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ABSTRACT

THE ESTIMATION OF NEIGHBORHOOD DEPRIVATION AND PRETERM BIRTH USING
LONGITUDINALLY LINKED NATALITY RECORDS

By
Cristin Elizabeth McArdle

This dissertation examined the association between neighborhood-level deprivation and
perinatal outcomes. We studied the association between neighborhood poverty rate and pre-term
birth (PTB; birth < 37 weeks) using longitudinal maternally-linked natality files of women and
their infants in Michigan during the period 1990-2012. This study examined the embodiment of
place and role of maternal characteristics during pregnancy in an effort to understand how
selection into neighborhood may bias our understanding of neighborhood level associations. We
looked at pregnancy outcomes across multiple pregnancies for the same woman (the mother) as
she changed neighborhoods, and levels of poverty between pregnancies. In the first study
examining residential mobility between pregnancies, we reported that approximately half of our
sample changed residences between pregnancies. We further exploited our data structure to
examine the association with prior PTB on subsequent mobility in two sub-samples restricted by
parity: births 1 and 2, and births 2 and 3. We found the strongest risk factors for mobility were
related to marital change (Divorce: births 1 to 2 OR: 2.5 95% CI: 2.4-2.6, births 2 to 3 OR: 3.3,
95% CI: 3.1-3.6); Married: births 1 to 2 OR: 2.8, 95% CI: 2.7-2.8, births 2 to 3 OR: 1.9, 95%
CI1:1.9-2.0) but not prior PTB (prior PTB: births 1 to 2 OR: 1.0, 95% CI:1.0-1.0, births 2to 3
OR: 1.1 95%CI: 1.0-1.1). In the second study, we report that most women did not experience a
change in the level of neighborhood poverty, based on quartile of neighborhood poverty. Women
who remained in the poorest neighborhoods experienced the highest percentage of PTB across

two births samples, Births 1 to 2 (11.4% PTB) and Births 2 to 3 (12.3% PTB). We found



increased odds of PTB for births 1 to 2 with strong downward neighborhood trajectory (OR 1.2,
95% CI 1.0-1.3) but also increased odds of PTB among strong upward neighborhood poverty
trajectory (OR 1.1, 95%CI: 1.1- 1.2) compared to the static trajectory group of lowest
neighborhood poverty quartile. In Study 3, we then employed a novel approach, maternal fixed
effects, utilizing data linked over time to compare birth outcomes for the same mother under
different exposures which allows the mother to act as her own control, analogous to a case-
crossover design, while comparing the contextual effects of neighborhood deprivation on PTB.
We conducted logistic regression, random effects and fixed effects analysis to evaluate
n=2,191,063 eligible births during our study period. Because a fixed effects model relies on
variation over time within a mother to identify the estimated association of neighborhood
deprivation and PTB, the primary analytic sample was restricted (n=280,277 births to 103,328
women).We found a null association between neighborhood poverty and PTB when using a
maternal fixed effects analysis (OR: 1.0, 95% CI: 1.0-1.0). This was one of the first studies to
profile the maternal neighborhood mobility patterns over a long period of time, between

successive pregnancies and evaluated by neighborhood poverty rate.



This dissertation is dedicated to my mother, you are simply the most intelligent and loving
person and it is the great fortune of my life to call you Mom. | love you.
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INTRODUCTION

Background

Preterm Birth and Disparities
Adverse perinatal outcomes have potential negative lifelong consequences (Barker et al.

1993) and thus provide a salient opportunity for intervention with lasting impact. Preterm birth,
or birth before 37 weeks of completed gestation, is the most significant cause of neonatal
mortality and morbidity worldwide (Harrison and Goldenberg 2016). The global incidence of
PTB varies by location but is estimated at between 5-15% representing 15 million births per year
(Blencowe et al. 2013). In the U.S. the incidence of PTB is approximately 11-12% of live births.
Compared with other developed countries the U.S. has the highest rates of preterm birth PTB
accounting for 42% of the 1.2 million preterm births occurring in developed countries (Koullali
et al. 2016). This extreme discrepancy suggests a greater need for prevention (MacDorman and

Mathews 2011).

Prevention can be a challenge given that in almost half of PTB cases there is no risk
factor identified (Blencowe et al. 2013; Menon 2008). The most significant indicator of risk for
preterm birth is a maternal history of prior preterm birth, although the exact mechanism for this
risk is not fully understood it may be related to genetic, epigenetic or environmental factors
(Plunkett and Muglia 2008; Yang et al. 2016). Additional maternal risk factors for PTB include
young or advanced maternal age (Muglia and Katz 2010), increased parity, shorter inter-
pregnancy interval (DeFranco et al. 2007; Thiel de Bocanegra et al. 2014). Risk factors specific
to pregnancy include smoking during pregnancy, adequacy of prenatal care, male infant sex, and
multiple pregnancy (Committee on Practice Bulletins—Obstetrics, The American College of
Obstetricians and Gynecologists 2012). Additional social risks include low socioeconomic status

(Bertin et al. 2015; Smith et al. 2007) and Non-Hispanic Black race/ethnicity. The rates of PTB



vary by race and socioeconomic status, even after controlling for individual level medical and
behavioral factors, hinting at an underlying social process (Culhane and Goldenberg 2011; Lhila
and Long 2012; Thoma et al. 2019). There are enormous societal and medical costs related to
prematurity, which affects survival and quality of life of the infant that extends beyond infancy.
Recent estimates report that the cost of care in a single year for the 1 in 10 infants born
prematurely was $6 billion, as the most conservative estimate based on employer-sponsored

plans (Grosse et al. 2017).

Racial and ethnic disparities in preterm birth have long been the subject of study. The
black-white disparity in risk for preterm birth is well established but remains particularly
stubborn (Kramer et al. 2010; McKinnon et al. 2016). Possible explanations have focused on
fetal programming potential reproductive outcomes(Burris and Collins 2010) and cumulative
weathering as a physical manifestation of lifelong accumulative of deleterious social exposures
(Geronimus et al. 2006). The complex and multifactorial pathways are incompletely understood,
and may not be the same for individual birth outcomes and health disparities, but the
consequences of PTB remain severe and well documented including being the foremost cause for

infant mortality and development of chronic comorbidities (MacDorman and Mathews 2011).

Neighborhood as a Determinant of Adverse Birth Outcomes

Maternal characteristics, measured at the individual-level, fail to explain persistent
disparities in preterm birth outcomes which may be driven by structural conditions (Lhila and
Long 2012). One example of a growing body of literature that examines structural conditions is
that of the neighborhood effects on birth outcomes. Research focusing on neighborhood as a
determinant of adverse birth often defines the neighborhood context in relation to deprivation,

constrained socioeconomic position measured at the area-level, such as high poverty, or crime, or



as a composite score of neighborhood deprivation income and other neighborhood contextual
factors (e.g. % college education and % housing owner-occupied). Neighborhoods are often
defined using administrative boundaries such as census tracts. In the U.S. census tracts are
relatively homogenous and permanent geographical groupings encompassing between 2,500-
8,000 people (Bureau n.d.). Using census tract neighborhood definitions evidence consistently
shows a modest association between neighborhood deprivation and PTB (Holzman et al. 2009;
Messer et al. 2008; O’Campo et al. 2008; Yang et al. 2016; Vos et al. 2014). The association
between neighborhood deprivation and increased risk for adverse perinatal outcomes persists
even after adjustment for maternal covariates (Luo et al. 2006; Schempf, Strobino, and
O’Campo 2009; Janevic et al. 2010). A recent meta-analyses of neighborhood deprivation and
PTB showed a 27% higher risk for PTB [OR 1.27, 95%CI:1.16,1.39] for mothers living in the

most (compared to the least) deprived neighborhoods (Ncube et al. 2016).

These studies of neighborhood deprivation have primarily measured exposure to
neighborhood deprivation at a cross section single point in time. More recent scholarship builds
on the study of neighborhood deprivation by evaluating trajectory patterns in and out of deprived
areas over at least two time points (Collins, Rankin, and David 2015; Bruckner, Kane, and
Gailey 2019) using longitudinal data linked to census geographic data. Generally these trajectory
patterns show the direction of neighborhood poverty exposure where upward trajectory reflects
decreased neighborhood poverty, downward trajectory reflects increased neighborhood poverty,
and static trajectory represents no change in neighborhood poverty level. These trajectory
patterns explore exposures in a single individual and across families. Deprivation trajectories are
thus measured inter-generationally (Collins, Mariani, and Rankin 2018; Collins, Rankin, and

David 2015; Pearl et al. 2018) and within mothers (Bruckner, Kane, and Gailey 2019). Similar to



cross sectional findings, studies of neighborhood trajectories report a modest association between
neighborhood deprivation and adverse birth outcomes. The magnitudes of the reported effects
are related to the magnitude of the trajectory change, with greater trajectory changes representing
stronger associations between neighborhood deprivation and PTB. Upward trajectory reduced
preterm birth among upper born white women while downward mobility was more deleterious
for birth outcomes (Collins, Rankin, and David 2015). The authors also report a stronger effect

of downward mobility among women who were born into more impoverished areas.

Neighborhood Context and Pathway

While the neighborhood effects literature consistently shows modest association with birth
outcomes there is less consistency in identifying or directly addressing the pathway by which
neighborhood context affects health (Kane et al. 2017). The neighborhood context itself can
represent several different pathways by which birth outcome risk operates with a variety of
measures represented including crime (Messer, Vinikoor-Imler, and Laraia 2012), income
(Farley et al. 2006; Metcalfe et al. 2011), housing tenure (Morris, Manley, and Sabel 2018), built
environment (Miranda, Messer, and Kroeger 2012), greenspace (Cusack et al. 2018) and
walkability (Messer, Vinikoor-Imler, and Laraia 2012), residential segregation (A. H. Schempf et
al. 2011) and racial isolation (Anthopolos et al. 2011), and social environment (Messer,
Vinikoor-Imler, and Laraia 2012). While these area-level measures may each contribute to a full
contextual understanding of the associations with neighborhoods and birth outcomes we chose to
focus on neighborhood deprivation because we believe structural conditions may be addressed
through policy action and because it is one of the most studied, making methodological

comparisons more informative.



For birth outcomes, there may be a two-fold mechanism by which neighborhood
deprivation is thought to affect birth outcomes either through psychosocial factors or through
access to material resources or both simultaneously. Psychosocial factors related to
neighborhood deprivation include stress (allostatic load, susceptibility to infection), as well as
poor coping behaviors leading to worse birth outcomes (smoking, alcohol use). Material
resources include housing, proximity to health care, food security and access, as well as the
physical environment. A mother’s neighborhood environment informs her health through these
factors; however, the pathway may not be the same for each birth outcome. Here we focus on the
material resources pathway by examining poverty although there may be unmeasured
psychosocial factors related to moving and poverty. In fact, we structure our analysis in response

to the absence of a complete understanding of the mechanism of these neighborhood effects.

Selection Bias in Neighborhood Effects

A major problem in the identification of causality in studies reporting neighborhood effects is
related to selection bias (Jencks and Mayer 1990; Verheij et al. 1998; Bergstrom and Van Ham
2010; Hedman and van Ham 2012; Ha et al. 2016; Chetty, Hendren, and Katz 2016; van Ham,
Boschman, and VVogel 2018). However, few epidemiological studies include controls for
selection bias in the estimation of neighborhood effects despite a firm consensus on the potential
interference with causality. In our studies, selection bias occurs when the mechanism of living in
a neighborhood (selection) is not independent from preterm birth. As an example, if Non-
Hispanic Black women are more likely to move into a neighborhood with high poverty compared
to Non-Hispanic White women and this selection mechanism is not controlled for adequately we
may incorrectly observe a correlation between maternal race/ethnicity and PTB as a

neighborhood effect. Therefore, the validity of findings from studies examining associations



between neighborhood deprivation and PTB depends upon the extent to which the neighborhood
measure represents the exposures of the population measured. Unobserved maternal
characteristics are particularly problematic when examining selection bias as they are not
explicitly measured and therefore we cannot control for them the way we can for race/ethnicity.
If there is a large amount of selection bias then the measurement reflects the factors that cause a
woman to live in a neighborhood. If these are also associated with her risk of PTB we may have
confounding in our estimates.

In order to better understand selection we examine 3 mechanisms by which there may be
selection bias in the study of the association between neighborhood poverty and preterm birth (1)
residential mobility, selective sorting by changing residential locations (2) poverty trajectory,
selective sorting into specific levels of poverty and (3) unobserved maternal characteristics,
selective sorting into neighborhoods by maternal characteristics which are not measured as
covariates in our data. In order to better control for selection mechanisms we need to better
understand the selective sorting patterns before we can distinguish between the causal effects of

neighborhood and the results of neighborhood selection.

Study Objectives
Main Research Question: The overall goal of this dissertation is to characterize maternal

neighborhood mobility between pregnancies, to determine the association between neighborhood
poverty mobility and PTB, and to assess whether previously observed associations between
neighborhood poverty and PTB are due to selection of mothers into neighborhoods. Our studies
aim to answer the following questions related to the association between neighborhood

deprivation and PTB.



Study Aim 1a: To characterize and descriptively summarize the extent to which mothers move

neighborhoods between pregnancies within the state of Michigan.

Hypothesis 1a: Based on a previous study in a similar population, we hypothesize that
approximately 25% of our sample will move neighborhoods between pregnancies. This analysis
will create and characterize a sample to use in a subsequent analysis of neighborhood selection

bias using maternal fixed effects study design.

Study Aim 1b: To describe the differences in sociodemographic and health characteristics

between mothers who move between pregnancies and those that do not move.

Hypothesis 1b: We hypothesize movers will be more likely to be younger, have more children,

experience lower poverty, and more likely to smoke.

This descriptive analysis is important because it will help us understand whether differences in
measured maternal characteristics between mothers that move neighborhoods between
pregnancies may lead to bias in neighborhood effects study designs that do not account for these

factors, which may also be related to PTB.

Study Aim 1c: Are prior adverse birth outcomes associated with residential mobility changes

neighborhoods between pregnancies?

Hypothesis 1c: We hypothesize that a mother is less likely to move if she has an adverse birth
outcome, consistent with the healthy migrant theory (Collins, 2011) which postulates that

migrants are more likely to be healthy.

Study Aim 2a: Do mothers experience neighborhood poverty trajectory across their successive

pregnancies?



Hypothesis 2a: Based on previous studies of neighborhood poverty changes, we expect the
mothers in our sample will experience neighborhood poverty trajectory changes across their

successive pregnancies, but this change will be limited to a 1-quartile change in poverty level.

Study Aim2b: Do movers experience greater neighborhood poverty trajectory changes than non-

movers?

Hypothesis 2b: There has not been enough previous scholarship on this topic to draw a firm
hypothesis. We hypothesize that there may be systematic differences between movers and non-

movers that warrant this investigation.

Study Aim 2c: Is neighborhood poverty mobility associated with PTB?

Hypothesis2c: Consistent with previous studies of maternal mobility (Lupo et al. 2010;
Sundquist et al. 2011; Bell and Belanger 2012; Miller, Siffel, and Correa 2010), we hypothesize
that will find a modestly protective association between upward neighborhood poverty trajectory
and PTB. We further hypothesize the strongest association will occur with the greatest change in
neighborhood poverty trajectory, measured by at least a 3 quartile change in neighborhood

poverty, in either direction (downward or upward).

Study Aim 3: To determine the association between neighborhood poverty and PTB using a
maternal fixed effects method to control for maternal characteristics, both measured and

unmeasured, that may be associated with selection into the neighborhood and PTB.

Hypothesis 3: We hypothesize using a maternal fixed effects approach will yield attenuated
association between neighborhood poverty and PTB compared to traditional logistic and random

effects approaches.



In summary, in this dissertation we hypothesize that there are characteristics of mothers
that determine what neighborhood they live in. Some of those characteristics are measured and
can be controlled for — in Study 1, we are characterizing what measured characteristics are
associated with moving as a way to begin to address this issue. In Study 2, we are looking at
whether the type/direction of move is associated with PTB. In Study 3, we are trying to account
for the unmeasured characteristics that might also determine what neighborhood women live in

and thus account for some of the relationship between neighborhood and PTB.
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STUDY 1

Introduction
There is substantial evidence that neighborhood deprivation is associated with adverse

birth outcomes, specifically preterm birth (PTB; <37 weeks gestation) and small-for-gestational
age (SGA, <10 percentile birth weight) (Sundquist et al. 2011; Janevic et al. 2010; Arcaya et al.
2012; Schempf and Kaufman 2012; O’Campo et al. 2008; Messer et al. 2008). However, the role
of residential mobility, a change in residential address, in this association of neighborhood

effects and birth outcomes has received limited consideration.

In order to elucidate the role of maternal selection into neighborhoods we started with a
foremost concept of entry and exit into neighborhoods: residential mobility. Mobility represents
a change in place of residence based on residential address reported on the birth certificate.
Research on mobility and poverty has found that mobility to lower-poverty areas resulted in
improved safety, physical health, and mental health (Chetty, Hendren, and Katz 2016). Chetty et
al. found residential mobility to better neighborhoods had a causal effect on children’s outcomes

but that the effect of mobility declines with a child’s age at move.

