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Cycles of Disadvantage: 

Eviction and Children’s Health in the United States 

Abstract 

Abstract 

 The United States is in the midst of a housing affordability crisis, driven by decades of 

stagnant wages, little construction of low-cost housing, few tenant or foreclosure protections, 

anemic investment in public housing, and rising demand in large cities. Evictions have risen 

apace, forcing families out of their homes and neighborhoods, straining their finances and 

mental health, and disrupting their daily routines. Of the cohort of infants born in large US 

cities between 1998 and 2000, 1 in 7 were evicted by the time they turned 15, including 1 in 4 

born into deep poverty. Yet despite how many families are affected, remarkably little research 

has examined what eviction is doing to the public’s health. 

This dissertation examines longitudinal connections between eviction and children’s 

health, from birth through middle childhood; I am among the first to do so. Throughout, I 

analyze data from the Fragile Families and Child Wellbeing Study, a national urban birth cohort.  

In Chapter 1, I provide evidence on whether eviction increases children’s risk of lead 

poisoning, a health condition tied to the aging and low-quality housing evicted children are 

often forced to move into. Using a proportional hazards marginal structural model, I estimate 

that each eviction a child experiences from birth through age 5 increases their prospective 

hazard of lead poisoning by 2.45 times (p=0.064; 95% confidence interval=0.95, 6.32). This risk 

compounds as evictions accumulate.  

 In Chapter 2, I test whether families with children born premature, with low birthweight, 

or with other medical complications are more likely to be evicted in the first five years of 
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children’s lives. I fit proportional hazards models using piecewise logistic regression, controlling 

for an array of confounders and applying inverse probability of selection weights. I find that 

being born low birthweight/preterm is associated with a 1.74-fold increase in children’s hazard 

of eviction (95%CI=1.02,2.95), while lengthy neonatal hospital stays were independently 

associated with a relative hazard of 2.50 (CI=1.15,5.44), compared to uncomplicated births. 

Given recent findings from other researchers that unstable housing during pregnancy is 

associated with adverse birth outcomes, my results suggest eviction and health may be cyclical 

and co-constitutive. These results are also important for eviction and health research, indicating 

that health can drive eviction just as eviction can drive health. 

In Chapter 3, I ask whether evictions occurring at specific developmental periods 

(infancy, early childhood, middle childhood) are associated with children’s cognitive skills at age 

9. My four cognitive outcomes included executive functioning/memory (WISC-IV Digit Span), 

mathematical reasoning (Woodcock-Johnson Applied Problems test), symbolic learning and 

written language skills (Woodcock-Johnson Passage Comprehension test), and receptive 

vocabulary and verbal skills (Peabody Picture Vocabulary Test). I find that children who were 

evicted in middle childhood scored 0.2 to 0.4 standard deviations (SDs) lower on all four 

cognitive skills tests than children who had not been evicted. I also find strong, marginally 

significant associations between eviction in infancy and cognitive scores eight years later, of 

roughly 0.25 SDs. No associations were found with early childhood eviction. 

Together, these chapters suggest eviction and poor health may be cyclical, ratcheting 

children down the ladder of well-being and opportunity and imperiling their prospects of a 

healthy adulthood. At minimum, they identify eviction as a powerful predictor of which children 

are in need of extra monitoring and support from the health care, social safety net, and public 

education systems, and of which medically vulnerable children are at risk of eviction.  
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Introduction 

Introduction 

 Over the past 15 years, Americans have faced ever higher rates of housing instability and 

housing cost burden.1 After the collapse of housing markets and the financial crash of 2008, the 

proportion of families renting their housing shot steadily upward for a decade.1 This was 

particularly true in large cities, as millennials came of age and sought urban jobs and 

neighborhoods.2 Costs have, accordingly, soared. Rent has risen faster than inflation in every 

quarter since the second half of 2012.1 The number of residential units going for $600 a month 

or less, in real dollars, fell from 13 to 11 million in just 10 years.1 And among millennials aged 25 

to 34 in 2015, housing was so unaffordable relative to income and existing debt that only 37% 

owned their home, eight percentage points lower than past generations at that age.3 

No sector has proven capable of reversing this sharp rise in housing unaffordability. 

Developers, for their part, have focused on building high-income housing, providing no release 

for the rising pressure on low-cost markets.1 Employers have not helped, either, with real wage 

growth remaining stagnant for two decades.4 In the absence of a market solution, the federal 

response has been frustratingly anemic. From 2007 to 2017, the (small) number of renters 

receiving federal housing assistance remained essentially flat.1 

The result is a crunch on working families. For 20 years, the proportion of renting 

households who are cost-burdened (spending more than 30% of their income on housing) has 

risen consistently for every income group making under $75,000 a year.1 2018 marked the 

fourteenth consecutive year in which more than 45% of renters were cost-burdened, roughly half 

of whom spent the majority of every dollar they earned on housing. Nearly all of this growth in 

cost-burdened households has been concentrated in large and medium-sized metros, with 

populations over 150,000. 

 Evictions have risen apace. One in every 50 renting households in 2017 were threatened 

with eviction in the last three months, according to the American Housing Survey.1 Among the 
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cohort of infants born between 1998 and 2000 in large US cities, 1 in 7 were formally evicted by 

the time they turned 15, including 1 in 4 born into deep poverty.5 These evictions come with a 

publicly available legal record that makes it even harder for families to find new housing—much 

less affordable, high-quality housing—in a national housing market with the lowest rates of 

rental vacancies since the 1980s.6 We have entered, then, not just a housing affordability crisis, 

but an eviction crisis. 

 

 What is the eviction crisis doing to the public’s health? Even now, researchers have few 

answers. As of just two years ago, when I started conceptualizing this dissertation, no national 

database was tracking how many people were being evicted every year, and hardly any public 

health datasets had even asked a question about eviction for decades.6 What evidence exists is 

largely cross-sectional, focused on adults, and concerned with mental health outcomes, with a 

limited amount to say about physical health or substantive attention to the lifecourse.7,8 Though 

important, related research on the effects of residential mobility and neighborhoods on health 

has flourished8–10—and while sociologists have begun generating population-level demographic 

data on eviction, as well as ethnographic work following evicted individuals6,11—few 

epidemiologists have provided evidence on the impact of eviction on families’ well-being. 

 This dissertation, along with parallel work with colleagues at Johns Hopkins and NYU, 

seeks to fill those gaps in three ways. First, each study focuses on eviction and the health of 

children, with an eye towards vulnerable periods of development and the long-lasting 

consequences of childhood illness and deprivation. Second, they join an effort to shift the field’s 

focus towards physical health outcomes,12–17 with two of three studies examining links between 

eviction and physical health. Third, all three studies use the most robust methods possible for 

making causal inference when analyzing the sparse and limited data on eviction currently 

available to social epidemiologists, providing templates for future researchers. My papers 

address statistical and design issues as well as conceptual ones, including the potential for 
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health selection into eviction. All three also highlight the strengths and weaknesses of the best 

publicly available dataset for studying connections between eviction and health: the Fragile 

Families and Child Wellbeing Study (FFCWS),18 which I use throughout. 

 Broadly, my dissertation tests the hypothesis that eviction drives poor health outcomes 

for children, with implications for their adult well-being. In Chapter 1, I provide evidence on 

whether eviction increases children’s risk of lead poisoning. Using a proportional hazards 

marginal structural model, I estimate that each eviction a child experiences from birth through 

age 5 increases their prospective hazard of lead poisoning by 2.45 times (p=0.064; 95% 

confidence interval=0.95, 6.32). I lay out potential hypotheses about mediators to be explored in 

future research, chief among them that evicted families are forced into older, lower quality 

housing. I also provide motivation for why methods that account for time-varying confounding 

are important when studying eviction and health, as well as a detailed methods appendix to help 

future social epidemiologists use marginal structural models themselves. 

 In Chapter 2, I shift the focus back in developmental time to gestation, asking whether 

families with children born premature, with low birthweight, or with other medical 

complications are more likely to be evicted in the first five years of children’s lives. 

Substantively, Chapter 2 helps us understand whether children experiencing eviction are already 

medically vulnerable, and whether eviction could be a mediator between adverse birth outcomes 

and poor future health. Alongside prior research finding that unstable housing during 

pregnancy is associated with an increased prevalence of adverse birth outcomes, it also reveals 

that eviction and poor health may be cyclical, ratcheting children down the ladder of wellbeing 

and opportunity. Methodologically, Chapter 2 is an important intervention in the nascent field 

investigating eviction’s health effects, demonstrating that the causal arrow can go the other way. 

 In Chapter 3, I look forward into children’s school years, asking whether evictions 

occurring at specific developmental periods (infancy, early childhood, middle childhood) are 

associated with cognitive skills at age 9. Eviction disrupts children’s routines, environments, and 
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social lives while financially and psychologically straining their parents; given how common 

eviction is among US children living in cities, this makes it a priority for child development 

research. I find strong recency effects: children who were evicted in the year prior to when they 

took our cognitive assessments scored 0.2 to 0.4 standard deviations lower on all four cognitive 

skills tests than children who had not been evicted. I also find strong, marginally significant 

associations between eviction in infancy (the first year of life) and cognitive scores eight years 

later. No associations were found with early childhood eviction occurring in the third or fifth 

years of life. I discuss implications for public policy and for studies of residential mobility and 

child development moving forward. 

  

 Cities are becoming increasingly unaffordable for low-income people in the US, who are 

already at higher risk of poor health. As a social epidemiologist, it is incredible to me how little 

eviction and the housing cost burden borne by working families has figured into our field’s 

vision of what it should be studying. Eviction is a major public health and public policy 

challenge, one I hope my dissertation provides useful evidence on and inspires others to 

contribute to solving. 
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Chapter 1 
 
Is eviction poisonous?: A survival analysis of eviction & lead poisoning in a 
national urban birth cohort 
 
Gabriel L. Schwartz, Kathryn M. Leifheit, Lisa Berkman, Mariana Arcaya, Jarvis Chen 
 

Chapter 1  
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Abstract 

 

Background 

Eviction is common among low-income families in the United States and may impact children’s 

health, especially outcomes linked to housing. Research investigating links between eviction and 

young people’s health is scant. In this paper, we test whether eviction is prospectively associated 

with incident lead poisoning, a condition that can cause long-term impairment. 

