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Abstract

Purpose—Electronic medical records (EMR) include residential address histories, which may
alleviate exposure misclassification caused by exclusion of patient spatiotemporal location. EMR
data are increasingly available but rarely leveraged as a measure of cumulative environmental
exposure, in part due to limited understanding of the validity of EMR-derived address histories.

Methods—We compared EMR address histories to self-reported histories among 100 patients of
a safety-net healthcare system completing a telephone survey. We assessed agreement and
compared 7 neighborhood-level environmental exposures as assessed using both data sources.

Results—While 17.1% of respondents did not live at the most recent EMR-derived address
during the survey, nearly all (98%) lived there at some point. For respondents with >1 EMR-
derived address (N=64), 87.5% had once lived at the previous EMR address. Of these, 30.4% lived
at =1 additional residences between the two most recent EMR address. For all measures,
neighborhood-level environmental exposures did not differ when using EMR-derived vs. self-
report addresses.

Conclusions—More recent EMR-derived addresses are more accurate and differences compared
to self-reported addresses in neighborhood-level exposures are negligible. EMR-derived address
histories are incomplete and likely suffer from collection bias; future research should further
assess their validity and reliability.
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Introduction

Placed-based exposures impact a variety of health outcomes, and the effects of these
exposures are often investigated through residential location. Residential mobility creates
temporal variation in residential location, and decreases the individual-level precision of
place-based exposure measurements. One way to address residential mobility is to explore
static, areal effects of place, and this method is facilitated by the availability of US Census
Bureau data. However, such measures lack information regarding cumulative environmental
exposures at the individual level. Thus, reliance on these measures as proxy for cumulative
environmental exposure can result in exposure misclassification [1-3].

Exposure misclassification can introduce significant bias into analyses and has direct
implications for studies of neighborhood effects. Specifically, life-course neighborhood
exposures—whether social, structural, or environmental—cannot be fully assessed through a
single measurement in space and time, thus failure to include longitudinal information can
generate exposure misclassification. Furthermore, because diverse, low-income, and older
populations are both mobile [4,5], and at-risk for poor health [6-8], exposure
misclassification introduced through cross-sectional measures may disproportionately affect
research focused on these populations.

Epidemiologic literature supports inclusion of spatiotemporal exposure measures in place of
cross-sectional measures; recent work regarding cumulative environmental exposure to over
the life course [9-12] and across the activity space [13-16] incorporate time and place to
derive measures of spatiotemporal exposures. Residential mobility data offer spatiotemporal
records patient movement through space over time and are frequently studied in sociology
[5,17-19], demography [20-24], economics [25-28], and public health [8,29,30]. A number
of recent epidemiologic studies include information gleaned via address histories [31-34].
Despite current U.S. law mandating adoption of electronic medical records (EMRS), many
of which contain address histories [35,36], no epidemiologic studies to date utilize this
increasingly available resource. This is due, in part, to limited understanding regarding the
validity of EMR-derived address histories.

Healthcare system EMR data collection procedures may lead to misclassification or other
biases [2]. For example, if address collection is driven by patient attendance, then the
healthcare system simultaneously fails to collect full address histories for patients in good
health and excels at collecting full address histories for patients in poor health. Moreover,
because EMRs are system-specific (collecting data over time as patients return to facilities
within the healthcare system), address histories may be particularly incomplete for patients
without a usual source of care, or who are not enrolled in integrated or health maintenance
organization systems, not engaged in primary care, or under- or uninsured. Thus,
understanding the validity and completeness of EMR-derived address histories is critical for
at-risk populations with higher levels of residential mobility. Herein, we describe our
methods to clean, process, and evaluate EMR address histories from an integrated, safety-net
healthcare system. We compare EMR-derived to patient-reported address histories to better
understand discrepancies between these two sources of address history data.
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Methods

