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Purpose: The National Death Index (NDI) is an important resource for mortality ascertainment. Methods
selected to process NDI search results are rarely described in studies using linked data and can have an
impact on resources and mortality ascertainment. We evaluate methods to process NDI search results
among a 9/11-exposed cohortdthe World Trade Center Health Registry (Registry).
Methods: We describe three approaches to process search results (NDI-recommended cutoff points
[NDIc]; National Program of Cancer Registries [NPCR] algorithm, and modified National Institute of
Occupational Safety and Health algorithm [mNIOSH]). We calculate percent agreement, positive pre-
dictive value, sensitivity, specificity, and quantify the burden of manual review to compare the
approaches.
Results: Of 51,158 Registry enrollees submitted for linkage, 9449 enrollee-level and 17,909 record-level
matches were identified. NPCR and mNIOSH were highly concordant (97.1%); more record pairs
required manual review for mNIOSH (mNIOSH: 2.7% and NPCR: 1.8%). NDIc sensitivity was 82.9%, with
differences observed by race and ethnicity (Asian: 74.4% and White: 86.1%).
Conclusions: NPCR algorithm minimized false matches and reduced the manual review burden. NDIc had
nonrandom distribution of missed matches and low sensitivity. NDI search processing methods have
important implications for resulting linked data; measures of linkage quality should be available to data
users.
© 2020 New York City Department of Health and Mental Hygiene. Published by Elsevier Inc. All rights
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Introduction

Comprehensive vital status ascertainment is an important
component of many cohort studies. The National Death Index (NDI)
compiles death certificate details from state and territorial vital
statistics offices across the United States. NDI linkage is commonly
used for mortality follow-up and cause of death determination in
population-based disease surveillance or research studies.
Following a researcher's submission of records with prescribed
data elements [1], the NDI performs a linkage to the compiled death
certificates and returns the search results; results can include more
than one potential match per submitted record. To help researchers
identify true matches, three indicators of the quality of match
(probabilistic scores, class of the match, and match flag) are
included.

Relying on the NDI indicators alone can result in the loss of true
matches, especially when the initial NDI submission included
incomplete data. To improve the accuracy in the determination of
true matches, different algorithms have been developed to process
NDI search results, including the Center for Disease Control and
Prevention's (CDC) National Program of Cancer Registries (NPCR)
algorithm [2]. The algorithm selected to process NDI results could
have a potential impact on the assignment of vital status for certain
search records and consequently affect research findings. For
instance, missed matches reduce the number of deaths in the an-
alytic sample, which artificially inflates the person time under
observation [3,4]; differential misclassification of vital status by
demographic factors (e.g., race, age) could alter the apparent sur-
vival rate of certain populations within the study [3,5]. Evaluating
the quality of data linkage (sensitivity, specificity, etc.) can inform
whether bias exists in the resulting linked data and subsequent
analytical findings [4,6]. However, to our knowledge, no study has
compared methods to process NDI search results considering
measures of quality and bias in the resulting analytic study sample.

Evaluation of processing algorithms can improve processing
efficiency, mortality surveillance, and data linkage in general.
Transparency in methodology also assists the interpretation of
findings from linked datasets, allows for reproducibility, identifies
limitations, and informs comparability of findings between studies
[7,8]. The World Trade Center Health Registry (Registry), a closed
cohort of individuals exposed to the World Trade Center (WTC)
disaster, adapted an algorithm developed by the National Institute
for Occupational Safety and Health (mNIOSH) to process NDI search
results for ongoing mortality surveillance [9,10]. To evaluate our
current approach of processing search results, we compare the
mNIOSH algorithm with the NPCR algorithm and the NDI-
recommended cutoff allocation approach, examine the impacts
on the resulting analytic sample, and share insight for other studies
that use NDI linkage.

Material and methods

We first briefly describe our study population and mortality
data source. We then describe three approaches to process the NDI
search results: (1) NDI-recommended cutoff points (NDIc), (2)
modified NIOSH algorithm (mNIOSH), and (3) NPCR algorithm
(Fig. 1). We also describe a manual review process important to
mNIOSH and NPCR and the quality measures applied to evaluate
the approaches.