 

Methods & Findings 

We analyze data from 2,708 children (contributing 6,636 observations) collected as part of the 

Fragile Families and Child Wellbeing Study, a national urban birth cohort. We apply weights to 

account for time-varying confounding and potential selection bias, fitting a proportional hazards 

marginal structural model and treating eviction as cumulative over time. We estimate that each 

eviction children experience as they age multiplies their prospective hazard of lead poisoning by 

2.45 times (p=0.064; 95% confidence interval=0.95, 6.32), such that those evicted in the first 

year of life would have a nearly 1 in 10 chance of being poisoned by age 3 compared to a 1 in 21 

chance among those not evicted. This gap compounds as evictions accumulate. 

 

Conclusions 

We find that eviction is a powerful longitudinal predictor of lead poisoning, though confidence 

intervals were wide. Given the life-long consequences of lead poisoning for children, these early 

results warrant attention from medical providers and policymakers. Pediatricians and social 

epidemiologists must treat eviction seriously as a potential determinant of children’s well-being 

upon which policy and medical treatment can intervene. 
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Introduction 

 

Eviction is common among low-income families in the United States, but researchers 

know little about its impact on health. One in seven children living in large US cities is formally 

evicted for rent or mortgage non-payment by the time they turn 15,5 and many more suffer 

informal evictions that are often ignored or poorly captured.19 Ethnographic work suggests 

eviction delivers shocks to families’ finances, housing quality, neighborhood environment, social 

networks, and levels of stress, all of which can impact health.6,20–23 Indeed, existing evidence—

limited mostly to adults’ health—finds associations between eviction and mental health, self-

rated health, mortality, violence victimization, injection drug use, and sexually transmitted 

infections.8,16,17,24–28 Most of this work is cross-sectional, particularly in the United States, 

providing limited basis for causal inference. Life course perspectives are also scarce, missing the 

greater sensitivity of children to environmental insults and the long-lasting consequences of 

childhood health conditions.29,30 Studies using rigorous causal inference methods that 

appropriately establish time order, grapple with time-varying confounding, examine the impact 

of eviction throughout the life course, and elucidate paths between eviction and specific physical 

health outcomes are urgently needed. 

 Lead poisoning is one such outcome, remaining stubbornly relevant despite half a 

century of preventive legislation. Today, nearly 4 million US households with children 

experience elevated exposure to lead.31 Half a million children under 6 (~1 in 40) are living with 

blood lead levels (BLLs) greater than 5 mg/dL, the threshold at which the Centers for Disease 

Control recommend intervention. Many more children are affected to a lesser degree, as no level 

of lead exposure—even BLLs under 5—is safe.32,33 This poisoning can have lifelong impacts, 

including impaired neurological development, higher chances of developing attention 

deficit/hyperactivity disorder (ADHD), kidney damage, and heightened risk of adult 

cardiovascular disease.34,35 
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 Datasets that include information on both lead and eviction are rare. To our knowledge, 

the Fragile Families & Child Wellbeing Study (FFCWS) is the only longitudinal cohort among US 

children to measure eviction, its relevant confounders, and lead poisoning together. In this 

paper, we use it to test, for the first time, whether eviction is prospectively associated with 

incident lead poisoning, using causal inference techniques and following children from birth 

through age nine. 

 Although these data do not allow us to comprehensively test mediating paths, existing 

research suggests eviction may increase lead poisoning risk in several ways (see Figure 1.1). 

First, eviction tends to force families into lower housing quality,21 the primary determinant of 

childhood lead exposure.32,34,36 Second, the long-lasting household stress of eviction may 

increase symptoms of pica, a medical condition defined by the urge to consume non-food 

objects. A number of now-dated studies have shown stress, parental depression, and social 

disadvantage to be positively associated with pica symptomatology,37 with some suggesting that 

a majority of lead poisoning cases involve this disorder.38,39 Third, eviction could plausibly 

increase environmental exposure through parental smoking and neighborhood pollution. 

Parental cigarette smoking 40–42—or even moving into a house with smoke residue 43,44—is a 

viable lead exposure source due to the trace lead found in cigarettes. This is amplified for 

children, who have high respiration rates and absorb nearly all inhaled lead particles.34 If 

parents increase smoking in order to cope with the stress of an eviction, this could increase their 

children’s risk. Similarly, lead dust along highways, trucking routes, or other busy roads, as well 

as around metal processing or manufacturing plants, can expose children to lead;34 eviction may 

lead to increased lead exposure if evicted families move to more polluted neighborhoods. 

Existing evidence finds that evicted families move to poorer neighborhoods,20 that exposure to 

environmental toxins and poverty move together,45 and that the health impacts of air pollution 

(for example) are worse in high-poverty neighborhoods.46 Finally, poverty itself—both a cause 

and result of eviction—may make it more difficult to monitor and successfully abate lead 
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exposures in the home: poverty shrinks low-income people’s discretionary income 47 (e.g., to buy 

home lead-testing resources or abate lead exposure oneself, such as new paint or water filters) 

and strains mental bandwidth.48 This could make it more difficult to, for example, access the 

legal resources required to force a landlord to abate lead exposure risks.  

 

Figure 1.1 Hypothesized pathways linking eviction to lead poisoning 
 

 
 

Despite data limitations, we conduct sensitivity analyses to offer some insight into which 

mechanisms may be at play. Given differing legal protections against eviction from owned 

housing (i.e., foreclosure) vs. from rented housing,49,50 as well as differing consequences across 

housing types (e.g., catastrophic wealth loss for homeowners), we test whether the relation 

between eviction and lead poisoning differs by housing type. 

To analyze these data, we fit marginal structural models (MSMs),51 which use a form of 

propensity score weighting to adjust for confounding instead of directly controlling for 

confounders. Marginal structural models are often used in situations where there are feedback 

loops between an exposure, its mediators, and the health outcome of interest. In our case, many 

Eviction

Parental Depression & 
Household Stress

Housing Quality

Environmental Exposure

Pica

Lead Poisoning

Poverty



10 
 

of the mediating paths through which eviction may make people sick—e.g., by exacerbating 

family poverty—may also be confounders of future evictions and future health. This “time-

varying confounding” creates a challenge for typical regression methods: we do not want to 

control for a mediator between an earlier eviction and a later health outcome (in this example, 

worsening poverty), but we do want to control for a confounder of a future eviction and future 

health (in this case, worse poverty could lead to both future eviction and future lead poisoning). 

Marginal structural models use a form of propensity score weighting to appropriately address 

time-varying confounding and selection bias both at baseline and as these threats to causality 

arise throughout the course of a study. 

 

Data & Methods 

 

Sample 

 

We use data from the Fragile Families & Child Wellbeing Study (FFCWS), a national, 

randomly sampled birth cohort drawn from 20 large cities in the United States. FFCWS sampled 

4,898 births between 1998 and 2000, with follow-up 1, 3, 5, 9, and 15 years thereafter, including 

interviews with biological parents, primary caregivers, and the children themselves (depending 

on their age). FFCWS oversampled unmarried mothers by design, making its participants 

disproportionately low-income and thus particularly relevant for studying eviction and lead 

exposure risk. To maximize statistical efficiency, we run all analyses without applying the 

sampling weights that make FFCWS representative of large cities in the US, nor the cities from 

which they are drawn; data are nonetheless relevant for at-risk populations. In this analysis, we 

focus on the birth, Year 1, Year 3, Year 5, and Year 9 waves, when most lead poisoning occurs 

and when children’s developing brains are most vulnerable.52 
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From the full FFCWS data, we exclude 1 participant for dropping out before any data 

were collected and 108 participants who were not part of the randomly sampled birth cohort. As 

lead poisoning and eviction questions were only asked of children’s biological parents, we censor 

children who were not living with a biological parent at a given wave, for that and all future 

waves (35 were excluded at birth, 45 at Year 1, 57 at Year 3, 77 at Year 5, and 145 at Year 9). We 

also censor 1,860 children who were never tested for lead poisoning, and of course children’s 

observations if and once they dropped out of the study.  Using these criteria, our outcome model 

was only run on those participants who were fully observed through at least time 3, when 

parents first reported lead poisoning, and were ever tested for lead, yielding 6,636 observations 

contributed by 2,708 participants. The number of children who were uncensored and at risk 

dropped from 2,708 participants at Year 3 to 2,239 participants at Year 5 and 1,689 participants 

at Year 9. 

 

Treatment. Our treatment is a binary variable capturing whether participants were 

evicted in the past year. In each wave after birth, participants were asked, “In the past 12 

months, were you evicted from your home or apartment for not paying the rent or mortgage?” 

We coded children as evicted if they were living at least half-time in the home of an evicted 

parent. For example, if a child was living exclusively with their biological mother, an eviction 

reported by their father would not apply. In our final outcome models, we coded evictions at 

Years 1, 3, and 5 (which we use to predict lead poisoning in later waves) as cumulative, i.e., as a 

count of all past evictions up to a given wave. Creating a cumulative eviction count lets us 

estimate the cumulative effect of successive evictions and helps overcome potential positivity 

violations in our final analytic model, as the number of evictions in any given wave was low.51 

 

Outcome. Our outcome is diagnosed lead poisoning. In each wave from ages 3 on, 

parents were asked whether their child had ever had a blood lead test, and if so, whether they 
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tested positive, negative, or “borderline” according to the CDC’s 10 mg/dL standard at the time. 

