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A key problem facing epidemiologists who wish to account for residential mobility in their analyses is the cost and
difficulty of obtaining residential histories. Commercial residential history data of acceptable accuracy, cost, and
coverage would be of great value. The present research evaluated the accuracy of residential histories from
LexisNexis, Inc. The authors chose LexisNexis because the Michigan Cancer Registry has considered using their
data, they have excellent procedures for privacy protection, and they make available residential histories at 25
cents per person. Only first and last name and address at last-known residence are required to access the
residential history. The authors compared lifetime residential histories collected through the use of written surveys
in a case-control study of bladder cancer in Michigan to the 3 residential addresses routinely available in the
address history from LexisNexis. The LexisNexis address matches, as a whole, accounted for 71.5% of partici-
pants’ lifetime addresses. These results provided a level of accuracy that indicates routine use of residential
histories from commercial vendors is feasible. More detailed residential histories are available at a higher cost
but were not analyzed in this study. Although higher accuracy is desirable, LexisNexis data are a vast improvement
over the assumption of immobile individuals currently used in many spatial and spatiotemporal studies.

data collection; residential mobility; validation studies

In the present study, we assessed the availability of resi-
dential mobility data for routine use in cancer surveillance
and conducted an accuracy assessment of commercially sup-
plied residential histories compared with those collected by
written survey. Although our focus was on cancer, the results
pertain in general to epidemiologic studies of longer-term
health outcomes, correlates, and predictors that act over an
individual’s life course. There is a growing recognition that
residential mobility must be accounted for in epidemiologic
studies of cancer (1–9), for evaluation of clusters (4, 10–22),
for reconstructing exposures (1, 23–33), and as a source of
exposure misclassification (34–38). Whereas residential his-
tories are routinely recorded for many European countries,
researchers in the United States typically obtain residential
histories through interviews, a time-consuming and expen-
sive task that is subject to recall error. Furthermore, the
address geocoding process can introduce substantial posi-
tional errors into the resulting x, y coordinates (39–46),
and improved mechanisms are needed for obtaining the

address records themselves and for validating addresses
obtained using traditional survey instruments (1, 2, 23, 25,
39–41, 47–56). We thus decided to use a representative case-
control study of bladder cancer in Michigan (3) for which
residential histories had been collected by survey. We
compared these with residential histories obtained from
LexisNexis (http://www.LexisNexis.com), using each par-
ticipant’s reported first and last name and last street address.
When this study was conducted, the data provider was
known as ChoicePoint. In 2008, Reed Elsevier completed
its purchase of ChoicePoint and announced that the com-
pany would be combined with the LexisNexis Risk and
Information Analytics Group. The ChoicePoint product
originally used in this study is now available from Lexis-
Nexis as LexisNexis Risk Solutions. Should commercial
residential history data be of acceptable accuracy, their
low cost and broad coverage would be of great value to all
researchers requiring residential history data. To our knowl-
edge, the present study is the first to compare and contrast
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commercially available residential history data with those
obtained from a survey.

MATERIALS AND METHODS

Study participants and data sources

Residential history data compiled from a bladder cancer
case-control study conducted in 11 counties of southeastern
Michigan were compared with addresses for the participants
provided by LexisNexis. For the case-control study, bladder
cancer patients �80 years of age upon diagnosis were re-
cruited from the Michigan State Cancer Surveillance Pro-
gram, and controls were selected from an age-weighted list
using a random digit dialing procedure. Controls were fre-
quency-matched to cases based on age (65 years), race, and
gender. Recruitment was limited to individuals who had
lived anywhere in 1 of the 11 counties in the study area
(Genesee, Huron, Ingham, Jackson, Lapeer, Livingston,
Oakland, Sanilac, Shiawassee, Tuscola, and Washtenaw)
for �5 consecutive years before being contacted. Partici-
pants with a prior cancer diagnosis were excluded, with
the exception of those with nonmelanoma skin cancers.
All participants were assigned a random identification num-
ber to maintain confidentiality. The bladder cancer study
was approved by the University of Michigan Institutional
Review Board-Health Committee. Further details on the
study design have been published elsewhere (57).