Research on residential mobility and pregnancy suggests there are several demographic
features associated with movement. Movers tend to be younger (Canfield et al. 2006; Khoury et
al. 1988) with some estimates showing 3.39 OR (95% ClI: 2.12-5.4, 20-24 v >30)(Miller, Siffel,
and Correa 2010); more likely to be smokers (1.46 OR 95% CI 1.01-2.12)(Miller, Siffel, and
Correa 2010) while non-movers tend to have greater household income (Fell, Dodds, and King
2004) and lower parity (Canfield et al. 2006). Characteristics of mobility, such as distance
moved, may be an important aspect in understanding the relationship between residential

mobility and health (Clark and Huang 2003). Most literature of residential mobility and
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pregnancy found pregnant women move shorter distances of less than 3 miles (Lupo et al. 2010;
Tang et al. 2018). Shorter distance moves represent unintended movement while long distance
moves show an upward pattern of mobility and planning (Morris, Manley, and Sabel 2018; Clark
and Huang 2003). Having children and employment may actually be constraints to mobility (Lee

and Waddell 2010; Kim, Pagliara, and Preston 2003).

Maternal residential mobility is not uncommon but also not well characterized over the
life course. For pregnant women there are multiple time periods to consider when evaluating
mobility (1) across a single pregnancy, usually measured at trimester time points; or (2) across
multiple pregnancies. Presently, evidence estimates between 12-30% of women move during
pregnancy (Lupo et al. 2010; Sundquist et al. 2011; Bell and Belanger 2012; Miller, Siffel, and
Correa 2010). Studies of residential mobility and pregnancy overwhelmingly focus on the effect
of environmental exposure misclassification during a single pregnancy (Bell and Belanger 2012;
Chen et al. 2010; Canfield et al. 2006). Two studies which followed women up to the first year
of birth reported even higher mobility with up to 42% of women mobility at least once (Saadeh
et al. 2013; Urayama et al. 2009). Even less is known about the socioeconomic status (SES)
mobility patterns of women postpartum with one study reporting 7% of women move to areas of
different SES (Margerison-Zilko et al. 2016) and another reported 24% moved to different SES

(Saadeh et al. 2013), similarly split in direction of mobility.

Moreover, no studies to date have specifically looked at the effect of birth outcomes on
subsequent mobility patterns. Although, other studies have examined motivations for mobility
related to birth outcomes. Residential mobility research links childbirth as a “trigger event” for
mobility and suggest increased parity is associated with increased likelihood of residential

mobility (Kulu and Washbrook 2014), likely due to space needs of a growing family. There is
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mixed evidence on the effect of children on mobility with some researchers arguing parents are
less likely to move in an effort to maintain established neighborhood ties to benefit their children
(Morris, Manley, and Sabel 2018). We are unaware of any studies that have investigated the
association of adverse prior birth outcome on either (1) mobility or (2) neighborhood poverty

mobility.

The objective of this study is to describe residential mobility patterns and birth outcomes
among Michigan-resident women between their successive births over multiple years in order to
better understand inform our empirical design for testing residual confounding due to selection
bias in our subsequent fixed effects analysis. We described study demographics and differences
in residential mobility status, while future papers will examine the neighborhood poverty
mobility (downward, static, and upward) and PTB. We used maternally-linked data to follow the
same woman across multiple pregnancies and evaluated her residential mobility biography,
maternal characteristics, mobility correlates, and birth outcomes. We hypothesized that a large
proportion of women move between births and that they are demographically distinct compared
to non-movers (more likely to smoke, be younger, have lower educational attainment, and have a
shorter time in census tract). We hypothesized non-movers would have poorer birth outcomes
across all levels of parity with increased occurrence of PTB. Finally, we looked at how prior

birth outcomes influence residential mobility changes.

Methods

Data and study population
We used birth certificate data from the Michigan Department of Health and Human

Services (MDHHS) Department of Vital Statistics for all births to Michigan-resident women

during the period 1989-2012 linked by mother. Birth certificate data was geocoded by MDHHS
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based on self-reported maternal residence at birth for all births between 1994 to 2012. Births that
occurred prior to 1994 were geocoded by the Children’s Environmental Health Initiative also
using self-reported residence at birth. As shown in Figure 1, birth records were included in the
study if the women were between 15 and 44 years of age, had a singleton birth, and had
geocoded information. Records were excluded if they did not meet the inclusion criteria and if
they had any missing covariate information. Our analysis is restricted to the reproductive age of
the mother and as such does not capture her movement from childhood. Mothers will be left
truncated for births before 1990 and right truncated for births after 2012, although we do
evaluate parity and birth year to account for this aspect of study design. In the overall sample, we
found almost a quarter of the first recorded births were not nulliparous. As prior PTB has been
associated with subsequent PTB (Blencowe et al. 2013) and inter-state birth records were not
available, we further restricted our sample to first, second, and third births recorded in Michigan.

This study was approved by the MDHHS Institutional Review Board.

Geolytics’ Neighborhood Change Database (NCDB) Information on income level was
measured from the census tract level poverty data collected from the Geolytics’ Neighborhood
Change Database for the period 1990-2010. This database collected information from 3
decennial census years 1990, 2000, and 2010 and adjusts data to the 2010 census tract

boundaries to allow comparison across multiple census years.

US Census American Community Survey (ACS) Census tract level poverty rates for 2012
were collected from the US Census American Community Survey. They are adjusted to the 2010
Census Tract boundaries and therefore compatible with the boundary definitions from the

Geolytics’ census tracts.
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US Census Tiger/Line Shapefiles The U.S. Census Tiger/Line Shapefiles contain
geographic entity codes which can be linked to census tract in the birth certificate data by census
year. Longitude and latitude coordinates were extracted from this file and merged with the birth

certificate data by census tract id and census year.

Measures
Poverty Neighborhood poverty rates were based on census tract poverty rates collected

every 10 years. As we were interested in examining maternally-linked data over a long study
time period we used normalized census data, Geolytics’ Neighborhood Change Database
(NCDB), to account for geographic boundary changes between decennial census years.
Intercensal census tract poverty rates were then linearly interpolated across calendar years for the
period 1990-2010 using a join method. For the period 2011-2012, poverty rates were extracted
from the American Community Survey, Michigan 2012 for each census tract. We then
performed a linear interpolation between 2010 and 2012 data for the 2011 census tract poverty
rates. Neighborhood poverty rates were merged with data from the birth certificate based on
infant’s birth year and mother’s census tract at the time of delivery using the longitudinal
crosswalk reference tool (Logan, Xu, and Stults 2014). Neighborhood poverty rate is reported
categorically as quartile distributions, based quartile cut-points from the linearly interpolated

NCDB data, and as a continuous mean.

Residential Mobility Status Residential mobility status is measured across two successive
births by a change in census tract geocoded to residential address provided on the birth

certificate.

Distance moved Information on distance between census tract centroid was computed

using latitude and longitude coordinates from the U.S. Census Tiger/Line Shapefiles. In order to
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compute census tract distance, each census tract was assigned a longitude and latitude for each
birth record from the Tiger/Line Shapefiles by census tract and census year resulting in 2 sets of
longitude and latitude per women for each analytic sample restricted by parity (Births 1 to 2, and
Births 2 to 3). For non-movers there was no difference in distance, but for movers we then used
the GEODIST function in SAS to compute the geodetic distance in miles between a mother’s

two latitude and longitude coordinates using input values in degrees.

Time in census tract The time period of residence in census tract was calculated based on

time between births record in the birth certificate files in days.

Adverse birth outcomes Our main outcome was PTB (<37 weeks completed gestation) following
recent evidence linking suggesting a protective effect of strong upward neighborhood mobility

on PTB outcomes (Bruckner, Kane, and Gailey 2019).

Maternal Characteristics Maternal demographic information from birth certificate data
included continuous age; age categorized (<20, 20-24, 25-29, 30-24, 35-40, >40); marital status
(married or unmarried); nativity by country (United State or Foreign) and state (Michigan or not
Michigan). A previous analysis evaluated maternal education and race/ethnicity for consistency
across maternally-linked dataset and excluded improbable observations (for example, negative
educational attainment). Maternal race included race/ethnicity using birth certificate date (Non-
Hispanic White, Non-Hispanic Black, Hispanic, Non-Hispanic American Indian, Non-Hispanic
Asian/Pacific Islander, and Unknown). Maternal educational attainment, also using birth
certificate data, was collapsed into 6 categories (less than high school; 912 grade/no diploma;
high school Graduate/GED; Some College/Associate; Bachelor’s Degree; Professional Degree).

Paternal demographic factors are limited to age, race/ethnicity and not reported in this analysis
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but presented in supplemental tables (Appendix A.3). Maternal risk factor information from birth
certificate data included tobacco use during pregnancy recorded as yes/no or unknown. Delivery
and birth information from the birth certificate included source of payment (private insurance,
Medicaid, self-pay, other, and unknown) that may act as a proxy for individual socioeconomic

status.

Statistical Analyses
Women who moved between births (movers) were compared with women who did not

move between their births (non-movers). Univariate analysis compared the demographic
differences and mean poverty rate between movers and non-movers and tested for statistical
significance using X test for general association. Modified Poisson regression with standard
robust error variances were used to compute the relative risk of residential mobility by maternal
characteristics (Zhao, n.d.). We used Poisson regression to model this risk as outcome was a
binary count variable. As Poisson is better suited to count data and does not have as many
convergence challenges as a binomial-log model we used this regression strategy. We used a
logistic regression to examine the association between prior PTB and odds of mobility adjusted
for confounders related to PTB and mobility (maternal age, parity, marital changes, smoking,
and maternal race /ethnicity). There were 38,957 PTB outcomes at birth 1 and 14,181 at birth 2.

All index births marked the onset of risk for subsequent mobility.

Results
Table 1.1 shows the analytic subsample of births 1 to 2 (n= 895,214 births to 447,607

women), and births 2 to 3 (n=355,912 births to 117,956) where both births occurred in Michigan
stratified by residential mobility status (mover and non-mover). Notably, a large percentage of
women were classified as movers for both birth samples (50.2% and 51.1%, for births 1 to 2 and

births 2 to 3, respectively). Movers were a greater percentage white, younger, and U.S. Born
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compared to non-movers. Movers had a slightly higher mean poverty rate compared to non-
movers (15% compared to 11%; 16% compared to 12%) and the poverty rates increased as parity
increased. Among movers, the majority of moves were within the same county and the mean

distance moved was 15.9 and 14.5 miles in each birth sample.

Table 1.2a shows the risk ratio of mobility by maternal characteristics for births 1 and 2.
Table 1.2b shows the risk ratio of mobility by maternal characteristics for births 2 and 3. Movers
and non-movers were significantly different for all characteristics except infant sex and
educational attainment. The unadjusted risk of mobility among Non-Hispanic Black women was
1.4 times the risk (95% CI: 1.4-1.4) of mobility among Non-Hispanic white women, and after
adjusted the risk was 1.2 (95% CI 1.2-1.2). Unmarried women had 1.6 times the risk (95% CI:
1.6-16) of mobility compared to married women and when adjusted for all other covariates in the
models was 1.2 times the risk (95%CI 1.2-1.2). Women who smoked also had a high risk of
mobility compared to women who did not report smoking during pregnancy (unadjusted RR: 1.3,
95% CI: 1.3-1.3, adjusted RR: 1.1, 95% CI: 1.1-1.2). Finally, Medicaid as the insurance pay
source at the time of birth had a higher risk for mobility (RR: 1.5, 95% CI: 1.5-1.5) compared
with private payer. The risk of residential mobility by maternal characteristics remained fairly

consistent across two levels of parity from births 1 to 2 and from births 2 to 3.

In Table 1.3 we exploit our data structure to examine the association between prior PTB
and subsequent residential mobility using logistic regression. We report on odds ratio for
mobility by the time of your successive birth following a prior preterm birth. The odds for
mobility after a PTB compared to a term birth at birth 1, after adjustment for race, marital change
and age are null (OR: 1.0, 95% CI: 1.0-1.0) at birth 2 and modestly increased at birth 3 (OR:

1.06, 95% CI:1.03 to 1.10). This corresponds to a 6% increase in the odds of mobility between
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births 2 and 3 given you have a preterm birth at birth 2 compared to a term second birth. Our
model of mobility showed a greater magnitude of odds for marital change and race/ethnicity.
This suggests that a change in marital status between births may more strongly associated with
mobility for divorce (Births 1 to 2 OR: 2.49 , 95% CI:2.37-2.62 ; Births 2 to 3 OR: 3.34 , 95%
Cl: 3.13-3.55) and for married (Births 1 to 2 OR: 2.79 , 95% CI: 2.71-2.83 ; Births 2 to 3
OR:1.92, 95% CI: 1.85-2.00). Maternal race/ethnicity also had significant odds, with significant
ORs for NHB 1.99 and 2.19 compared to NHW, at births 2 and 3 respectively. All other maternal
race ethnicities, except NH Native American had increased odds of mobility compared to NHW,

although they were higher at birth 2 compared to birth 3.

Discussion
Our major finding is that a larger percentage of women moved (50%) than we

hypothesized (25%). The distribution of maternal characteristics is systematically different
between movers and non-movers across demographic, risk factor, birth outcomes, and
neighborhood characteristics. The risk of mobility is higher among women who are NHB,
smokers, unmarried, and had Medicaid as a source of insurance. The differences between movers
and non-movers remain consistent across multiple levels of recorded births. We also looked at
across two pairs of births and observe increasing levels of poverty and PTB as parity increased.

We found that prior preterm birth had a null association with mobility.

Compared to previous reports which ranged from 12-45% and measured primarily
mobility during pregnancy we report almost half of our sample moved between successive births.
We found little evidence that prior PTB was associated with mobility by birth 2, contrary to our

hypothesis that it would increase the risk of mobility. We found that changes related to marital
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status, getting divorced or married, were the strongest correlates of mobility and may be

important predictors in future studies.

We did not find a significant difference between movers and non-movers for educational
attainment, Table 1.2. We would have expected movers to be more likely to have higher
educational attainment as that might be related to job opportunity and mobility. Our sample only
captures women during the childbearing years. This may indicate that this is not a very dynamic
time for changes in educational attainment. Further, this may be due to limitation of a single state
capture whereby movers with different educational attainment are more likely to leave the state

and not be collected in subsequent Michigan birth records.

The mean poverty status for non-movers was higher than expected and increased with
increased parity in our analytic subsamples. Non-movers may therefore experience more poverty
change than we anticipated and may also be a viable population of interest in examining residual

confounding of neighborhood effects using a continuous poverty measure.

Finally we report that non-movers experience a statistically significant (X test for
association p-value <.0001) higher proportion of large-for-gestational age (>90% percentile
birthweight) compared to movers (Table 1.1). This was an unexpected finding and we could find
no previous reports of this association. This may be due a more proximal mechanism (obesity
promoting neighborhood) on the causal pathway. Future investigations may be useful in

examining this outcome stratified by mobility status.
Limitations

Our study is one of the first to report on the mobility patterns of women between

pregnancies over a partial life-course. While our study provides new information it is important
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to highlight some of the study limitations. The Michigan singleton birth file is missing 18% of
the geocoded census tract data not at random which could bias our results. The data are more
missing for earlier years of the study period when geocoding was not as systematically
performed at the time of birth. Future studies using this data should conduct a sensitivity analysis
of the data using more reliable later years of data (2000-2012) to examine meaningful change in
results. However, birth outcomes were not systematically different among the missing and not-

missing geocoded data.

The measurement of the poverty variable at the time of birth makes us unable to measure
the timing of the mobility between births or to have uniform duration of exposure. We therefore
must interpret our results as the effect of index birth outcome on mobility patterns at the time of
the successive birth. There may be shorter inter-pregnancy mobility patterns that we are not able
to capture with our study design. However, we did evaluate the duration of each interval
(measured as the time between the index birth and the successive birth in days). The mean time
spent in census tract between movers (1,409 days) and non-movers (992 days) showed movers
had longer duration of time in census tract. However, this is measurement strictly captures time
between births and does not fully detail the duration of time in the census tract irrespective of

birth. Our study captures a relatively short period of time for each woman.

There may be some errors in the linkage criterion performed by Michigan Department of
Health and Human Services although we did find evidence of successful linkage using the

tabulation proposed by Adams and Kirby (Adams and Kirby 2007) (Appendix A).

We were unable to include any information on housing tenure, renting or home

ownership status, as it was not included in our data. Previous studies on the effects of population
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mobility and health control for the home ownership or renting status of individuals as they are
likely to influence mobility. This may be particularly useful information as it related to the role
of public housing and in relation to one particular risk factor, smoking. In our data we do observe

a difference in smoking by residential mobility status with movers having higher risk.

