioid-

related mortality in a Canadian setting. How-
ever, researchers in Finland have examined the
accuracy of administrative mortality data in
identifying illicit drug deaths, finding that 89%
of opiate-related deaths based on positive drug
findings were registered with opiate-specific
ICD codes in national cause-of-death statistics.'?
Similarly, US studies have found that direct
analysis of death certificates can be used to
detect 90% of cancer and 84% of coronary
heart disease deaths but only 64% of deaths by
stroke.'* The findings of our study suggest that
the capacity of vital statistics data to accurately
identify prescription opioid-related deaths is
consistent with these estimates.

Strengths and limitations

This was a large, population-based study captur-
ing all prescription opioid-related deaths over an
8-year period in Ontario, the most populous prov-
ince in Canada (population 13.1 million in 2010).
In addition, prescription opioid—related death data
abstracted from coroners’ data and used as a gold
standard was rigorously defined using coroners’
clinical findings and toxicological analyses and is
likely a true representation of overdose deaths in
this province. Finally, 4 of the 5 algorithms inves-
tigated in this study yielded very similar results,

Table 1: Description and technical definition of each of the algorithms tested

Algorithm Description

ICD-10 codes

1 Underlying cause of death: poisoning

and

Multiple cause of death: prescription

opioid poisoning

2 Underlying cause of death: poisoning

and

Multiple cause of death: prescription

opioid poisoning and/or other
unspecified narcotics

X40-X49, X60-X69, X85-X90, Y10-Y19
and

T402, T403, T404

X40-X49, X60-X69, X85-X90, Y10-Y19
and

T402, T403, T404, T406

3 Multiple cause of death: prescription
opioid poisoning

4 Multiple cause of death: prescription
opioid poisoning or other unspecified
narcotics

5 Underlying cause of death or multiple

cause of death: narcotic poisoning

and not
Multiple cause of death: illicit opioids
or

Multiple cause of death: prescription
opioid poisoning or other unspecified
narcotics

T402, T403, T404

T402, T403, T404, T406

X42, X62, Y12, T509

and not
(T401, T405, T407-T409)
or

T402,T403,T404,T406

Note: ICD-10 = International Classification of Diseases, 10th revision.
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suggesting that these definitions for identifying
prescription opioid-related deaths from vital sta-
tistics data are robust and would not easily be
affected by small variations in coding.

Several limitations exist that must be consid-
ered if these data are to be used in the future. First,
even the optimal algorithm to identify prescription

opioid-related deaths in vital statistics data will
underestimate the number of deaths. Second,
changes in the accuracy of the algorithms in
detecting prescription opioid—related deaths over
time suggests underlying changes in coding prac-
tices or data quality. In particular, the improve-
ment we saw in sensitivity may be a result of