One aspect of the case-control study involved collection
of detailed information on where participants lived through-
out their lifetime. Each participant was asked to complete
a written residential history form detailing each address at
which they had lived for >1 year since birth. The residential
history forms were mailed to participants and participants
were asked to complete the forms at home; the surveys were
later collected and reviewed by researchers during a home
visit. The street name, street number, city, state, and zip
code were requested for each residence in as much detail
as possible. If participants were unable to recall the exact
address, they were asked to provide the closest cross streets.
For each address, participants were also asked to recall the
dates on which they had moved into and out of the resi-
dence. These data were double-entered into a database and
cross-checked for any discrepancies; if discrepancies were
found, the original written document was consulted. The
residential histories collected by survey were not subjected
to any external validation beyond that described above.

A data set containing 3 addresses for each participant was
purchased from LexisNexis. The LexisNexis data contained
the name, address, state, zip code, and dates for which res-

idence at a particular address commenced and stopped. We
used the 3 most recent addresses because these are routinely
available in the LexisNexis ‘‘Batch 411’’ product, providing
the histories at 25 cents per person while masking protected
data such as Social Security numbers. LexisNexis data were
matched to study participants using first and last name,
street address, city, state, and zip code. These parameters
were used to mimic the type of data that might be routinely
available to cancer researchers and cancer registries.

Survey data for 994 cases and controls were available for
use in the study described herein. LexisNexis data were not
available for 40 participants who provided addresses from
the survey, and LexisNexis provided addresses for 8 partic-
ipants with missing survey data. Therefore, address accu-
racy assessment was conducted for 946 individuals.

Database manipulation and structure

Both the LexisNexis and survey data sets were compared
and manipulated using Microsoft Excel. To allow for com-
parison between the 2 datasets, random identification num-
bers associated with each individual from the bladder cancer
study were assigned to the names and addresses listed in
the LexisNexis data. Each database was then structured so
that each row in the database contained a different address
(Table 1). It is important to note that temporal mismatch
existed between the LexisNexis data and the survey data;
this issue is quantified and discussed in more detail below. In
addition, the LexisNexis data contained up to 3 addresses
per participant, whereas the survey data contained lifetime
residential history data.

Quantification of accuracy assessment

Five different metrics were created to quantify the accu-
racy of the LexisNexis data in matching various aspects of
the survey data. As recall bias existed in the survey data, we
could not treat the residential histories from the surveys as
error-free. Hence, lack of matching between the survey and
LexisNexis records may be explained by inaccuracies in one
or both of the data sources. These limitations are addressed
below. The 5 metrics used to assess accuracy of the Lexis-
Nexis data are also listed below (Table 2).

Metrics 1, 2, and 3 built on each other and assessed the
basic ability of the LexisNexis data to accurately reflect
results reported by study participants. Metric 4 involved
a calculation of the number of years represented at each
address, both for the LexisNexis data and as reported in
the survey by study participants. Years spent at each address
were graphed against each other using Microsoft Excel

Table 1. Sample Structure of Survey and LexisNexis Data Sets, 2008–2009

Random
Identification

No.
First Name Last Name Address City State Zip Code Date In Date Out

001234 John Doe 456 State Street Ann Arbor MI 48103 1/1/1960 1/1/1965

001234 John Doe Grand River Lansing MI 48906 1/1/1965 5/1980

001234 John Doe 123 Main Street Royal Oak MI 48067 5/1980 8/3/2004
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(Microsoft, Seattle, Washington), and a Pearson correlation
coefficient was calculated. Lastly, metric 5 involved an as-
sessment of the number of years a participant reported
spending at an address that had a successful match for met-
rics 2 and 3.

A match-point value of 1.0 was assigned for metrics in
which the match criteria were completely met. For a small
number of participants, a street name or number was listed
for the LexisNexis data but was not recalled by the partic-
ipant. If this was the case, a score of 0.5 was assigned, based
on the assumption that if a participant had been able to
accurately recall the address, it would have matched the
LexisNexis data. The accuracy of this assumption was tested
by selecting LexisNexis addresses with a 0.5 match score
for metric 2 (n ¼ 122). These addresses were then cross-
referenced with the survey data to determine how many
participants reported cross-streets. For those providing
cross-streets (n ¼ 85), the address provided by LexisNexis
was mapped using Google maps. The map was checked for
the reported cross-streets, and the number of LexisNexis
addresses for which the cross-streets verified the location
was recorded.