In summary, our study found that a large percentage of women move between
pregnancies and they are demographically distinct compared to non-movers. Therefore, studies
of neighborhood effects that rely on a single measurement may be capturing a weighted average
of non-movers and movers. Future studies, should incorporate multiple time points and
residential mobility status to remove the potential for misclassification of neighborhood

exposure.
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Figure 1 Analytic Sample Flow Chart for Inclusion Michigan Births

Excluded
Total Michigan Births 1989-2012
N=3,137,483 -non-singleton births (n=101,256)
—» | -births to women <15, >44 years of age
— (n=9,065)
Singleton births to women 15-44
Ziagsooszggz -missing gestational age (n=6,804)
bt -missing birth weight (n=2,409)
l —» | -gestational age <22 or >44 weeks or
Available, plausible data on birth |mplauE|bIe combination of GA and
. . BW (n=191,849)
weight and gestational age
n =2,826,100
. -missing data on maternal age, parity,
Y marital status, education, infant sex,
All maternal covariates complete diabetes, or nativity (n=42,760)
for all births
n=2,783,340 : e
- misclassified singletons, same or
birthdate <120 days apart (n=170)
l —, | birthd
-missing geocoded census tract data
. . (n=505,625; 18.17 %)
,:\:n; Izy;'é: ;grsnple for RE analysis -missing census tract poverty
e information (n=1,810; 0.08%)
| .
Analytic sample >1 birth and - <2 births exclusions (n=720,660)
meets all inclusion criteria
n=1,555,075

|

Parity Restricted Birth samples
(all births recorded in Michigan)

Births1to 2 Births2to3
n=895,214 n=355,912

Analytic sample for FE analysis ‘
n=292,152
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Table 1.1 Maternal characteristics at index birth stratified by residential status (mover vs. non-mover) at successive births restricted
by parity, Births 1 to 2 and Births 2 to 3, singleton births recorded in Michigan 1990-2010°

Births 1 to 2 Births 2 to 3
Overall Movers Non-Movers Overall Movers Non-Movers
n=447,607 n=224,602 n= 223,005 n=177,956 n =90,909 n= 87,047
Maternal Characteristics
at first birth n n % n % n n % n %
Race
NHW 333,946 154,388 80.5 179,558 68.7 125,983 58,182 64.0 67,801 77.9
NHB 66,762 44,055 10.2 22,707 19.6 32,358 21,921 241 10,437 12.0
Hispanic 22,310 12,845 4.2 9,465 5.7 10,341 5,750 6.3 4,591 5.3
NH AI/AN 673 359 0.1 314 0.2 281 147 0.2 134 0.2
NH A/PI 16,913 8,802 3.6 8,111 3.9 6,389 3,420 3.8 2,969 3.4
Non-Hispanic 7,003 4,153 1.3 2,850 1.9 2,604 1,489 1.6 1,115 1.3
Mixed race / other/
missing
Age
<20 100,578 69,382 309 31,196 14.0 18,511 13,148 145 5,363 6.2
20-24 129,016 76,995 343 52,021 233 62,501 39,025 429 23,476 27.0
25-29 134,828 52,826 235 82,002 36.8 57,284 25,636 28.2 31,648 36.4
30-34 68,264 21,504 9.6 46,760 21.0 33,630 11,481 12.6 22,149 25.4
35-40 14,226 3,747 1.7 10,479 4.7 5,782 1,565 1.7 4,217 4.8
>40 695 148 0.1 547 0.3 248 54 0.1 194 0.2
Nativity
US born 414,358 209,031 93.1 205,327 92.1 165,513 85,493 94.0 80,020 91.9
Foreign born 33,249 15,571 6.9 17,678 7.9 12,443 5,416 6.0 7,027 8.1
Insurance Payer
Private 297,402 126,588 56.4 170,814 76.6 109,119 47,102 51.8 62,017 71.3
Medicaid 142,457 93,998 419 48459 217 65,428 42,122 46.3 23,306 26.8
Self-pay 2,977 1,483 0.7 1,494 0.7 1,545 748 0.8 797 0.9
Other 430 247 0.1 183 0.1 195 112 0.1 83 0.1
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Table 1.1 (cont’d)

Unknown
Infant sex -male
Marital Status
Married
Unmarried
Education
Less than HS
Some HS
High School (HS)
Some college
College graduate
Greater than
college
Smoke
No
Yes
Successive Birth
outcomes
PTB
No
Yes
SGA
No
Yes
LGA
No
Yes

4,341
230,113

273,956
173,651

11,952
66,423
137,181
105,353
68,374
36,285

386,651
56,497

408,650
38,957

394,039
53,568

415,971
31,636
Mean (sd)

2,286
115,303

105,036
119,566

6,027
33,654
69,881
53,547
33,966
18,260

187,271
35,147

204,051
20,551

195,250
29,352

209,728
14,874
Mean

1.0
51.3*

46.8
53.2

2.7
15.0
31.1
23.8
151

8.1

83.4
15.7

90.9
9.2

86.9
13.1

93.4
6.6
(sd)

2,055 0.9
114,810 51.5*
168,920 75.8
54,085 24.3

5,925 2.7
32,769 147

67,300 30.2
51,806  23.2
34,408 154

18,025 8.1

199,380 894
21,350 9.6
206,873 92.8

16,132 7.2

198,789 89.1
24,216  10.9
206,243 925
16,762 7.5
Mean (sd)

1,669
91,176

115,261
62,695

5,118
29,008
59,422
42,870
26,787
13,439

148,943
27,671

163,775
14,181

162,009
15,947

160,773
17,183
Mean (sd)

825
46,559

48454
42455

2,609
14,949
30,397
21,958
13,573

6,803

72,721
17,513

82,838
8,071

81,497
9,412

83,009
7,900
Mean

0.9
51.2*

53.3
46.7

2.9%
16.4*
33.4*
24.2*
14.9*

7.5%

80.0
19.3

911
8.9

89.7
10.4

91.3
8.7
(sd)

844
44,617

66807
20240

2,509
14,059
29,025
20,912
13,214

6,636

76,222
10,158

80,937
6,110

80,512
6,535

77,764
9,283
Mean

1.0
51.3*

76.7
23.3

2.9*
16.2*
33.3*
24.0*
15.2*

7.6*

87.6
11.7

93.0
7.0

92.5
7.5

89.3
10.7
(sd)
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Table 1.1 (cont’d)

Mean neighborhood 0.13(0.12) 0.15 (0.13) 0.11 (0.11) 0.15 0.16 (0.14) 0.12 (0.11)
poverty rate (0.13)

Mean census tract time  1201.8 (803.6) 1410.0 (935.1) 992.1 (572.5) | 1240.6 (819.8) 1431.1 935.7 1041.7 618.1
in days

Mean Distance moved -- 15.9 (36.4) -- -- -- 145 35.1 -- --
in miles

Inter-county Movers -- 56,801  26.0 -- -- -- 21,797 24.0

*The analytic sample was restricted to births recorded in Michigan and presented here grouped into first and second birth, and second and third birth.

*Not statistically significant
All other variables significant at p<0.001 using Chi-Square tests
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Table 1.2a Associations between maternal characteristics at index birth and residential
mobility at successive births restricted to first and second singleton births recorded in
Michigan 1990-2010

Births 1 to 2
Non-
Movers
n=223,00 Movers  Unadjusted RR*  Adjusted RR®"
5 n=224,602 (95% CI) (95% CI)

I\_/Iater_nal Characteristics at % % RR 95% CI RR  95% Cl
first birth
Race

Non-Hispanic White 80.5 68.7 1.0 1.0

Non-Hispanic Black 10.2 19.6 14 14 14 12 12 12

Hispanic 4.2 5.7 13 12 13 11 11 11

Non-Hispanic

American 0.1 0.2 12 11 12 10 09 10

Indian/ Alaska Native

Non-Hispanic Asian/

Pacific Islander 3.6 3.9 1.1 11 11 12 11 1.2

Non-Hispanic Mixed

race / other/ missing 1.3 1.9 13 13 13 12 11 12
Age

<20 30.9 14.0 09 09 10 09 08 09

20-24 34.3 23.3 1.0 1.0

25-29 23.5 36.8 08 08 08 09 09 09

30-34 9.6 21.0 06 06 06 08 08 08

35-40 1.7 4.7 06 06 06 08 08 038

>40 0.1 0.3 06 06 06 08 07 08
Nativity

US born 93.1 92.1 1.0 1.0

Foreign born 6.9 7.9 09 09 09 10 09 10
Insurance Payer

Private 56.4 76.6 1.0 1.0

Medicaid 41.9 21.7 15 15 15 12 12 1.2

Self-pay 0.7 0.7 12 11 12 11 10 11

Other 0.1 0.1 14 14 15 12 11 13

Unknown 1.0 0.9 1.1 10 11 09 09 10
Infant sex -male 51.3 51.5 1.0 10 10 10 10 10
Marital Status

Married 46.8 75.8 1.0 1.0

Unmarried 53.2 24.3 16 16 16 12 12 12
Education

Less than HS 2.7 2.7 1.0 10 10 10 10 10

Some HS 15.0 14.7 10 10 10 10 10 10

High School (HS) 31.1 30.2 10 10 10 10 10 10

Some college 23.8 23.2 1.0 10 10 10 10 10
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Table 1.2a (cont’d)

College graduate 15.1

Greater than college 8.1
Smoke

No 83.4

Yes 15.7
Hypertension

No 90.9

Yes 9.2

154
8.1

89.4
9.6

1.0
1.0

1.0
1.3

1.0
1.0

1.0

1.3

1.0

1.0

1.3

1.0

1.0
1.0

1.0
1.1

1.0
1.1

1.0 1.0

1.1 12

10 11

®RR calculated using modified Poisson regression with robust error variances (Zhao, K.)

® Adjusted for all other covariates listed.
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Table 1.2b Associations between maternal characteristics at index birth and residential
mobility at successive births restricted to second and third singleton births recorded in

Michigan 1990-2010

Maternal Characteristics at first birth
Race
Non-Hispanic White
Non-Hispanic Black
Hispanic
Non-Hispanic American
Indian/ Alaska Native
Non-Hispanic Asian/
Pacific Islander
Non-Hispanic Mixed race /
other/ missing
Age
<20
20-24
25-29
30-34
35-40
>40
Nativity
US born
Foreign born
Insurance Payer
Private
Medicaid
Self-pay
Other
Unknown
Infant sex -male
Marital Status
Married
Unmarried
Education
Less than HS
Some HS
High School (HS)
Some college
College graduate
Greater than college

Births 2 to 3
Non-
Movers  Movers
n= n= Unadjusted  Adjusted RR*”
87,047 90909 RR*(95%Cl)  (95% CI)
% % RR 95% ClI RR 95%ClI
77.9 64 1.0 1.0
12.0 24.11 15 15 15 12 12 1.2
5.3 6.33 1.2 12 12 11 11 1.1
0.2 016 1 L0 L1 4 59 11
3.4 376 12 L1 12 44 49 45
1.3 1.64 12 12 12 1.1 11 1.2
6.2 14.5 10 10 11 09 09 10
27.0 42 .9 1.0
36.4 28.2 09 09 09 10 10 10
25.4 12.6 0.7 07 07 09 09 0.9
4.8 1.7 0.7 07 07 09 09 0.9
0.2 0.1 0.7 07 07 10 09 10
91.9 94.0 1.0 1.0
8.1 6.0 0.8 08 09 09 09 0.9
71.3 51.8 1.0 1.0
26.8 46.3 14 14 15 12 12 1.2
0.9 0.8 11 10 11 10 10 1.1
0.1 0.1 14 13 15 12 11 13
1.0 0.9 10 10 11 10 09 10
51.3 51.2 10 10 10 10 10 10
76.75 53.3 1.0 1.0
23.25 46.7 16 16 16 13 13 1.3
2.9 2.9 10 10 10 10 10 1.0
16.2 16.4 10 10 10 10 10 10
33.3 334 10 10 10 10 10 1.0
24.0 24.2 10 10 10 10 10 10
15.2 14.9 10 10 10 10 10 1.0
7.6 7.5 1.0 1.0
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Table 1.2b (cont’d)

Smoke
No
Yes
Hypertension
No
Yes

87.6
11.7

80.0
19.3

1.0
1.3

1.0

13 14

10 11

1.0
1.2
1.0
1.0

1.1 12

1.0 11

®RR calculated using modified Poisson regression with robust error variances (Zhao, K.)

®Adjusted for all other covariates listed.
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Table 1.3 Estimates from adjusted logistic model of association between prior PTB and
residential change for mothers at successive birth?

Birth 2 Birth 3
OR 95% ClI OR 95% ClI

PTB At Index Birth 1.0 1.0 1.0 1.1 1.0 1.1
Age

<20 0.8 0.8 0.8 1.0 0.9 1.0

20-24 (ref) 1.0 1.0

25-29 0.7 0.7 0.7 0.8 0.8 0.9

30-34 0.5 0.5 0.6 0.7 0.6 0.7

35-40 0.5 0.5 0.5 0.6 0.6 0.7

>40 0.5 0.5 0.5 0.7 0.6 0.7
Race/Ethnicity

NHW 1.0 1.0

NHB 2.0 2.0 2.0 2.2 2.1 2.3

Hispanic 1.4 1.4 1.5 1.4 1.3 1.4

NH Native American 1.0 0.9 1.2 0.9 0.7 1.2

NH Asian/Pacific Is. 1.4 1.4 14 1.3 1.3 1.4

Mixed/Other/Missing 1.5 1.5 1.6 1.4 1.3 1.5
Marital Change from Index Birth

No change (ref) 1.0 1.0

Divorce 2.5 24 2.6 3.3 3.1 3.6

Married 2.8 2.7 2.8 1.9 1.9 2.0
Smoke

No 1.0 1.0

Yes 1.6 1.6 1.7 1.7 1.7 1.7

Unknown 1.0 0.9 1.1 1.1 1.0 1.3

# ORs derived using logistic regression models adjusted for all other covariates in the model
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Table A.1 Maternal characteristics at index birth stratified by geocoded status among
singleton births in Michigan Birth File 1990-2012

Geocode Complete

Geocode not

complete?
n= 2,277,545 n= 505,625

Maternal Characteristics at first birth n % n %
Race
Non-Hispanic White 1,643,120 721 408,827 80.9
Non-Hispanic black 432,728 190 63,462 126
Hispanic 103,006 4.5 17,323 3.4
Non-Hispanic American Indian/ Alaska Native 10,343 0.5 4,373 0.9
Non-Hispanic Asian/Pacific Islander 60,698 2.7 10,572 2.1
Non-Hispanic Mixed race / other/ missing 27,650 1.2 1,068 0.2
Age

<20 239,525 106 59,988 11.9

20-24 547,415 24.2 139,347 27.7

25-29 670,769 29.7 155,810 31.0

30-34 548,042 24.3 106,687 21.2

35-40 229,105 10.1 37,927 7.5

>40 24,966 1.1 3,269 0.7
Nativity

US born 2,073,456  91.0 485,620 96.0

Foreign born 204,089 9.0 20,005 4.0
Insurance Payer

Private 1,427,744  62.7 321,967 63.7

Medicaid 802,473 35.2 165,960 32.8

Self-pay 22,589 1.0 9,313 1.8

Other 3,837 0.2 567 0.1

Missing 20,902 0.9 7,818 1.6
Infant sex -male 1,166,988  51.2 259,474 51.3
Marital Status

Married 1469135 645 369,931 73.2

Unmarried 808410 35.5 135,694 26.8
Education

Less than HS 59,854 2.6 11,350 2.2

Some HS 329,160 145 76,480 15.1

High School (HS) 733,860 32.2 197,159 39.0

Some college 593,514 26.1 124,462 24.6

College graduate 354,419 156 62515 124

Greater than college 206,738 9.1 33,659 6.7
Parity

Nulliparous 908,095 39.9 210,833 42
(O live births)

Primiparous 733,341 32.2 165,697 33

(1 previous live birth)



Table A.1 (cont’d)

Multiparous

(>1 previous live births)
Birth outcomes
PTB

No

Yes
SGA

No

Yes
LGA

No

Yes

636,109

2,065,969
211,576

2,029,387
248,158

2,071,814
205,731

27.9

90.7
9.3

89
11

91.0
9.0

129,095

460,844
44,781

455,150
50,475

454,698
50,927

26

91.1
8.9

90.0
10.0

89.9
10.1

& census tract missing, not Michigan, or incomplete
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Table A.2 Geocoded missing status by infant year of birth in singleton Michigan births

1989-2012
Geocoded Missing Geocode
Infant Birth Year n % n %
1989 - 0 131,357 100
1990 96,169 70.2 40,782 29.8
1991 93,784 70.4 39,481 29.6
1992 90,833 70.6 37,768 29.4
1993 88,145 70.5 36,901 29.5
1994 83,220 68.8 37,819 31.3
1995 102,232 87.0 15,293 13.0
1996 78,613 67.8 37,331 32.2
1997 77,323 67.1 37,995 33.0
1998 81,727 70.8 33,666 29.2
1999 80,437 69.8 34,740 30.2
2000 114,292 97.8 2,565 2.2
2001 113,455 97.9 2,467 2.1
2002 111,098 98.1 2,153 1.9
2003 111,276 98.0 2,275 2.0
2004 109,054 98.0 2,175 2.0
2005 107,908 97.9 2,266 2.1
2006 109,461 98.3 1,941 1.7
2007 108,327 98.2 1,964 1.8
2008 109,860 99.0 1,085 1.0
2009 102,232 99.2 842 0.8
2010 100,068 99.3 745 0.7
2011 104,089 99.0 1,059 1.0
2012 103,942 99.1 955 0.9
Total 2,277,545 81.8 505,625 18.2
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Table A.3 Paternal characteristics overall and stratified by maternal PTB outcomes among
singleton Michigan Births 1990-2012

