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Background: The use of Prescription Drug Monitoring Program 
(PDMP) data has greatly increased in recent years as these data 
have accumulated as part of the response to the opioid epidemic 
in the United States. We evaluated the accuracy of record linkage 
approaches using the Controlled Substance Monitoring Database 
(Tennessee’s [TN] PDMP, 2012–2016) and mortality data on all drug 
overdose decedents in Tennessee (2013–2016).
Methods: We compared total, missed, and false positive (FP) matches 
(with manual verification of all FPs) across approaches that included 
a variety of data cleaning and matching methods (probabilistic/fuzzy 
vs. deterministic) for patient and death linkages, and prescription 
history. We evaluated the influence of linkage approaches on key 
prescription measures used in public health analyses. We evaluated 
characteristics (e.g., age, education, sex) of missed matches and in-
correct matches to consider potential bias.
Results: The most accurate probabilistic/fuzzy matching approach iden-
tified 4,714 overdose deaths (vs. the deterministic approach, n = 4,572), 
with a low FP linkage error (<1%) and high correct match proportion 
(95% vs. 92% and ~90% for probabilistic approaches not using compre-
hensive data cleaning). Estimation of all prescription measures improved 
(vs. deterministic approach). For example, frequency (%) of decedents 

filling an oxycodone prescription in the last 60 days (n = 1,371 [32%] 
vs. n = 1,443 [33%]). Missed overdose decedents were more likely to be 
younger, male, nonwhite, and of higher education.
Conclusion: Implications of study findings include underreporting, 
prescribing and outcome misclassification, and reduced generaliza-
bility to population risk groups, information of importance to epide-
miologists and researchers using PDMP data.

Keywords: Record linkage; Data linkage methods; Epidemiologic 
methods; Bias; Data accuracy; Linkage error; Prescription drug 
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In the late 1990s and 2000s, use of prescription opioids for 
acute and chronic pain, and associated morbidity and mor-

tality, increased substantially in the United States, resulting in 
the need for regulation and policy to reduce opioid misuse and 
abuse.1,2 Prescription Drug Monitoring Programs (PDMPs), 
now operational in all 50 states and one United States terri-
tory,3 support the monitoring of prescribing practices and 
potential misuse of controlled substances. PDMPs provide 
information to health care professionals about a patient’s pre-
scription history to help identify potential misuse, abuse, and 
inappropriate prescribing.3 Ideally, this information can be 
used to guide appropriate care and implement risk mitigation 
strategies for substance use disorder and overdose.4–7

Use of PDMP data for public health surveillance and 
epidemiologic studies has increased in recent years with the 
implementation of PDMPs through the United States, in-
cluding cohort studies of linked PDMP and health outcome 
data.8–14 Methods for data/record linkage (including de-dupli-
cation [matching individuals within the same data source] and 
linkage of individuals between data sources) [see Dusetzina et 
al.15 and Sayers et al.16 for a review of terms and concepts in 
linkage methodology]) can influence complete patient iden-
tification and medical history.17–20 Accuracy of data/record 
linkage (hereafter referred to as record linkage) is particularly 
important for cohort studies and can influence estimation of 
incidence and mortality rates, and effect estimates due to mis-
classification of covariates, exposures, and outcomes, as well 
as generalizability of results if certain groups are excluded 
(e.g., individuals of lower socioeconomic status).21–25
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The accurate identification of patient entities, and 
thereby patient prescription history, is a key challenge with 
PDMP data, which include millions of patient records with 
non-standardized data entry for identifying fields, such as 
name and address. We developed comprehensive strategies 
for record linkage using Tennessee’s (TN) PDMP data (the 
Controlled Substance Monitoring Database [CSMD]) and 
vital statistics mortality data for all drug overdose decedents 
from TN’s death statistical files. These methodologies and 
lessons learned can be helpful to public health epidemiol-
ogists and researchers using PDMP data. Our first objec-
tive was to evaluate the accuracy of several record linkage 
approaches using varying methods in data cleaning, stand-
ardization, and linkage (e.g., deterministic vs. probabilistic/
fuzzy) and determine the most accurate approach for use 
in epidemiologic studies using linked PDMP data. Our 
second objective was to quantify the influence of the linkage 
approaches on the estimation of frequently reported opioid 
and benzodiazepine prescribing measures. Our third objec-
tive was to describe characteristics of matched, unmatched, 
and incorrectly matched records to evaluate the potential 
for measurement error and selection bias in analyses using 
PDMP and mortality data.