Table 2: Performance of 5 algorithms in identifying prescription opioid-related deaths from the Statistics Canada Vital Statistics
Death Database in 2010
No. of deaths LR (95% CI)
Positive
Vital predictive
Coroner statistics  Sensitivity Specificity value* K AUC
Algorithm data data (95% Cl) (95% Cl) (95% ClI) (95% ClI) (95% Cl) Positive Negative
1 542 425 0.72 0.99 0.91 0.80 0.86 1701 0.28
(0.68-0.75) (0.99-0.99) (0.88-0.94) (0.77-0.83) (0.84-0.88) (1108-2295) (0.24-0.33)
2 542 447 0.75 0.99 0.90 0.82 0.87 1525 0.25
(0.71-0.78)  (0.99-0.99) (0.88-0.93) (0.79-0.84) (0.85-0.89) (1032-2018) (0.22-0.29)
8 542 437 0.72 0.99 0.89 0.80 0.86 1347 0.28
(0.68-0.76)  (0.99-0.99) (0.86-0.92) (0.77-0.82) (0.84-0.88)  (929-1764) (0.24-0.32)
4 542 466 0.75 0.99 0.87 0.81 0.87 1119 0.25
(0.71-0.79)  (0.99-0.99) (0.84-0.90) (0.78-0.83) (0.86-0.89)  (810-1429) (0.21-0.29)
5 542 692 0.89 0.99 0.70 0.78 0.94 380 0.11
(0.87-0.92) (0.99-0.99) (0.67-0.74) (0.76-0.81) (0.93-0.96) (324-436) (0.08-0.13)
Note: AUC = area under the receiver operating characteristic curve, Cl = confidence interval, LR = likelihood ratio.
*Negative predictive value = 0.99 for all algorithms.
Table 3: Performance of algorithm 2 using data from 2003 to 2010
No. of deaths 0
Positive Si (e Q)
Vital predictive
Coroners’  statistics Sensitivity Specificity value* K AUC
Year data data (95% ClI) (95% Cl) (95% Cl) (95% ClI) (95% ClI) Positive Negative
2003 353 221 0.56 0.99 0.89 0.69 0.78 1921 0.44
(0.50-0.61)  (0.99-0.99) (0.84-0.93) (0.64-0.73)  (0.75-0.80) (1076-2276) (0.39-0.50)
2004 328 237 0.55 0.99 0.76 0.63 0.77 769 0.45
(0.49-0.60)  (0.99-0.99) (0.70-0.81)  (0.59-0.68)  (0.75-0.80) (543-994)  (0.40-0.51)
2005 415 278 0.60 0.99 0.89 0.71 0.80 1674 0.40
(0.55-0.65)  (0.99-0.99) (0.85-0.93)  (0.68-0.75)  (0.78-0.82) (1018-2330) (0.35-0.45)
2006 415 267 0.56 0.99 0.87 0.67 0.78 1288 0.44
(0.51-0.61)  (0.99-0.99)  (0.82-0.91)  (0.64-0.72)  (0.75-0.80)  (823-1752) (0.39-0.49)
2007 450 309 0.62 0.99 0.90 0.73 0.81 1711 0.38
(0.57-0.66)  (0.99-0.99) (0.86-0.93) (0.70-0.77)  (0.79-0.83) (1053-2369) (0.33-0.43)
2008 472 324 0.62 0.99 0.90 0.73 0.81 1619 0.38
(0.57-0.66)  (0.99-0.99) (0.86-0.93)  (0.70-0.76)  (0.79-0.83) (1016-2222) (0.34-0.43)
2009 505 392 0.67 0.99 0.87 0.76 0.84 1126 0.33
(0.63-0.71)  (0.99-0.99)  (0.83-0.90) (0.73-0.79)  (0.82-0.86)  (792-1461) (0.28-0.37)
2010 542 447 0.75 0.99 0.90 0.82 0.87 1525 0.25
(0.71-0.78)  (0.99-0.99)  (0.88-0.93)  (0.79-0.84)  (0.85-0.89) (1032-2018) (0.22-0.29)
Note: AUC = area under the receiver operating characteristic curve, Cl = confidence interval, LR = likelihood ratio.
*Negative predictive value = 0.99 for all algorithms.
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increased awareness of prescription opioid over-
dose as an emerging cause of death by either
vital statistics personnel or coroners tasked with
determining the cause of death. Indeed, the
Ontario coroner’s office has incorporated pre-
scription opioid-related deaths into training in
recent years (Nav Persaud, University of
Toronto, personal communication). However, it
is not possible to rule out other causes of changes
in coding practices or data quality. Finally, we
were unable to obtain coroners’ data from another
Canadian province, and our conclusions are
based on the performance of these algorithms in
a single database. The results of this validation
study may not be generalizable to other jurisdic-
tions, because coroners’ training, coding stan-
dards and information sharing can differ region-
ally. For this reason, we recommend that the
accuracy of algorithms for identifying prescrip-
tion opioid-related deaths from vital statistics
data be tested in other jurisdictions.

Conclusion
Our results show that vital statistics data can be
used to identify prescription opioid—related deaths
in Canada with a considerable degree of accuracy.
However, the validity of these definitions could be
further improved by enhancing coding and infor-
mation sharing to improve the quality and reliabil-
ity of the data. Despite some limitations, the ability
to use vital statistics data sets in this way can facil-
itate national surveillance and monitoring strate-
gies that, until now, have been impossible owing
to incomplete and inaccessible coroners’ data.
Vital statistics data could be used to show het-
erogeneity in prescription opioid-related deaths
across geographic regions. Given the increasing
rates of prescription opioid-related deaths in
Ontario,® and the great degree of interest in under-
standing this phenomenon at the national level, this
has considerable implications for future research.
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