CANCER EPIDEMIOLOGY, BIOMARKERS & PREVENTION | RESEARCH ARTICLE

Residential Mobility and Geospatial Disparities in Colon
Cancer Survival
Daniel Wiese1, Antoinette M. Stroup2,3, Aniruddha Maiti4, Gerald Harris2, Shannon M. Lynch5,
Slobodan Vucetic4, and Kevin A. Henry1,5

ABSTRACT

◥

Introduction
Identifying cancer survival disparities is critical to focus interventions in speciﬁc populations and for clinical and cancer control
programs to prioritize efforts with limited resources. Examining
whether cancer survival varies geographically can also generate
hypotheses about the underlying causes of survival disparities and
help identify important demographic and neighborhood factors that
play a role. However, it is not known whether incorporating the
residential mobility after a cancer diagnosis into spatial models results
in different geographic patterns of survival compared with the standard approach of using a single location based on the patient's
residence at the time of diagnosis.
Numerous studies have examined associations between cancer
survival and neighborhood-based socioeconomic measures, such as
poverty. These studies have shown that patient survival is generally
worse among patients in poor neighborhoods compared with patients
living in more afﬂuent neighborhoods (1–5). Studies speciﬁcally
examining spatial patterns in survival using geographic methods, such

1
Department of Geography and Urban Studies, Temple University, Philadelphia,
Pennsylvania. 2New Jersey Department of Health, New Jersey State Cancer
Registry, Trenton, New Jersey. 3Rutgers Cancer Institute of New Jersey and
Rutgers School of Public Health, Rutgers University, New Brunswick, New
Jersey. 4Department of Computer and Information Sciences, Temple University,
Philadelphia, Pennsylvania. 5Division of Cancer Prevention and Control, Fox
Chase Cancer Center, Philadelphia, Pennsylvania.

Corresponding Author: Daniel Wiese, Temple University, 1115 West Polett Walk,
308 Gladfelter Hall, Philadelphia, PA 19122. Phone: 215-204-3386; E-mail:
daniel.wiese@temple.edu
Cancer Epidemiol Biomarkers Prev 2020;29:2119–25
doi: 10.1158/1055-9965.EPI-20-0772
2020 American Association for Cancer Research.

Results: Most patients (65%) remained at the same residence,
22% changed CT, and 12% moved out of state. The time-varying
model produced a wider range of adjusted risk of colon cancer death
(0.85–1.20 vs. 0.94–1.11) and resulted in greater geographic disparity statewide after adjustment (25.5% vs. 14.2%) compared with
the model with only the residence at diagnosis.
Conclusions: Including residential mobility may allow for more
precise estimates of spatial risk of death. Results based on the
traditional approach using only residence at diagnosis were not
substantially different for regional stage colon cancer in New Jersey.
Impact: Including residential histories opens up new avenues of
inquiry to better understand the complex relationships between
people and places, and the effect of residential mobility on cancer
outcomes.
See related commentary by Williams, p. 2107
as spatial scan statistics (4, 6) and spatial models (5, 7, 8), have also
noted worse survival clustered in poor communities. To date,
studies examining geographic disparities in cancer survival used
the patient's residence at the time of diagnosis exclusively to map
geographic distributions of patient survival or to deﬁne neighborhood characteristics.
Limitations of using a single location have been well documented
(9–13), including potentially introducing spatial uncertainty because it
assumes the person remained at the same residence and in turn
experienced uniform neighborhood-based contexts over time (e.g.,
unchanging CT-poverty). This may be a potential source of bias in
nonspatial and spatial statistical models, calling into question both the
accuracy and precision of survival estimates associated with geographic factors. The magnitude and direction of bias largely depends on the
volume of residential mobility in the study population, the degree to
which mobility results in changes in neighborhood context (e.g., higher
or lower poverty rates), and whether the neighborhoods themselves are
changing overtime (e.g., gentriﬁcation). If a large proportion of cases
are moving to neighborhoods with similar characteristics, then bias
would be minimal. Failure to account for residential socio-spatial
mobility may also impede researchers' ability to account for selfselection into neighborhoods, which may change the overall risk of
death in a neighborhood over time (14, 15).
The main reason researchers have not incorporated residential
mobility into geographic studies of cancer survival or other outcomes
(e.g., stage at diagnosis) is that cancer registries do not collect residential histories. The primary source of location data for cancer
patients collected by registries is the residential address at the time
of diagnosis. However, recent studies have demonstrated the potential
utility of residential histories collected from sources such as electronic
medical records (16) and commercial and administrative databases to
document residential mobility (16–19). There are numerous examples
of applying residential histories in environmental epidemiology for
assessing longitudinal exposures (20–24) and risk and geographic
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Background: Identifying geospatial cancer survival disparities is
critical to focus interventions and prioritize efforts with limited
resources. Incorporating residential mobility into spatial models
may result in different geographic patterns of survival compared
with the standard approach using a single location based on the
patient's residence at the time of diagnosis.
Methods: Data on 3,949 regional-stage colon cancer cases diagnosed from 2006 to 2011 and followed until December 31, 2016,
were obtained from the New Jersey State Cancer Registry. Geographic disparity based on the spatial variance and effect sizes from a
Bayesian spatial model using residence at diagnosis was compared
with a time-varying spatial model using residential histories
[adjusted for sex, gender, substage, race/ethnicity, and census tract
(CT) poverty]. Geographic estimates of risk of colon cancer death
were mapped.
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clustering of cancers (25–29), but far less use of residential histories to
examine disparities in cancer outcomes, such as survival (30, 31). To
our knowledge, residential histories have not been used by populationbased cancer registries to examine geographic variation in cancer
survival.
To address the uncertain geographic context problem as it relates to
place-based disparities research (32) and evaluate how uncertainty in a
patient's residential location after diagnosis might impact survival
estimates and geographic patterns, we incorporated residential histories into Bayesian spatial models to identify whether the survival of
patients diagnosed with regional stage colon cancer in New Jersey
varied geographically after adjusting for key individual-level risk
factors and neighborhood poverty level. We compared differences in
geographic variation in colon cancer survival between models using
residence at the time of diagnosis alone to models that incorporated
residential mobility, accounting for whether the patients moved out of
state after diagnosis.