METHODS

Study Design and Data Sources
Figure 1 provides an overview of study design, popula-

tion, and data sources.

Controlled Substance Monitoring Database (2012–
2016)

In accordance with the Controlled Substance Moni-
toring Act of 2002, the Tennessee Department of Health es-
tablished the CSMD to monitor the dispensing of Schedule 
II–V controlled substances on December 1, 2006, with over 
18 million prescriptions reported each year since 2011.26 Data 
(eTable 1; http://links.lww.com/EDE/B594, provides the raw 
primary fields used for the present study) are collected using 
the American Society for Automation in Pharmacy specifica-
tions (https://www.asapnet.org). Prescriptions are reported by 
dispensers, which are largely pharmacies (although some vet-
erinarians are dispensers). In the CSMD, there is no unique 
patient identifier required to be collected consistently such as 
social security number (SSN). Potentially identifying fields 
collected consistently for use in record linkage in the patient 
file of >13 million records included first name, middle name, 
last name, date of birth (DOB), and address.

FIGURE 1. Study Data Sources, Study Population, and Entity Resolution/Record Linkage Methods

http://links.lww.com/EDE/B594
https://www.asapnet.org
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Death Statistical Files (2013–2016)
TN’s death certificates provide causes, place, and man-

ner of death.27 Each death certificate is classified with an un-
derlying cause of death using the International Classification 
of Diseases, 10th Revision (ICD-10) codes and up to 20 addi-
tional multiple cause of death ICD-10 codes by the National 
Center for Health Statistics. Additional data collected include 
name, address, DOB, date of death, and sociodemographic 
information (e.g., sex, race, ethnicity, education, and marital 
status). Eligible decedents included TN residents aged ≥18 
years with an underlying cause of death due to all drug over-
dose during 2013–2016 (n = 5,483). ICD-10 codes for all drug 
overdoses included X40–X44 (unintentional drug poisoning 
codes); X60–X64 (intentional drug poisoning codes); X85 
(homicide/assault drug poisoning codes); and Y10–Y14 (un-
determined intent drug poisoning codes).

Record Linkage Methodology
Overview

The first approach used comprehensive name clean-
ing with both standard15 and data-specific programming 
techniques using Statistical Analysis Software (SAS) and a 
multi-step deterministic matching approach using Structured 
Query Language (SQL), used in our previous case-only study 
of overdose decedents.28 The second through fifth approaches 
utilized probabilistic/fuzzy matching algorithms with varying 
sensitivity codes using SAS Data Management Studio Soft-
ware.29 We also tested our in-house data cleaning techniques 
developed in SAS vs. the SAS Data Management Studio 
standardization approach using raw data.

Cleaning and Standardizing Matching Data Items
Name-cleaning strategies for the CSMD were described 

in detail previously30 (with additional methodology and code 
available in the eAppendix 2; http://links.lww.com/EDE/
B594). Briefly, extra spaces and non-alphanumeric charac-
ters, and non-name text were removed, and prefixes/suffixes 
were placed in separate fields. Similar approaches were used 
for cleaning and parsing name fields in the death files; how-
ever, name cleaning was more extensive in the CSMD largely 
due to lack of standardization at data entry and the large 
size of the data (>13 million patient records). Address was 
not used as a primary patient identification variable in the 
CSMD (due to potential changes in address across prescrip-
tion records), but was used to identify potential false positive 
(FP) matches and to confirm match status via manual review, 
described below. Address fields were geocoded using Arc-
GIS, version 10.6 (ESRI, Redlands, CA), with a minimum 
match score of 85 and a spelling sensitivity of 80. Geocoding 
was successful for 94% of records in the death file and 91% 
of records in the CSMD patient file. For addresses that could 
not be geocoded, manual review was used to determine if the 
address was a match between records when assessing poten-
tial FP matches.

Deterministic Data Matching (Approach 1)
The first approach used the comprehensive name 

cleaning protocol implemented in SAS and deterministic 
matching in SQL on exact DOB, any last name, and any first 
name. The matched set (regardless of approach) could have 
one death record matched to one patient record or multiple 
patient records, depending on the number of matched patient 
records and associated prescription histories in the CSMD 
for the decedent.