Overall PTB
Paternal Characteristics No Yes
n % n %
Race
Non-Hispanic White 1,452,507 1,345,472 92,6 107,035 74
Non-Hispanic black 224,592 195,235 869 29,357 13.1
Hispanic 90,021 82,350 915 7,671 8.5
Non-Hispanic American Indian/ 9,196 8,413 91.5 783 8.5
Alaska Native
Non-Hispanic Asian/Pacific 53,407 49,476 926 3,931 74
Islander
Non-Hispanic Mixed race / 446,012 383,356 86.0 62,656 14.1
other/ missing
Age
Missing 34,776 31,784 914 2,992 8.6
<20 57,065 50,506 885 6,559 115
20-24 276,403 250,963 90.8 25440 9.2
25-29 513,948 473,898 92.2 40,060 7.8
30-34 561,571 519,529 925 42,042 75
35-40 314,991 289,401 919 25590 8.1
>40 516,981 448,221 86.7 68,760 13.3
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Table A.4 Maternal characteristics and poverty exposure by ordering of preterm birth outcomes across two pregnancies, births 1
to 2, and births 2 to 3 among singleton births in Michigan 1990-2010

PTB Outcomes
Births 1 to 2 Births 2 to 3
Term Preterm Term Preterm | Term Preterm Term Preterm
Term Term Preterm Preterm | Term Term Preterm Preterm

Maternal Characteristics at first birth n n n n n n n n
Total 762,954 62,494 54,346 15,420 | 151,747 11,102 12,028 3,079
Race
NHW 290,891 21,012 17,383 4,660 | 110,856 6,443 7,177 1,507
NHB 50,920 6,842 6,739 2,261 24,388 3,357 3,368 1,245
Hispanic 18,870 1,646 1,427 367 8,702 667 809 163
NH AI/AN 576 47 44 6 237 25 18 1
NH A/PI 14,344 1,210 1,072 287 5,380 440 455 114
Non-Hispanic Mixed race / other/ missing 5,876 490 508 129 2,184 170 201 49
Age

<20 80,733 9,135 8,344 2,366 14,163 2,033 1,708 607

20-24 110,209 8,621 8,085 2,101 52,081 4,404 4,751 1,265

25-29 118,716 7,935 6,366 1,811 50,389 2,754 3,421 720

30-34 59,264 4,396 3,467 1,137 29,837 1,578 1,809 406

35-40 11,992 1,099 856 279 5,062 319 321 80

>40 563 61 55 16 215 14 18 1
Nativity

US born 352,561 29,198 25,312 7,287 | 140,893 10,386 11,286 2,948

Foreign born 28,916 2,049 1,861 423 10,854 716 742 131
Insurance Payer

Private 257,753 19,204 15,868 4577 95,531 5,853 6,254 1,481

Medicaid 117,168 11,443 10,861 2,985 53,294 5,029 5,577 1,528

Self-pay 2,499 252 159 67 1,327 106 86 26

Other 362 34 25 9 167 11 13 4

Unknown 3,695 314 260 72 1,428 103 98 40
Infant sex -male 194,878 16,940 14,095 4,200 77,436 5,997 6,107 1,636
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Table A.4 (cont’d)

Marital Status
Married
Unmarried
Education
Less than HS
Some HS
High School (HS)
Some college
College graduate
Greater than college
Smoke
No
Yes
Birth outcomes
SGA
no
yes
LGA
no
yes

Mean neighborhood poverty rate

240,252
141,225

10,119
56,578
116,695
89,970
58,352
31,006

330,665
47,059
338,127
43,350

354,003
27,474

0.13
(0.12)

16,492
14,755

887
4,730
9,623
7,370
4,759
2,538

26,746
4,133
27,471
3,776

28,760
2,487

0.15
(0.13)
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13,395
13,778

730
3,950
8,491
6,181
4,125
2,123

22,756
4,162
21,916
5,257

25,823
1,350

0.16
(0.14)

3,817
3,893

216
1,165
2,372
1,832
1,138

618

6,484
1,143
6,525
1,185

7,385
325

0.16
(0.14)

102,062
49,685

4,361

24,689
50,627
36,522
22,937
11,553

128,048
22,578
138,991
12,756

136,866
14,881

0.14
(0.13)

5,646
5,456

323
1,850
3,771
2,656
1,622

775

8,929
2,085
10,237
865

9,758
1,344

0.18
(0.14)

6,230
5,798

340
1,964
4,008
2,951
1,759

898

9,546
2,376
10,076
1,952

11,261
767

0.18
(0.14)

1,323
1,756

94
505
1,016
741
469
213

2,420
632
2,705
374

2,888
191

0.20
(0.15)



Table A5 Residential mobility status® (mover, non-mover) and percent neighborhood poverty by ordering of preterm birth
outcomes across two pregnancies, births 1 to 2, and births 2 to 3 among singleton births in Michigan 1990-2010

PTB Outcomes
Births 1 to 2 Births 2 to 3

Term Preterm Term Preterm Term Preterm Term Preterm
Term Term Preterm  Preterm Term Term Preterm Preterm

Movers 189,375 16,476 14,676 4,075 189,375 16,476 14,676 4,075

Mean poverty rate 0.143 0.166 0.174 0.182 0.143 0.166 0.174 0.182
birth 1 (0.124) (0.136) (0.138) (0.142) (0.124) (0.136) (0.138) (0.142)
Mean poverty rate 0.143 0.167 0.175 0.180 0.143 0.167 0.175 0.180
birth 2 (0.126) (0.136) (0.141) (0.146) (0.126) (0.136) (0.141) (0.146)
Mean poverty rate change 0.000 0.001 0.001 -0.001 0.000 0.001 0.001 -0.001
(0.123) (0.135) (0.137) (0.139) (0.123) (0.135) 0.137) (0.139)

Non-Movers 192,102 14,771 12,497 3,635 192,102 189,375 14,771 3,635
Mean poverty rate 0.110 0.127 0.140 0.139 0.110 0.127 0.140 0.139
Birth 1 (0.103) (0.117) (0.127) (0.227) (0.103) (0.117) (0.227) (0.127)
Mean poverty rate 0.117 0.133 0.147 0.145 0.117 0.133 0.147 0.145
birth 2 (0.207) (0.120) (0.129) (0.130) (0.207) (0.120) (0.129) (0.130)
Mean poverty rate 0.007 0.006 0.006 0.006 0.007 0.006 0.006 0.006
change (0.030) (0.033) 0.033 (0.032) (0.030) (0.033) (0.033) (0.032)

Determined from geocoded residential address census tract change between births

45



Table A.6 Table poverty variable derivation and missing poverty values

NCDB Ncdb.sas7bdat
Variable Year | Decisions Missing | N Total Percent
code Missing | Census Missing
Tracts
POVRATY9 |1990 | -- 0 65 2813 2.0%
POVRATA | 2000 |-- 0 62 2813 2.0%
POVRATI1A | 2010 | -- -999 65 2813 2.0%
Total -- 200 8439 2.0%
NCDB ncdbrecode.sas7bdat
recode
POV90 1990 | if povrat9=0 and 51 2813 1.8%
ninetiesD=0 then
pova0=.;
else pov90=povrat9;
if povrat9=0 and
povrata>0 then
pov90=povrata
POVO00 2000 | if povrata=0 and 53 2813 1.8%
aughtsD=0 then
pov00=.;
else if povrata=0 and
povrat9>0 then
pov00=povrat9;
else pov00O=povrata;
POV10 2010 | if povratla=-999 and 52 2813 1.8%
povrata<=0 then
pov10=;
else if povratla=-999
and povrata>0 then
pov10=povrata;
else pov10=povratla,;
Total 8439 1.8%
ACS 2012 acs2012.sas7bdat
pov 2012 | -- 68 2813 2.4%
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Table A.6 (cont’d)

Linear interpolatedpov.sas7bdat

Interpolation

pov 1990-
2012

Proc expand
data=work.addyear?
out=work.year
from=year10 to=year
method=join;

by ge02010 notsorted,;
id yearD;

run;

proc expand data=pov2
out=pova method=join;
by ge02010;

ID BXYEAR,;

run;

1,254

64,699

1.9
%

Full eligible | NPfinal.sas7dbat

dataset

pov

proc sql;

create table poverty as
select L.*,

R. pov

from normalizedcensus L
left join interpolatedpov R
on l.nbxyear=r.bx and
I.long10=r.geo;

quit;

1,810
Birth
records
missing
poverty

2,277,545

total

Birth Records

0.08
%

Final Eligible Births

NPmibirths.sas7bdat

22757
35

pov 1990-
2012

>1 birth after poverty
missing and all other
inclusion criteria
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STUDY 2

Introduction
Neighborhood poverty at the time of delivery is considered a risk factor for adverse birth

outcomes (David and Messer 2011; Croteau, Marcoux, and Brisson 2007; Braveman et al. 2010;
Meyer, Warren, and Reisine 2007). Neighborhood poverty may also be increasing over time.
Using U.S. census data, one study reported that in the U.S. between 1980 and 2014, a
combination of growing income segregation and muted economic performance have increased
the risk for living in high-poverty neighborhoods (Iceland and Hernandez 2017). Alarmingly, the
extreme poverty has grown at a disproportionate rate meaning a greater percentage of people are
experiencing the highest levels of neighborhood poverty (Jargowsky 1998).

The association between neighborhood poverty and birth outcomes have been extensively
studied (Messer et al. 2006; O’Campo et al. 2008; Holzman et al. 2009a; Schempf et al. 2011; J.
W. Collins, Rankin, and David 2015; Pearl et al. 2018; Bruckner, Kane, and Gailey 2019). The
associations between neighborhood poverty trajectories, changes in level of poverty over time,
have studied less. Primarily, this type of socioeconomic trajectory has been studied as an
individual trajectory in relation to small for gestational age (Love et al. 2010; Osypuk et al. 2016;
Slaughter-Acey et al. 2016; J. W. Collins, Mariani, and Rankin 2018) and low birth weight
(Spencer 2004; Colen CG et al. 2006; Love et al. 2010; Osypuk et al. 2016). Fewer studies
measure neighborhood poverty trajectory and PTB (Love et al. 2010; J. J. Collins et al. 2007;
Collins, Rankin, and David 2015; Kramer, Dunlop, and Hogue 2014). One study (Collins,
Rankin, and David 2011) used inter-generationally linked records of African American women
comparing economic trajectory from childhood to adulthood in the association of PTB. They
reported decreased risk for PTB among African American women who experienced

neighborhood poverty in childhood with strong upward trajectory as adults (0.7 RR (95% CI.:0.6,
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0.8)) and modest upward trajectory (0.8 RR (95% CI: 0.7, 0.9) and weak upward trajectory (0.9
RR (95% CI: 0.8, 0.9)) compared to those who stayed in high neighborhood poverty. They report
increased risk of PTB for white women who experience downward poverty trajectory, starting
from low neighborhood poverty in childhood and experienced slight 1.2 (95% ClI: 1.0, 4.0),
moderate RR 1.6 (95% CI: 1.3, 1.9), and extreme RR 1.9 (95% CI 1.3, 2.6) downward poverty,
respectively, compared to white women who continued in low neighborhood poverty (J. W.
Collins, Rankin, and David 2015). Another study that used longitudinally linked births in
Georgia to evaluate cumulative neighborhood deprivation reported a modest association between
neighborhood deprivation, using the Neighborhood Deprivation Index (NDI) and PTB (adjusted
RD 0.95 (95% ClI: 0.79—1.12) with strong effect modification by history of prior PTB and
significant differences by race for black but not white women with increasing age (Kramer,
Dunlop, and Hogue 2014). Though limited, increasingly studies of neighborhood poverty based
trajectory consistently show that large changes in neighborhood poverty, in either direction, are
associated with PTB. Upward trajectory, moving away from poverty, has been associated with a
modest reduction in preterm birth although this has not been consistent for all race/ethnicities
and may be subject to effect modification by mother’s own birth history (Collins, Rankin, and
David 2011). One potential explanation for the paucity of this type of investigation is the need
for longitudinally data linked in order to evaluate changes measured over multiple time points.
We previously reported on residential mobility in Michigan using a maternally-linked
longitudinal dataset (Study 1) where we found that approximately half of women in the Michigan
birth data move between pregnancies. As this type of investigation may be increasingly utilized
as more longitudinal datasets become available with area-based geocoding, we were interested in

investigating how residential mobility would modify the association between neighborhood
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poverty trajectory and PTB. In that sense, neighborhood poverty trajectory occurred either as a
result of moving to a neighborhood with a different level of poverty or as the neighborhood
poverty conditions either deteriorated or improved.

We aimed to determine whether mothers experienced neighborhood poverty trajectory
changes between successive pregnancies and if those changes are different for movers compared
to non-movers. We aimed to address if poverty trajectory changes were driven more by the act of
moving or by the neighborhoods changing in order to evaluate how these changes related to
preterm birth outcomes. We hypothesized that the poverty changes, measured by at least a
quartile change in neighborhood poverty status across births, will be greater for movers than
non-movers. We then aimed to examine the association between neighborhood poverty trajectory
and PTB. We hypothesized consistent with previous finding there will be a modest association
between upward trajectory and a reduction in PTB. We then further controlled for individual-
level characteristics associated with adverse birth outcomes and evaluate the role of poverty

trajectory in these relationships.

Methods

Study Data and Population
Birth data files were linked by the Michigan Department of Health and Human Services

to create maternally-linked births files that include a mother and all of her successive
pregnancies in the state of Michigan during the study time period, 1990-2012. Women who had a
previous birth outside of Michigan were excluded from this analysis as we did not have access to
inter-state birth records. We further restrict our analysis to at least 2 births to compare across
birth time points. As a final restriction we limit birth records including up to the third birth to
control for confounding of the association between neighborhood poverty and PTB by parity and

as this captures the majority of our full eligible sample had three or less births.
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We used a normalized dataset as the source for our poverty rate, the Neighborhood
Change Database. This dataset allowed comparisons of census tract poverty rates across different
census years by normalizing tract boundary changes to the 2010 decennial census tract
boundaries. For our purposes, the NCDB allows comparison across 3 decennial census years in
our study period: 1990, 2000, and 2010. Census tracts are designed to be stable statistical
groupings that reflect natural geographic boundaries and homogenous groups that encompass the
“neighborhood” (Geography n.d.) However, they do evolve over time and may be split due to
population growth or merged as a result of substantial population decline. In Michigan there
were 2,552 census tracts recorded in the 1990 census, 2,717 census tracts in the 2000 census, and
2,813 census tracts recorded in the American Community Survey and 2010 census (Bureau n.d.;
n.d.). We performed linear interpolation of census tract poverty rate for each infant birth year
between decennial census periods and using American Community Survey data. We used a
longitudinal database as a crosswalk reference between the 1990 to 2010 and 2000 to 2010 to
allow linkage between the normalized poverty data and Michigan Birth files for census tracts that

had been merged or split (Logan, Xu, and Stults 2014).

Measures
Residential Mobility We define residential mobility as successive changes in census tract

based on geocoding of maternal residence at live birth. Residential mobility is categorized as
mover (changed census tract) or non-mover (did not change census tract) at the time of the
successive live birth.

Neighborhood Poverty Trajectory Previous studies have examined changes in
neighborhood poverty rates across multiple time points as a determinant in birth outcomes. There
is however no standard approach for how to measure these socioeconomic changes. The use of

cut points to define socioeconomic changes vary from relative definitions such as quartiles
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(Janevic et al. 2010; J. W. Collins, Rankin, and David 2015; Slaughter-Acey et al. 2016;
Bruckner, Kane, and Gailey 2019), absolute poverty levels (Margerison-Zilko et al. 2015) or
dichotomous high/low (Pearl et al. 2018; Heinonen et al. 2013). The measurement of
socioeconomic change range from individual socioeconomic position (Osypuk et al. 2016;
Slaughter-Acey et al. 2016) to occupational status (Heinonen et al. 2013) to neighborhood
deprivation indices (O’Campo et al. 2008; Holzman et al. 2009b; Bruckner, Kane, and Gailey
2019), or neighborhood poverty rate (Margerison-Zilko et al. 2015). The defined study periods
for examining socioeconomic changes vary as well depending on the hypothesis being tested, but
are conceptually within the individual (e.g., childhood to adulthood, birth 1 to birth 2) or
intergenerational (e.g., grandmother to grandchild). For this study, we seek to understand the
relationship between socioeconomic change, measured as changes in neighborhood poverty rate
that we term “neighborhood poverty trajectory’, and birth outcomes for an individual during a
mother’s adulthood (years 15-44) over successive births, or times. This type of change has been
previously examined in relation to PTB using intergenerational births(Pearl et al. 2018; J. W.
Collins, Mariani, and Rankin 2018; J. W. Collins, Rankin, and David 2015) and across an
individual mother’s successive births(Bruckner, Kane, and Gailey 2019).