Residential history data from LexisNexis
Residential histories were acquired through a data linkage with
a commercial database developed by LexisNexis, Inc. LexisNexis
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Neighborhood socioeconomic status data
Similar to other studies (4, 39), we used the percentage of the CT
population 18 years and older living below the federal poverty level as a
measure of neighborhood deprivation (CT-poverty). CT-poverty was
obtained from publicly available U.S. Census and American Community Survey (ACS) data. U.S. Census 2010 and the ACS 5-year average
data 2006–2010, 2007–2011, 2008–2012, 2009–2013, and 2010–2014
were used for residencies between 2006 and 2010. ACS 2011–2015,
2012–2016, and 2013–2017 were used for residencies between 2011
and 2016. For each case, every residential record received a corresponding CT-poverty value based on the earliest date of the residential
appearance in the data set. In situations when cases remained at a
single CT over multiple years, we assigned the annual CT-poverty
values to capture changes within the neighborhood (e.g., changes due
to gentriﬁcation). We developed two different poverty measurements.
The ﬁrst measurement used the standard CT-poverty from the location at the time of diagnosis (DX CT-poverty). For the second, all
corresponding CTs were included; therefore, each patient could have
multiple New Jersey CTs during the follow-up period (time-varying
CT-poverty).
Statistical analysis
Patient survival times were calculated in months as the difference
between the date of diagnosis and the date of last contact or death.
Patients were censored at the date of death if they died from
causes other than colon cancer, the date the patient was lost to
follow-up, or at the end of the follow-up period (December 31,
2016), whichever occurred ﬁrst. In the time-varying model, cases were
also censored at the time they moved out of the State of New Jersey;
and, assigned start and end dates for every CT location, and calculated
the survival time spent at each CT. In other words, start and end
dates set the follow-up intervals and corresponding covariate values
(e.g., CT-poverty), as well as the vital status at the end of every interval
(1 ¼ dead, 0 ¼ alive).
Bayesian geoadditive models were applied to survival time as an
extension of conventional Cox regression survival models described by
Kneib and Fahrmeir (40). This model includes the geographic location
of the patient's CT, which is used as the spatial function and estimates
the spatial effect. The spatial function provides a way to estimate the
geographic variation in the risk of death after controlling for individual- and neighborhood-level covariates (41). It measures the instantaneous event rate or the probability that an individual would experience an event (e.g., death from regional stage colon cancer) after
diagnosis. The spatial function is based on stationary Gaussian random
ﬁelds (bivariate penalized splines). P-spline smoothed spatial effects
were incorporated into the model based on an adjacency matrix of
geographic neighbors by CTs (weights based on rook's case;
refs. 42–44). The risk of death is the exponentiated smoothed posterior
mean for the CT based on those living in that CT. For the standard DX
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Materials and Methods
Study population
Colon cancer cases were obtained from the New Jersey State Cancer
Registry (NJSCR), which is a population-based cancer registry established in October 1978 to monitor cancer among the more than
8.9 million residents of New Jersey (33). The study population includes
all New Jersey residents 18 years and older diagnosed between January
1, 2006, and December 31, 2011, with histologically conﬁrmed, ﬁrst
primary regional stage colon cancer as deﬁned according to the
International Classiﬁcation of Diseases for Oncology, Third Edition
(ICD-O3 C180-C189, C260; excluding histology codes 9050-9055,
9140, 9590-9992; ref. 34; N ¼ 4,041). The Rutgers University institutional review board (IRB) approved all study activities.
Regional stage was deﬁned according to Surveillance, Epidemiology,
and End Results (SEER) derived summary stage 2000 and includes
regional, direct extension only, regional lymph nodes only, and
regional, direct extension and regional lymph nodes. This deﬁnition
includes the American Joint Committee on Cancer (AJCC) 6th
Edition (35) groupings IIA, IIB, IIIA, IIIB, and IIIC. The study sample
was limited to regional stage colon cancers to control the inﬂuence that
stage will have on the survival estimates. Doing so allows for ease of
interpretation of the geographic disparities that may otherwise be
attributable to spatial variation in stage.
Individual-level factors included age at diagnosis, gender (male,
female), and race/ethnicity [non-Hispanic (NH) White, NH Black, NH
Asian/Paciﬁc Islander (API), NH other, and Hispanic (any race)].
Cases with any stage at diagnosis other than regional stage or had no
survival time (i.e., only ascertained through death certiﬁcates or
autopsy) were excluded from analysis (36). Vital status, including
date of death and cause of death (if deceased) or date of last contact (if
alive) is updated routinely by the NJSCR through linkages with state
and national sources including death data from the New Jersey
Department of Health Ofﬁce of Vital Statistics and Registry and the
National Death Index, hospital discharge ﬁles, Centers for Medicare
and Medicaid Services, Social Security Administration Services for
Epidemiologic Researchers, and motor vehicle registration ﬁles. Cases
were followed until their deaths or until December 31, 2016. Deaths
attributed to colon cancer were coded based on ICD-10 code C18 (34).