Fuzzy/Probabilistic Data Matching (Approaches 2–5)
Approach 2 used the same comprehensive name cleaning 

protocol, with probabilistic/fuzzy matching sensitivity codes 
of 85 for names and 95 for DOB in the SAS Data Management 
Studio software. It is worth noting that the SAS Data Man-
agement Studio-derived sensitivity codes are not the sensitivity 
(and corresponding specificity) metrics commonly used in ep-
idemiology.15 Sensitivity codes from SAS Data Management 
Studio are based on a combination of standardization/fuzzy 
matching techniques (e.g., regular expression processing, pho-
netics, transformations) using natural language processing to 
create a threshold value that ranges from 50 to 95 (in five-
level increments).29 Approach 3 followed the same methods 
as approach 2, but varied on SAS Data Management Studio-
derived sensitivity values (used 85 for both names and DOB). 
We conducted Approaches 4 and 5 using SAS Data Manage-
ment Studio software for standardization and matching, with 
unclean names and DOB entered directly. Standardization in 
SAS Data Management Studio uses the SAS Data Quality 
Knowledge Base, a repository of rules, and reference data.29 
The difference between approach 4 and approach 5 was in the 
sensitivity values. Specifically, approach 4 used sensitivity 
values of 85 for names and 95 for DOB; while approach 5 used 
the lower sensitivity value of 85 for both names and DOB.

Evaluation of the Accuracy of Matching 
Algorithms

Accuracy measures included number of matches, FPs 
(i.e., incorrect matches) and false negatives (i.e., missed 
matches) for both overdose deaths and prescriptions.15,31 These 
were evaluated for patient to death matches, unique overdose 
decedents, and prescriptions to eligible decedents. Many du-
plicate patient records exist, due to name and address varia-
tions entered by pharmacy staff, and each of these is linked to 
one or more prescriptions filled.32 eFigure 3(http://links.lww.
com/EDE/B594) provides example patient records from the 
CSMD within a de-duplicated matched set to illustrate how 
data issues in available patient information may affect identi-
fication of patient entities and complete prescription history.

FP Method for Identification of Matches for Manual 
Review (Death and CSMD)

Determining if a match was a true FP was not straight-
forward, due to lack of a unique identifier in the CSMD and 

http://links.lww.com/EDE/B594
http://links.lww.com/EDE/B594
http://links.lww.com/EDE/B594
http://links.lww.com/EDE/B594
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data quality issues with names (e.g., nicknames, misspellings) 
and address (e.g., missing data, wrong street number, change 
in address). Therefore, we developed an approach to identify 
potential FPs, which were then reviewed manually to classify 
as follows:(1) not an FP (able to confirm a correct match), (2)
possible FP (i.e., unable to confirm true match status based 
on available information), and (3) true FP (confident an incor-
rect match). One author manually reviewed all potential FP 
matches for each approach, and a second author confirmed all 
potential and true FP matches for approaches 2–5.

We used differences in either full name or DOB to 
identify potential FPs for patient and death record matches. 
To reduce burden of manual review for FPs, we used a sys-
tematic stepwise approach considering name, DOB, original 
and geocoded address, and SSN (when available in both death 
and the CSMD [SSN is missing for close to 70% of records 
as it is not a required variable]), to reduce the pool of poten-
tial FPs for manual review. For the first matching approach 
(deterministic only), we also evaluated the usefulness of 
middle names in identifying FPs and confirming match status. 
For approaches 2–4, which incorporated probabilistic/fuzzy 
matching, we evaluated the primary data issues resulting in 
potential FP identification and summarized the frequency of 
these by approach.

Statistical Analysis
We calculated descriptive statistics for continuous 

variables (e.g., median, and interquartile ranges [IQR]) for 
total, opioid, and benzodiazepine prescriptions, and opioid 
and benzodiazepine days’ supply. Total morphine milligram 
equivalents for opioid analgesics were calculated for the last 
60 and 180 days before overdose. Chi-square analyses were 
conducted for categorical variables, including number of pre-
scribers or dispensers in the year before overdose (1,2,3,4, ≥5), 
any prescription use (any, opioid analgesic, buprenorphine for 
medication-assisted treatment, oxycodone, hydrocodone, and 
benzodiazepine use) in the last 60 days before overdose, active 
opioid or benzodiazepine prescription at overdose (where pre-
scription end date overlapped date of death by at least one day), 
and cash payment for an opioid analgesic. Drug classifications 
used the Centers for Disease Control Drug Classification table 
for controlled substances.33 We calculated the frequency of 
matches, missed matches, FPs, and the FP linkage error rate 
by linkage approach. We conducted data management and/or 
statistical analyses using SAS version 9.4 (Cary, NC), Micro-
soft SQL Server Management Studio Version 17 (Redmond, 
WA), and SAS Data Management Studio version 2.7 (Cary, 
NC). The primary site Institutional Review Board for human 
subjects research approved this study.