Study population

The Registry is a longitudinal cohort study of over 71,000 in-
dividuals enrolled after the WTC disaster [11,12]. Enrollment was
conducted in 2003e2004, where personal identifiable information
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such as full name, date of birth, social security number (SSN),
baseline information on demographics and health information, and
exposures to the WTC disaster were collected.

The present study was limited to 51,158 enrollees whose iden-
tifying information was submitted to the NDI for linkage in 2018 to
identify deaths that occurred during the period 2015e2016. In-
dividuals who withdrew from the Registry, had known vital status,
or had known insufficient identifying information were not
included in the submission. The New York City Department of
Health and Mental Hygiene Institutional Review Board approved
the Registry's mortality protocol.

NDI linkage

The vital status of the Registry cohort has been updated peri-
odically through linkage with NDI since 2008, a centralized
nationwide database of mortality records at the U.S. National
Center for Health Statistics, with the support of state vital statistics
offices. After submission of an enrollee file to NDI, search results are
returned to the user, often with enrollees matched to one or more
NDI record. We use the term record-level to refer to the NDI death
records involved in possible matches and the term enrollee-level
(enrollee) to refer to the unique individual Registry enrollee whose
record was submitted.

Three approaches used to process NDI linkage results

NDIc allocation
To determine a true match, NDIc relies on three indicators: (1)

probabilistic score (the weighted sum of the probability of finding
agreement between the NDI and user record), (2) class of thematch
(1e5, five mutually exclusive categories based on the number and
the type of agreed identifying items where 1 is exact match), and
(3) status code to flag true match (a binary allocation to “true” and
“false” based on the probabilistic scoring) [1]. NDIc does not iden-
tify questionable matches for manual review [1]. Matches are
considered “true” if they meet one of the following criteria: (1)
matches with a class code ¼ 1, (2) class code ¼ 2 and probabilistic
score >44.5, (3) NDI class code ¼ 3 and probabilistic score >37.5, or
(4) NDI class code ¼ 4 and probabilistic score >32.5 [1].

mNIOSH algorithm
In 2010, we adapted and modified a NIOSH-provided SAS algo-

rithm to process the NDI search results. The algorithm evaluates the
search results using conditional logic based on the level of agree-
ment between Registry enrollee data and NDI death record, all
three NDI probabilistic scoring elements, and name probability. The
probability of finding a particular combination of first and last
names is provided by NDI and based on the frequency of the name
in NDI records (1979e2005). The overall probability of a name was
used as a cutoff point. This assumed independence of first and last
names and required an exact first and last name match. In addition
to the classification of “true” (appropriate matches which are
retained) and “false” (inappropriate matches which are discarded),
the algorithm includes allocation to “questionable,” a gray zone
[13,14], which requires further allocation to “true or false” through
manual review. To reduce the likelihood of false and missed
matches, wemodified the NIOSH algorithm, increasing the quantity
requiring manual review.

National Program of Cancer Registries algorithm (NPCR, reference
algorithm)

NPCR, which has been developed and improved over time, is
used by state cancer registries for cancer surveillance and has
demonstrated high sensitivity and specificity [2]. NPCR classifies



Fig. 1. Flowchart of mortality ascertainment and evaluation.

I. Giesinger, J. Li, E. Takemoto et al. Annals of Epidemiology 56 (2021) 40e46
the NDI search results into three categories (“true,” “false,” or
“questionable”). Using conditional logic, the algorithm assigns a
“pass value” of 1e16 for the matches with specific agreements of
data elements between enrollee and NDI records. Unlike mNIOSH,
the NDI probabilistic score is not considered in the assignment of
“pass value.” Name frequency, a six-level categorical variable
reflecting the rarity of the name based on NDI provided frequency,
is included in the assignment of pass values along with consider-
ation of other enrollee data elements. Those with a pass value of
�4.3 and those with a pass value of 4.4e13.0 and an NDI status of 1
are allocated to “true” without further review. All other matches
which received a pass value are considered “questionable” and are
manually reviewed. Matches that did not receive a pass value are
assumed to be “false” matches.