(https://www.lexisnexis.com/en-us/products/public-records.page)
has developed a speciﬁc resource for researchers to obtain residential histories for adults aged 18 and older (16, 18, 19, 37). Up to
20 of the most recent addresses between 1946 and 2018 with
documented start and stop dates were returned for each case. All
residential addresses were geocoded to the 2010 census tract (CT)
boundaries using the North American Association of Central
Cancer Registries (NAACCR) AGGIE Geocoder (38).
Of the 4,041 regional stage colon cancer cases, 98 (2.4%) had no
residential information available. For the remaining 3,949 (97.6%), we
applied a preprocessing technique described previously (31).
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Results
Study population
Table 1 summarizes the characteristics of the study population (n ¼
3,949). The average age at diagnosis was 66. There were fewer males
(47.6%) than females (52.4%). Around three quarters (73.6%) of the
study population were NH-White, 12.4% NH-Black, 8.1% Hispanic
origin (any race), 3.6% NH-API, and 2.4% Other race. Approximately
27.5% of all the patients died from the colon cancer by the end of
follow-up, with a median survival of 66 months (range 1–139).
During the follow-up period, 65.5% remained at their diagnosis CT,
22.4% changed CTs within New Jersey, and 12.1% left New Jersey
during the study period. Among those who moved, 18.5% only moved
once, 12.3% moved twice, and 3.6% moved 3 or more times after cancer
diagnosis. The average time spent at the CT at diagnosis was 7.5 years.
At the time of cancer diagnosis, nearly half (46%) lived in CTs with
<5% poverty and 25.9% lived in CTs with poverty rates 10% or higher.
Geographic clustering and spatial effects
Table 2 summarizes the statewide range of risk of death and
geographic disparities percentage for each of the spatial models (Model
a using DX CT-poverty and Model b using time-varying CT-poverty).
The DX CT-poverty model produced fewer CT-speciﬁc risk of death
estimates (N ¼ 1,604) compared with the time-varying CT-poverty
model with residential histories (N ¼ 1,742). The time-varying model
includes all the CT locations where the cases lived, resulting in
more CTs where risk of death from regional stage colon cancer can
be estimated. The adjusted risk estimates in Model a ranged from
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Table 1. Study population characteristics.
Overall (n ¼ 3,949)
Age
Mean (SD)
Median (min–max)
Gender
Male
Female
Race/ethnicity
NH-White
NH-Black
Hispanic (any race)
NH-API
Other
Regional stage subcategory
Regional, direct extension only
Regional, lymph nodes only
Regional, both
Vital status
Censored
Colon cancer death
Survival time (months)
Mean (SD)
Median (min–max)
CT changes (type of “moves”)
CT at date of diagnosis only
Change in residential CT within NJ
Change in residential CT outside NJ
CT changes (number of “moves”)
Single residency
1 Change in residential CT
2 Changes in residential CT
3þ Changes in residential CT
CT-poverty at diagnosis
<5% (low)
5%–<10%
10%–<20%
≥20% (high)