Based on previous studies, we calculated a neighborhood poverty trajectory score based a
mother’s level of neighborhood poverty trajectory away from, or into poverty. We first compared
neighborhood poverty rates of maternal address at each birth (census tract) based on quartile cut
points from the linearly interpolated neighborhood poverty (Q1: <0.05, Q2: >=0.05 and <0.09,
Q3:>=0.09 and <0.017, Q4: >0.17). These quartile categories represent neighborhoods with the
least percentage of poverty (Q1) to those with the highest percentage of poverty (Q4). We then

compared changes in neighborhood poverty rates across time points between two successive
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pregnancies restricted to within state migration. We defined neighborhood poverty trajectory as
any quartile change in census tract poverty between two successive pregnancies in Michigan
based on quartile cut points from the linearly interpolated poverty data (Q1,: 0.05, Q2: >=0.05
and <0.09, Q3: >=0.09 and <0.017, Q4: >0.17 ). We created neighborhood poverty trajectory
categorical variables representing these changes: strong downward (Q1 to Q4), moderate
downward (a 2-quartile move into higher percentage poverty), and weak downward (a 1-quartile
move into higher poverty), strong upward (Q4 to Q1), moderate upward (a 2-quartile move to
away from poverty), weak upward (a 1-quartile move away from poverty), and static mobility.
Again consistent with previous studies(Bruckner, Kane, and Gailey 2019), the static trajectory
category serves as a reference category for neighborhood poverty trajectory but represents both
women who did not move and did not experience a quartile change in neighborhood poverty rate
and women who moved to neighborhood with similar (within the same poverty quartile)
neighborhood poverty rate. Finally, women who did not move could be classified in an upward
or downward trajectory if the neighborhood changed poverty levels between her successive live
births.

Maternal characteristics Maternal characteristics included age (<20, 20-24, 25-29, 30-34,
35-40, >40), race/ethnicity (non-Hispanic white [NHW], non-Hispanic black [NHB], Hispanic,
non-Hispanic American Indian / Alaska Native [Al/AN], non-Hispanic Asian/Pacific Islander
[A/P1], and non-Hispanic mixed race/other), nativity (US born, foreign born), parity (nulliparous,
primiparous, multiparous), marital status (married, not married), educational attainment (some
high school, high school, some college, college, greater than college), insurance pay source at
birth (private, Medicaid, self-pay, other, unknown), smoking during pregnancy (yes, no,

unknown) and hypertension during pregnancy (yes, no).
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Preterm Birth PTB is our dependent variable, defined as less than 37 completed weeks at
delivery. This is a binary (yes/no) variable and is reported at index, or initial, birth and
successive, or subsequent, births for a mother. The gestational age is listed on the birth certificate
based on clinical estimate of gestation. We also examine gestational age of PTB (<32, 32-36, 37)
and fetal growth (SGA: infants with <10 percentile birthweight, AGA: infants with between 10-
9™ percentile birthweight, and LGA: infants with >90™ percentile birthweight) in a sensitivity
analysis but these are not in our main analysis as there may be distinct etiologies related to

mechanistic pathway.

Statistical Analysis
We first reported univariate and bivariate analysis for neighborhood poverty trajectory

and residential mobility. Our strategy was to understand how much of neighborhood poverty
trajectory was driven by residential mobility. We calculated unadjusted relative risk and 95%
confidence intervals for the relationship between neighborhood trajectory and residential
mobility, using static trajectory as the reference group similar to previous work. Successive PTB
rates were then calculated within each quartile of poverty. Crude PTB rate per 1000 live births
were calculated by neighborhood poverty trajectory.

We then performed modified Poisson regression with robust standard error multivariable
adjusted models and neighborhood poverty trajectories and PTB. The models were adjusted for a
priori covariates (maternal age, parity, educational attainment and smoking during pregnancy)
thought to confound the association between neighborhood mobility trajectory and PTB. We also
adjusted for PTB at the index birth which may cause an issue with selection if it influences the
women’s neighborhood poverty mobility. For example, if a heathier mother who has a lower risk
of PTB shows stronger upward mobility compared with a mother at higher risk for PTB then we

may expect our model to be confounded by not including PTB at the index birth. This is also
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consistent with the healthy migrant theory which postulates that healthier women are more likely
to move, however in our study we focused on health relative to prior PTB.

In sensitivity analyses we performed modified Poisson regression with robust standard
error adjusted models to assess the association between neighborhood poverty quartile and PTB.
We then tested the static trajectory group for association of poverty quartile category and PTB
using chi-square test for general association and using Mantel-haenszal chi-square test for trend.
Although this group represents no change in neighborhood mobility trajectory it also represents
varying levels of neighborhood poverty by quartile. We sought to examine if there was
increasing PTB with increasing neighborhood poverty among this group as it serves as the
reference group for neighborhood trajectory. We then examined the associations between our
neighborhood poverty trajectory categories using only static trajectory of the lowest poverty
group (Q1) as the reference. Finally, we also examined PTB by levels of gestational age (<28,
28-<32, 32-<34, 34-<37).

Results

Table 2.1 shows the distribution of neighborhood poverty trajectories stratified by
residential mobility. Most women in both birth samples (births 1 to 2, n=447,607; births 2 to 3,
n=117,956) experienced static neighborhood poverty trajectory. Of the static trajectory category,
65.1% were non-movers compared to 34.9% movers. Movers experienced greater risk of both
upward and downward poverty trajectory (compared to static trajectory) than non-movers. The
relative risk of moving mirrored in either direction, where movers had 2.8 times the risk
compared to non-movers for both strong upward and downward poverty trajectory. This mirror
pattern remained consistent across all measured levels of parity, although the risk was slightly

reduced by the 3" birth (RR: 2.6).

59



Table 2.2 arrays the percent PTB births at the successive birth by quartile of
neighborhood poverty at index birth (horizontal) and successive birth (vertical) across births 1 to
2 and births 2 to 3. The bold diagonal on these arrays shows women whose neighborhood
poverty stayed in the same quartile of poverty across both births and includes both lateral
movers, in that the residence changed but the poverty quartile did not, and non-movers who did
not experience a quartile change in poverty. The remaining values show neighborhood poverty
trajectory, which accounts for approximately 36% of women at birth 2 and 35% of women at
birth 3. The quartile representing the static trajectory (Q4 and Q4) with the highest poverty rate
also has the highest rate of PTB in both birth samples (11.4% births 1 to 2; 12.3% births 2 to 3).
Only 7.4% of women experienced PTB who exhibited strong upward trajectory (Q4 to Q1) from
births 1 to 2, and 8.7% of women who had strong upward trajectory experience PTB from birth 2
to 3. In comparison, women who had strong downward trajectory (Q1 to Q4) experienced 8.6%
of PTB from births 1 to 2, and 10.6% for births 2 to 3.

Table 2.3 shows the crude PTB rates per 100 live births by level of mother’s trajectory
from previous live birth (Appendix tables B.5 and B.6 present the PTB rates per 100 live births
per calendar year). Strong downward trajectory was associated with the highest rate of PTB per
live birth at both the second (8.65 cases/100 live births) and third birth (10.60 cases/live births).
Strong upward trajectory did not show a reduction in the crude rate of PTB. The lowest crude
rate of PTB at the second birth occurred in the weak downward trajectory category while at the
third birth it occurred in the weak upward category. The majority of cases of PTB occurred in the
static trajectory category, representing no change in neighborhood poverty.

Table 2.4 shows the multivariable adjusted association of neighborhood poverty

trajectories with PTB at the successive birth. In crude and adjusted models, strong upward
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poverty trajectory was modestly associated with a slight reduction in odds of PTB but the
association was not significant (Crude OR 0.93, 95% CI: 0.83-1.03; Adjusted OR: 0.94, 95% ClI:
0.84-1.06). Weak downward trajectory between births was significantly associated with a 10%
decrease in the odds of PTB at the successive birth (OR: 0.90, 95% CI: 0.87 -0.93) in crude
models and adjusted models (OR: 0.90, 95% CI: 0.87-0.93). In the adjusted model, the direction
of the association is inconsistent with the direction of trajectory. For example, weak upward
trajectory showed slightly decreased odds of PTB at successive birth (OR: 0.96, 95% ClI: 0.93-
0.99), while moderate upward trajectory had an increased odds of PTB (OR: 1.05, 95% CI: 1.00-
1.12), and strong upward trajectory was again protective. The strongest association was seen in
the strong downward trajectory between births 2 and 3 with a 27% increase in the odds of PTB

(OR:1.27, 95%Cl 1.07-1.50).

Discussion
We had previously reported a large percentage of women move between pregnancies, but

we find here that there is limited trajectory across poverty levels (movers move to similar levels
of poverty) and that there is only a modest association between neighborhood poverty trajectory
and PTB during our study time period. The majority of PTB cases occurred in the static
trajectory category (table 2.1) which is comprised of more non-movers than movers (63.0%
versus 37.0%). This is consistent with our findings that the majority of women experience static
trajectory and that neighborhood poverty trajectory was only modestly related to PTB. However,
we also saw the highest rates of PTB among the poorest quartile of neighborhood poverty.
Overall, women who started in low poverty had a lower percentage of PTB compared to women
who started in high poverty. Our findings were similar across two levels of birth parity.

We hypothesized that upward trajectory would be associated with a reduction in PTB

consistent with other published results. We found evidence of a modest protective association
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between strong upward neighborhood poverty trajectory and PTB between birth 1 and 2. We also
found a significant protective association with PTB among women who experienced weak
downward neighborhood poverty trajectory between birth 1 and 2. As this group is comprised of
more non-movers than any other level of neighborhood poverty trajectory there may be some
confounding by residential mobility status. We may also have measured two simultaneous
associations between moving itself and a change in poverty level. It may be useful to examine
this further by stratifying by moving status in the association between poverty trajectory and
PTB. We might also examine women who had the same change (e.g., Q1 to Q3) who moved and
who did not move. In the association between neighborhood poverty trajectory and PTB we
found the strongest association with strong downward trajectory between birth 2 and 3 with OR
1.2 (95%CI: 1.0-1.3). As downward poverty trajectory represents an unfavorable poverty
condition and this group represents an increase in the total number of children we suspect this
may represent a more unexpected downturn or stress pathway.

We also used a static neighborhood poverty trajectory as our reference group, consistent
with another study of neighborhood poverty trajectory (Bruckner, 2019). However, our choice in
reference group may have introduced confounding into our model as it static included all levels
of neighborhood poverty that did not change. In sensitivity analysis we compare the association
of neighborhood poverty trajectory using a restricted reference group. This group is comprised of
the lowest risk group, the static Q1 low poverty group. We found increased odds of PTB for
births 1 to 2 with strong downward neighborhood trajectory (OR 1.2, 95% CI 1.0-1.3) but also
increased odds of PTB among strong upward neighborhood poverty trajectory (OR 1.1, 95%CI:

1.1- 1.2) compared to the static trajectory group of lowest neighborhood poverty quartile(Table
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B.4). This is more consistent with the estimation methods used by Collins et al. when they used
reference groups of lowest risk.
Limitations

While this study offers important contributions to our understanding of neighborhood
poverty trajectories and PTB, there are several important limitations to interpreting and
generalizing our results. First, our sample excludes women with only one birth. This limits the
generalizability of our study and may not truly define the PTB risk if mothers with a first PTB
delayed or discontinued subsequent childbearing.

We reported the proportion of PTB by quartile of neighborhood poverty rate at the index
and successive births. However, we did not investigate the distribution of maternal
characteristics by quartile of neighborhood poverty rate. We therefore cannot conclusively
determine the role of structural confounding in our model (Messer, Oakes and Mason, 2010). If
for example, our Q4 category, the highest poverty level, also disproportionately represents white
women or women with high educational attainment, such that their exposure differs within the
covariate strata then we may have structural confounding associated with social stratification.
Future investigations using this poverty quartile structure should delineate the categorical
distribution of maternal characteristics. This is necessary in order to allow for meaningful causal
contrasts by level of poverty exposure, or exchangeability (Greenland and Robins, 2009; Messer,
Oakes and Mason, 2010), Previous studies measured neighborhood poverty trajectory across a
larger time period from childhood to adulthood for early-life exposure to poverty which may bias
our results if, for example, women in our study were born into high poverty but now reside in
low poverty. We do not have information in our study about childhood poverty exposure. Our

study period may not be early enough to measure critical windows of exposure for subsequent
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PTB outcomes related to poverty trajectory. While our study time frame is broad it may represent
too acute a time period for change in trajectory to be associated with PTB. We also do not have
information on the mother’s own birth histories which may be relevant as a previous report
suggest women who had adverse birth events as infants may be more likely to have PTB with
increased neighborhood poverty exposure (J. W. Collins, Rankin, and David 2011). Further
examination of this potential for residual confounding is warranted. We also do not have detailed
socioeconomic data on the mother or her family unit, such as her employment and partner’s
socioeconomic status. We therefore cannot make inference about the motivations for trajectory
and the relationship to birth outcomes. Finally, we used a relative measure of poverty trajectory,
quartiles based on the population neighborhood poverty rate, but an alternate specification, such
as absolute poverty levels, may be more informative as it relates to policy decisions (such as the
U.S. Census guidelines for high poverty >20% (Bureau n.d.)).

In summary, this study extends the work on associations between neighborhood poverty
trajectories and adverse birth outcomes using a large sample of maternally-linked births in
Michigan during the period 1990-2012. We find that non-movers experience some poverty
change through neighborhood changes but the majority of poverty trajectory comes in the form
of moving. Even among movers, there is limited trajectory across poverty groups with the
majority of women remaining in the same quartile of poverty across successive births. PTB is
associated with high levels of neighborhood poverty, but not with neighborhood poverty

trajectory across poverty quartiles.

64



Table 2.1 Neighborhood poverty trajectories at successive birth (upward, downward, static)
stratified by residential status (mover, non-mover) in singleton maternally-linked Michigan
births1990-2012

Births 1 to 2 (n=895,214)

Residential Mobility

Neighborhood Trajectory® Overall Non-Movers  Movers

n % n % n % RR’ 95%CI
Total Mothers 447,607 100 | 223,005 49.8 224,602 50.2
Strong Downward 3,955 09 144 36 3811 94 28 27 28
Moderate Downward 17,133 3.8 950 55 16,183 945 27 27 27
Weak Downward 69,421 155 26,119 37.6 43,302 624 18 18 138
Static 285,662 63.8 | 186,094 65.1 99,568 349 1.0
Weak Upward 50,265 11.2| 9,188 183 41,077 817 23 23 24
Moderate Upward 16,567 3.7 424 26 16,143 974 28 28 28
Strong Upward 4604 1.0 86 19 4518 981 28 28 28

Births 2 to 3 (n=355,912)

Residential Mobility

Neighborhood Trajectory? Overall Non-Movers  Movers

n % n % n % RR° 95%Cl
Total Mothers 177,956 100 | 87,047 48.9 90,909 51.1
Strong Downward 1,405 0.8 51 19 1354 981 26 25 26
Moderate Downward 6,337 3.6 463 26 5874 974 25 24 25
Weak Downward 27,556 155 10,927 178 16,629 823 16 16 1.6
Static 115,193 64.7 | 71,971 625 43,222 375 1.0
Weak Upward 19,375 109 | 3,440 39.7 15935 604 22 22 22
Moderate Upward 6,265 3.5 161 7.3 6104 927 26 26 26
Strong Upward 1825 1.0 34 36 1791 964 26 26 26

2 Quartile cut points from linearly interpolated census data 1990-2012: 0.05, 0.09, and 0.17. Neighborhood poverty
Trajectories are categories of change away, or into poverty based on a quartile change. The strongest change
represents Strong Downward (Q1 to Q4) and Strong Upward (Q4 to Q1).