Comparison and evaluation of NDI processing algorithms

Comparison of mNIOSH and NPCR algorithms
The mNIOSH and NPCR algorithms were compared in terms of

match allocation to “true,” “false,” and “questionable.” Concordance
was defined as agreement in the algorithm allocation. Percent
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agreement was defined as the proportion of confirmed algorithm
allocations among the total number of matches manually reviewed.
Discrepant algorithm allocations were used to calculate percent
agreement for mNIOSH and NPCR allocations. For each algorithm
allocation (“true”/“false”), the number of confirmed matches was
divided by the number allocated for manual review.

The proportion of record pairs or matches (pp) requiring
manual review to confirm vital status was calculated by dividing
the sum of record-level matches allocated as “questionable” by the
total number of record-level matches in the sample; a lower pp
value being a measure of efficiency [13,14]. The pp is considered
alongside quality metrics; false and missed matches provide an
assessment of uncertainty in the resulting analytic samples
[13e15].

For quality assurance, a convenience sample of record pairs
allocated as “false” by both the mNIOSH and NPCR algorithms
(n ¼ 21) and record pairs allocated as “true” by both algorithms
(n ¼ 9) were included in the manual review. Algorithm allocation
was not available to manual reviewers. This process allowed us to
verify each algorithm's performance in its assignment to “true or
false” and provided assurance of the NPCR algorithm process.



Table 1
Characteristics of WTC Registry enrollees across stages of vital status ascertainment through NDI linkage

Characteristic Submitted for NDI linkage Involved in possible NDI matches Questionable and discrepant
manually reviewed matches*

n % n % n %

Total number of enrollees 51,158 9449 300*

SSN
Complete SSN 30,939 60.5 5573 59.0 53 17.7
Missing SSNy 20,219 39.5 3876 41.0 247 82.3

Race and ethnicityz

Non-Latino White 30,232 59.1 4665 49.4 145 48.3
Non-Latino Black 6535 12.8 1545 16.4 52 17.3
Latino 7672 15.0 1873 19.8 51 17.0
Asian 4372 8.6 915 9.7 31 10.3
Multiracial 1065 2.1 192 2.0 7 2.3
Other 1282 2.5 259 2.7 14 4.7

Gender
Male 30,148 58.9 5774 61.1 183 61.0
Female 21,009 41.1 3675 39.0 117 39.0

Non-Latino White, N 30,232 4665 145
Complete SSN 19,167 63.4 2928 62.8 19 13.1
Missing SSNy 11,065 36.6 1737 37.2 126 86.9

All other racial and ethnic groups, N 20,926 4784 155
Complete SSN 11,772 56.3 2645 55.3 34 21.9
Missing SSNy 9154 43.7 2139 44.7 121 78.1

* Subsample excluded from manual review (n ¼ 92) with NDI probabilistic score <27 and NDI class 3 or 4.
y Includes a small proportion (0.34% at submission), which were submitted as last four digits of SSN with leading zeros.
z Asian includes Native Hawaiian and Pacific Islander, and other includes American Indian, Alaskan Native and unknown.
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Manual review process

Matches allocated to “questionable” by either mNIOSH or NPCR
were evaluated independently by two reviewers and reclassified as
“true” or “false”; discrepancies were evaluated by a third reviewer.
The reviewers used the internal Registry database, whichmaintains
a historical log of contact between the Registry and enrollee, and in
some cases, notification of enrollee death from next of kin. Where
insufficient information was available, external resources including
obituary and memorial internet searches were used to confirm or
reject matches, as well as LexisNexis facilitated searches of public
records. Matches identified as “true” by both the NPCR and
mNIOSH algorithms and those allocated “true” following the
manual review were confirmed deceased. Matches identified as
“false” by both algorithms and those allocated “false” following
manual review were confirmed alive.