65.8 (13.3)
68.0 (21.0–85.0)
1,878 (47.6%)
2,071 (52.4%)
2,902 (73.5%)
488 (12.4%)
325 (8.2%)
141 (3.6%)
93 (2.4%)
1,339 (33.9%)
1,268 (32.1%)
1,342 (34.0%)
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CT-poverty model, the spatial effect was estimated using the CT from
the time of the diagnosis. To implement the time-varying CT-poverty
model, we redesigned the model as suggested by Belitz and colleagues (43) for time-dependent covariates, while including only New
Jersey CTs.
Estimation of regression models is based on Markov chain Monte
Carlo simulation techniques, corresponding to full Bayesian inference,
and obtained by specifying prior distributions for all unknown parameters. For each model, 10,000 iterations were run, with the ﬁrst 2,000
samples used as a burn-in. Every 20th sample from the remaining 8,000
samples was saved and used to construct the posterior distribution for
each of the parameter estimates in the model. The 95% conﬁdence
intervals (CI) were calculated on the basis of the posterior distribution
of the 1,000 samples to identify signiﬁcant risk of death and the CTs
with signiﬁcantly higher or lower estimates than the state average (<1
lower risk, >1 higher risk). All models were implemented with R using
BayesX (45), BayesXsrc (42), and R2BayesX (46, 47) packages. The
exponentiated spatial effects of each CT from the models were mapped
to visualize the risk of death from regional stage colon cancer. Then, we
calculated a difference map, highlighting differences between the risk
of death estimates using CT-poverty from diagnosis and time-varying
values. In addition, we compared models using geographic disparity
(GD) percentage, a method originally proposed by Chien and colleagues (7), to assess the geographic variance in regional stage colon
cancer survival after accounting for DX CT-poverty and time-varying
CT-poverty. It is calculated as the square root of the spatial variance,
where higher GD suggests wider geographic variability unexplained by
independent variables, and assumes larger geographic disparities in the
study area. We also compared model's ﬁt using deviance information
criterion (DIC). DIC is deﬁned as the sum of the posterior expected
deviance and the effective number of parameters. A better model ﬁt is
assumed with a lower value of DIC (48).

2,862 (72.5%)
1,087 (27.5%)
62.3 (38.0)
66.0 (1.00–139)
2,587 (65.5%)
885 (22.4%)
477 (12.1%)
2,587 (65.5%)
732 (18.5%)
486 (12.3%)
144 (3.6%)
1,816 (46.0%)
1,110 (28.1%)
688 (17.4%)
335 (8.5%)

Abbreviations: API, Asian/Paciﬁc Islander; CT, census tract; NH, non-Hispanic;
NJ, New Jersey; SD, standard deviation.

0.94 to 1.11–a 0.17 point range from low to high based on survival data
for 1.604 CTs. Whereas, the adjusted risk estimates in Model b ranged
from 0.83 to 1.2, which is a 0.37 point range from low to high based
on survival data for 1,742 CTs. The GD percentage was 14.2% and
25.5% in Model a and Model b, respectively. The DIC indicated
a better ﬁt in Model a (14,269) compared with Model b (16,489).
Fixed effects of CT-poverty were similar between the models and not
signiﬁcant at P < 0.05 level.
The adjusted risk of death from colon cancer from each model was
mapped (Fig. 1) to compare geographic distribution of adjusted risk
estimates from Model a (Fig. 1A) and Model b (Fig. 1B). For both
models, there were no statistically signiﬁcant areas of higher or lower
risk of colon cancer death. However, risk estimates for the southern
and northwestern regions as well as the northeastern metropolitan area
that boarders New York City clearly become more pronounced when
residential mobility is included in the model. For example, in the
southern region, the risk of colon cancer death ranged from 1.02 to 1.05
in the DX CT-poverty model and increased to 1.08–1.2 in the timevarying CT-poverty model. In the northeastern region, the area with
the highest risk expands to a larger geographic area around the Newark
metropolitan area. Similarly, in the northwestern region, areas with the
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Table 2. Model comparison.