Lastly, the levels of completeness of both the survey data
and the LexisNexis data were assessed. The numbers of
missing addresses for each data set were tallied, and basic
statistics regarding completion of the survey data were
calculated.

RESULTS

Addresses provided by LexisNexis matched the addresses
provided by participants in the survey data for both street
number and street name (detailed match) for 53% of ad-
dresses (Table 3). Even more addresses were successfully

matched if only street name or city was specified in the
match criteria (Table 3). Furthermore, the majority of street
matches (85%) were also detailed matches.

Metric 4 involved calculation of the number of years at
each address as reported in the LexisNexis data and the
survey data. For the LexisNexis data, descriptive statistics
were calculated for both years at each address (raw ad-
dresses) and the sum of years at all 3 addresses (aggregated
addresses) (Table 4). This metric was created to assess the
ability of the LexisNexis data to roughly reflect the time
stamp reported by participants at each address. We also
reported the statistics on the number of years at each resi-
dence for all of the survey data (raw survey data (all resi-
dences)), the last 3 addresses for the survey data (raw survey
data (last 3 residences)), and the LexisNexis data when time
at place of residence was >1 year (raw addresses (>1 year)).
This facilitated comparisons between the LexisNexis and
survey data, as the survey requested all addresses with oc-
cupancy >1 year and we used only the 3 most recent ad-
dresses from LexisNexis. These results suggest that, when
compared with the raw survey data, the LexisNexis data
underestimated time spent at each address (Table 4). Spe-
cifically, participants reported spending an average of 9.4
years at each address, whereas the LexisNexis data listed an
average of 4.3 years at each address (Table 4). However, the
LexisNexis data set has a much greater proportion of ad-
dresses in which a time stamp of <1 year is documented
(46.4%) (Table 4). Participants in the bladder cancer study
were specifically asked to report only addresses at which
they had lived for >1 year. This detail of the study design
may have resulted in a greater discrepancy when comparing
the 2 data sets than actually existed. When we compared
only the 3 most recent addresses of �1-year duration from
both data sets, the average number of years at each address
remained higher for the survey data (13.5 years compared
with 8.5 years). However, it is worth noting that the sample
size was markedly different for the 2 data sets when this
comparison was made: 2,800 for the sample data vs. 1,099
for LexisNexis data. The reduction in sample size for the
LexisNexis data arises for 2 reasons: either 1 or both time
stamps were not provided (e.g., the ‘‘from’’ and ‘‘to’’ dates),
or the time interval reported by LexisNexis was <1 year.
Most of the matches (Table 4) included addresses listed as
one of the 3 most recent by the survey participants. It is
possible that recall was likely better for these and also that
the LexisNexis data were better, as the addresses in the
database were more recent (i.e., technological advances
may have improved the database in recent years). This is
a question for future study.

Results assessing the difference in years reported at
matched addresses by each data set (Table 5) indicated that,
on average, the LexisNexis data largely underestimated the
amount of time spent at each address. Participants reported
spending at each address an average of 12.9 years in excess
of the number of years reported in the LexisNexis data
(Table 5). These results indicate that there is a degree of
temporal mismatch between the LexisNexis data and the
survey data. Limiting the comparison to the last 3 addresses
reported by participants versus all LexisNexis data and to
LexisNexis addresses at which the participants lived for >1

Table 2. Metrics Calculated to Assess LexisNexis Data Accuracy,

2008–2009

Metric Title Description

1 City match LexisNexis matches survey city only

2 Street match LexisNexis matches survey city
and street

3 Detailed match LexisNexis matches survey city,
street, and address number

4 Years at address Distribution of years listed for
LexisNexis and survey addresses

5 Survey years Survey years correctly accounted
for by metrics 2 and 3

Table 3. Percentage of LexisNexis Addresses (n¼ 2,388) Matched

to Survey Data, 2008–2009

Metric Metric Title Total Match Counta Percent Match

1 City match 1,701 71

2 Street match 1,475 62

3 Detailed match 1,259 53

a Sum of points, not total count (partial matches ¼ 0.5, complete

matches ¼ 1.0 point).
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year versus all survey data did not change the results sub-
stantially (Table 5).