Evaluation of NDIc
Although gold standard data with a known true match status is

preferred, a subsample of reference data, which has been manually
reviewed, can be used to test linkage algorithms [8]. Using the
confirmed vital status as reference, we evaluated the allocation of
the NDIc to “true or false.” Statistical measures of sensitivity,
Table 2
Distribution of two classification algorithms to process NDI linkage result and determine

Algorithm allocation Record

n

Both algorithms identified as “true” 872
Both algorithms identified as “false” 16,427
Both algorithms identified as “questionable” 198
Discrepant results 412
NPCR-“questionable,” mNIOSH-“true” 118
NPCR-“questionable,” mNIOSH-“false” 10
NPCR-“true,” mNIOSH-“questionable” 67
NPCR-“false,” mNIOSH-“questionable” (manually reviewed) 54
NPCR-“False,” mNIOSH-“questionable” (not manually reviewed)* 163

* Subsample excluded from manual review because of NDI probabilistic score <27 an
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specificity, positive predictive value (PPV), and negative predictive
value (NPV) were calculated on the total sample and by enrollee
data elements involved in NDI linkage [8]. All statistical analyses
were performed using SAS software, Version 9.4 (SAS Institute,
Cary, NC).

Results

Of 51,158 enrollees submitted for the NDI linkage, 9449 enroll-
ees were possibly matched. Approximately 40% (3644) of enrollees
were matched with more than one NDI record, resulting in 17,909
record-level matches. Nearly 60% of enrollees submitted for NDI
linkage wereWhite, 15% were classified as Latino, and 8.6% as Asian
(Table 1). Most manually reviewed matches had missing SSN
(82.3%). Of the manually reviewed matches with complete SSN, a
higher proportion were non-White (21.9%).

Comparison of mNIOSH evaluation and NPCR algorithms

Concordance was 97.1% between the NPCR and mNIOSH algo-
rithms’ enrollee-level allocations to “true” (5.7%, n ¼ 543), “false”
(90.1%, n¼ 8514), and “questionable” (1.3%, n¼ 123; Table 2). Of the
2.8% (n¼ 269) discrepant enrollee-level results, 182 were identified
mortality status of Registry enrollees

level (n ¼ 17,909) Enrollee level (n ¼ 9449)

% n %

4.9 543 5.7
91.7 8514 90.1
1.1 123 1.3
2.3 269 2.8

d 77 d

d 10 d

d 36 d

d 54 d

d 92 d

d NDI Class 3 or 4.



Table 3
Agreement of manual review outcome with algorithm allocation for a sample of NDI linkage pairs

Algorithm allocation Total sample, N Total manually
reviewed (n ¼ 330)

Manual review outcome Percent agreement*

(n confirmed/n reviewed)
Match Nonmatch

Both algorithms identified as “true” 543 9y 9 0 100 (9/9)
Both algorithms identified as “false” 8514 21y 0 21 100 (21/21)
Both algorithms identified as “questionable” 123 123 96 27 d

Discrepant results
NPCR-“questionable,” mNIOSH-“true 77 77 72 5 93.5 (72/77)
NPCR-“questionable,” mNIOSH-“false” 10 10 1 9 90.0 (9/10)
NPCR-“true,” mNIOSH-“questionable” 36 36 36 0 100 (36/36)
NPCR-“false,” mNIOSH-“questionable” 54 54 1 53 98.1 (53/54)
NPCR-“false,” mNIOSH-“questionable” 163z d d d d

* % agreement: number confirmed as match or nonmatchdivided by number selected for manual review.
y Subsample of respective allocation for quality assurance.
z Excluded from manual review because of NDI probabilistic score <27 and NDI Class 3 or 4.
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as “questionable” by mNIOSH, and 87 “questionable” were identi-
fied by NPCR. There were no instances where one algorithm allo-
cated as “true” and the other as “false.”

Agreement of manual review of “questionable” or discrepant with
algorithm allocation

A total of 330 enrollee-level matches were manually reviewed,
which included 30 concordant algorithm allocations (“true” n ¼ 9
of 543; “false” n ¼ 21 of 8514). Algorithm allocation was confirmed
in this subset (Table 3). Among the 123 “questionable” identified by
both algorithms, 78.0% (n¼ 96) were considered true matches after
review. Among discrepant results, concordance was 93.5% in those
with NPCR-“questionable,” mNIOSH-“true,” and 100% in those with
NPCR-“true”, mNIOSH-“questionable.”