Study Population

Our overall cohort (N=38,410) was drawn from the Parkland-UT Southwestern Population-
based Research Optimizing Screening through Personal Regimens (PROSPR) colorectal
cancer (CRC) screening cohort. Cohort eligibility criteria included: male and female patients
aged 50 to 64; who were Dallas County, Texas, residents; had no colectomy procedures prior
to January 2012 and no prior history of CRC; and were seen at least once at Parkland Health
and Hospital System (hereafter “Parkland”) primary care clinic between January 2010 and
September 2012 [37]. Dallas County has few safety-net clinics for the under- and uninsured,;
Parkland, as the cornerstone of the county safety-net health care system, is effectively is the
sole source of care for these patients. Address histories were drawn from Parkland's system-
wide integrated EPIC EMR (Epic Systems Inc., Verona, WI). In addition to PROSPR cohort
eligibility criteria, patients eligible for the telephone survey had at least one valid and
geocoded EMR address and a valid phone number.

EMR Address Data Collection and Structure

The EMR structure resembles a web of data stored in tables. Variables of interest are stored
in tables linked to address data via record identifiers, and data analysts must navigate
varying connection types and collection frequencies to create rich patient-level data. For
Parkland’s EMR, address data collection occurs during each visit. Patients can have multiple
visits in one day, so an address can be recorded multiple times in one day. Spelling of
address records is not standardized across patients. Figure 1 presents a simplified patient-
level example of the EMR, with example address history.

Address Coding Procedures

Address history tables included address data in five fields: primary street, secondary street,
city, state, and ZIP code. Using regular expressions, we ensured validity of each address
entry by excluding entries where neither street address field contained alphanumeric data.
We excluded P.O. Box addresses because they do not represent residential location. Valid
residential addresses were standardized in ArcMap 10.3 [38], which increased geocoding
match rates by parsing each address history entry into 9 standard address components.

Cadastral geocoding (geocoding to parcels, the legal boundaries for a plot of land) can
match point locations to 68—72% of addresses [39], and limits geocoding matches only to
county-confirmed addresses. To maximize the match rate, we geocoded address data to
county tax parcels using a modified cadastral geocoding scheme comprising three steps: (1)
attempted cadastral match, (2) attempted match within patient’s own address history, and (3)
attempted text match with other patient’s geocoded data.

In the first step, addresses were geocoded to parcels using a zone-enabled address locator in
ArcMap 10.3 [38] built with tax assessor data from Dallas County and the surrounding
counties. Our zone-enabled address locator defined smaller "zones" of candidate match
addresses by zip code, which permits differentiation between the same street address in
different cities. In the second step, string distance metrics compared geocoded historical
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addresses with ungeocoded addresses for each patient. This step mitigates data-entry errors
wherein clerks spell addresses differently from one visit to the next. In the third step,
unmatched address history entries were compared to matched addresses across all patients,
and data from geocoded addresses were transferred to ungeocoded addressees in the case of
an exact text match.

In the case of >1 address per patient, we differentiated whether each address was unique or a
duplicate of another address in the patient’s history. We defined a residential change of
address as a change in residential location greater than 20 feet between the patients' most
recent and previous (next most recent) addresses.

Survey Procedures

We employed a stratified sampling procedure to ensure representation of patients with low/
high residential mobility and low/high healthcare system visit frequency. High mobility was
defined as more than 2 unique addresses; high visit frequency was defined as more than 6
healthcare system visits. We mailed introductory letters, written in both English and
Spanish, to the most recent address for an equal number of patients (N=184) per strata.
Following IRB policy, the letter instructed patients to call within one week to opt out of the
survey. We called those who did not opt out. We attempted contact via phone up to 6 times
and asked participants to complete the survey after verbal consent.