The majority (96.8%) of the matched LexisNexis ad-
dresses were also in the 3 most recent addresses reported
in the survey. This finding is supportive of use of the com-
mercial data from a temporal standpoint, although further
analyses are needed to address the ability of the LexisNexis
data to accurately reflect time periods spent at each address.
For the 49 addresses that were not among the 3 most
recent survey addresses reported, a mismatch indicated that
the LexisNexis data are not capturing complete mobility
for all participants. Therefore, it is of interest to repeat
these analyses for a population with increased residential
mobility.

The extent of this temporal mismatch is represented in
Figure 1. This figure demonstrates that although there is
a general positive trend between the number of years
reported in the 2 data sets for each address (r ¼ 0.40),
differences remain, particularly for LexisNexis when the
number of years at a given residence is between 7.8 and 8.0
(Figure 1).

To assess the degree to which the LexisNexis data could
be used for life-course assessments, the proportion of an
individual’s lifetime residential history correctly accounted
for by the LexisNexis data was also calculated (Table 6).
This approach would be comparable to a researcher’s using
only the LexisNexis addresses with positive match scores
for street or detailed match criteria to account for geograph-
ical placement throughout the lifetime, irrespective of tem-
poral mobility patterns. These results indicated that, when
considering the 3 most recent addresses reported in the sur-
vey, the LexisNexis address matches, as a whole, accounted
for 71.5% of participants’ lifetime addresses (Table 6). Be-
cause the LexisNexis data only included 3 addresses per
participant, the statistic comparing only 3 addresses from
the survey data seemed more logical. In fact, because of the
temporal mismatch discussed above, the reported 71.5% is
likely an underestimation of the accuracy of the LexisNexis
data. Results comparing all survey addresses are also pre-
sented in Table 6, and the LexisNexis address matches ac-
counted for 42.6% of participants’ lifetime addresses,
a considerable decrease from the 71.5% match reported

Table 4. Years Spent at Each Address as Reported by LexisNexis and Survey Data (Metric 4), 2008–2009

No. of Years
at Residence

LexisNexis Dataa (3 Residences)

Raw Survey Data
(All Residences)

Raw Survey Data
(Last 3 Addresses)Raw

Addresses

Raw
Addresses
(>1 Year)

Aggregated
Addresses

Average 4.3 8.5 9.9 9.4 13.5

Median 0.9 7.9 9.2 5 9

90th percentile 12.8 14.5 17.1 23 33

75th percentile 7.9 12.1 13.4 13 20

Minimum <1 1.0 <1 <1 <1

Maximum 34.4 34.4 36.0 74.0 74.0

% of addresses with
<1 year residence time

46.4 0 n/a 1.6 0.7

Total no. of addresses with
years reported

2,207b 1,099 n/a 6,739 2,800b

a All LexisNexis data are limited to what the vendor determined as the most recent last 3 residences.
b Total addresses are not in agreement, as some study participants did not report 3 addresses, and years spent at

each address were missing for some LexisNexis addresses.

Table 5. Differencesa in Number of Years Reported at Each Addressb Between Survey Data

and LexisNexis Data, 2008–2009

Descriptive Statistic

Difference, years

All Survey and
LexisNexis Data

Last 3 Survey and
All LexisNexis Data

All Survey and
LexisNexis >1 Year

Mean 12.9 13 12.4

Median 8.7 8.8 8.7

75th percentile 21.1 21.3 21.2

90th percentile 32 32 30

Total no. of matched addresses
with years reported in both
data sets

1,398 1,360 896

a Survey minus LexisNexis years.
b Addresses assessed were those matched according to metric 1 or metric 2.
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above. LexisNexis does provide longer address histories for
an additional cost, but we did not use them in this study.

Partial matches, or matches for which a score of 0.5 was
assigned because of incompleteness of the survey data, ac-
counted for 122 (7.9%) of the 1,536 street matches and 40
(3.1%) of the 1,279 detailed matches. Of the 122 street
matches with a 0.5 score, participants gave cross-streets
for 85. Cross-streets helped to show that the LexisNexis
address was correct for 62 (72.9%) of these 85 addresses.