We consider positive or borderline test results to be evidence of lead poisoning, as this threshold 

has since been lowered to 5 mg/dL.34 

Because FFCWS asked if a child had ever been tested for lead, we take the first time a 

parent reported their child testing positive for lead poisoning as the event time in our survival 

analysis. If parents reported their child had never been poisoned in a given wave, we assume 

they had also never been poisoned in any earlier waves where data was missing (e.g., if a parent 

reported at age 5 that their child had never tested positive for lead, it follows that they had also 

not tested positive at age 3). Following these rules, two thirds of those ever tested for lead had 

complete outcome data. 

In a very small proportion of cases (1.5%), parents failed to report lead poisoning data in 

a given wave but reported that their child tested positive for lead in the next wave. This makes it 

difficult to determine when the lead poisoning diagnosis occurred (in the earlier wave—when 

parents did not report lead poisoning data at all—or in the following wave—when they the child 

was suddenly reported to have been positively diagnosed?). We thus run our analysis two ways: 

we first assume that that child would have tested negative up until the date at which we first 

learn of their lead poisoning, then perform a sensitivity analysis where we make the opposite, 

also strong, assumption that that child would have tested positive at the earliest unmeasured 

wave. This gives us a range of results based on making the strongest possible assumption in 

either direction. 

 

Analysis 

 

We fit a proportional hazards model that predicts the hazard of lead poisoning in each 

wave with children’s eviction histories up to that wave. This survival analysis uses piecewise log 
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binomial regression 53 to analyze person-times and a form of propensity score weighting to 

account for confounding and selection bias.51  

This analysis strategy helps address four challenges in our data: establishing time order, 

correcting for time-varying confounding, preventing selection bias, and accounting for missing 

data. Respectively, we account for these challenges with lagging, inverse probability of treatment 

weights (IPTWs), inverse probability of selection weights (IPSWs), and multiple imputation. A 

more detailed explanation of the methodology is available in Appendix 1.1.  

First, information about eviction and lead poisoning is reported at the same time within 

each wave, making it impossible to know which came first. We thus use a one wave lag between 

treatments and our outcome, using eviction in Years 1, 3, and 5 to predict lead poisoning in 

future waves (e.g., eviction at Year 3 is used to predict lead poisoning in Years 5 and 9). 

Second, eviction status can change over time; we must therefore account for time-

varying confounding. Particularly concerning is the way that poverty and other factors may act 

as both confounders and mediators of eviction status and lead poisoning over time, e.g., poverty 

caused by one eviction may go on to cause a both (A) lead poisoning and (B) a second eviction 

down the line. We thus implement a lagged, proportional hazards marginal structural model 

(MSM), adapted from past work on repeated measures MSMs and survival analysis with 

MSMs.54,55 Instead of adjusting for confounders directly, MSMs use a form of propensity score 

weighting to create a “pseudo-population” in which children who were in fact treated (evicted) 

and untreated (not evicted)—who without weights would differ systematically in ways that 

would bias our estimates—have the same probability of being evicted, approximating a 

randomized trial with available covariates. To be sure of time order, we also introduce a lag 

when calculating weights, such that we use covariates in the wave before an eviction to estimate 

its inverse probability of treatment weights, as well as past eviction history.  

Third, participants are censored over time. This is partially due to study attrition, but it 

is also a concern because electing to test your child for lead poisoning is selective: the 
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characteristics of those who chose to test their child for lead and those who did not likely 

differed systematically. We correct for the selection bias that this could introduce with inverse 

probability of selection weights. We censored participants for the remainder of the study after 

the first wave in which they did not participate, as inverse probability weights become 

impossible to estimate for future waves otherwise. We similarly censored participants for all 

future waves if they stopped reporting lead testing information. To account for selection into 

lead testing, we treat respondents who were never tested for lead as having been censored 

between birth and wave 1, effectively calculating a separate inverse probability of selection with 

“ever tested” as the response variable.  

Having calculated all relevant weights and transformed our data appropriately (see 

Hernán, Brumback, and Robins),55 our outcome model is a weighted log binomial regression 

model that accounts for correlation between repeated observations on our cohort with robust 

standard errors, implemented in Stata MP (v.15).56 Estimates can be interpreted as logged 

baseline hazards and hazard ratios. To improve efficiency, we trimmed our combined weights at 

the 1st and 99th percentiles, reigning in extreme values.57 In our interaction models assessing 

whether eviction is differently related to the hazard of lead poisoning for renters vs. owners, 

renting status at birth is included in calculating all of our weights, enabling us to interact renting 

status with eviction in our outcome model.51 (MSMs can only accommodate effect modification 

with baseline variables.)  

Finally, we used multiple imputation with chained equations (MICE) to account for 

missing exposure or covariate data. Forty imputations were used to maximize power;58 we ran 

our weights models and outcome model on each imputation and then combined the results of 

our outcome models using Rubin’s rules to generate our final estimate.59 
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Covariates 

 

We include an array of predictors in calculating our weights, drawn from the wave 

immediately preceding a given eviction (or the wave at which censoring took place, for our 

selection models). Predictors fell into several categories: age, socioeconomic position (including 

log income-to-poverty ratio, receipt of public funds to subsidize housing costs, and parental 

educational attainment & employment), housing type (whether renting), health-related 

variables (including child’s insurance type, primary caregiver depression, parental smoking 

status, and, in our selection weights for ever being tested for lead, whether child had the 

recommended number of well-child visits in the first year of life), demographics (including 

parental race and age, number of children in the household, and child sex), parental 

relationships (including bioparent relationship status; primary caregiver instrumental social 

support; and parental relationship quality, a proxy for stress), and neighborhood characteristics 

at the tract level (including proportions living in poverty, with incomplete plumbing, and living 

in housing built before 1940). A description of how these covariates were coded and categorized 

is available in Appendix 1.1. 

All potential confounders were chosen a priori. Existing research suggests these 

characteristics drive eviction risk and may shape lead poisoning risk.6,20,60 Some of these are 

likely to do so directly—e.g., poverty—while other may do so indirectly—e.g., race is likely to 

influence both eviction and lead exposure risk because of systemic racism.60–62 

 

Results 

 

Both eviction and lead poisoning were rare in our unimputed data, with 3.2% (N=89), 

2.1% (N=57), and 2.3% (N=55) of the observed, at-risk sample being evicted at waves 1, 3, and 5 

and 4.4% (N=118), 2.1% (N=46), and 2.3% (N=38) experiencing lead poisoning at waves 3, 5, 
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and 9, respectively. Among those evicted, most were evicted only once while under observation, 

though many of those evicted once were censored at a later wave or were diagnosed with lead 

poisoning before future evictions could be observed. In Year 3, 127 uncensored children had 

been evicted, only 11.0% of whom (N=14) had been evicted twice. In Year 5, 147 uncensored 

children had been evicted, 12.2% of whom had been evicted twice (N=18) and 3.4% of whom had 

been evicted three times (N=5). 

 Table 1.1 presents sample descriptive statistics, simplified to ever vs. never evicted for 

ease of interpretation. We present the means of our birth covariates for those who were ever 

evicted and those who were never evicted among respondents who were included in at least one 

wave of our lead poisoning outcome model for the outcome (i.e. they were uncensored through 

Year 3). The ever-evicted sample had lower incomes and educational attainment, were less likely 

to be insured or have private insurance, smoked more, and were more likely to have a history of 

mental health problems or to be a single parent compared to those never evicted. For covariate 

distributions and missingness percentages in every wave, see Appendix 1.2. 

 

Table 1.1 Unimputed descriptive statistics at birth, by eviction status 
 
 
 

Variable 

Ever Evicted* 
(Uncensored through Y3 

= 170) 

Never Evicted 
(Uncensored through Y3 

= 2538) 
Mean SE Mean SE 

Renting 78.0% 3.2% 68.1% 0.9% 
Receiving public funds for housing 26.5% 3.4% 20.8% 0.8% 
Poverty/Income Ratio 1.30 0.09 1.99 0.04 
Employed in last 2 weeks 79.6% 3.1% 78.4% 0.8% 
Instrumental Social Support Scale 2.51 0.07 2.74 0.01 
Parental age 23.18 0.39 24.80 0.12 
Child sex (female is referent) 47.6% 3.8% 50.9% 1.0% 
# children in household 1.78 0.09 1.64 0.02 
Relationship Quality Scale 10.38 0.44 8.92 0.13 
PCG Depression (binary)*** 21.6% 3.5% 12.9% 0.8% 
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(Table 1.1, continued) 
 
Parental Educational Attainment     

< High School 40.6% 3.8% 28.2% 0.9% 
High School 33.5% 3.6% 33.4% 0.9% 
Some College 24.1% 3.3% 27.7% 0.9% 
College + 1.8% 1.0% 10.8% 0.6% 

Health Insurance     

Uninsured 7.1% 2.0% 3.8% 0.4% 
Public Insurance 79.4% 3.1% 67.7% 0.9% 
Private Insurance 13.5% 2.6% 28.5% 0.9% 

Parental Smoking     

Non-smoker 49.4% 3.8% 68.5% 0.9% 
< 1 pack/day 38.2% 3.7% 24.1% 0.8% 
1-2 packs/day 10.6% 2.4% 6.3% 0.5% 
2+ packs/day 1.8% 1.0% 1.1% 0.2% 

Race     

White 16.5% 2.9% 16.6% 0.7% 
Black 62.9% 3.7% 58.9% 1.0% 
Hispanic 17.6% 2.9% 21.6% 0.8% 
Other Race/Ethnicity 2.9% 1.3% 2.8% 0.3% 

Relationship Status     

Cohabiting with bioparent 48.2% 3.8% 54.1% 1.0% 
Single Parent 51.8% 3.8% 45.9% 1.0% 

Neighborhood (Tract) 
Characteristics 

    

% of homes built before 1940 29.4% 1.8% 27.0% 0.4% 
Median rent as a % of HH 
income 28.2% 0.4% 27.6% 0.1% 

% of HHs without complete   
plumbing 1.7% 0.2% 1.8% 0.0% 

 
* "Ever evicted" in the un-imputed data shown here means respondents reported being evicted in Year 1, Year 3, or 
Year 5 and were uncensored for at least one wave of follow-up - i.e., stayed in our sample through Year 3, the first 
wave at which parents report lead poisoning. Total respondents do not exactly equal our analytic sample because a 
handful of respondents did not report eviction history at any wave but were nonetheless not censored (we impute 
their treatment history via multiple imputation). 
 