RESULTS
Figure 1 provides an overview of study design and 

population. Table 1 displays number of deaths and prescrip-
tions, and potential FP matches identified for manual review 

for each linkage approach. Approach 3 (comprehensive name 
cleaning/standardization and probabilistic/fuzzy matching) 
resulted in the highest number of matched overdose deaths 
(n = 4,714) (versus the deterministic approach (n = 4,572)) 
and prescriptions (n = 250,082), with 154 more overdose 
deaths and 17,632 more prescriptions included than the de-
terministic approach 1. Approach 5 had the highest number of 
potential FP matches identified that required manual review.

We conducted a comprehensive evaluation and analysis 
to identify possible and true FP patient (CSMD) and death 
(TN death statistical file) matches. For approach 1 (determin-
istic record linkage), we identified the initial potential FPs 
matches as those with discrepancies in full names between 
the patient and death record (largely due to situations where 
an individual had 2 last names or differences in middle name 
fields) (n = 14,906). After removing records confirmed as true 
matches based on comparison of address and/or SSN, a total 
of 8,671 potential FPs matches remained (Table 1). We evalu-
ated the use of middle name to help identify FPs and confirm 
true match status. However, this matching variable was found 
to provide limited additional utility to determine match status, 
and was not used subsequently. After manual review, we iden-
tified 344 matched records that we considered possible FPs 
(could not completely confirm match status without additional 
identifying information) and 0 true FP matches, representing 
161 unique overdose decedents and 3,134 prescriptions.

Figure 2 and Table 2 display results regarding the eval-
uation, analysis, and final classification of FP matches (i.e., 
patient [CSMD] and death [TN death statistical file] matches) 
after manual review for the linkage approaches that utilized 
fuzzy/probabilistic matching. The total number of FPs be-
tween a death and patient record based on name and/or DOB 
ranged from 1,500 for approach 2 to 3,935 for approach 5. 
Approach 2 resulted in the fewest and approach 5 the most po-
tential FP matches for manual review (i.e., match status could 
not be confirmed using available address or SSN [Figure 2]).

As shown in Table 2, the most common data quality 
issues resulting in a potential FP match included missing 
and alternative spellings, nicknames, multiple last names 
(and where applicable, different DOB). For approaches 3 
and 5, which used raw data without cleaning, the primary 
data quality issue was unclean text data issues (addressed in 
our other approaches that implemented comprehensive name 
cleaning). The true FP error rate among all CSMD patient and 
death record matches was <1.0%, regardless of approach. The 
correct match proportion ranged from 91% in approach 5 to 
97% in approach 2.

Table 3 displays prescription characteristics for 
approach 1 compared with approach 3 (identified as the 
most accurate approach based on number of matches and 
false negative and FP linkage errors). Approach 1 under-
estimated all prescription measures, including number of 
prescriptions, days’ supply for prescriptions, total morphine 
milligram equivalents, and frequency of prescriptions across 
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TABLE 1. Results from Deterministic and Probabilistic Record Linkage Approaches for All Drug Overdose Decedents in the TN 
Death Statistical Files (2013–2016) and CSMD (2012–2016)

Influence on Fatal Overdose Deaths Influence on Prescription History

Linkage Approach

Matched  
Overdose  

Deaths

New Overdose  
Deaths Matches in  
Subsequent Step

Potential FPs Matches 
(Death and Patient 
Record) for Manual 

Reviewa

Matched Total 
Prescriptions

New Prescriptions  
Matches/ 

Non-matches in  
Subsequent Step

Deterministic record linkage approach

Approach 1: Clean and standardized names in 

SAS, exact match on name, and DOB using 

SQL programming

4,572 NA 8,671 233,486 NA

Fuzzy/Probabilistic record linkage approaches

Approach 2: Name cleaning and standardization 

in SASb, fuzzy matching in SAS DMS (name 

sensitivityc 85, DOB sensitivity 95)

4,684 124 (compared with 

approach 1)d

867 245,885 13,435/1,036 (compared 

with approach 1)e

Approach 3: Name cleaning and standardization 

in SASb, fuzzy matching in SAS DMS (name 

sensitivityc 85, DOB sensitivity 85)