Lastly, to further quantify agreement between the 2 data
sets, the number of missing addresses was quantified for
both the LexisNexis data and the survey data. These results
indicated that the percentage of missing addresses was sim-
ilar when comparing the 3 most recent addresses from the
survey data with the LexisNexis data (Table 7). When all
addresses from the survey data were compared, however, the
percentage of missing addresses increased (Table 7). This is
likely an indication of difficulty on the part of the participant
in recalling past addresses.

Finally, the percentage of years with missing addresses
from the survey data was calculated. Of 37,701.5 total years
for all study participants, addresses were missing for 3,130.1
(8.3%) of these years. If considering the use of LexisNexis
data to supplement last 3 residences in this data set, it is
estimated that 79.8% (8.3% þ 71.46%) of total lifetime
years are accounted for by either missing addresses
(8.3%) or a street or detailed match with the LexisNexis
data (71.46%).

DISCUSSION

The results discussed herein suggest that the LexisNexis
data may be promising in supplementing collection of res-
idential history data in epidemiologic investigations. In par-
ticular, the fact that positive matches (either detailed or
street matches) between the LexisNexis data and the survey
data accounted for approximately 70% of participants’ 3
most recent residences suggests that the addresses provided
by the LexisNexis data are fairly accurate.

The LexisNexis data were successful in matching the
survey data in 71% of addresses when the match criterion
was city alone. Such a match may be adequate for assessing
some exposures that may occur by city geography, such as
exposure to contaminants in public drinking water supplies.
The LexisNexis data also successfully matched the survey
data by metric 2 (street match) and metric 3 (detailed match)
62% and 53% of the time, respectively. Furthermore, results
from a small pilot study using this data set presented similar
findings, suggesting that it may be feasible for researchers to
validate use of LexisNexis data with a small sample size
before large-scale implementation. The pilot study ran-
domly selected 25 participants to compare the 3 most recent
addresses from the survey data with the LexisNexis data.
Results were similar to those presented above, with a street
match and detailed match correctly accounting for 64% and
52%, respectively.

One caveat that should be made explicit is that stating
71.5% accuracy over lifetimes implicitly assumes that the
older residences that were not represented in the 3 most
recent LexisNexis address samples would be available and
would have a similar accuracy to the first 3 residences. This
is not necessarily the case. Additional studies are needed
using participants’ entire residential histories to evaluate

Figure 1. Relation between years reported at each address by par-
ticipants and years reported at the same address by the LexisNexis
data (r ¼ 0.40). It includes only addresses with a detailed or street
match score of 0.5 or 1.0, for which number of years at residence were
provided by both the LexisNexis and survey data sets.

Table 6. Total Number of Lifetime Years Spent at Each Address

and Percentage of Lifetime History Reported by Participant, as

Accounted for by Matched LexisNexis Dataa (Metric 5), 2008–2009

All Survey
Addresses

3 Most Recent
Survey Addresses

Total years at address,
reported by participant

Detailed match only 23,610.2 23,610.2

Street or detailed match 26,938.3 26,938.3

Total years of survey data 63,305.8 37,695.7

Percentage of lifetime
history years
accounted for by:

Detailed match only 37.30 62.63

Street or detailed match 42.55 71.46

a LexisNexis addresses with a score of 0.5 or 1.0 for metric 2 and/or

metric 3 were used.

Table 7. Quantification of Missing Addresses for Both Surveya and

LexisNexisb Data, 2008–2009

Data Set
No. of
Missing

Addresses

Total No. of
Addresses
Expected

% of
Addresses
Missing

Survey, all data 1,974 6,754 29.2

Survey, last 3 addresses 458 2,801 16.4

LexisNexis data 450 2,838 15.9

a Missing addresses are defined as those for which a street ad-

dress is missing but a city and/or state is provided.
b Missing addresses are defined as blank addresses in the Lexis-

Nexis data.
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whether accuracy is sensitive to how long ago that residence
was occupied by the participant.