® Modified Poisson regression of movers versus non-movers by neighborhood poverty trajectory with static
mobility as reference group
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Table 2.2 Percentage of PTB births at successive birth among singleton Michigan births by neighborhood poverty quartile® at

index and successive births

Births 1 to 2 (n=447,607)

Birth 1 (Index Birth)

Neighborhood Poverty Q1 Q2 Q3 Q4

Q1 6.1% (4,735/78,159) 6.3% (1,164/18,427) 7.2% (573/7,979) 7.4%  (340/4,604)
Birth 2 (Successive Q2 6.2% (1,438/23,089) 6.6% (4,443/67,439) 7.3% (1,164/15,963) 9.3%  (795/8,588)
Birth) Q3 6.6% (543/8,197) 6.9% (1,727/25,193) 6.2% (4,425/70,865) 9.4%  (1,488/15,875)

Q4 8.6%  (342/3,955) 9.0% (802/8,936) 8.7% (1,836/21,139) 11.4% (9,068/79,199)
Births 2 to 3 (n=177,956)

Birth 2 (Index birth)

Neighborhood Poverty Q1 Q2 Q3 Q4

Q1 5.6% (1,537/27,252) 6.5% (438/6,771) 7.8% (226/2,880) 8.7%  (159/1,825)
Birth 3 (Successive Q2 6.9% (570/8,228) 6.8% (1,660/24,337) 8.1% (478/5,906) 10.4% (352/3,385)
Birth) Q3 7.9% (222/2,823) 7.8% (792/10,101) 7.6% (1,844/24,384) 9.7%  (652/6,698)

Q4 10.6% (149/1,405) 9.5% (333/3,514) 9.5% (875/9,227) 12.3% (4,820/39,220)

®Neighborhood Poverty Quartiles: Q1 Very Low: <0.05 Q2 Low: >=0.05 and <0.09

Q3 High: >=0.09 and <0.017 Q4 Very High: >=0.17

Table 2.3 Risk per 100 live births of preterm birth (<37 weeks completed gestation) at birth 2 and birth 3 by mother’s
neighborhood poverty trajectory from previous index birth, singleton Michigan Births 1990-2012

Preterm Births at Birth 2

Preterm Births at Birth 3 (n=177,956)

(n=447,607)

Neighborhood Poverty Trajectory Cases Cases per 100 live births Cases Cases per 100 live births
Strong downward 342 8.7 149  10.6

Moderate Downward 1,345 7.9 555 8.8

Weak Downward 5001 7.2 2,237 8.1

Static 22,671 7.9 9,861 8.6

Weak upward 3816 7.6 1,568 8.1

Moderate upward 1,368 8.3 578 9.2

Strong upward 340 7.4 159 8.7
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Table 2.4 Associations of Improved Neighborhood Trajectory Trajectories and Successive Birth Outcomes, Bivariate and
Multivariate Models in Singleton Michigan Births 1990-2012 (n=895,214)

Neighborhood Poverty Trajectory PTB
Crude® Adjusted®
OR (95% CI) OR (95% CI)
Poverty Trajectory Birth 1 to 2
Strong Downward 1.1 1.0 12 1.0 0.9 1.2
Moderate Downward 1.0 0.9 1.1 1.0 0.9 1.1
Weak Downward 0.9* 0.9 0.9 1.0 0.9 1.0
Static (ref) 1.0 1.0
Weak Upward 1.0 0.9 1.0 1.0 1.0 1.0
Moderate Upward 1.0 1.0 1.1 1.1 1.0 1.1
Strong Upward 0.9 0.8 1.0 0.9 0.8 1.0
Poverty Trajectory Birth 2to 3
Strong Downward 1.3 1.1 15 1.2 1.0 1.5
Moderate Downward 1.0 0.9 1.1 1.1 1.0 1.2
Weak Downward 0.9 0.9 1.0 1.0 1.0 1.1
Static (ref) 1.0 1.0
Weak Upward 0.9 0.9 1.0 1.0 1.0 1.1
Moderate Upward 1.1 1.0 1.2 1.1 1.0 1.2
Strong Upward 1.0 0.9 1.2 1.1 0.9 1.2

*Crude is bivariate model. "Adjusted for a priori covariates age, parity, maternal education, race/ethnicity, smoking and prior PTB. PTB preterm birth
<37 weeks *significant p<.0001
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Table B.1 Datasets Mean, SD and Quartile Cut-points of Neighborhood Poverty

Dataset

NCDB
Linear
Interpolated*
All births

All births >1
MI births 1 to
2

MI births 2 to
3

Mean

0.137120
0.145801
0.146822
0.132156

0.147351

SD

0.13092
0.12861
0.12975
0.11947

0.12925

Quiartile Cut-

point 1

0.0492723
0.0527120
0.0525170
0.0494155

0.0537776

Quartile Cut-

point 2

0.0919302
0.0991436
0.0990175
0.0893607

0.1005618

Quiartile Cut-

point 3

0.1736361
0.1992184
0.2020000
0.1724290

0.2020000

* Used as Quartile cut points for all analyses

Table B.2 Bivariate Associations of Quartiles of Neighborhood Poverty® and PTB across all
births, Singleton Michigan Births 1990-2012

Births 1 to 2 Births 2 to 3
Quartiles PTB Odds Ratio  95% ClI PTB Odds Ratio  95% ClI
Q2vsQ1 1.1 1.1 11 1.2 1.1 1.2
Q3vsQ1 1.2 1.2 12 1.3 1.3 14
Q4 vs Q1 1.6 16 1.7 2.0 20 2.1

®Neighborhood Poverty Quartiles:Q1 Very Low: <0.05 Q2 Low: >=0.05 and <0.09
Q4 Very High: >=0.17

<0.017
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Table B.3 Poverty quartile of static neighborhood poverty trajectory (no change) and PTB, and residential mobility at birth 2
(n=285,662)

PTB at Successive Birth Residential Mobility
Quartile of Neighborhood No YES X?  M-HX? Non-Mover  Mover X? M-H X?
Poverty® at index and n % n % n % n %

successive births

Q1-Q1 (n=78,159) 73,424 939 56,675 6.1 <0001 <.0001 56,675 725 21,484 275 <.0001 <.0001

Q2-Q2 (n=67,439) 62,996 934 48,354 6.6 48,354 71.7 19,085 28.3
Q3-Q3 (n=60,865) 56,440 92.7 41,970 7.3 41,970 69.0 18,895 31.0
Q4-Q4 (n=79,199) 70,131 88.6 39,095 11.5 39,095 49.4 40,104 50.6

®Neighborhood Poverty Quartiles: Q1 Very Low: <0.05 Q2 Low: >=0.05and <0.09 Q3 High: >=0.09 and <0.017 Q4 Very High: >=0.17
®X?test for general association
‘Mantel-haenszel test for trend
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Table B.4 Associations of Improved Neighborhood Trajectory Trajectories and Successive

Birth Outcomes, Bivariate and Multivariate Models in Singleton Michigan Births 1990-

2012 (n=146,518) Q1 Static Reference Group

Neighborhood Poverty Trajectory

Crude®
OR
Poverty Trajectory Birth 1 to 2

Strong Downward 15
Moderate Downward 1.3
Weak Downward 1.3
Static (ref) Q1 only 1.0
Weak Upward 1.3
Moderate Upward 1.4
Strong Upward 1.2

(95%

CI)

1.3
1.2
1.2

1.2
1.3
1.1

PTB
Adjusted”
OR (95% CI)
1.7 1.2 1.0
1.4 1.1 1.0
1.4 1.1 1.0
1.0
1.4 1.1 11
15 1.2 1.1
14 1.0 09

1.3
1.2
1.1

1.2
1.3
1.1

“Crude is bivariate model. "Adjusted for a priori covariates age, parity, maternal education, race/ethnicity,

smoking and prior PTB. PTB preterm birth <37 weeks *significant p<.0001
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Table B.5 Risk per 100 live births by calendar year of preterm birth (<37 weeks completed gestation) at birth 2 by level of
mother’s trajectory from birth 1, Singleton Michigan Births 1990-2012

Birth
Year
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
Total

Neighborhood Poverty Trajectory by Quartile Change®

No change Downward Strong Moderate  Weak Upward Weak Moderate  Strong
(inclusive) Downward Downward Downward (inclusive) Upward Upward Upward

47.83 66.67 : 66.67 : 0.00 0.00 : :
12.56 10.66 6.67 13.04 10.71 16.14 17.49 9.26 23.53
8.52 7.03 17.74 4.73 6.43 8.47 8.38 10.63 4.35
8.72 10.05 14.04 13.78 8.74 7.38 6.98 8.15 9.43
8.10 6.84 12.24 5.86 6.55 6.44 6.02 7.09 9.90
8.06 6.64 5.75 6.08 6.83 7.53 6.94 8.49 10.99
8.33 7.41 5.62 9.58 6.94 7.46 6.90 8.87 9.38
8.15 7.39 6.67 8.57 7.16 8.34 8.60 8.23 5.92
8.39 8.89 9.43 8.67 8.91 7.89 7.49 8.25 11.23
8.14 9.90 7.69 7.43 10.76 8.87 8.43 11.44 5.58
8.39 8.36 8.20 8.83 8.24 7.82 7.48 8.89 7.55
9.15 7.79 13.14 8.88 7.27 7.37 7.00 8.82 5.81
7.93 7.74 6.52 7.17 7.93 8.25 8.08 8.33 9.70
8.58 8.50 8.76 8.22 8.55 9.24 9.47 9.33 6.07
6.87 6.53 7.07 7.88 6.24 7.83 7.70 8.44 6.83
7.47 6.77 8.75 7.11 6.60 7.62 7.40 8.67 5.65
7.19 6.21 9.41 7.06 5.85 7.09 6.76 8.57 5.02
6.66 6.81 7.54 6.71 6.80 7.36 7.13 7.82 8.00
7.33 7.11 8.98 7.82 6.84 7.44 7.07 8.52 6.92
6.92 6.69 8.14 7.25 6.47 7.80 8.29 6.94 6.29
6.41 6.39 7.08 6.50 6.30 6.27 6.46 6.48 3.65
8.92 8.58 9.09 9.43 8.31 7.84 7.84 7.07 10.76
9.26 7.69 9.11 8.42 7.40 7.81 8.09 6.90 7.61
7.94 7.39 8.65 7.85 7.20 7.73 7.59 8.26 7.38

Quartile Q1 Very Low: <0.05; Q2 Low: >=0.05 and <0.09 ; Q3 High: >=0.09 and <0.017; Q4 Very High: >=0.17
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Table B.6 Risk per 100 live births by calendar year of preterm birth (<37 weeks completed gestation) at birth 3 by level of
mother’s trajectory from birth 2, Singleton Michigan Births 1990-2012

Birth
Year
1990
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
Total

Neighborhood Poverty Trajectory by Quartile Change®

No change Downward Strong Moderate ~ Weak Upward Weak Moderate  Strong
(inclusive) Downward Downward Downward (inclusive) Upward Upward Upward

0 : : : : : : : :
22.17 6.67 0.00 0.00 10.00 0.00 0.00 0.00 0.00
13.86 11.70 33.33 5.56 11.43 11.11 10.23 17.39 0.00
10.26 11.41 7.69 14.29 11.19 9.72 11.43 5.45 5.88
8.74 11.00 5.88 13.33 10.92 6.28 6.42 2.74 13.79
7.30 8.37 8.33 8.70 8.29 6.99 6.16 9.15 10.00
8.52 6.44 12.00 6.06 6.17 7.19 5.38 10.29 16.98
8.87 10.29 16.67 12.22 9.64 8.16 7.26 10.81 9.80
8.77 9.60 9.38 10.48 9.38 7.61 8.44 6.42 2.67
9.46 8.54 6.25 8.89 8.51 8.51 7.75 12.30 4.94
8.72 8.97 10.81 5.88 9.62 8.16 7.85 8.72 9.52
8.62 8.46 11.29 7.47 8.57 8.70 8.14 9.71 10.00
9.71 8.04 12.31 7.07 8.04 11.36 12.16 10.29 6.67
9.11 9.27 12.66 11.42 8.68 7.39 7.75 7.08 3.70
8.41 8.52 12.22 8.52 8.35 7.40 7.17 8.52 5.75
8.10 8.09 6.82 5.67 8.65 9.53 8.97 10.44 12.77
7.30 7.87 12.09 9.26 7.38 8.04 8.16 7.57 8.65
7.80 6.87 4.21 8.44 6.66 9.16 8.12 12.17 8.57
7.67 7.87 9.00 8.68 7.63 8.50 8.28 9.05 8.61
7.58 7.63 12.75 7.87 7.30 7.02 6.59 7.43 9.63
7.48 7.01 7.25 8.86 6.50 8.09 8.03 9.13 4.63
9.48 9.65 13.64 9.76 9.34 8.71 8.25 9.19 12.17
9.64 9.09 12.40 10.32 8.59 8.92 8.32 10.34 11.71
8.56 8.33 10.60 8.76 8.12 8.39 8.09 9.23 8.71

®Quartile Q1 Very Low: <0.05; Q2 Low: >=0.05 and <0.09 ; Q3 High: >=0.09 and <0.017; Q4 Very High: >=0.17
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Table B.7 Gestational age of preterm births among singleton Michigan births 1990-2012

PTB

Births 1 to 2 Births 2to 3

Gestational age (weeks) (n=73,840) (n=29,288)

n % n %

Extreme Preterm <28 2,940 4.0 971 3.3
Very Preterm >28to 32 5572 7.6 2,028 6.9
Moderate Preterm >32 to 34 8,624 11.7 3,418 11.7
Late Preterm >34 to 37 56,704 76.8 22,871 78.1

Table B.8 Mother’s (N=447,607) Neighborhood Poverty Trajectories by MSA
(Metropolitan, Micropolitan, Rural) Change, Singleton Michigan Births 1 to 2,

1990-2012

Neighborhood Poverty
Trajectories

Strong Downward
Moderate Downward
Weak Downward
Static

Weak Upward
Moderate Upward
Strong Upward

MSA Change from Birth 1 to Birth 2

Microto Metroto Nochange Ruralto Metroto
Metro Rural Metro Micro
4 189 3,723 77 36
33 922 15,820 544 253
142 1,978 66,469 1,508 1,171
141 2,461 283,603 2,529 2,911
59 1,227 47,733 1,683 804
6 406 15,725 687 125
1 57 4,508 114 12
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STUDY 3

Introduction

Individuals who live in high-poverty areas fare worse compared to individuals who live
in low-poverty neighborhoods on a broad range of outcomes not just limited to health but
including economic and educational outcomes (Sampson 2013; Leventhal and Brooks-Gunn
2000). Evidence from neighborhood associations examining deprivation suggests a persistent
association with adverse birth outcomes that remains even after adjustment for neighborhood-
level and individual-level covariates. Increasingly, there is evidence of an association between
upward mobility, moving away from higher poverty areas, and a modest protective effect on
PTB (Kramer 2016; Collins, Mariani, and Rankin 2018; Pearl et al. 2018). However, this
protective effect is not consistent across racial groups and may be modified by early-life poverty
status (Collins, Mariani, and Rankin 2018; Collins, Rankin, and David 2015). Further,
neighborhoods are not discrete entities but reflect larger societal patterns such that Non-Hispanic
Black women are more likely than Non-Hispanic White women to reside in neighborhoods with
high deprivation, increased crime, and diminished housing quality (Culhane and Goldenberg
2011). As we previously reported, there is a large amount of residential mobility among women
between pregnancies with approximately 50% of women in our previous study changing
residence between births. In the estimation of the association between neighborhood poverty and
birth outcomes, it is therefore important to evaluate these residential mobility patterns as a
potential source for bias, particularly if they are also related to the successive birth outcome.
Even non-movers may be subject to selection bias if they have unobserved confounding that
selects them into their original neighborhood and impacts PTB outcomes.

These observed societal patterns may challenge the validity of causal inference in the

association between neighborhood poverty and preterm birth if there are conditions that select a

79



woman into a neighborhood which also influence her pregnancy outcome. The resulting
selection bias, when there are maternal characteristics which differentially select a woman into a
neighborhood, are associated with her pregnancy outcomes, is then incorrectly attributed as
neighborhood exposure. Prior studies have recognized the potential for neighborhood
compositional changes due to maternal selection and controlled for maternal covariates such as
race/ethnicity, age and parity. However, there may be unmeasured factors, such as stressors,
health, prenatal practices, which also impact selection into neighborhoods. Maternal factors —
both measured and unmeasured — can either be time-invariant, where they do not substantially
vary over time such as gender, race/ethnicity, or time-varying, when there is a change in value
over time such as parity or marital status. Prior studies of neighborhood associations with birth
outcomes have adjusted for measured confounders by including measured maternal covariates.
Prior studies of neighborhood associations with birth outcomes have also focused on adjustments
for confounding by unmeasured neighborhood-level characteristics using multi-level modeling
or time-varying area-level characteristics. However, to our knowledge there have been scant
studies that have addressed confounding by unmeasured maternal characteristics (Margerison,
Luo, and Li 2019; Bruckner, Kane, and Gailey 2019).

One such method that addresses unmeasured factors inherent to the mother that do not
vary substantially over time is a maternal fixed effects analysis, analogous to a case crossover
study where a mother is used as her own control to account for stable maternal characteristics,
both observed and unobserved. This is also termed a within-mother analysis or matched sibling
design as it examines the variation within the mother while discarding the between person
variation that is likely contaminated by the unmeasured maternal characteristics resulting in

unbiased estimates (Allison 2005).
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We utilized a longitudinal dataset linked by a mother’s recorded births in Michigan
during the study period 1990 to 2012 to examine the association between neighborhood poverty
and preterm birth (PTB) using a maternal fixed effects analysis. We examined changes in
neighborhood poverty between successive pregnancies measured at the time of infant birth and
PTB. We then compared these findings to conventional applications of neighborhood
associations of poverty and PTB, logistic regression and a random effects approach using data

from the full maternally-linked Michigan births data 1990-2012.

Methods

Study Population and Data
We used birth certificate data from the State of Michigan linked by the mother during the

study time period 1990-2012. Figure 1.1 shows the study inclusion and exclusion criteria. The
final study sample includes a total of 2,199,206 births to 1,181,640 unique mothers.

We then linked yearly neighborhood poverty rates obtained from linearly interpolated
Neighborhood Change Database (NCDB) poverty rates at the census tract level. NCDB
information is taken from 3 decennial census years 1990, 2000, and 2010 all normalized to
census tract boundaries of 2010 to allow for longitudinal comparisons.