** At birth, Fragile Families treats bioparents as either romantically involved and cohabiting or single. At later waves, 
we add a third category, "cohabiting with new partner." 
 
*** PCG is considered to be the mother unless the child's home parent is a single father. In later waves, depression 
symptomatology is measured with the CIDI Short Form, a validated diagnostic scale. At birth, "depression" is only 
available as a binary variable marking whether the mother has a history of mental health problems. 
 
Note: For covariate distributions at all waves and missing-ness rates of all variables, see Appendix 1.2. 
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Figure 1.2 provides the risk of ever experiencing lead poisoning for evicted vs. un-evicted 

children, calculated from simple, unimputed cross-tabulations. It displays the incidence of lead 

poisoning through age 9 among uncensored survivors at each wave by whether they were ever 

evicted in any earlier wave. For example, children evicted in Year 1 display twice the risk of 

future lead poisoning as those not evicted in Year 1, and—taking out those poisoned by Year 3—

those evicted in Year 1 or Year 3 display three times the hazard as those never evicted in those 

years. 

 

Figure 1.2 Unadjusted (raw) risk of experiencing lead poisoning by age 9, by 
eviction history up to each wave 

 
 

 
 
Note: Proportions are calculated as the proportion of children who are uncensored by a given wave and did not report 
having been poisoned by lead in an earlier wave. “Evicted in prior waves” indicates that a child was evicted at least 
once prior to a given wave, e.g., evicted in either Y1 or Y3 for the Y5 bars. 
 
 

To formally test whether children who were evicted had higher rates of lead poisoning 

than children who were not—accounting for confounding, censoring, and potential cumulative 



19 
 

effects of eviction—we fit a series of MSMs. To assess whether using IPTW models predicting the 

probability of eviction at Years 1, 3, and 5 were appropriate for achieving exchangeability, we 

examined whether the distribution of predicted probabilities for people who were in fact evicted 

overlapped with the distribution of predicted probabilities for people who were in fact not 

evicted, known in the propensity score literature as “common support.” They did. We also found 

common support for our censoring weights—i.e., the distribution of respondents’ probabilities of 

being selected at each wave among the observed overlapped with those distributions among 

those who were censored. Details on the distribution of the weights from each imputation are 

presented in Appendix 1.3. 

 

Our outcome model results are presented in Table 1.2. In Model 1, we apply weights for 

confounding and selection bias, attempting to estimate a causal effect. In Model 2, we apply 

similar weights, but this time add interaction terms between eviction and renting status at birth 

to test whether the relation between eviction and future lead poisoning differs between renters 

and owners. 

Among children who were never evicted, we find in Model 1 that the hazard of being 

diagnosed with lead poisoning by a given wave was highest at Year 3 (3.8%, 95% confidence 

interval [CI]=0.02-0.07); declined to just under 2% at Year 5 (HR=0.51, p=0.114, CI=0.23-1.17); 

and remained around 2% at Year 9 (HR=0.52, p=0.128, 95% CI=0.22-1.21). We estimate that 

each eviction increased children’s risk of lead poisoning by 2.45 times (p=0.064, CI=0.95-6.32), 

albeit marginally statistically significantly so.  
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Table 1.2 Combined outcome model results (exponentiated) 
 

Variable Coef. 
95% C.I. 

p 
Lower Upper 

Model 1: Weighted         
Intercept 0.04 0.02 0.07 0.000 
Time 3 (ref.) - - - 
Time 5 0.51 0.23 1.17 0.114 
Time 9 0.52 0.22 1.21 0.128 
Eviction 2.45 0.95 6.32 0.064 
Model 2: Baseline Renting Interaction   

Intercept 0.03 0.01 0.06 0.000 
Time 3 (ref.) - - - 
Time 5 0.47 0.19 1.15 0.098 
Time 9 0.47 0.18 1.21 0.119 
Eviction 3.56 0.83 15.32 0.088 
Renting (at 
Baseline) 1.59 0.70 3.65 0.270 

Eviction * Renting 0.81 0.15 4.53 0.811 
 
Note: Results are generated via log binomial regression with robust standard errors to account for clustering across 
observations from the same respondents. We combined 40 such regressions across different missing value 
imputations using Rubin’s rules. Outcome models are fit using 6,636 observations contributed by 2,708 participants. 
 

To visualize these results, we plot estimated hazard functions for people with different 

eviction histories in Figure 1.3. We plot children’s hazard as they aged for those never evicted; 

those evicted only once, at Year 1 (though we could have chosen any time); those evicted twice, 

at Year 1 and Year 3 (though we could have chosen any two times); and those evicted three 

times, at Year 1, Year 3, and Year 5. Children evicted in their first year of life are predicted to 

have just under a 1 in 10 chance of being diagnosed with lead poisoning by age 3, compared to a 

1 in 21 chance among the un-evicted. Future evictions exacerbate this disparity: between ages 3 

and 5, children evicted in both the first and third year of life are predicted to have a 1 in 9 chance 

of being newly diagnosed with lead poisoning compared to 1 in 52 among those never evicted. 
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Figure 1.3. Estimated hazard of lead poisoning over time, by eviction history 
 

 
 
 
Note: Hazards are calculated using coefficients from Model 1 coefficients, presented in Table 2. In each case, we 
present the estimated hazard over time assuming evictions occurred at the earliest possible times; e.g., “Evicted 1X” is 
calculated assuming a child was evicted once in Y1, as opposed to being evicted once in Y3 or Y5; “Evicted 2X” 
assumes a child was evicted twice, in Y1 and Y3; etc. 
 
 

The results of our sensitivity analyses are as follows. First, in Model 2, we interact 

baseline renting status with eviction, though we are clearly underpowered.51 Results tentatively 

suggest the impact of eviction may be more severe among those living in owned housing prior to 

the eviction (HR=3.56, p=0.088, CI=0.83, 15.32) than among renters (HR=3.56*0.81=2.88; 

interaction term p=0.811, 95% CI=0.15, 4.53). Confidence intervals are sufficiently wide that 

Model 2 cannot rule out a more deleterious effect among renters, or the same effect as among 

owners.  

Second, in further sensitivity analyses, we examine the small number of cases where 

missing outcome data preceded a report of lead poisoning (e.g. parents reported missing lead 

test results for Year 3 and Year 5 and then report in Year 9 that their child was at some point 
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diagnosed with lead poisoning – a pattern we might represent as “. . 1”). We switch from 

assuming respondents were un-poisoned up until that wave (0 0 1) to assuming respondents 

were poisoned as early as possible (1 1 1). Third, we run models in which we do not trim our 

weights at the 1st and 99th percentiles. Switching our assumptions about the timing of poisoning 

in ambiguous cases attenuates our result somewhat as well as increases our confidence intervals 

(HR=2.35, p=0.103, 95% CI=0.84, 6.56), but our conclusions remain essentially unchanged: our 

models predict eviction has strongly adverse consequences with low precision. Conversely, not 

trimming the weights substantially increases our point estimate but slightly decreases our 

efficiency (HR=3.16, p=0.075, 95% CI=0.89-11.19). Finally, we test whether the proportional 

hazards assumption hold by interacting our time dummy variables with the treatment, eviction. 

Interactions are not significant, indicating no evidence this assumption is violated. 

 

Discussion 

 

Childhood lead poisoning in the United States is generally thought to be a rare condition. 

We find this is not so among children evicted in early life, at least in urban settings. Using the 

most rigorous methods available for causal inference in these observational data, we estimate 

that each eviction in the first, third, and fifth year of life increased urban children’s prospective 

risk of lead poisoning by 2.45 times. This means that, for example, children in our sample would 

have had a roughly 1 in 10 chance of lead poisoning by age three had they all been evicted in 

their first year of life, compared to a 1 in 21 chance had no one been evicted. This risk 

compounds in cases where children are evicted repeatedly: we estimate that evictions in both 

the first and third year of life would lead children in our sample to have a 1 in 9 chance of lead 

poisoning between ages 3 and 5, compared to a less than 1 in 50 chance had no one been evicted.  

This result is marginally significant (p=0.064), with confidence intervals that include 1 

(95% CI=0.95-6.32). Still, the estimated effect is large , and elements of our study design limit 
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statistical precision (a rare event, low numbers of evicted children, potential misclassification 

[see below], many controls for confounding using weights, and conservative confidence interval 

procedures).55 Lead poisoning is a serious condition that causes lifelong morbidity. Given its 

severity, we argue from the precautionary principle that a p-value of 0.064 should not stop 

medical providers or policymakers from taking action, especially in the sense that eviction is a 

powerful predictor of lead poisoning and eviction histories would therefore be useful for 

identifying children at high risk.63 

Moreover, the way FFCWS surveyed families about their eviction histories makes results 

conservative. Past literature finds that the majority of evictions are informal and are often not 

captured by surveys asking about “eviction” per se.20,64 Many evictions occur for reasons 

unrelated to rent or mortgage non-payment (what is captured here), such as violations of 

“nuisance” ordinances.65 Further, because time lapses between waves are sometimes greater 

than 1 year, many evictions were not solicited by FFCWS at all. Formal evictions due to 

insufficient payment are likely the most impactful type of eviction for families’ socioeconomic 

lives and housing prospects, and their prevention is the most amenable to policy intervention, so 

our results remain informative. But different data, separating formal from informal eviction 

cases, would likely yield a larger hazard ratio. 