The temporal mismatch between the survey and
LexisNexis data likely presents a concern for researchers
wishing to substitute collection of residential history data
with LexisNexis data. The LexisNexis data could be useful
in this capacity if researchers were willing to accept
some degree of exposure misclassification by dividing the
LexisNexis addresses into equal time periods or by relying
on the dates listed by the LexisNexis data. It is also likely
that participant recall of years spent at past residences is
in error; however, the consistent underestimation from
LexisNexis for duration at each residence is a cause for
concern in the temporal accuracy.

LexisNexis data may be most helpful to researchers wish-
ing to supplement collection of complete residential histo-
ries. Researchers may wish to provide participants with the
list of addresses from LexisNexis and ask them to simply fill
in the number of years at that address or to make any cor-
rections to the existing data. In this manner, the LexisNexis
data could be helpful in reducing recall error. Similarly, the
LexisNexis data could be used subsequent to data collection
to supplement missing or incomplete addresses from the
survey data.

Exposure misclassification resulting from biases or
error in recall is a concern in epidemiologic studies. In
geography-based exposure assessments, such error is partly
due to difficulties in recalling residential mobility. Recall
error may be present in the address provided or the amount
of time a participant reports spending at that address. For
these reasons, there are limitations to using the survey data
as a basis for comparison when assessing reliability of the
LexisNexis data. Specifically, as mentioned previously,
study participants were only asked to report residences at
which they had lived for >1 year. Therefore, there may have
been addresses captured by the LexisNexis data that were
not even considered in the survey data. In addition, comple-
tion of the forms varied differentially for each individual, in
that some participants provided very detailed accounts of
the addresses lived at over their lifetimes, whereas others
provided primarily street names, cities, or cross-streets. In
this study, the LexisNexis data were successful in supple-
menting gaps in the survey data nearly 72% of the time for
the 3 most recent addresses. Because some participants listed
multiple unknown addresses in 1 city and no cross-street was
provided for some of those blank addresses, this percentage
is likely an underestimation of the true accuracy of the
LexisNexis data. This result suggests that the LexisNexis
data could be extremely useful in augmenting residential
history data collected in epidemiologic studies. Anecdotally,
one of the authors recorded his residential history to the best
of his recollection and then compared it with that obtained
from LexisNexis. Several of the dates from LexisNexis
proved more accurate than those obtained by recall; Lexis-
Nexis provided street addresses that the author no longer
remembered, and 1 actual place of residence that was un-
intentionally omitted by that author was accurately provided
by LexisNexis.

These findings raise the question of how much of the lack
of exact matching between residential histories collected by

LexisNexis and those collected by written survey is attribut-
able to errors and omissions by LexisNexis and how much is
attributable to participant recall error and researcher record-
ing error. This question was not addressed within the scope
of the present study, but it is an important one for future
research.

As noted above, this study used only the last 3 addresses
for reasons of convenience and because these are routinely
available in the LexisNexis ‘‘Batch 411’’ product, providing
the histories at 25 cents per person while masking protected
data such as Social Security numbers. Residential histories
of longer record are available at a higher expense (e.g.,
several dollars per person as opposed to 25 cents). When
compared with the cost of obtaining residential history in-
formation via survey instruments, this still will usually be
a great savings. In practice, the length of the mobility his-
tory researchers will wish to obtain should be chosen to
reflect the health outcome and/or exposure they are study-
ing, as well as the stage in the life course thought to be
impacted. There are some characteristics of the survey data
set that may also have influenced the results presented
herein. Specifically, this population is a geographically sta-
ble population, with only about 20% of the total person-
years being spent outside of southeastern Michigan (57).
In addition, the average age of this population is 65 years.
It would be useful to repeat these analyses with a younger,
more mobile population, a task we leave for later study. It is
possible that the age distribution of the population may have
influenced the ability to recall residences occupied early in
life; on the other hand, it is possible that this age distribution
may be a primary contributing factor to the stability of the
population. For the above reasons, it is critical to repeat this
type of accuracy assessment with additional data sets for
different types of populations.

It also would be useful to apply this study method to com-
pare residential histories from different commercial vendors.
LexisNexis is not the only commercial source for residential
history data, and an accuracy evaluation of residential histo-
ries from alternative commercial vendors is needed.
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