In order to use a maternal fixed effects (FE) analysis we further limited the sample to
mothers who had a least two births and had discordant PTB outcomes. This left 279,150 births to
103,180 mothers in the FE analytic sample. Previous research using the Michigan Birth file
reported recoding inconsistent maternal data, such as race/ethnicity differed across births, when
available or excluding inconsistent data that did not meet recoding criteria. We use the corrected

covariates in our analysis using the methodology detailed in (Margerison, Luo, and Li 2019).
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Measures
Neighborhood poverty rate We measured area-level poverty conditions using census tract

poverty rates (i.e. the number of poor persons divided by the number of persons in a census tract)
measured at the time of birth by residential address linked to geocoded census tract.
Neighborhood poverty rates were merged with data from the birth certificate based on infant’s
birth year and mother’s census tract at the time of delivery. Neighborhood poverty rates are a
frequently used proxy for area-level socioeconomic conditions in research on birth outcomes,
and in neighborhood effects in general. One of our primary objectives in utilizing a fixed effects
analysis is to compare with traditional logistic associations used in previous studies of
neighborhood deprivation and PTB. Thus our primary analyses uses neighborhood poverty rate.
There are 2,813 census tracts and 83 counties in the state of Michigan.

Our analyses focused on poverty conditions at the time of birth because 1) they have been
previously associated with adverse birth outcomes and 2) they represent a critical window of
exposure for the child, which may be considered for future analysis.

Adverse birth outcomes Our primary outcome was PTB (<37 weeks completed gestation)
following recent evidence (Bruckner, Kane, and Gailey 2019) that strong upward neighborhood
poverty were associated with decreased PTB. We completed secondary analysis of small-for-
gestational age (SGA.: <10™ percentile) and large-for-gestational-age (LGA :> 10th percentile)
outcomes but did not develop a priori hypotheses about the relationship with neighborhood
poverty other than it would be inverse of the PTB association (downward mobility is associated
with increased SGA).

Maternal characteristics Maternal characteristics included age (<20, 20-24, 25-29, 30-34,
35-40, >40), race/ethnicity (non-Hispanic white [NHW], non-Hispanic black [NHB], Hispanic,

non-Hispanic American Indian / Alaska Native [Al/AN], non-Hispanic Asian/Pacific Islander
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[A/P1], and non-Hispanic mixed race/other), nativity (US born, foreign born), parity (nulliparous,
primiparous, multiparous), marital status (married, not married), educational attainment (some
high school, high school, some college, college, greater than college), insurance pay source at
birth (private, Medicaid, self-pay, other, unknown), smoking during pregnancy (yes, no,
unknown) and hypertension during pregnancy (yes, no). Inter-pregnancy interval period was
calculated between the conception date and the previous birth date of birth. Conception date was

calculated based on gestational days estimation and date of birth.

Statistical Analyses
Primary Analyses First, we first conducted a traditional logistic regression for the

association between the neighborhood poverty rate and PTB (logistic). We adjusted these
for race/ethnicity and nativity.

Second, we conducted a random effects analysis with a mother specific random effect
that accounts for differences in maternal outcomes with a random distribution. The RE model is
as follows:

9{E[VjlenjaiXij|} = i + Bie;; + Xijy
Here y;; is the outcome for mother i’s birth j. e;; is the neighborhood poverty variable of
interest for birth j. X;; is a vector of control variables that include the month and year of birth,
and maternal characteristics.a; is a mother-specific random intercept that is independent of
x;j, & and z; but could possible covary with a;. G is a logit link function for the outcome, PTB.
The parameter of interest is 3, presented as a transformation for odds ratio (Allison 2005).

For the RE model this type of mixed effect works well with our longitudinal data for
several reasons. First, time is treated as a continuous variable allowing for variations in time

across subjects, useful when inter-birth intervals vary for each woman in the data set. Both time
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and time-varying covariates can be included in the model. Therefore the outcome is modelled
due both the mother’s stable characteristics (e.g., race or gender) and those that changes over
time (e.g., number of children).

We controlled for observed maternal characteristics hypothesized to influence and
woman’s likelihood PTB — maternal age, race/ethnicity, nativity, marital status, marital status,
parity, education, and infant sex. These variables can be included as birth-specific controls in the
model. We included indicator variables seasonality (birth month) and secular trends (year of
birth).

Third, we conducted fixed analysis using a maternal fixed effect model (conditional
logistic model) adjusted for the same maternal characteristics as the RE model. The FE model, in
contrast to the RE model, controls for unobserved heterogeneity of time-invariant maternal
covariates (measured and unmeasured). We added an indicator variable for each birth record to
control for increasing parity. The FE (within mother) analysis controls for time-invariant
characteristics shared by the mothers across births. The FE model is similar to the RE model
except that the variable «; is not independent and does not follow a specific distribution. This
parameter then represents the unobserved confounding factors that do not change over time for
the mother i. It may be correlated with the exposure ey;; and X;;. The fixed effects logit model
uses the conditional maximum likelihood method to eliminate the nuisance parameter, «; , and
estimate other coefficients (8;y).

We considered the use of a lagged preterm birth control in our fixed effects model as
prior PTB is considered a risk factor for subsequent PTB There are multiple ways to
conceptualize the risk of prior PTB. The risk may be due to inherent characteristics of the

mother, which our model would capture, or the risk may be due to the impact of a non-term
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pregnancy on the gestational term of a subsequent pregnancy, which our model would not
capture. We are currently not aware of a consensus on the mechanism of the risk of prior PTB on
subsequent birth, but to the extent that is related to the mother it would be possible to include a
covariate to control for prior PTB. However, this may introduce some bias related to our fixed
effect model. In fixed effects analysis we chose not to include a lagged dependent PTB variable
primarily because it introduced a form of bias, Nickell’s bias, into the models (Nickell 1981).
This occurs particularly when there is a small time T, large N as in our case with a large sample
size (N) but each individual woman contributes only a few births (T). The estimate of the
coefficient of the lagged dependent variable, lagged prior PTB, is biased the first birth because
observations are always 0 (T-1 observations are always 0) and which mean the mean error
contains bias as it is subtracted from each ¢;;. Increasing births do not mitigate this error and the
result is termed Nickell’s bias. Including these poorly specified variable lagged variables in the
model comes at a risk of introducing this bias. In our primary analysis we excluded prior, or
lagged, PTB but in secondary analysis we included models with a lagged PTB variable to
evaluate the covariate specification and the effect on our poverty variable in our models.

We then performed a RE model using the FE sample to determine if differences in the
measure of association are due to differences in our analytic sampling or modeling.
All data management was conducted using SAS 9.4 (Cary, NC) and analyses were performed

using Stata 15 (College Station, TX).

Secondary Analyses In supplementary analyses, we replicated models 1 and 2 replacing
continuous poverty with poverty mobility calculated based on three cut points from the
interpolated poverty source data and differences in poverty quartiles across births. We did this in

an effort to replicate recent findings that strong upward trajectory of quartile-based neighborhood
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deprivation was protective for PTB using a sibling-based, or maternal effects, design (Bruckner,
Kane, and Gailey 2019). We also examine the differences in neighborhood poverty scale in an
effort to in part examine the susceptibility of our data to Modifiable Areal Unit Problem
(MAUP) (Openshaw and Taylor, 1979). This occurs when spatial measures are aggregated into
spatial boundaries which group the population into observed associations that depend on the
boundary location and scale of aggregation, introducing statistical bias.

We tested for maternal race/ethnicity effect modification by including an interaction with
race and neighborhood poverty in our FE model. While you cannot adjust for time invariant
maternal characteristics in this model, such as gender or race, as they will be omitted but you can
include the covariate as an interaction term with time or a time-varying variable. We also
examine residential moving status in a stratified analysis.

We perform robustness checks on our model in several ways. First, we compare our fully
adjusted results to those that do not include positively correlated monotonic covariates such as
age and parity, which only increase with each birth. We then also compare our model to one that
is restricted to 2000-2012 to control for the period effects of our missing geographical data,

which is more missing for the 1990-1999 census years.

Results

Primary Analyses
Table 3.1 describes analytic samples for the RE analysis (n= 2,199,206 births) and the

FE analysis (n=279,150 births) of discordant PTB outcomes. 1,223,040 mothers (1,920,056
births) did not have discordant outcomes and were not included in the fixed effects analysis. In
the RE sample, approximately 70.4% of births were to Non-Hispanic White mothers and 18.5%
were to Non-Hispanic Black mothers. The maternal FE analytic sample consists of mothers with

at least one PTB and thus differs from the RE sample. In the FE sample, approximately 56.1 %
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of births were to NHW mothers and 31.7 were to NHB mothers. Overall, mothers in the FE
sample were more likely to be NHB, and have Medicaid as an insurance pay source and more
likely to have an inter-pregnancy interval of <18 month (38.7% versus 14.2%) on average. The
mean neighborhood poverty rate was higher in the FE sample 18.4% (14.6 SD) compared with
14.6% (12.9 SD) in the RE sample of all births. PTB births in the FE sample were higher 41.3%
compared to the RE sample 9.3%.

Table 3.2 compares the odds ratios for the variable of interest, neighborhood poverty rate
percentage using different model specifications (logistic, random effect, fixed effect, and random
effect in the fixed effect sample) and adjustments (crude, adjusted for year and month of birth,
maternal age, parity, marital status, education, infant sex, and additionally adjusted for a lagged
term of prior PTB). The Hausman test results rejected the null hypothesis that the Random
Effects model is preferred in favor of using the Fixed Effects model (X* P<.0001). In all models
there was a null or modest effect. In the random effects models there was a modest OR of 1.01
(95% CI: 1.07-1.12) meaning that for a one percentage point increase in neighborhood poverty
between births there is a 1% increase in the odds of preterm birth. The fixed effects model did
not show a change in the odds for a one percentage point change in poverty (OR: 1.00, 95% CI:
1.00-1.00). Estimates from the RE model using the smaller FE sample were identical to those of

the FE model.

Secondary Analyses
Table 3.3 shows the association of poverty and PTB with an interaction covariate for

poverty and maternal race/ethnicity. This adjustment allows us to model the effect of a stable
maternal characteristic, i.e., race/ethnicity. Overall we did not find strong statistical interaction
between neighborhood poverty rate and maternal race/ethnicity. Native American/Alaska Native

maternal race/ethnicity has a slightly reduced odds of PTB for a 1 percentage point increase in
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neighborhood poverty between births (OR: 0.99 95% CI: 0.96-1.02) but it is not significant.
Asian/Pacific Islander maternal race/ethnicity had a 1% increase in the odds of PTB for a one
percentage point increase in the neighborhood poverty rate between births (OR: 1.01, 95% CI:
1.00-1.01).

Table 3.4 shows fixed effects analysis with a different exposure classification by using
neighborhood poverty trajectory across quartiles of poverty, similar to recently published studies.
Here the effect of poverty is captured over a larger change (quartile change versus a single
percentage point change). We also exclude the birth year and birth month adjustments to allow
for comparison to a recently published maternal fixed effects analysis. We see slightly stronger
associations of neighborhood poverty trajectory level and PTB compared to the continuous
poverty measure. There is a modest protective association with PTB of the most extreme decline
in poverty quartile, strong upward mobility moving from >17% neighborhood poverty to <5%
neighborhood poverty, which is associated with a decrease in odds of PTB of 7% (OR: 0.93,
95%CIl: 0.84 to 1.03). Similarly, an extreme incline in neighborhood poverty is associated with
an increased in the odds for PTB (OR: 1.09, 95% CI: 0.98 to 1.20). That is, for a strong
downward change in poverty quartile from the lowest level of poverty to the highest level of
neighborhood poverty the odds of PTB increased by 9% between births. Increasing maternal age
lead to increased odds of PTB with women who were greater than 40 having the highest odds of
PTB (OR 1.40, 95% CI: 1.28 to 1.51).

Table 3.5 shows the covariates for poverty and lagged-PTB (PTB at previous birth, 0 for
all first births). We demonstrate the potential limitation of including the lagged-dependent
covariate in a fixed effects model by comparing the estimate to alternate models. In the logistic

model, the poverty variable is unchanged but the lagged-PTB OR is significant and has a large
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magnitude (OR: 2.88, 95% CI: 2.83-2.93). We then control for the effect of the lagged variable
equal to zero at the first birth by removing those births from the model and still find a strong,
significant association (OR 3.03, 95% C1:2.97-3.09). This suggests in both these models the
odds of PTB is much more related to prior PTB events than to neighborhood poverty. The same
is true, although with a reduction in the magnitude of the odds of prior PTB for the Random
Effects model. However, when we included the lagged term as an explanatory variable in the
Fixed Effects Models the Prior PTB variable had an OR: 0.4, 95% CI 0.4 - 0.5) which would
suggest a strong protective effect of prior preterm birth in the association of poverty and PTB.
This table shows the association between prior PTB and PTB diminishes across the model. The
problem we highlighted here including or not including a lagged PTB estimate in the model. The
association between neighborhood poverty and PTB does not seem to be affected by controlling
for prior PTB by including it in the model, but it may introduce bias due to the fixed effects
method and we chose not to include it.

In our robustness checks (Table 3.6) we see no evidence that parity and age, which both
increase as our number of births increase, influence the association of the model. The estimates
using a restricted data sample that includes only 2000-2012 data, eliminating the 1990 census
poverty variables also did not change the association. We see no significant difference in our
associations when we stratify by movers and non-movers (Table 3.7).

Discussion

Our results showed that using a fixed effects method shows little to modest association
between neighborhood poverty and PTB. However, we also see this null or modest association in
the crude logistic model and random effects models. Unlike our hypothesis, which stated that the

results would be attenuated in fixed effects compared to logistic and random effects models, we
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see a consistent null association. We modeled our exposure as a continuous 1 percentage point
change in poverty.

This approach used a maternal fixed effects analysis to examine the association between
neighborhood poverty conditions and preterm birth using a large dataset that included all the
births in the state of Michigan over the study period. We aimed to use this approach to reduce the
problem of differential selection bias into neighborhoods in the association of neighborhood
poverty and birth outcomes. This approach allows control for time-invariant maternal
characteristics (both measured and unmeasured) that are associated with adverse birth and
neighborhood poverty exposure. Previous studies have used this approach to examine
macroeconomic conditions during preconception and adverse pregnancy outcomes in this study
population (Margerison, Luo, and Li 2019). We also reported our results using a similar
parametrization of poverty mobility (quartile changes downward, static, and upward) for another
study using California birth data using a maternal fixed effects (Bruckner, Kane, and Gailey
2019).However, our studies are not entirely comparable as they employ a lagged PTB variable
while computing a fixed effects difference model, which we chose not to do given the
introduction of bias. Interestingly, when we include a lagged PTB term in our models of poverty
mobility (Secondary analysis Appendix Table) we find increased odds of PTB but at all levels of
mobility in both directions. This is not advisable as we hypothesize the lagged PTB covariate in
the fixed effects analysis to be biased. Finally, we observed different sized odds of PTB given
different scale of aggregation for the poverty variable (quartile versus continuous). This may
indicate that our data is susceptible to the MAUP. Further analysis that incorporates re-zoning of
the data by changing the boundary lines and adjusts for spatial autocorrelation would be

warranted in order to more definitively determine the effect of MAUP.
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There are important limitations to the maternal fixed effects models to consider. Both the
RE and FE models assume the coefficients of the same covariate remain equal across all
numbers of birth. Another restriction is that the unexplained variance stays the same over time;
even if an individual changes over time the error variance does not. The latent time-invariant
variables must either correlated with all the covariates (FE) or be uncorrelated with all the
covariates (RE). This means that we assume the latent time invariant variables are uncorrelated
with the observed covariates (Bollen and Brand 2010). Finally, the RE and FE models do not
report any test statistics to allow identification of overall fit (the Hausman test just compares the
two models). FE allows for latent time-invariant variables to correlate to time-varying variables
but the analysis does not report any information on the magnitude of the correlations. One
potential model to consider for future work would be a structural equation modeling framework
using fixed effects. This is particularly salient given the prior birth history of preterm birth.
Previous models have either used a lagged-PTB in their model or shown a strong association
between a prior PTB and subsequent PTB. A possible test for this association is in the RE model
by seeing if RE model shows similarities to the logistic model estimates, after controlling for the
previous PTB. This means that after controlling for the woman’s unobserved characteristics, as
in the random effects model, the odds ratio for the previous PTB is strongly reduced from 2.83 to
1.4, with a significant p value (p<0.000). The magnitude of the logistic model may instead
represent the omission of her time-constant characteristics the affect the probability of PTB at all
of her pregnancies.

Our primary analyses focused on neighborhood poverty at the time of birth. There is
evidence that early pregnancy exposure may be the most strongly associated with birth outcomes

(Margerison, Luo, and Li 2019) and that would only be captured in our analysis if the women
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resided in the same census tract for the duration of her pregnancy and during the preconception
period. It stands to reason that among non-movers between pregnancies we can estimate this
exposure, but not for the remainder of our sample.