Of note are our (at best suggestive) estimates that the consequences of eviction could be 

more severe among those evicted from owned housing. One possible explanation is the 

potentially much larger plunge in quality between owned housing people live in prior to a 

foreclosure and the housing foreclosed evictees move into vs. the comparatively moderate drop 

in quality experienced by those renting both before and after an eviction. The financial 

consequences of being foreclosed on may also be more severe: foreclosure immediately 

devastates one’s credit score, for example, while rental eviction is rarely tracked in credit score 

calculations. Foreclosure also represents a substantial wealth loss. Whether these dynamics 

drive the patterns we see is unfortunately not investigable with FFCWS data. 
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Limitations 

 

Though our findings align with the available evidence on the consequences of eviction, 

we urge caution before interpreting results causally (i.e., that they show an effect of eviction on 

lead poisoning as opposed to an association between the two). First, three major assumptions 

have to hold: that there are no confounders we failed to measure (or include in our models 

appropriately); that we appropriately included all variables that could have caused differential 

loss to follow-up in our selection weights; and “positivity,” a term that here means that, if we did 

not observe an evicted and non-evicted person in every covariate cell, the relationship we 

observed in other cells applies to those hypothetical types of people we did not observe. Our 

sparse data makes positivity especially troubling, though treating eviction as a cumulative 

exposure helps: zero becomes just another continuous value of eviction, not a binary state. We 

therefore assume positivity violations are random, not structural, which we feel is reasonable 

but may or may not hold. Treating eviction as cumulative in this way has drawbacks: we attempt 

to estimate the causal impact of eviction assuming it will have the same proportional effect at 

any age; it may not be so, despite our finding no evidence for a violation of this assumption. We 

also extrapolate to hazards for children evicted three times using small Ns. Lead poisoning 

misclassification is a concern, as we observe the timing of diagnoses, not the timing of 

poisoning, and our measure is based on parents’ reports. Our marginalized models cannot 

account for correlation between observations induced by living in the same neighborhoods or 

cities, a fundamental drawback of MSMs, though correlation at those levels appears to be low 

and statistically insignificant (see Appendix 1.1) and the Wald tests we run in our MSM are 

conservative, given that they are estimated using robust variance estimators. 
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Finally, our sample is limited to urban births to disproportionately unmarried mothers. 

This is a strength, allowing us to focus on a high-risk population where eviction and lead 

poisoning are comparatively common. But our results may also not apply to other populations, 

such as rural communities or urban communities with fewer births to unmarried mothers. Rural 

areas face unique housing challenges—greater proportions of owned housing, vanishing federal 

funding—and distinct housing markets,66 as well as different environmental exposures.67 The 

consequences of eviction may differ accordingly. 

 

Implications 

 

  Having enumerated those limitations, these are the best data available for investigating 

children’s lead poisoning risk following an eviction. Our results have five implications for 

research, policy, and medical practice. 

First, we provide motivation for further research with (A) more compelling causal 

designs and (B) greater insight into what may mediate the increased risk of lead poisoning 

among evicted children we observe. These can guide appropriate intervention design, such as 

lowering the incidence of eviction (more upstream) or preventing the socioeconomic or stress-

related consequences of eviction from impairing children’s health (more downstream). Options 

for more upstream approaches abound,68 and can be advocated for by pediatricians and 

community health advocates. 

Second, if these findings hold, the cost of lead poisoning should be incorporated into 

public policy cost-benefit analyses of eviction abatement programs, as well as into data 

collection or analysis efforts by affordable housing advocates. Insofar as our results are causal, 

policy conversations need to account for the preventable lead poisoning morbidity experienced 

by patients and the burden eviction-related lead poisoning may place on the US health care 

system and economy.69 
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Third, pediatricians are advised to take these findings as an indication that recently 

evicted families, not only families with children on Medicaid,70 should be proactively supported 

in preventing lead poisoning, including regular blood lead testing. Including evictions in 

patients’ social histories and establishing connections between medical providers and lead 

abatement services may improve clinical outcomes.  

Fourth, these data’s inability to fully measure children’s eviction histories shows how 

needed large-scale data collection efforts are that allow researchers to carefully understand the 

relation between the many forms of eviction and health (particularly, elevated BLLs), accounting 

for relevant confounders. 

Finally, fifth, eviction is common among the most economically marginalized families in 

US cities; this paper adds to growing evidence that it may damage their health.8 Social 

epidemiologists and clinical researchers should take eviction seriously as a determinant of 

physical and mental health and health inequalities, investigating connections between eviction 

and a wide breadth of health outcomes and understanding the paths through which the two are 

linked. 
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Chapter 2 
 
Health selection into eviction: adverse birth outcomes and children’s risk of 
eviction through age 5 
 
Gabriel L. Schwartz, Kathryn M. Leifheit, Lisa Berkman, Jarvis Chen, Mariana Arcaya 
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Abstract: 

Adverse birth outcomes put children at increased risk of poor future health. They also put 

financially precarious families under sudden socioeconomic and psychological strain, which has 

poorly understood consequences. In this paper, we test whether infants experiencing an adverse 

birth outcome—low birthweight or prematurity, as well as lengthy hospital stays—are more 

likely to be evicted in early childhood, through age 5. We analyze 5,655 observations contributed 

by 2,115 participants in the Fragile Families and Child Wellbeing Study—a national, randomly 

sampled cohort of infants born in large US cities between 1998 and 2000—living in rental 

housing at baseline. We fit proportional hazards models using piecewise logistic regression, 

controlling for an array of confounders and applying inverse probability of selection weights. We 

find that being born low birthweight/preterm is associated with a 1.74-fold increase in children’s 

hazard of eviction (95%CI=1.02,2.95), while lengthy neonatal hospital stays were independently 

associated with a relative hazard of 2.50 (CI=1.15,5.44) compared to healthy births. Given recent 

findings that unstable housing during pregnancy is associated with adverse birth outcomes, our 

results suggest eviction and health may be cyclical and co-constitutive. Children experiencing 

adverse birth outcomes are vulnerable to eviction and require additional supports. 
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Introduction 

 

Infants born with adverse birth outcomes are at heightened risk of poor health as they 

age. Research on the long-term health impacts of these outcomes—which has tended to focus on 

low birthweight (LBW) or prematurity 71–73—finds infants born too light or too early are at 

higher risk of impaired growth, neurodevelopmental impairment, childhood hospitalization, 

cardiovascular disease, diabetes, nephropathy, and poor mental health in adulthood, among 

other conditions.74–77 

Less is known about the socioeconomic strain adverse birth outcomes place on 

families,78–81 which may itself impose consequences for health and well-being.82,83 This strain 

includes direct out-of-pocket medical expenditures, lost wages from being out of work to care for 

sick children, and travel costs of hospital visitation.78,80 A 2005 study of US families found out-

of-pocket healthcare costs for LBW or preterm infants in their first year of life totaled $1,987 on 

average, more than three times the average for infants with uncomplicated births ($654).78 

Infants born with other medical complications also had higher average out-of-pocket costs, at 

$953. Costs grew when prescription and maternal care costs were included, and excluded higher 

early childhood healthcare costs and the costs of managing higher rates of childhood disability.80 

Lost wages and benefits for mothers of LBW/preterm infants were also substantial, at an 

average of $1,513;80 a Finnish study suggests even higher wage losses during infants’ second 

year.79 Such financial shocks may not be manageable for families with few savings in a country 

like the United States, where the median household in the poorest quintile of income earners 

has $0 in savings.84 Sudden costs may be especially difficult to navigate while burdened by the 

immense psychological toll of parenting a sick newborn.85 

We use data from the Fragile Families and Child Wellbeing Study (FFCWS)—a national, 

randomly selected urban birth cohort—to examine whether adverse birth outcomes are 

associated with risk of eviction during early childhood. We follow on recent findings, including a 



30 
 

study using the same data, that unstable housing during pregnancy is associated with an 

increased risk of being born preterm or low birthweight.13,86,87 We examine the reverse, assessing 

whether adverse birth outcomes (LBW/prematurity or other intensive neonatal medical needs) 

put families at heightened risk of eviction. At issue is whether the costs of adverse birth 

outcomes are enough to push families out of good standing on their rental payments and out of 

their homes. 

If so, evictions resulting from adverse birth would exacerbate affected children’s 

heightened medical and socioeconomic vulnerabilities and further jeopardize their well-being. 

Eviction is theorized to harm health both directly (e.g., the mental health repercussions of losing 

one’s home)8 and indirectly, shunting families into lower quality housing and more underserved 

neighborhoods, delivering shocks to their finances, and disrupting social networks.6,19–21 

Because of the long-term impact of poor health in childhood on adult outcomes and the greater 

sensitivity of children to environmental insults,30,88–91 eviction during childhood may be 

uniquely harmful, though direct evidence on this hypothesis is sparse. Only a handful of studies 

have examined the fallout of eviction for youth, connecting eviction to increased risk of 

childhood lead poisoning (Schwartz et al., Harvard University, unpublished manuscript), food 

insecurity,12 poor parent-rated health,22 and, with ecological data, rates of child abuse.92 Any 

impacts, even small ones, may have a sizeable impact on population health, as 1 in 7 births to 

low-income mothers were low birthweight and/or preterm in 2018.93 

 

Methods 

 

Data 

 

 We analyze data from the Fragile Families and Child Wellbeing Study (FFCWS), a birth 

cohort following a random sample of babies born between 1998 and 2000 in large U.S. cities. 
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FFCWS sampled 20 cities with populations over 200,000, 75 hospitals within those cities, and 

4,898 infants and their mothers within those hospitals while they were in the maternity ward. 