Models

Number of CTs

Model a (DX CT-poverty)a
Model b (time-varying CT-poverty)b

1,604
1,742

Range of adjusted
risks of death

GD

DIC

CT-poverty ﬁxed
effect (95% CI)

0.94-1.11
0.83-1.2

14.2%
25.5%

14,269
16,489

1.003 (0.996–1.011)
1.003 (0.994–1.012)

Abbreviations: CI, conﬁdence interval; CT, census tract; DIC, deviance information criterion; GD, geographic disparities.
a
Adjusted for sex, age, regional substage at diagnosis, race/ethnicity, and CT-poverty at CT of diagnosis.
b
Adjusted for sex, age, regional substage at diagnosis, race/ethnicity, change in CT (mover status), and time-varying CT-poverty using residential histories.

lowest risk expand geographically. The range of risks in the lowest and
upper most categories, however, widen from 0.93–0.95 (Fig. 1A) to
0.83–0.95 (Fig. 1B) and 1.08–1.11 (Fig. 1A) to 1.08–1.2 (Fig. 1B).
Figure 1C summarizes the difference in the risk of death estimates
between the adjusted DX CT-poverty model (1a) and the adjusted
time-varying CT-poverty model (1b). The negative values indicate

areas where the risk of death estimates from Model b were higher than
the risk estimates from Model a (DX CT-poverty < time-varying CTpoverty). Whereas, positive values indicate areas where the risk of
death estimates from Model b were lower than the risk estimates from
Model a (DX CT-poverty > time-varying CT-poverty). Overall, the
range of differences in risk of death estimates were small, ranging from
Downloaded from http://aacrjournals.org/cebp/article-pdf/29/11/2119/2287467/2119.pdf by guest on 24 May 2022
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Figure 1.
Geographic variation in risk of death estimates after adjustment for sex, age, race/ethnicity, substage at diagnosis, and CT-poverty using information from place of
diagnosis (A) and using residential histories during the follow-up (B). C, The difference map of risk of death estimates between models a and b (c ¼ ab). Red and
black circled areas show the CTs with risk of death differences that were in the opposite direction in the time-varying model compared with the diagnosis model.
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-0.14 and þ0.10. There were two areas in North Jersey where the
estimates in Model a and Model b change direction. In the area around
parts of Somerset County, noted in the pink solid boundary, the risk of
colon cancer death changes from low (<1.0) in Model a to high (>1.0)
in Model b. Whereas, the area around Morris County and along the
border of Essex County, in the solid gray boundary, the risk of colon
cancer death changes from high (>1.0) in Model a to low (<1.0) in
Model b.

Discussion
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To our knowledge, this is the ﬁrst geospatial cancer survival study
that combined residential history data with cancer surveillance data
from a population-based cancer registry. We used residential
history data to characterize changes in neighborhood poverty level
postdiagnosis and applied it to geospatial survival models. Cancer
disparities research using population-based cancer registry data
traditionally use residential location at the time of diagnosis to
assign neighborhood measures of socioeconomic or sociodemographic status and to conduct geographic analysis. The limitation of
this approach is that it assumes patients remain at the same location
during the follow-up period after diagnosis. This approach contributes to the uncertain geographic context problem, which arises
from the lack of knowledge about the appropriate spatial and
temporal conﬁguration for assessing the inﬂuence of the environment on health outcomes (49).
In this study, we used spatial modeling techniques to examine
geographic variation in regional stage colon cancer survival, and
focused on whether the results based on the conventional “residence-at-diagnosis” approach to estimate area poverty would differ
from results based on a time-varying model that incorporated changing poverty estimates from residential histories. After adjusting for age,
gender, race/ethnicity, regional sub-stage, CT change, and CT-poverty,
the time-varying geospatial model produced notable differences in the
geographic patterns in risk of death as evidence by the increase in the
effect sizes of high (South Jersey) and low (Northwest Jersey) risk and
the expansion of affected geographic areas (Northeast Jersey). When
we examined the spatial variance of each approach, we found that the
standard model using poverty level at diagnosis alone explained more
of the geographic disparity (i.e., lower spatial variance) than the timevarying model with changing CT-poverty levels; suggesting that
standard approaches using residence at diagnosis explained a greater
proportion of the geographic disparities in the risk of death from colon
cancer in New Jersey. This ﬁnding could be a result of the length of the
follow-up time, censoring of cases that moved out of the state during
the follow-up period, and removing cases from CTs as they move in
and out of the area over time. Although we followed cases for 11 years,
this may not be long enough for residential mobility to have an impact
on survival time. It is likely that the use of a single CT-poverty measure
captured at the time of diagnosis is sufﬁcient in this population. In the
standard time-to-event models, all cases would have contributed
survival time in the same CT until the end of follow-up, death, or
lost to follow-up. Whereas, in the time-varying model, survival time for
each case will vary by the number of residential locations from
diagnosis to the end of follow-up and the length of time in each
location. Decreasing both the number of observations and follow-up
time within CTs may add to larger variance (i.e., geographic disparity)
and loss in precision (i.e., changing effect sizes).
Our ﬁnding that, in some areas in New Jersey, the risk estimates of
colon cancer death changed in direction from low risk to high risk or
from high risk to low risk after incorporating residential history data