NPCR allocated a lower proportion of record-level matches to
manual review, compared with mNIOSH (NPCR pp: 1.8%; mNIOSH
pp: 2.7%). In total, 749 enrollees were considered confirmed
deceased, 543 evaluated as “true” by both algorithms, and 206
identified through manual review.

NDIc evaluation

The NDIc identified 636 enrollees as “true,” of which 621 were
concordant with the confirmed deceased. This approach had high
specificity (99.8%) and PPV (97.6%; Table 4). However, it missed 17%
Table 4
Estimates of linkage quality for NDIc classification compared with confirmed deceased*

Characteristic Total Confirmed deceased* (n ¼ 749) Confirmed aliv

NDIc Not in NDIc NDIc N

Total 9449 621 128 15 8
SSN
Complete SSN 5573 408 72 1 5
Missing SSN 3876 213 56 14 3

Race and ethnicityz
Non-Latino White 4665 404 65 2 4
All other racial and
ethnic groups

4784 217 63 13 4

Non-Latino Black 1545 88 25 2 1
Latino 1873 68 19 2 1
Asian 915 29 10 7
Multiracial 192 17 5 0
Other 259 15 4 2

Gender
Male 5774 394 80 11 5
Female 3675 227 48 4 3

* Among 9449 enrollees as possible matches provided by NDI, 749 deaths were confirm
when compared with matches from NDIc.

y 95% confidence intervals (CIs) are not shown as specificity is comparable across grou
z Asian includes Native Hawaiian and Pacific Islander, and other includes American In
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of those confirmed deceased (n ¼ 128 of 749 confirmed deceased),
resulting in a sensitivity of 82.9%. Although the specificity was
similar across demographic characteristics, the sensitivity and PPV
were lower for those missing SSN compared with those with
complete SSN and for each non-White racial group. There was little
difference in NPV (NPV >98%) across demographic characteristics
(data not shown).

Discussion

We compared our existing program mNIOSH with the NPCR
algorithm for processing NDI search results, and we also evaluated
the NDIc approach using the confirmed vital status. The NPCR al-
gorithm was an improvement on our existing approach, mini-
mizing false matches and reducing questionable matches requiring
review. Given the volume and nonrandom distribution of missed
matches, we found the NDIc approach, an inferior option for pro-
cessing NDI matches.

The NPCR algorithm effectively processes a high volume of NDI
search results for state cancer registries and has been successfully
modified to evaluate NDI linkage in a cohort of U.S. service mem-
bers [2], although it was not modified in this evaluation. The al-
gorithm reduced the number of records requiring manual review
by 156 and returned fewer false matches compared with mNIOSH,
demonstrating its effectiveness in at least three disparate study
populations [2]. It is possible that customized revisions to the NPCR
e (n ¼ 8700) Sensitivity, % (95% CI) Specificityy (%) PPV, %, (95% CI)

ot in NDIc

685 82.9 (80.2, 85.6) 99.8 97.6 (96.1, 98.7)

092 85.0 (81.5, 88.1) 100.0 99.8 (98.7, 100.0)
593 79.2 (73.8, 83.9) 99.6 93.8 (89.8, 96.6)

194 86.1 (82.3, 89.1) 100.0 99.5 (98.2, 99.9)
491 77.5 (72.1, 82.2) 99.7 94.4 (90.5, 97.0)

430 77.9 (69.1, 85.1) 99.9 97.8 (92.2, 99.7)
784 78.2 (68.0, 86.3) 99.9 97.1 (90.1, 99.7)
869 74.4 (57.9, 87.0) 99.2 80.6 (64.0, 91.2)
170 77.3 (57.6, 92.2) 100.0 100.0 (80.5, 100.0)
238 79.0 (54.4, 94.0) 99.2 88.2 (64.6, 98.5)

289 83.1 (79.4, 86.4) 99.8 97.3 (95.2, 98.6)
396 82.6 (77.5, 86.8) 99.9 98.3 (95.6, 99.5)

ed deceased by NPCR, mNIOSH andmanual review and considered as reference data

ps.
dian, Alaskan Native and unknown.