4,714 30 (compared with 

approach 2)

1,235 250,082 4,197/0 (compared with 

approach 2)

Approach 4: Name cleaning, standardizationf, and 

fuzzy matching in SAS DMS (name sensitivityc 

85, DOB sensitivity 95)

4,680 0 (compared with 

approach 3)

1,834 245,087 15/5,010 (compared with 

approach 3)

Approach 5: Name cleaning, standardizationf, and 

fuzzy matching in SAS DMS (name sensitivityc 

85, DOB sensitivity 85)

4,710 30 (compared with 

approach 4)d

2,197 249,257 4,170/0 (compared with 

approach 4)

a See Figure 2 for how this number was identified for approaches 2–4, and results text for approach 1. See Table 2 for FP match analysis and classification results.
b Name cleaning and standardization conducted using statistical programming techniques in SAS.
c Sensitivity values from SAS DMS using the data quality knowledge base are based on a combination of standardization and fuzzy/probabilistic matching techniques. A context-

specific matching algorithm that combines parsing, standardization, regular expression processing, and phonetic (e.g., phonetics, transformations) using natural language processing.
d Twelve matches in approach 1 were not captured in any of the subsequent approaches. Four matches in approach 3 were not captured in approaches 4 or 5.
e A total of 1,036 prescriptions were matched in approach 1, but were not captured in any of the subsequent approaches.
f Name and DOB cleaning and standardization conducted using SAS DMS, and based on SAS data quality knowledge base, a repository of rules and reference data.
SAS Data Management Studio (SAS DMS).

FIGURE 2. Identification of FP Matches for Manual Review for Four Fuzzy/Probabilistic Record Linkage Approaches aSee Table 1 
for approach descriptions. bResults from manual review are summarized in Table 2.
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different types (opioids, benzodiazepines) and timing (active 
at overdose and 60 days before overdose). The overall dif-
ferences in distributions, when compared with frequencies, 
were small. For example, 1,371 (32%) and 1,443 (33%) of 
decedents with a prescription filled for oxycodone in the 
60 days before overdose for approach 1 and approach 3, re-
spectively. While the proportions are similar, 72 additional 
patients were identified in approach 3 (when compared with 
approach 1). We also provide the difference in proportions 
and 95% confidence intervals in eTable 4; http://links.lww.
com/EDE/B594.

We compared decedents missed in approach 1, but in-
cluded in the most accurate approach (i.e., approach 3), to un-
derstand the characteristics of decedents excluded from the 
population when using the deterministic approach (Table 4). 
Missed overdose decedents were more likely to be younger, 
male, nonwhite, and of higher education. A higher proportion 
of eligible fentanyl and heroin decedents (i.e., with a prescrip-
tion history in the CSMD who should have been linked), and 
unintentional overdoses, were found among missed matches. 
We also compared characteristics of overdose deaths with 1 
or more possible/true FP matches to decedents with no incor-
rect matches (Table 4). Decedents with FP matches were more 
likely to be middle-aged, male, unmarried at time of overdose, 
and of lower education.

DISCUSSION
In our study using PDMP and mortality data, we evalu-

ated the accuracy of record linkage approaches using varying 
methods for cleaning, standardization, and matching, and de-
veloped a systematic process to identify and exclude FPs prior 
to analyses. The number of matches (for overdose decedents to 
their patient record[s] in the CSMD) was improved when we 
implemented a comprehensive name-cleaning protocol using 
database-specific techniques via statistical programming and 
incorporating probabilistic/fuzzy matching (when compared 
with deterministic). The most accurate approach identified 
an additional 142 overdose deaths, and the trade-off with 
increased FP matches (i.e., patient and death record matches) 
was small (FP linkage error of <1%). Further, the correct 
match proportion after manual review was ~95% (compared 
with 92% and ~91% for the probabilistic approaches not in-
cluding comprehensive data cleaning).