Survey questions pertained to self-reported health status, length of stay and address type for
the participant’s most recent address, length of stay and address type for the previous
address, the number of unrecorded residential moves between addresses recorded in the
EMR, and reasons for moving into and out of residences. To ascertain accuracy of EMR-
derived current residence, survey staff read the most recent EMR address to the participant
and, for that address, asked if the participant currently lived there, ever lived there, and
received mail there. To ascertain accuracy of EMR-derived past residence, survey staff read
the previous address to participants with more than one EMR address, and asked if the
participant ever lived there. To determine /if EMR-derived address history was missing any
prior residences, survey staff asked participants with more than one EMR address if they
lived anywhere else (and if so, how many different homes they had resided in) between the
most recent and next most recent addresses.

Interviews (18 questions, approximately 20 minutes) were conducted by telephone in either
English or Spanish according to participant preference. Participants received a $10 gift card
via mail for completing the survey. Sample selection and analysis were performed in SAS
9.4 [40]. Surveys were conducted and documented using REDCap [41].

Analysis Procedures

We assessed the number of moves in each dataset using descriptive statistics: (1) correlation
between number of moves recorded and number of self-reported moves, (2) percent
agreement for recorded and self-reported moves out-of-county, and (3) the percent
agreement for recorded and self-reported moves out-of-state.
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Next, we examined measures of change over time for participants who moved. We
augmented all incomplete EMR-derived address histories with additional addresses gleaned
via self-reported histories. To assess potential for exposure misclassification within EMR
address histories, we conducted difference of means tests between EMR-only data and
EMR- plus self-reported data for neighborhood exposure change measures. Specifically, we
implemented a series of paired t-tests. Our survey asked about missing addresses between
the most recent and previous EMR addresses, so we conduct these difference of means tests
for the most recent move only. We linked 2009-2013 American Community Survey (ACS)
data to the EMR-only and EMR-plus addresses using ArcMap 10.3 [38]. We compared
average relocation distance for the most recent move using EMR-only versus EMR-plus
address histories. We also compared seven block-group level measures using EMR-only
versus EMR-plus address histories: percentage of (1) black residents, (2) white residents, (3)
Hispanic residents, (4) residents earning below 100% of the federal poverty level (FPL), (5)
residents earning below 200% of the FPL, (6) residents earning a high school degree, and (7)
residents earning a college degree.

A total of 32,165 patients from the overall cohort were eligible for the survey. On average,
patients had 7.4 EMR-derived addresses (SD=6.1; Range: 1-70), of which 2.1 were unique
(SD=1.3; Range 1-16). For the 736 patients randomized to the survey sampling frame, staff
placed more than 1,000 phone calls until a total of 101 completed the survey. Table 1
presents the survey stratification scheme with respondent frequency by recruitment strata,
and Figure 2 describes the overall study enrollment. Survey respondents had on average 5.8
EMR-derived addresses (SD=4.2; Range: 1-21), of which 2.1 were unique (SD=1.1; Range:
1-6). The average time between unique addresses was 2.2 years (SD=1.7; Range=0-5.6)
Table 2 presents demographics for the overall cohort (N=32,165), the sampling frame
(N=736), and the survey respondents (N=101).

Accuracy of EMR-derived current and past residence

The most recent EMR address is indicative of self-reported residential location for the
participant. Of participants who answered the series of questions (N=99), 100% confirmed
they had lived at the most recent EMR address at some point; however, 17.1% indicated that
they did not currently live at this address. Previous EMR address was also indicative of true
residence. Of those queried (N=64; those with <2 addresses were not asked this question),
87.5% confirmed previously living at the previous EMR address.

Missing residences and percent agreement

In our survey sample, 45 participants were not asked missing-residence questions for two
reasons: they only had one address (N=37), or did not ever reside at the previous address
(N=8). Of the remaining 56 participants, 30.4% reported residence at unrecorded addresses;
specifically, 16.1% resided at one unrecorded address, 5.3% at two unrecorded addresses,
3.5% at three unrecorded addresses, 3.6% resided at 5 or 6 unrecorded addresses, and 1.8%
reported residing at unrecorded addresses but not knowing the exact number of unrecorded
addresses. Percent agreement between the number of EMR-derived and self-reported
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residences was 37.6% (N=94) over the 5-year period between 2006 and 2012. Percent
agreement for out-of-county and out-of-state residences was 91.7% (N=96) and 100%
(N=96), respectively.