By design, the study oversampled infants born to unmarried mothers; low income families are 

well represented. After baseline interviews with children’s biological parents, FFCWS 

administered follow-up interviews with parents, children’s primary caregivers, and (at 

appropriate ages) the children themselves; follow-up interviews occurred around ages 1, 3, 5, 9, 

and 15. Most participants (N=3,684, or 73%) also had their medical records extracted, with 

missingness largely driven by hospital non-participation or technical errors locating records 

(67% of the time); the remaining 33% of excluded mothers declined consent personally. Further 

sample and design details are available elsewhere.18 

We analyze data collected during the early childhoods (birth through age 5) of 

participants whose medical records were extracted. To align with prior literature focused on 

rental eviction, as opposed to foreclosure, we further limit our sample to those 2,395 children 

whose families were renting at baseline. Because some of them were censored before we could 

observe eviction outcomes, our outcome models are run only on 5,655 observations contributed 

by 2,115 children with at least one wave of complete eviction data. 

We define two exposures. Our first exposure is a binary variable representing whether 

infants were born preterm (<37 weeks) and/or low birthweight (<2500 grams), or not. Our 

second exposure, which may also be a mediator between LBW/preterm and eviction, is defined 

as an infant hospital stay of one week or more, which we take as a proxy for extreme or extended 

medical need. We use a week or more because nearly all study infants (97%) who did not require 

neonatal intensive unit care (NICU) left the hospital by this time, compared to only 53% of those 

who required NICU care. This standard contrasts with the legal standard for how long a hospital 

must allow a mother and child to stay in hospital after a birth (two days for a vaginal birth, four 

days for a caesarean),94 which is sometimes used to define extended hospital stays.95 For our 

purposes, however, that standard was less helpful, as it was not meant to identify infants with 
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heightened medical needs, nor was it based on population-level research.96 The legal standard 

also had lower sensitivity when predicting which infants were born with an array of medical 

complications than our one-week standard (see Appendix Table 2.1).  

Our outcome is eviction from rental housing during early childhood. In each follow-up 

wave, parents were asked whether they had been “evicted from their home or apartment for not 

paying the rent or mortgage” in the past 12 months. We coded children as evicted if the parent 

they lived with at least half of the time (defaulting to their mother) reported being evicted in any 

wave through age 5, with the earliest wave at which they reported being evicted serving as their 

event time in our survival analysis. 

 

Statistical Analysis 

 

 To estimate the discrete hazard of eviction (the probability of being evicted in any given 

wave conditional on having not been evicted in an earlier wave), we fit a proportional hazards 

model, using inverse probability of selection weights to account for loss to follow-up. We fit 

three models: (1) an unweighted model for eviction, predicted by LBW/prematurity only; (2) a 

weighted model for eviction, predicted by LBW/prematurity and potential confounders; and (3) 

a weighted model for eviction, predicted by LBW/prematurity, a lengthy hospital stay, an 

interaction between the two, and potential confounders. 

We fit Model 2 (including only LBW/preterm and excluding hospital stay) followed by 

Model 3 (including both LBW/preterm and hospital stay) because we conceptualize a lengthy 

hospital stay as a potential mediator of the relationship between LBW/prematurity and eviction: 
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Figure 2.1 Hypothesized DAG for adverse birth and eviction 
 

 
 

where C1 and C2 are sets of baseline confounders. Fitting these two models and controlling for 

both set of confounders allowed us to estimate both the “overall effect” of LBW/prematurity 

(Model 2) as well as the “controlled direct effect” of LBW/prematurity (Model 3)—i.e., the effect 

of LBW/prematurity not mediated through hospital stay.97 

To fit these models, we analyzed person-times with piecewise logistic regression.98 

Because eviction was rare, odds and odds ratios approximate discrete hazards and hazard ratios. 

To account for clustering induced by repeated observations (as well as our selection weights), we 

estimated robust standard errors, making p-values and confidence intervals conservative. 

To select covariates for inclusion in our models, we started with a pool of potential 

confounders chosen a priori based on prior literature.6,8,21,60,99 We then used backwards 

selection to remove covariates one by one that, conditional on the other covariates in the model, 

were unlikely to be confounders, following VanderWeele.100 In practice, we retained variables 

that were either clear predictors of one of our birth outcomes (p<0.05, or approaching it, 

assessed via logistic regression), clear predictors of eviction, or promising predictors of both 

(p<0.20).  

LBW/prematurity Lengthy Hospital 
Stay

Eviction

C1

C2
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Retained predictors included unstable housing (eviction or homelessness) during 

pregnancy (binary), unsafe housing conditions during pregnancy (binary), insurance type 

(public, private, or uninsured), number of prenatal care visits (continuous), number of prenatal 

hospitalizations (continuous), history of maternal mental health problems (binary), maternal 

self-rated health (scale from 1-5), maternal disability (binary), a multiple birth indicator 

(binary), poverty-income ratio (continuous), maternal education (less than high school, high 

school, some college, college), parental smoking intensity (non-smoker, <1 pack/day, 1-2 

packs/day, 3+ packs/day), maternal race/ethnicity (White, Black, Hispanic, Other 

Race/Ethnicity; included as a proxy for racial discrimination),60,62,101 maternal age (continuous), 

single motherhood (binary), relationship quality (an FFCWS-specific, five-question scale about 

the quality of mothers’ relationships with their children’s biological father; !=0.98), number of 

children in the household (continuous), and child sex (binary), as well as dummy variables for 

time. Rejected predictors included maternal alcohol or illegal drug use during pregnancy 

(binary), neighborhood poverty rate (continuous), and whether families were receiving public 

assistance for housing costs (binary). All covariates were measured at baseline, with medical and 

housing history variables derived from medical records and the remainder pulled from baseline 

parent surveys. 

 For calculating inverse probability of selection weights, participants were considered 

censored for any wave in which they (A) had missing data on eviction or (B) did not participate 

in data collection, as well as all future waves. In general, censoring because of missing eviction 

data was rare, with 22, 8 and 3 children initially censored this way in Years 1, 3, and 5, 

respectively, compared to 258, 186, and 157 participants censored because of general non-

participation. We built models for selection in the same fashion as we did models for treatment. 

Retained predictors of selection included both exposures; unstable housing; number of prenatal 

visits; single parenthood status; neighborhood poverty; receipt of publicly-funded housing 
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support; and maternal mental health, self-rated health, substance abuse, education, smoking 

intensity, race, and age. 

Multiple imputation using chained equations accounted for missing exposure and 

covariate data. Rates of missingness were generally low, below 3% for all variables other than 

number of prenatal hospitalizations (8.3%) and number of prenatal visits (21.6%). All analyses 

were implemented in Stata MP v.15.56 

In sensitivity analyses, we included fixed effects for cities. These accounted for clustering 

at the city level and potential confounding by time-invariant city characteristics. Cities with 

fewer resources, for example, may have suffered fewer protections against eviction and fewer 

resources to protect the health of pregnant people. We also tested the proportional hazards 

assumption that adverse birth outcomes had the same relation to infants’ hazard of eviction at 

all follow-up ages, interacting each treatment with dummy variables for time and assessing 

whether any time X treatment interaction was significant. Finally—as our treatment was much 

more common than our outcome—we re-ran these analyses using (A) inverse probability of 

treatment weights as our confounding control method 51,55 and (B) using doubly robust methods, 

which use both treatment weights and direct covariate control to lower the risk of model 

misspecification.102  

 

 

Results 

 

Nearly a fifth (18.5%, N=443) of our 2,395 infants experienced an adverse birth outcome. 

These included three groups: those born LBW/preterm with short hospital stays (N=239, 

10.0%), those born LBW/preterm with long hospital stays (N=123, 5.1%), and those with long 

hospital stays who were not born LBW or preterm (N=81, 3.4%). Eviction was much rarer: 136 

children (6.4%) were evicted at some point in early childhood while under observation, with 78 
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(3.7% of those uncensored) evicted in the Year 1 wave, 31 (1.67% of uncensored survivors) 

evicted in the Year 3 wave, and 27 (1.61% of uncensored survivors) evicted in the Year 5 wave. 

 Those who experienced an adverse birth outcome and those who did not differed in a 

number of ways, as visible in Table 2.1. Infants with adverse birth outcomes were more likely to  

 
Table 2.1 Baseline characteristics of study infants born 1998-2000 in large US 

cities, by adverse birth outcomes 
 

Variable 
LBW/Preterm Extended Hospital Stay 

No LBW/ 
Preterm 

LBW/ 
Preterm Std. Diff. < 7 Days 7+ Days Std. Diff. 

Unstable housing during preg. 1.4% 3.6% 0.164 1.5% 4.9% 0.262 

Num. prenatal visits 8.95 6.93 0.486 8.84 6.56 0.548 

Maternal self-rated health 3.80 3.73 0.073 3.81 3.58 0.232 

Maternal disability 1.5% 2.8% 0.095 1.7% 1.5% 0.020 

Num. hospitalizations during preg. 0.63 0.86 0.240 0.64 0.93 0.302 

Multiple birth 0.5% 7.4% 0.563 1.3% 3.9% 0.211 

Maternal Age 24.56 25.05 0.087 24.55 25.53 0.174 

Poverty/Income Ratio 1.57 1.73 0.094 1.59 1.67 0.053 

Single parent 42.4% 49.4% 0.140 42.9% 49.0% 0.122 

Parental relationship quality 9.20 9.96 0.118 9.26 9.96 0.110 

Num. children in household 1.65 1.62 0.026 1.64 1.66 0.014 

Education 

< High school 41.4% 44.9% 0.071 41.7% 44.4% 0.055 

High school 30.3% 33.2% 0.064 30.1% 37.9% 0.169 

Some college 23.3% 17.2% 0.147 23.1% 13.8% 0.225 

College 5.0% 4.7% 0.017 5.1% 3.9% 0.053 

Smoking 

Non-smoker 67.0% 56.4% 0.222 66.3% 54.9% 0.240 

< 1 pack/day 25.8% 35.3% 0.213 26.3% 37.3% 0.245 

1-2 packs/day 6.1% 6.6% 0.024 6.3% 4.9% 0.057 

2+ packs/day 1.1% 1.7% 0.048 1.1% 2.9% 0.172 

Race/Ethnicity 

Black 49.0% 60.8% 0.237 50.4% 55.0% 0.093 

Hispanic 33.3% 22.3% 0.238 31.9% 29.5% 0.051 

Other race/ethnicity 3.9% 3.0% 0.044 3.9% 1.5% 0.129 

White 13.8% 13.9% 0.002 13.8% 14.0% 0.005 



37 
 

show signs of social disadvantage, including notable differences for prenatal visits and 

hospitalizations, race/ethnicity, poverty/income ratio, smoking behavior, multiple births, 

unstable housing during pregnancy, and single parenthood.  