Assessment of the accuracy of linkage approaches, in-
cluding missed and FP matches, and consideration of poten-
tial misclassification of study variables and selection bias is 
needed to improve validity and results interpretation in public 
health analyses and epidemiologic studies.15,17,19,25,34 Deter-
ministic linkage generally has high specificity, with a trade-
off in sensitivity,15 potentially resulting in underestimation of 
health statistics.24 However, this depends on the completeness 

TABLE 2. Manual Review of Potential FP Matches from Fuzzy/Probabilistic Matching Algorithms and Final Classification

Data Quality Issue 

Approach 2 Approach 3 Approach 4 Approach 5

n = 867a n = 1,235a n = 1,834a n = 2,197a

n % n % n % n %

Addressed matched via manual reviewb 53 6.1 62 5.0 95 5.2 103 4.7

Misspellings/alternative spellingsb 388 45 407 33 416 23 482 22

Nicknamesb 369 43 406 33 353 19 392 18

Multiple last namesb 110 13 134 11 140 7.6 144 6.6

Switched orderb 7 0.81 7 0.60 6 0.30 12 0.60

Different first nameb 8 0.92 44 3.6 6 0.30 47 2.1

Different last nameb 4 0.46 16 1.3 4 0.20 44 2.0

Different DOBb 0  368 30 0  363 17

Cleaning/parsing middle names, prefix, suffix, notesb NA  NA  978 53.3 1,019 46.4

Final FP classification for patient  

matches after manual reviewc n = 20,316a n = 20,754a n = 20,222a n = 20,655a

    Correct match 19,603 97 19,695 95 18,609 92 18,688 91

    Possible FP 706 3.5 1,004 4.9 1,607 7.9 1,881 9.1

    True FP 7 0.03 55 0.30 6 0.03 86 0.41

Number of possible and true FP prescriptionsd n = 245,885d n = 250,082d n = 245,087d n = 249,257d

    Correct prescriptions 240,337 98 241,359 97 233,456 95 234,394 94

    Possible FP prescriptions 5,509 2.2 8,368 3.3 11,612 4.7 14,313 5.7

    True FP Prescriptions 39 0.02 355 0.14 19 0.01 550 0.22

a Numbers are for patient and death record matches, one unique overdose death may have >1 match to a patient record in the CSMD and each patient record may include one or 
more prescription records.

b Counts are not mutually exclusive.
c Excludes matches that were found to be correct matches based on address manual review.
d Number of prescriptions.

http://links.lww.com/EDE/B594
http://links.lww.com/EDE/B594
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TABLE 3. Influence of Entity Resolution/Record Linkage Approaches on PDMP Prescription Measures for All Drug Overdose 
Decedents in Tennessee

Statistical Programming  
Approach (n = 4,259)a

Most Accurate Probabilistic  
Approach (n = 4,400)a

All prescriptionsb, mean (range) 32.2 (1–224) 33.1 (1–224)
Opioid prescriptionsb, mean (range) 19.9 (1–182) 20.4 (1–182)
Benzodiazepine prescriptions, mean (range) 14.4 (1–96) 14.7 (1–96)
Opioid days’ supply, median (IQR) 269 (30–705) 278 (30–720)
Benzodiazepine days’ supply, median (IQR) 360 (110–634) 381.5 (120–652)
Total morphine milligram equivalents for all opioid analgesics filled in the last 60 

days before overdose, median (IQR)

2,700 (750–7,890) 2,745 (750–8,100)

Total morphine milligram equivalents for all opioid analgesics filled in the last 180 

days before overdose, median (IQR)

5,130 (675–16,800) 5,205 (675–17,100)

Number of prescribers in the year before overdoseb, n (%)   
    1 871 (22) 876 (22)
    2 738 (19) 760 (19)
    3 573 (15) 604 (15)
    4 430 (11) 459 (11)
    ≥5 1,313 (34) 1,375 (34)
Number of dispensers in the year before overdoseb, n (%)   
    1 1,404 (36) 1,409 (35)
    2 978 (25) 1,018 (25)
    3 645 (16) 676 (17)
    4 365 (9) 385 (10)
    ≥5 533 (14) 586 (14)
Active prescription at overdose death, n (%)   
    No 1,871 (44) 1,898 (43)
    Yes 2,388 (56) 2,502 (57)
Any prescription in the last 60 days before overdose, n (%)   
    No 1,286 (30) 1,283 (29)
    Yes 2,973 (70) 3,117 (71)
Opioid prescription in the last 60 days before overdose, n (%)   
    No 1,781 (42) 1,794 (41)
    Yes 2,478 (58) 2,606 (59)
Oxycodone prescription in the last 60 days before overdose, n (%)   
    No 2,888 (68) 2,957 (67)
    Yes 1,371 (32) 1,443 (33)
Hydrocodone prescription in the last 60 days before overdose, n (%)   
    No 3,251 (76) 3,335 (76)
    Yes 1,008 (24) 1,065 (24)
Buprenorphine for MAT prescription in the last 60 days before overdose, n (%)   
    No 4,120 (97) 4,255 (97)
    Yes 139 (3.3) 145 (3.3)
Benzodiazepines in the 60 days before overdose, n (%)   
    No 2,372 (56) 2,409 (55)
    Yes 1,887 (44) 1,991 (45)
Active opioid prescription at overdose, n (%)   
    No 2,485 (58) 2,525 (57)
    Yes 1,774 (42) 1,875 (43)
Active benzodiazepine prescription at overdose, n (%)   
    No 2,678 (63) 2,735 (62)
    Yes 1,581 (37) 1,665 (38)
Cash payment for a prescription in the year before overdosec, n (%)   
    No 1,830 (47) 1,862 (46)