In summary, our findings suggest that 1) increases in neighborhood poverty rate between
pregnancies are not associated with increases in the odds of PTB, and 2) this association does not
change when using a maternal fixed effect analysis to control for time-invariant and time-varying
characteristics and 3) the use of lagged-dependent variables in one-way fixed analysis is

inappropriate and introduces bias into models that are specifically designed to remove bias.
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Table 3.1 Comparison of Samples for All Singleton Michigan Births 1990-2012

Random Effects Fixed Effects
Sample Sample

Maternal Characteristics N % N %
Number of Births 2,199,206 100 279,150 100
Race
Non-Hispanic White 1,546,767 70.3 156,602 56.1
Non-Hispanic black 409,412 18.6 88,407 31.7
Hispanic 118,627 5.4 17,139 6.1
Non-Hispanic American Indian/ Alaska Native 5,434 0.3 410 0.2
Non-Hispanic Asian/Pacific Islander 87,988 4.0 12,533 4.5
Non-Hispanic Mixed race / other/ missing 30,978 1.4 4,059 1.5
Age

<20 230,135 10.5 39,907 14.3

20-24 525,803 23.9 77,228 27.7

25-29 647,576 29.5 77,161 27.6

30-34 530,767 24.1 57,063 20.4

35-40 223,224 10.2 23,648 8.5

>40 41,701 1.9 4,143 15
Nativity

US born 2,003,503 91.1 259,141 92.8

Foreign born 195,703 8.9 20,009 7.2
Insurance Payer

Private 1,393,352 63.4 149,205 535

Medicaid 780,460 355 126,630 45.4

Self-pay 21,774 1.0 2,834 1.0

Other 3,620 0.2 481 0.2
Infant sex -male 1,126,803 51.2 144,950 51.9
Marital Status

Married 1,417,529 64.5 145,067 52.0

Unmarried 781,677 35.5 134,083 48.0
Education

Less than HS 59,801 2.7 8,180 2.9

Some HS 334,941 15.2 46,181 16.5

High School (HS) 732,080 33.3 94,260 33.8

Some college 555,673 25.3 66,950 24.0

College graduate 338,449 154 42,981 154

Greater than college 178,262 8.1 20,598 7.4
Parity

Nulliparous 874,597 39.8 80,634 28.9
(0 live births)

Primiparous 701,943 31.9 85,595 30.7
(1 previous live birth)

Multiparous 622,666 28.3 112,921 40.5

(>1 previous live births)
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Table 3.1 (cont’d)

Smoke
No 1,809,509 82.3 219,740 78.7
Yes 369,576 16.8 57,090 20.5
Unknown 20,121 0.9 2,320 0.8
Pregnancy Hypertension
No 2,110,892 96.0 265,084 95.0
Yes 88,314 4.0 14,066 5.0
Delivery
Vaginal 1,656,945 75.3 211,489 75.8
Caesarean 542,261 24.7 67,661 24.2
Birth outcomes
PTB
No 1,994,585 90.7 163,876.0 58.7
Yes 204,621 9.3 115,2740 41.3
SGA
No 1,959,489 89.1 239,885 85.9
Yes 239,717 10.9 39,265 14.1
LGA
No 2,000,154 91.0 257,022 92.1
Yes 199,052 9.1 22,128 7.9
Inter-pregnancy Interval <18 Months
No 1,886,752 85.8 107,933 61.3
Yes 312,454 14.2 68,037 38.7
Mean Gestational Age in Weeks 39.0 2.3 37.2 3.2
Mean neighborhood poverty rate 14.6 12.9 18.4 14.6

The FE sample was different from the RE sample with respect to having a higher percentage of NHB women,
Medicaid payers, and greater number of women with an inter-pregnancy interval of <18 months and higher PTB
and SGA outcomes.
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Table 3.2 Comparison of multivariable-adjusted® associations between neighborhood
poverty rate” and preterm birth (PTB) using logistic regression and maternal fixed-effects
analyses among singleton births in Michigan, 1990-2012

All Michigan Births

Logistic Full RE FE RE using FE
Model sample
Neighbor- | OR | 95% | OR | 95% | OR 95% | OR 95% | OR
hood Cl Cl Cl Cl
Poverty
Percentage
Model 1
Crude 1.00 | 1.02 | 1.02 |1.02 | 1.02 |1.02 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00
Model 2
Adjusted" | 1.00 | 1.00 | 1.01 | 1.01 | 1.07 | 1.12 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00 | 1.00

Hausman Test:
Ho: Random Effects is better

X® Pr<.0001, Reject H, (Fixed Effects

better model)

X? Pr<.0001, Reject H, (Fixed Effects

better model)

All analyses adjusted for year of birth, month of birth, maternal age, parity, marital status, education, and
infant sex. Logistic regression models additionally adjusted for maternal race/ethnicity. "Linearly interpolated

Neighborhood poverty percentage from Neighborhood Change Database.

Table 3.3 Maternal Fixed Effects Models of PTB with Interaction between Maternal
Race/Ethnicity and Poverty

FE Sample (n=279,150)

Maternal Race/Ethnicity*poverty

Non-Hispanic White
Non-Hispanic black
Hispanic
Non-Hispanic American Indian/ Alaska Native
Non-Hispanic Asian/Pacific Islander
Non-Hispanic Mixed race / other/ missing

OR

1.00
1.00
1.00
0.99
1.01
1.00

95% CI

1.00 1.00
1.00 1.00
1.00 1.01
0.96 1.02
1.00 1.01
0.99 1.01

All analyses adjusted for year of birth, month of birth, maternal age, parity, marital status, education, and

infant sex.
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Table 3.4 Maternal Fixed Effects Odds Ratios (OR)* and 95% Confidence Intervals (Cl)
predicting the probability of preterm birth (PTB), maternal poverty quartile mobility
levels (vs. no change) and covariates

OR 95% ClI

Mobility

Strong Upward (Q4 to Q1) 0.93 0.84 1.03

Modest Upward 1.03 0.98 1.09

Weak Upward 0.99 0.96 1.02

Static (ref) 1.00

Weak Downward 0.97 0.94 1.00

Modest Downward 1.00 0.95 1.05

Strong Downward (Q1 to Q4) 1.09 0.98 1.20
Insurance

Private (ref) 1.00

Medicaid 0.99 0.97 1.01

Self-pay 1.31 1.20 1.42

Other 1.16 0.95 1.40
Parity

1 birth 0.85 0.79 0.90

2 births 0.72 0.68 0.77

3 births 0.79 0.74 0.83

4 births 0.89 0.84 0.94

5 births 0.94 0.89 0.99

6+ births (ref) 1.00
Infant male 1.12 1.10 1.14
Not Married 1.05 1.02 1.09
Foreign Born 0.89 0.79 1.01
Maternal Age

<20 1.07 1.04 1.10

20-24 (ref) 1.00

25-29 1.02 0.99 1.04

30-34 1.09 1.05 1.13

35-40 1.20 1.15 1.27

>40 1.39 1.28 1.51
Education

Less than HS 1.03 0.96 1.11

Some HS 1.04 0.99 1.09

High School (HS) 1.00 0.96 1.05

Some college 1.01 0.97 1.06

College graduate 1.01 0.97 1.06

Greater than college 1.00

®All odds ratios in the table are adjusted for every other variable in the model. Not adjusted as
previous models for seasonal and period effects.
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Table 3.5 Comparison of Mutlivariable-Adjusted® Odds Ratios for Lagged Preterm Birth
Covariate in Models (Logistic and Fixed Effects)

All Births (N=279,150 births to 103,180 mothers)

Logistic? RE Model® FE model®
Covariates of interest OR |[95% CI OR |[95% CI OR |[95% CI
Poverty 1.00 | 1.00 [1.00 [1.01 |1.00 |1.01 |[1.00 |1.00 |1.00
Lagged PTB 2.88 | 2.83 /1293 |[141 |1.36 |1.46 |[0.04 |0.04 |0.05
Births >1 (N=88,325 births to 33,562 mothers)
Logistic® RE Model® FE model”
Covariates of OR | 95% CI OR | 95% CI OR | 95% CI
interest
Poverty 1.00 | 1.00 [1.01 [1.00 |1.00 |[1.01 [1.00 |1.00 |1.00
Lagged PTB 3.03 | 297 |3.09 [293 |2.87 |3.00 [0.08 |0.08 |0.08

aAdjusted for lagged PTB, race/ethnicity, year of birth, month of birth, maternal age, parity, marital status,
education, and infant sex.

® Adjusted for lagged PTB, year of birth, month of birth, maternal age, parity, marital status, education, and
infant sex.

Table 3.6 Table Robustness Checks for positive monotonic covariates and study time period

Fixed Effects All Michigan Births

No Parity or Age? Fully Adjusted® 2000-2012

N=279,150 births N= 140,185 births

(103,180 mothers) (54,820 mothers)

OR 95% CI OR 95% CI
Neighborhood Poverty® 1.00 1.00 1.00 | 1.00 1.00 1 1.00

®Adjusted for year of birth, month of birth, marital status, education, and infant sex.

®Fully adjusted for year of birth, month of birth, maternal age, parity, marital status, education, and infant sex.
Logistic regression models additionally adjusted for maternal race/ethnicity

*Neighborhood poverty rates from Neighborhood Change Database.

Table 3.7 Comparison of multivariable-adjusted?® associations between neighborhood poverty
rate” by birth and preterm birth (PTB) using logistic regression and maternal fixed-effects
analyses among singleton births in Michigan, 1990-2012

All Michigan Births

Neighborhood Poverty Logistic Full Model RE FE
OR 95% CI OR | 95% OR | 95% CI
Cl
Movers 1.00 1.00 | 1.00 1.00 | 1.00 | 1.00
Non-Movers 1.00 1.00 | 1.00 0.99 |1 0.99 | 1.00

®All analyses adjusted for year of birth, month of birth, maternal age, parity, marital status, education, and infant
sex. Logistic regression models additionally adjusted for maternal race/ethnicity. "Neighborhood poverty rates
from Neighborhood Change Database.
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Table C.1 Crude Logistic Association of Neighborhood Poverty Mobility and
PTB

Mobility OR 95% ClI
Strong Upward

(04 10 Q1) 090 083 0.96
Modest Upward 098 094 1.02
Weak Upward 090 088 092
Static (ref)
Weak Downward 0.87 0.85 0.89
Modest Downward 095 091 098

Strong Downward

(Q1 to Q4) 1.10 1.02 1.19

Table C.2 Associations with Poverty Mobility Trajectories and PTB using a Prior PTB
(lagged) dependent variable in model, Michigan Births 1990-2012

OR 95% CI
Mobility
Strong Upward (Q4 to Q1) 1.2 1.1 1.4
Modest Upward 1.3 1.2 1.4
Weak Upward 1.3 1.2 1.3
Static (ref)
Weak Downward 1.2 1.2 1.3
Modest Downward 1.3 1.2 1.3
Strong Downward (Q1 to Q4) 1.3 1.2 1.5
Prior PTB (lagged)

Table C.3 Comparison of multivariable-adjusted® associations between quartiles of
neighborhood poverty rate” by birth and preterm birth (PTB) using logistic regression,
random effects and maternal fixed-effects analyses among singleton births in Michigan,
1990-2012

All Michigan Births

Quartiles of Logistic Full RE FE RE using FE
Neighborhood Model sample

Poverty * OR | 95% CI OR | 95% ClI OR | 95% CI OR | 95% CI
Q2 11| 11)11|11|11| 11| 10| 10| 10| 10| 1.0| 1.0
Q3 111111 11|11| 12| 10| 10| 11| 10| 10| 1.1
Q4 12| 12) 12| 12| 12| 12| 10| 10| 11| 10| 1.0| 1.0

2 Q1 referent. All analyses adjusted for year of birth, month of birth, maternal age, parity, marital status,
education, and infant sex. Logistic and Random Effects regression models additionally adjusted for maternal
race/ethnicity. °Linearly interpolated Neighborhood poverty percentage from Neighborhood Change Database.
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Table C.4 Crude FE Model Response

Patterns

Response | PTB | Strata Frequency
Patterns 110

1 0|1 640,461 | 640,461
2 10| 68,715 68,715
3 02| 342,839 | 685,678
4 1|1 54974 109,948
5 2 10| 7,946 15,892
6 0|3 ] 111,446 | 334,338
7 12| 25185 75,555
8 2 | 1| 5,267 15,801
9 310 | 947 2,841
10 04| 26,293 105,172
11 13| 8,017 32,068
12 2 |2 | 2,352 9,408
13 311 591 2,364
14 410 | 136 544

15 0|5 ]| 5454 27,270
16 1|4 2,385 11,925
17 2 | 3| 817 4,085
18 3|12 | 283 1,415
19 411 | 109 545

20 50| 28 140

21 06| 1,462 8,772
22 15| 689 4,134
23 2 |4 | 341 2,046
24 313 119 714

25 4 12| 44 264

26 51119 114

27 60| 4 24

28 0|7 | 439 3,073
29 16| 220 1,540
30 2 |5 115 805

31 3|14 42 294

32 41319 133

33 51211 77

34 616 42

35 7101 7

36 0|8 | 156 1,248
37 17| 81 648

38 2 6|50 400

39 3|15]| 27 216

40 4 14|10 80

41 53| 6 48
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Table C.4 (cont’d)

4216 |2 |3 | 24
4317 |1 |1 |8
4410 |9 | 55 49
4511 |8 | 23| 207
4612 |7 | 15] 135
4713 |6 | 6 | 54
4814 |5 |4 | 36
4915 |4 | 5 | 45
506 |3 |2 | 18
517 |2 |1 |9
5218 |1 |1 |9
53/0 |10| 18| 180
5411 19 |9 | 9
5512 |8 | 5 | 50
563 |7 |3 |30
5714 |6 |2 | 20
8|5 |5 |2 | 20
5916 |4 |1 |10
600 |11 ] 10| 110
611 |10 5 | 55
6212 |9 |1 |11
63|13 |8 | 3 | 33
64101 | 1 | 11
65|0 |12 3 | 36
66 |1 [11] 1 | 12
67/0 |14 1 | 14
681 |15] 1 | 16
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CONCLUSION

Our studies examined the residential movement, poverty mobility, and maternal fixed
effects in associations with PTB using a maternally-linked sample of singleton births in
Michigan during the period 1990-2012. We hypothesized that movement would change
neighborhood composition and lead to misclassification bias in the association between poverty
and PTB. However, we observed that most women do not change poverty levels, even those who
change residence. There are extreme movers across levels of poverty, but they represent a select
minority of our study population. The static trajectory group encompasses the most women,
although at varying poverty levels from low to high poverty. We find there is a modest
association between downward neighborhood poverty trajectory and increased PTB. However,
there may be unobserved maternal characteristics that lead a woman to select her neighborhood
that may also be associated with her risk of PTB. We therefore examine the association with
neighborhood poverty and PTB using a maternal fixed effect approach that allows for control of
both measure and unmeasured maternal characteristics. We find a null association. We highlight
the need for careful selection of covariates in this model by showing how a prior PTB control
may introduce bias. This does raise concerns for how much a prior PTB itself is a risk versus due
to the mothers own characteristics. Future models to consider include dynamic panel models and
structural equations modeling with fixed effects which can better account for both the maternal
characteristics and the prior PTB events (as a time-varying covariate) (Gunasekara et al. 2014).

Our study used neighborhood poverty as an exposure variable because we hypothesized it
would have a strong association with PTB in conventional models and because it has been used
in previous research. However, we did not observe a strong association. This may be due to our

time period of study, a mother’s adulthood during her period of fertility. Previous work that
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observed strong associations did so over the life course from childhood to adulthood (Collins,
Rankin, and David 2015; Pearl et al. 2018). In our study we are not able to do that for the
mothers. However, this work could be foundational to a study that examines the birth outcomes
of the infants in this study. Such inter-generational linkage has been previously done in select
populations(Spencer 2004; Collins, Rankin, and David 2011). This would afford an opportunity
for a state wide study and Michigan is an ideal state to capture this information as there is limited
out-migration.

Previous research also found the strongest associations between neighborhood
disadvantage and adverse birth events among mothers who had adverse births as infants (Collins,
Rankin, and David 2011). This suggests a component of heritability in the association, and one
of the reasons a fixed effects analysis may be most appropriate. Another way to test this would
be to examine epigenetic effects among the future inter-generational sample.

One challenge of modeling large data stems from the absence of changes in the
significance level of covariates. These significance levels are typically used in model building
and evaluation to inform the model design. However, when working with a large sample size
there is ample power to make most covariates significant. We relied on covariates chosen based
on our a priori hypothesis and reference groups but additional covariates or different reference
groups may be warranted for future analysis.

Finally, in our study population we report high levels of poverty that increased over the
study period. In a study examining birth outcomes, we would be remiss to not remark that not
only are these infants born into poverty but they may experience limited mobility out of poverty
without intervention. Alarmingly, we also observe increasing rates of poverty over our study

period. We hypothesize that while the mothers may not experience a critical window during our
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study period, the data captured in our studies reflects a critical window for the infants whose
birth outcomes we include. We see our current work as foundational and future research efforts
would be wise to focus on this group and make every effort to work towards appropriate

interventions in the reduction of poverty conditions.
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