Selected results from our models for eviction are presented in Table 2.2 and visualized in 

Figure 2.2. (Full results are available in Appendix Table 2.2.) Risk of eviction was estimated to 

be highest in the first year of life, with a hazard of 2% among the reference group. That hazard 

declined by a factor of ~0.45 between Years 1 and 3 and remained there between Years 3 and 5. 

In Model 1, which did not adjust for confounding or selection bias, we estimated that infants 

who experienced LBW/prematurity had 1.71 times the hazard of eviction at any given time point 

(p=0.012, 95% Confidence Interval [CI]=1.12, 2.59). Adding controls for confounding and 

applying weights for selection in Model 2 attenuated this association, and it was no longer 

statistically significant (Hazard Ratio (HR)=1.47, p=0.114, CI=0.91, 2.39). 

In Model 3, however, we added a term for a lengthy hospital stay, thus estimating three 

associations: the “controlled direct effect” of LBW/preterm on eviction, the “direct effect” of an 

extended hospital stay, and the added risk associated with both being born LBW/preterm and 

experiencing a lengthy hospital stay. Separating out these three groups, who appear to 

experience quite different levels of eviction risk, is informative. First, LBW/prematurity alone 

(its “controlled direct effect”) predicts a significantly increased hazard of eviction of nearly 75% 

(HR=1.74, p=0.041, CI=1.02, 2.95). Those who had a lengthy hospital stay despite not being 

born LBW/preterm were also estimated to have a higher hazard of eviction (HR=2.50, p=0.021, 

CI=1.15, 5.44). Second, the interaction term between LBW/preterm and an extended hospital 

stay was also statistically significant and well below 1 (HR=0.29, p=0.03, CI=0.09, 0.89). This 

suggests that infants experiencing both LBW/preterm and an extended hospital stay also faced a 

higher hazard of eviction than healthy infants (HR=1.74*2.5*0.29=1.25), but less so than those 

who were only LBW/preterm or only had an extended hospital stay. However, the linear 

combination of these terms was very imprecisely estimated (CI=0.55, 2.81). 
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 Results remained consistent regardless of our modeling approach or whether we 

included city fixed effects. Repeating our analyses using inverse probability of treatment weights 

or using a doubly robust estimator (applying inverse probability of treatment weights while 

simultaneously directly adjusting for potential confounders) did not substantively alter our 

findings. (See Appendix Table 2.3.) Interactions between our exposures and time were 

statistically insignificant. 

 

Table 2.2 Model estimates: estimated hazard ratios for eviction from birth 
through age 5 associated with adverse birth outcomes 

 

Variable 
Model 1 

(Unadjusted) 
Model 2 

(Adjusted & Weighted; 
LBW/Preterm Only) 

Model 3 
(Adjusted & Weighted; 

LBW/Preterm & Lengthy 
Hospital Stay) 

Coef 
(SE) p 95% CI Coef 

(SE) p 95% CI Coef 
(SE) p 95% CI 

LBW or 
Preterm 

1.71 0.012 1.12,2.59 1.47 0.114 0.91,2.39 1.74 0.041 1.02,2.95 

(0.36)   (0.36)   (0.47)   

7+ Days In 
Hospital 

      2.50 0.021 1.15,5.44 
      (0.99)   

LBW/Pre. X 
7+ Days 

      0.29 0.03 0.09,0.89 
      (0.17)   

 
a LBW = low birthweight 
b Estimates relating our adverse birth outcome exposures to participants’ conditional odds of eviction, 

calculated with piecewise logistic regression with N=5,655 observations contributed by 2,115 children in the 
FFCWS cohort study. As eviction, the outcome, is rare, odds ratios approximate hazard ratios. 
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Figure 2.2 Adjusted hazard ratios with 95% confidence intervals 
 
 

 
 

Discussion 

 

In this analysis of a lower income, urban birth cohort, children born preterm or with low 

birthweight had a substantially higher hazard of being evicted in their first five years of life 

compared to uncomplicated births, with a hazard ratio of 1.74 in fully adjusted models (p=0.041, 

CI=1.02, 2.95). Children with intensive medical needs in the absence of LBW/prematurity, as 

indicated by a hospital stay of at least one week, also experienced heightened risk, with a hazard 

ratio of 2.50 (p=0.021, CI=1.15, 5.44). 

Those who experienced a lengthy hospital stay after being LBW/preterm appeared to 

also face a higher hazard of eviction than uncomplicated births (HR=1.25, CI=0.55, 2.81), but 

less so than infants facing either adverse birth outcome alone. This may reflect that a lengthy 

hospital stay for this group proxies something other than high medical needs. A lengthy hospital 
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stay for term, normal weight babies may signal serious medical complications, while a lengthy 

hospital stay after being born LBW/preterm may signal that those LBW/preterm infants are 

receiving high-quality, intensive preterm or low birthweight follow-up care, which may lower 

the burden of ongoing health conditions as those infants age and provide some protection 

against eviction. 

If our results are causal, they have troubling synergies with (A) recent results showing 

that infants who experienced unstable housing during gestation were more likely to be born 

LBW/preterm 13,86,87 and (B) the growing literature suggesting that eviction harms health.8,17,22,92 

If being sick makes people more likely to be evicted and being evicted makes people more likely 

to become sick, eviction and poor health may serve to cyclically ratchet low-income families 

down the ladder of well-being and opportunity. 

Much concern has been raised in research on the effects of housing and neighborhoods 

on health about the direction of the association 103–110—i.e., does low-quality housing or 

disadvantaged neighborhoods cause poor health, or are people in poor health sorted into low-

quality housing and disadvantaged neighborhoods? To be sure, our results agree that this is a 

critical challenge for the field, in terms of determining the direction of causality between 

eviction and health. But our and others’ longitudinal results 13,86,87 suggest a bidirectional 

relationship is most likely, at least in terms of birth outcomes.  

To the best of our knowledge, we are the first to demonstrate that poor health may lead 

to rental eviction. Our results accord, however, with findings on foreclosure 111 and with two 

large quasi-experimental studies finding that state-level Medicaid expansion under the 

Affordable Care Act lowered eviction rates and eviction filings.112,113 From a microeconomic 

perspective, these studies’ ecological findings might be explained either by Medicaid expansion 

preventing catastrophic medical debt from forcing low-income families out of their homes; by 

families being able to reallocate money spent on health insurance into housing payments; or by 
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the provision of medical care preventing illness and thereby protecting workers’ earning time. 

Our findings suggest a direct role of illness, particularly in the early years of life and parenthood.  

 

Limitations and Strengths 

  

 There are several limitations to our study. First, we likely did not perfectly control for 

confounding or perfectly model selection, though consistent results when using doubly robust 

estimators lowers concern about model misspecification. Second, by limiting our data to the 

roughly three quarters of participants with extracted medical records, it is possible that we have 

limited generalizability. The magnitude of differences between mothers whose medical records 

were vs. were not extracted were small, but excluded mothers were slightly less poor, slightly 

better educated, and slightly less likely to be White and more likely to be Hispanic. (See 

Appendix 2.4.) 

Mismeasurement may also hinder causal inference. On the exposure and covariate side, 

this is likely to be minimal due to our use of medical records, though we cannot rule out recall 

bias for covariates from survey data. On the outcome side, misclassification is a known problem. 

Informal evictions—those they are not carried out via legal means—are largely missed by 

questions asking directly about eviction.20,64 Further, gaps between FFCWS waves are longer 

than one year, and eviction questions only solicit information about evictions in the last 12 

months, meaning evictions in the 12-month periods immediately after the Age 1 and Age 3 

interviews were missed entirely. If this misclassification was non-differential by exposure status 

(which, in the case of systematically not asking about certain evictions, is likely the case), 

associations would be biased towards the null, making our results conservative, all else being 

equal. 

 Use of FFCWS data is a strength, having oversampled some of the most disadvantaged 

families at highest risk of both eviction and adverse birth outcomes. The more 
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socioeconomically homogenous sample also helps dampen the threat of residual confounding. 

However, these results may not generalize to more advantaged or rural settings. FFCWS also 

lacks the necessary data to shed light on what mediates potential paths between adverse birth 

outcomes and eviction; we leave this to future work. 

 

Implications for Practice 

 

 Our results are important whether or not they are causal. Causal results would mean that 

preventing adverse birth outcomes would protect families from a high risk of eviction and its 

health-related sequelae. It also means eviction would be a mediator of the negative influence of 

LBW/prematurity on children’s life chances or later health. Associational results also demand 

attention, identifying children with adverse birth outcomes as at heightened risk of early child 

eviction net of many other risk factors. To the extent that eviction puts children on a trajectory 

of impaired opportunity, our results identify children born preterm, with low birthweights, or 

with other neonatal medical needs as in especial need of intervention to prevent it. 