    Yes 2,060 (53) 2,178 (54)

Table excludes true FP prescriptions (excludes only 1 death that had FP prescriptions in the year before overdose).
a Decedents in this analysis had to fill at least 1 prescription on or before the date of death within 2 years of death with an eligible prescription defined as at least 1 days’ supply and 

NDC number linked to the 2017 CDC Oral morphine milligram equivalents Drug Classification Table.
b Excludes decedents with no prescriptions in the year before death.
c Excludes prescriptions with no payment information.
Medication Assisted Treatment (MAT).
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and accuracy of identifiers and deterministic linkage 
approaches (e.g., exact matching or multi-stage). Probabilistic 
linkage is generally more sensitive (fewer missed matches), 
with a potential increase in FPs.15,16,31 In our study, the most 

accurate approach resulted in improved estimation of descrip-
tive prescription measures of common interest in public health 
and epidemiologic analyses (compared with the determin-
istic approach). Other studies have shown that probabilistic 

TABLE 4. Characteristics of Missed Matches and FP Matches for Overdose Decedentsa

Overdoses Linked  
in Approach 1  

(n = 4,572)

Missed Eligible  
Overdosesb  
(n = 142)

Overdose Decedents from Most Accurate  
Record Linkage Approach (n = 4,714)

Deaths Excluding  
FP Matches  
(n = 4,243)

Deaths with ≥1 
Possible/ 

True FP matchesb  
(n = 471)