Comparing EMR mobility to self-report mobility

Table 3 presents means and standard deviations for neighborhood-level exposure measures,
and for changes in these measures due to the most recent residential move. The table
displays results using EMR-only data versus EMR-plus self-report data, and pertains only to
the most recent residential move for participants with more than one residential address
(N=67). P-values reflect the difference of means paired t-tests comparing changes in
neighborhood-level exposure levels between these two sources of data. Changes in
environmental exposures are similar for the unadjusted and adjusted samples. On average,
survey participants who reported discrepancies in their most recent or previous EMR address
did not move to significantly more or less poor, Hispanic, Black, White, high-school
educated, or college-educated block groups compared to their correctly-recorded
counterparts. In addition, participants with address discrepancies did not move closer or
further away than their correctly-recorded counterparts.

Discussion

Our study presents novel information regarding the utility of EMR address histories for
determining longitudinal environmental and neighborhood exposure, and fits with other
studies that employed different methods to recover longitudinal environmental exposure
information [2,42]. Within a large, mature, integrated EMR, we explored the effects of
collection bias for location-based measures of environmental exposure using a survey
designed to detect differences in participant’s EMR-derived versus true (self-report) recent
address history. While our survey sample is small, we hope to open a dialogue regarding the
value of including address histories recorded in EMR systems in future geospatial health
research. Our findings have a number of implications for researchers seeking to leverage
EMR-derived address histories to infer place-based environmental exposures.

First, we find that more recent entries in EMR-derived address histories are more accurate.
We arrive at this finding through a subset of our results: (1) the most recent address more
often reflects self-reported residential addresses, (2) most respondents indicate that they did
not live at another address between the most recent and previous address, but (3) percent
agreement between the number of EMR-derived and self-reported addresses is low. Greater
accuracy in more recent address entries may reflect recall bias wherein participants do not
remember prior residences [43], respondent bias wherein participants are do not truthfully
answer questions for fear of losing health services, or bias in the opportunistic address data
collection process.

Second, we find that inclusion of addresses recovered through the survey does not
substantially change average measures of environmental exposure. The differences between
measures of environmental exposure from the two address histories sources represent a
lower bound for environmental exposure misclassification; we know that true environmental
exposure (measured through the survey) differs from recorded exposure (measured by the
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EMR) by at least this much. There may be greater exposure misclassification among patients
with varying levels of mobility or health-care system engagement, but the small cell sizes
across our study strata limit such analysis. Furthermore, there may be greater exposure
misclassification over a longer time period or greater number of moves but these data were
not available in the current study.

Third, there is an important distinction between self-reported and EMR-derived address
histories. The low percent agreement for number of EMR-derived and self-reported
addresses supports this finding. Self-reported address histories capture all addresses for an
individual, barring recall bias. EMR systems can only capture addresses for those who
engage in the system itself, and patients engaging in healthcare differ from those who do
not. For example, they are more likely to have health insurance, a usual source of care, and
chronic conditions [44,45]. EMR-derived address histories are collected using opportunistic
sampling that is dependent upon visit volume, and may be most accurate for those with more
system visits and fewer moves. Because EMR systems likely fail to capture address histories
equally for patients across all levels of mobility and health system engagement, analyses
employing EMR-derived address histories may suffer from several flaws. For example, such
studies face endogeneity problems (i.e., wherein documentation of residential mobility may
be causally associated with healthcare utilization or vice versa), which create downward bias
for estimated effect sizes.