I. Giesinger, J. Li, E. Takemoto et al. Annals of Epidemiology 56 (2021) 40e46
algorithm could further optimize performance for other studies.
The NPCR algorithm relies heavily on SSN; studies with more
complete data on SSN would likely have a minimal burden of
manual review with this approach.

The NDIc is an attractive approach, as it completely removes
manual review. In the evaluation, the NDIc had a high specificity
and relatively low false match rate; however, it missed a substantial
number of those confirmed deceased, with demonstrated lower
sensitivity among thosewithmissing SSN and non-White enrollees.
Missed matches lead to an overestimate of person time in cohort
studies and an underestimation of deaths [3,4]. NDIc may be an
appropriate choice where missingness on matching variables is
minimal or in large studies where manual review is not feasible;
however, potential bias should be considered in subsequent
analyses.

Our findings highlight important lessons for those using linked
data for research purposes by demonstrating differences in the
confirmed deaths dependent on the processing approach. Consis-
tent methodology to process NDI search results within and across
sites in multicenter studies is critical to the validity and general-
izability of mortality studies. The scientific community has pro-
moted increased transparency for the purposes of research
reproducibility, including data processing and linkage [7]. In addi-
tion to reproducibility, transparency also improves interpretation,
especially among disparate findings from studies using the same or
similar populations. Differences errantly attributed to reasons of
theoretical or biological importance may sometimes simply arise
because of different processing approaches.

Next, although we recommend the NPCR algorithm, its heavy
reliance on SSN to generate and evaluate matches [16] is another
important consideration for researchers using the resulting linked
data. In our study, missing SSN was highest among those of mi-
nority race compared with non-Latino White enrollees. This dif-
ferential missingness introduces the possibility of differential
linkage rates and error among race-ethnic subgroups [1,8,17].
Although it is not possible to know from our study if these differ-
ences will introduce bias into the findings of the future research or
if they simply reflect a bias in the linkage process, they are a limi-
tation of using linked data of which the implications must be noted.

Certain steps can be taken to help compensate for SSN miss-
ingness among raceeethnic subgroups. First, the NDI submission
allows for a more specific classification of individuals identifying as
Asian (e.g., Chinese, Japanese, and Korean) [18]. Additional efforts
to classify individuals into more specific groups using self-reported
demographic data (preferred language, country of birth, etc.) may
increase the likelihood of a match being identified by NDI. Second,
names are used both in the initial NDI submission and in the pro-
cessing algorithms. Asian and Latino naming conventions do not
follow “Western” convention; using aliases reflecting cultural
naming patterns may increase the likelihood of a match [19,20].
Finally, calculating the probability of name matching using fre-
quency of occurrence in NDI linkage from 1979 to 2005 may not
reflect the probability of a name in a more diverse sample like ours.
Considering cultural diversity and naming practice, appropriate to
the population under study, may further optimize data linkage,
including NDI search result processing [21].

Limitations are noted. There was no “gold standard” dataset to
evaluate the performance of the algorithms. Although the data set
used to evaluate the NDIc was a nonrandom subsample of the NDI
search results, it was comprised primarily of matches in the “gray
zone.” This subset is most prone to misclassification and therefore
provides insight into the overall performance of the NDIc classifi-
cation. Manual review of matches is subjective and will vary by
institution dependent on the resources available. The manual re-
view in this study was double blind, performed by two reviewers
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with consistent resources and discrepancies were reviewed by a
third individual, minimizing errors in allocation.

Conclusions

The use of the NPCR algorithm improves efficiency compared
with the current mNIOSH approach in use at the Registry, with a
reduction in the number of uncertain matches that required
manual review and a small reduction in false matches. The cost of
manual review is justified to reduce the missed match rate, espe-
cially given the nonrandomness of classification errors. Data link-
age is a powerful research tool, but measures of linkage quality
should be available to those conducting analyses with the linked
data as transparency in methodology improves interpretation and
reproducibility of findings.
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