 n % n % n % n %

Age at death         

    <25 243 5.3 10 7.0 232 5.5 17 3.6

    25–34 823 18 35 25 757 18 85 18

    35–54 2,471 54 71 50 2,266 53 279 59

    55–64 778 17 18 13 741 18 77 16

    ≥65 257 5.6 8 5.6 247 5.8 13 3.0

Race/ethnicityc         

    NonHispanic White 4,111 91 120 85 3,806 91 427 92

    NonHispanic Black 329 7.3 16 11 310 7.4 35 7.6

    Other 64 1.4 5 3.6 63 1.5 1 0.2

Gender         

    Male 2,495 55 90 63 2,309 54 285 61

    Female 2,077 45 52 37 1,934 46 186 40

Marital statusc         

    Never Married 1,297 29 32 29 1,204 29 139 31

    Not Married 1,780 40 47 42 1,653 40 190 42

    Married 1,373 31 33 30 1,279 31 120 27

Educationc         

    <High school 1,121 25 28 21 1,026 25 133 29

    High school 2,085 46 66 49 1,928 46 223 49

    >High School 1,300 29 42 31 1,230 29 102 22

Opioid overdosed         

    No 1,313 29 47 33 1,247 29 117 25

    Yes 3,259 71 95 67 2,996 71 354 75

Fentanyl overdosee         

    No 4,073 89 113 80 3,788 89 412 88

    Yes 499 11 29 20 455 11 59 13

Heroin overdosef         

    No 4,045 89 120 85 3,757 89 413 88

    Yes 527 12 22 16 486 12 58 12

Intentionality         

    Unintentional 4,002 88 128 90 3,709 87 410 87

    Homicide 370 8.1 9 6 349 8.2 33 7.0

    Suicide 5 0.1 0  5 0.1   

    Undetermined 195 4.3 5 3.5 180 4.2 28 5.9

a Here a match refers to death record in death statistical file and patient record in CSMD.
b Additional matches identified in most accurate fuzzy matching approach (Approach 3) and incorrect matches identified in approach 3.
c Proportions exclude missing data.
d Defined using ICD-10 codes T40.0-T40.4, T40.6.
e Defined using literal text searches.
f Defined using ICD-10 code T40.1.
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matching can improve sensitivity and linkage rates, including 
record linkage studies utilizing health claims, vital statistics, 
and hospital administrative data.19,20,25,35 The reduction in 
missed matches can reduce bias in study estimates and im-
prove study generalizability by including eligible records/
study participants that may have been missed,20,24,25,35 which 
we demonstrate in our study. Specifically, we found that dece-
dents who would have been excluded using only a determin-
istic approach but included using a probabilistic approach 
tended to be younger, nonwhite, male, and of higher educa-
tion. We also found that the distributions for characteristics 
of decedents with one or more true or possible FP matches 
were potentially different from the population identified for 
analysis using the most accurate approach, with a higher pro-
portion in the age group 35–54 years (59% vs. 53%), of male 
gender (61% vs. 54%), and of lower education (<high school 
29% vs. 25%). Our findings, which should be interpreted with 
the caveat that they are descriptive, highlight the importance 
of considering both false negatives and FPs on study variable 
measurement and potential selection bias.

We show that approaches used to identify prescription 
history in PDMP data, and for linking patients to health out-
comes, have important implications for accuracy and bias, 
including underreporting, prescribing and outcome misclassi-
fication, and reduced generalizability to all populations at risk. 
We believe the methods can be used by public health epidemi-
ologists and researchers to improve validity and interpretation 
for public health analyses and epidemiologic studies using 
PDMP data, regardless of setting. Our study is unique in that 
we evaluated multiple record linkage approaches, considering 
both cleaning and standardization of fields before use (often 
overlooked but critical components of best practices in record 
linkage methodology16), as well as comparison of matching 
methods (deterministic and probabilistic/fuzzy matching). We 
demonstrated that our own in-house database-specific clean-
ing methodology improved accuracy (see eAppendix 2; http://
links.lww.com/EDE/B594), including increased number of 
outcome linkages, and reduced FP linkage errors. We also 
developed an approach to identify and exclude FPs, which 
can improve quality of findings enabling exclusion of incor-
rect matches prior to analysis. We found that using additional 
available potential identifiers, even if only available for a 
subset of records, can reduce burden in manual review of po-
tential FP records for match status validation. Further, we pro-
vide an analysis of the primary reasons for FP matches, which 
could be used to select high priority records for manual review 
when time and/or resources are limited.

A limitation of our study is that we did not have a 
true “gold standard” identifier that would enable us to con-
firm all death and patient records matches (such as SSN or 
health medical record number). This is generally required 
for calculation of sensitivity and specificity,35,36 as it is a way 
to confirm true match status without manual review. How-
ever, we did manually review all potential FP matches for 

each linkage approach, with systematic evaluation and anal-
ysis to identify true FPs. Therefore, our estimates of correct 
matches (excluding any overdose deaths with one or more 
true FP match), should be quite accurate, although the pos-
sibility of some human error remains. Another limitation 
of our work is that we focused on mortality data only. It is 
important to note that this record linkage framework can be 
applied beyond mortality to other health data, such as infec-
tious disease (e.g., blood-borne infections associated with in-
jection drug use such as Hepatitis C) and administrative data, 
to enable evaluations of new risk factors and identification 
of susceptible populations and high risk groups.37–39 Finally, 
we did not evaluate the influence of matching approaches on 
effect estimates for health outcomes associations as this was 
beyond the scope of the present study. Future studies using 
PDMP data, such as those of prescribing patterns and fatal 
and nonfatal overdose or use of prescription opioids during 
pregnancy and infant outcomes can provide opportunities for 
future research that apply the methodologies of the current 
work in multiple settings and populations.

Public Health Implications
The use of PDMP data for epidemiologic studies and 

public health surveillance has greatly increased in recent years 
as these data have accumulated as part of the response to the 
opioid epidemic. We comprehensively evaluated multiple re-
cord linkage approaches using PDMP data, including an anal-
ysis of FPs and assessment of potential for bias by comparing 
prescribing measures, characteristics of missed and incorrect 
matches, and excluding potentially incorrect matches identi-
fied by manual review. We show that approaches used to iden-
tify prescription history in PDMP data, and for linking patients 
to mortality outcomes, a common outcome of interest, have 
important implications for accuracy and bias. These implica-
tions, which apply to public health analyses used to inform 
prevention and intervention efforts as well as epidemiologic 
studies, include underreporting, prescribing and outcome mis-
classification, and potential for reduced generalizability to all 
population risk groups.
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