requires further research to assess the accuracy of estimates in these
geospatial models. However, despite this ﬁnding, the regional patterns
and effect sizes were not entirely dissimilar between the two models.
This is due to the relative stability of individuals postdiagnosis (65.5%
remained in the same CT). There was also minimal socio-spatial
mobility as cases often moved to CTs with similar levels of poverty
(68% of the cases that changed CT during the follow-up period had an
absolute change in CT-poverty of less than 10 percentage points).
Indeed, researchers using either model would have come to the same
general conclusion, but future work using simulated and real data
should examine the impact of differential socio-spatial mobility on
spatial and nonspatial models.
Our study had several strengths. We used high quality, populationbased cancer surveillance data from the NJSCR, which conducts
follow-up for all cases diagnosed in the State of New Jersey. With an
average follow-up rate of 97%, our study population is less prone to
bias due to loss to follow-up. We were also able to obtain residential
histories on 97.6% of our study population, limiting selection bias.
With residential history data, we were able to adjust our models for out
migration of patients after diagnosis. Previous studies using population-based cancer registry data do not exclude cases moving out of the
study area (6, 50), which may lead to an underestimation of the true
risk of death among New Jersey residents. In this analysis, about 12% of
the cases moved out of state before the end of follow-up. The majority
of these cases had higher 5-year survival rates compared with those that
remained in New Jersey (82% vs. 72%); and, were from less impoverished areas (average poverty 7.6% vs. 8.1%). Future research should
look more carefully at potential biases in statewide survival estimates
from not accounting for residential mobility. Our study also produced
consistent results with previous studies as regards individual-level
factors such as age, gender, race/ethnicity associated with survival
outcomes (4, 51–54) as well the ﬁxed-effect of area-based poverty as
cases living in the high-poverty neighborhoods had a higher risk of
death from colon (7, 55) and other cancers (8, 51, 56–58).
Our study was limited to New Jersey residents diagnosed with
regional stage colon cancer from 2006 to 2011, and may not be
generalizable to other state populations with different geographic,
socioeconomic, and demographic proﬁles, nor to local or distant stage
colon cancer or other cancer sites. Results may also be nongeneralizable to patient populations that were diagnosed before or after our
study cohort due to changes in both treatment regimens for colon
cancer and area-level socioeconomic status. We also relied solely on
residential histories collected from LexisNexis and did not include selfreported information that may be used to validate and/or augment
LexisNexis data. However, recent studies found good concordance
(82%–92%) between LexisNexis addresses and addresses collected
from study participants (16, 17). For our study, data concordance
between the LexisNexis locations and the cases' CTs at time of
diagnosis reported by the NJSCR was around 83%, and it increased
to 93% when comparisons were limited to a 6-month window before
and after the diagnosis date. Although these potential data errors could
have contributed to nondifferential misclassiﬁcation, the extent of the
bias in either direction would likely be minimal due to the low
proportion of cases affected.
The results are also limited by the available follow-up time
(maximum 11 years). Longer follow-up could increase the number
of observed deaths as well as increase the number of potential moves
over the follow-up period. If more people moved and we were
looking at long-term survival (e.g., 20–25 years), then residential
histories may have a larger impact on predicting survival and
explaining the spatial variance. The study also did not include
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relevant results for understanding cancer survival disparities and
prioritizing interventions.
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