Our study faces several limitations. We analyzed EMR data from Parkland, a safety-net
provider serving a diverse, low-income, urban, and under- and uninsured population. EMR
data in one healthcare system may differ from those in other systems in unknown ways.
Moreover, EMR data may differ from addresses obtained from other clinical or
administrative data sources (e.g., insurance claims). Homogeneity among our population
(e.g., all are engaged in healthcare) may account for the small differences in environmental
exposure that we observed. Respondents may be less mobile than other populations; this be
a result of inclusion of patients 50 to 64 years old, who are less likely to have recently
experienced the common drivers of mobility such as expanding families [17,25-27] or the
need for age-dependent care.[46—48]. Misclassification bias may be greater in populations
with higher rates of mobility.

Study practices limited the sampling frame to patients in the overall cohort who had a valid,
geocoded EMR address for introductory letters and a valid phone number for survey calls.
Both addresses and land lines may change with residential relocation, which may limit our
ability to detect mobility-driven environmental exposure misclassification. Selection bias is a
potential concern given eligibility criteria and survey response rates; however, demographics
of the respondents, sampling frame, and overall cohort are similar which partially alleviates
this concern. We did not ask respondents with one EMR address if the EMR missed a
previous address. Finally, interpretation of our study is limited by its size (N=101).

Conclusions

EMR-derived address histories provide an opportunity for researchers to recover
longitudinal environmental exposure information. Our findings indicate that EMR-derived
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address histories are most accurate for recent addresses and that collection bias exists within
EMR-derived address histories. Larger studies are needed to fully determine the extent of
collection bias in EMR-derived address histories and to further explore validity and
reliability of these data.
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EMR Identifier

Medical History

Page 11

Demographic Information

Address History

Example address history for a single patient in the Epic EMR
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123 Main St. Dreamland 92802 1/8/2005 3/21/2005
15123 Main St Dreamland 92802 3/21/2005 8/19/2005
123 Mayne St |Dreamland (92802 8/19/2005 8/19/2005
Mayne St Dreamland 92802 8/19/2005 12/29/2008
PO Box 728 DL 92802-7280 12/29/2008 1/31/2009
11 Parade Awe Apt C Roses 91103 1/31/2009 6/14/2010
1 Apt C Roses 91103 6/14/2010 9/3/2011
11 Parde Ave Apt C Roses 91103 9/3/2011
Figure 1.
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Overall cohort (N=38,140)

- Ages 50-65

- No colectomy

- No CRC

- PCP visit Jan. 2010 — Sept. 2012

Exclusions (N=6,245: 16.3%)

- Unable to geocode any addresses N=2,955
- No valid telephone number available N=2,228
- Recent or next most recent address invalid N=1,062

V

Eligible for sampling (N=32,165

- Low visit and high address strata N=226

- Low visit and low address strata N=1,675
- High visit and high address strata N=8,647
- High visit and low address strata N=21,617

Selected for sampling frame (N=736)

- Low visit and high address strata N=184
- Low visit and low address strata N=184
- High visit and high address strata N=184
- High visit and low address strata N=184

Non-completion status at last contact (N=635)
- No contact initiated® N=165
- Number out of order N=126
» - Unavailable at time of call® N=150
- Wrong number N=96
- Refusal/ Opt-out N=72
- Hung up/ disconnect N=18
- Deceased N=8
A

Phone call completed (N=101)

- Low visit and high address strata N=11
- Low visit and low address strata  N=24
- High visit and high address strata N=20
- High visit and low address strata N=46

Figure 2.
Survey participant eligibility criteria and enrollment

Note: @In some cases (N=165), contact was not initiated because the target study enrollment
was reached prior to placement of the first call to these participants. PParticipants who were
unavailable at time of last contact fell into 5 categories: answering machine picked up the
call (N=99), call was answered but participant was not home (N=23), call was never
answered (N=16), telephone line was busy (N=9), or call was answered by the participant
who requested the survey be administered at a later date/time (N=3).
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Respondent frequency across survey recruitment strata of n=101 patients completing self-reported address

history survey

Table 1

Number of Unique EMR addresses | Number of healthcare visits | Total
1-6 >6
1-2 addresses 24 46 70
>2 11 20 31
Total 35 66 101
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