 In the short term, our results thus suggest that pediatricians and neonatal care providers 

should connect families of children with adverse births to social workers and government 

support to help their families secure and maintain tenancy in stable housing throughout the 

early childhood of their newborns. Health care providers and public programs, such as 

Medicaid, could offer parents of neonates spending large amounts of time in hospital additional 

socioeconomic supports or help covering non-medical costs stemming from adverse birth. In the 

long term, policies that support families and lower wage workers—such as paid family leave, 

higher wages, stronger and more readily enforceable protections for tenants, and more 

affordable housing—could make managing additional birth-related costs (direct and indirect) 

more manageable, protecting children from harm.
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Chapter 3 
 
Childhood eviction and cognitive skills: Developmental timing-specific 
associations in an urban birth cohort 
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Abstract 
 

Eviction disrupts children’s lives, exacerbating poverty and rapidly altering environments and 

routines. Here, authors examine whether children evicted in infancy, early childhood, and 

middle childhood respectively exhibit lower scores on four cognitive assessments at age 9. Using 

linear regression and selection weights, they analyze longitudinal data from a national, urban 

birth cohort, including only children living in rental housing (N=1,724 for eviction during 

infancy, 2,126 in early childhood, and 1,979 in middle childhood). Children evicted in middle 

childhood exhibited scores 0.20-0.43 SDs below never evicted children’s (p-values ranged 

between 0.004 and 0.055), depending on the assessment. Suggestive evidence also emerged of a 

strong relation between eviction in infancy and cognitive skills eight years later, though not with 

early childhood eviction. 
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Introduction 

 

 Residential mobility is common among US children and shapes their developmental 

trajectories, including their cognitive skills.10 Children build cognitive skills best in safe, stable, 

engaging environments.114,115 Residential mobility can threaten children’s access to those 

environments, forcing them to move into new homes, schools, or neighborhoods and upending 

their daily routines.116,117 

Residential moves, however, are heterogenous. Moves to better-resourced 

neighborhoods with more economic opportunity or social support could uplift children’s 

learning and development, while sudden, forced displacement into more disadvantaged 

environments may have the opposite effect.118,119 Further, certain abrupt forms of displacement, 

such as eviction, do not merely change where one lives. Eviction can be thought of as a cluster of 

exposures, including not just residential displacement but also acute, sudden financial strain; a 

legal eviction record that makes it more difficult to find affordable, high-quality housing; 

disrupted social networks; and a stressful and potentially stigmatizing event for parents 6,8,22. 

Existing evidence suggests evicted families also tend to move into worse quality housing in 

disadvantaged neighborhoods;20,21 recent work suggests this may increase children’s risk of lead 

poisoning (Schwartz et al., forthcoming). Eviction-related material deprivation is sufficiently 

extreme in the early childhood years that it is associated with increased food insecurity (Leifheit 

et al., 2020). Eviction thus disrupts children’s lives at multiple levels, or ecological systems, at 

once.120 

The fact that parental stress and poor mental health co-occur with these setbacks may 

make them more damaging, as supportive relationships with trusted adults help children 

overcome life disruptions.121 A stressed parent handling the chaos of a sudden residential move 

may be less able to provide that support.122 Together, all of these characteristics make eviction 
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an urgent area of study in child development for the estimated 1 in 7 children living in US cities 

who will be evicted at least once by the time they reach adolescence.123 

To our knowledge, no published research has examined the effects of eviction on 

children’s cognitive function.8,118 In this paper, we examine whether eviction during three critical 

time periods—infancy, early childhood, and middle childhood—is associated with cognitive skills 

at age 9. We bridge the growing public health and social science literature on eviction with child 

development research on residential mobility, using longitudinal data to assess the importance 

of developmental timing. 

 

Developmental Timing 

 

 Developmental timing may matter for both the magnitude of eviction’s potential impact 

on cognition and the longevity of that impact.10,124 From a neurological standpoint, infancy is a 

period of rapid learning and connection-building.125 During this time, the neural connections 

infants make are continuously tested and pruned, strengthening synapses that help very young 

children develop physical and cognitive skills and dispensing with connections that do not.126 

Acute stress and material deprivation, when not buffered by supportive adult relationships and 

resources, can disrupt these processes by altering parasympathetic nervous system function and 

altering the production of stress hormones such as cortisol, a phenomenon known as “toxic 

stress.”127 

Because complex skills are built on more foundational neurological connections, 

disruptions during infancy can make the building of increasingly sophisticated cognitive skills—

such as executive function, applied problem solving, and written and verbal language 

comprehension—more difficult years later.128 Disruptions during the later phases of 

development (e.g., early childhood and middle childhood), however—the time during which 

those more complex skills are actually built—may hamper the development of complex skills 
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directly.116 Executive functioning, for example—the ability to focus on a task and marshal other 

cognitive skills to accomplish it—develops most rapidly in early childhood, between the ages of 3 

and 5.129 Acutely stressful forms of residential mobility in middle childhood (grades K-6) may 

have unique impacts of their own, disrupting social networks and school settings at a time when 

children’s relationships with teachers and peers become increasingly critical to development and 

learning.10,130–132 Curricula in middle childhood (e.g., Grades 3 and 4) are also keenly focused on 

developing core mathematical reasoning, written language, and grammar and vocabulary 

skills.133,134 Because the rate at which children build different kinds of cognitive skills differs 

across a child’s development, it is also critical to assess not just whether the developmental 

timing of an eviction matters but which skills are impacted by evictions at various 

developmental stages.128,135 

Further, the impact on cognitive skills of eviction-related environmental exposures, such 

as lead, may itself depend on life course timing. In a survey of 462 children living in the Rust 

Belt, higher blood lead levels at age six were associated with larger reductions in cognitive 

function at that age than blood lead levels at age two.52 

Not everything is unique to developmental timing, however. Eviction represents multiple 

destabilizing events at once: worsened material deprivation along with sudden and forced 

changes in physical environments, household routines, and social relationships.6,19,22  Past work 

has demonstrated that such clusters of chaos in children’s lives have important effects on 

children immediately thereafter,136,137 suggesting that strong, short-term effects may be 

detectable at any developmental age. Children’s ability to process and respond to so many 

simultaneous changes may strain their ability to focus, just as the constant resource strain 

required of families living in poverty challenges adults’ mental bandwidth for dealing with day-

to-day crises.48,138  
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The Current Study 

 

 Here, we analyze longitudinal associations between eviction at various developmental 

stages and cognitive skills at age 9 using data from a cohort study of births in large US cities. We 

examine whether (A) eviction in early life is associated with cognitive skills in middle childhood, 

(B) whether those associations depend on the developmental timing of the eviction, and (C) 

whether that impact differs across different types of cognitive skills. Our assessment of middle 

childhood skills helps determine whether eviction in early life sets children up for long-term 

success as they enter critical years for determining educational attainment and well-being.130,139 

We help fill gaps in the literature as to whether particularly eviction, a particularly downwardly 

mobile and abrupt residential move, is associated with larger or longer-lasting impediments to 

cognitive skill development, and at which ages. 

 

Method 

 

 We analyze data from the Fragile Families and Child Wellbeing Study (FFCWS), a 

national birth cohort that recruited 4,898 newborns from maternity wards in 20 randomly 

selected US cities of 200,000 people or more. Children of single mothers were heavily 

oversampled, making the cohort disproportionately low-income. After baseline interviews and 

extraction of maternal and infant medical records, children’s biological parents were re-

interviewed periodically, as well as the children themselves and their primary caregivers. These 

follow-up waves occurred when children were ages 1, 3, 5, 9, and 15, with extensive cognitive 

skill assessments collected at age 9. Details of the study design and data collection protocols 

have been published elsewhere.18 For purposes of our analysis, we count the age 1 follow-up 

wave as “infancy,” the age 3 and 5 follow-up waves as “early childhood,” and the age 9 follow-up 

wave as “middle childhood.” 
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Eviction Measure 

 

 At each follow-up wave, parents were asked whether they had been evicted for lack of 

rent or mortgage payments any time in the past 12 months. We code children as evicted in a 

given wave if they were living at least half-time with a parent that answered “yes” to that 

question at the time, defaulting to the mother. To increase power and reflect similarities in 

developmental timing, we combine eviction in the third year of life (“Y3” eviction) with eviction 

in the fifth year of life (“Y5” eviction), creating a single binary measure of whether children were 

evicted at least once across those two waves. 

 

Cognitive Skills Measures 

 

 Our dependent variables are children’s scores on four cognitive skills assessments at age 

9: the WISC-IV Forward and Backwards Digit Span, two assessments from the Woodcock-

Johnson III Tests of Achievement (the Applied Problems test and the Passage Comprehension 

test), and the Peabody Picture Vocabulary Test (PPVT), third edition. Each has been extensively 

validated and has robust psychometric properties.140–144 Respectively, these tests are intended to 

measure children’s memory, attention, and executive function; mathematical reasoning; 

symbolic learning and written language skills; and receptive vocabulary and verbal skills. 

Though the individual item scores that make up these scales are not made publicly available by 

the FFCWS, internal consistency for these measures was high among the samples used to norm 

them, at 0.95 for the PPVT, 0.87 for the Digit Span, and between 0.81 and 0.94 for the 

Woodcock-Johnson Tests of Achievement.145 
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Scores for each measure are standardized to have means of 100 and a standard deviation 

of 15 or, in the case of the Digit Span, means of 10 and standard deviations of 3. We converted 

these standardized scores into z-scores for ease of interpretation and comparability. 

 

Samples 

 

 We created three analytic samples for fitting three sets of regressions. Each analytic 

sample was used to examine eviction at a specific developmental time. The first sample was 

constructed to estimate the association between eviction in the first year of life and cognitive 

skills at age nine. The second was constructed to estimate the association between eviction in 

early childhood—in the third or fifth year of life—and age nine cognitive skills, and the third was 

constructed to estimate the association between eviction in middle childhood (the year before 

the age nine wave) and age nine cognitive skills. Below, we refer to these as the “Y1” (“Year 1”) 

sample, the “Y3/Y5” sample, and the “Y9” sample. 

  To construct each sample, we subset to children living in rental housing (i.e., who were at 

risk of eviction) immediately before a given eviction could have occurred. For the Y1 sample, for 

example, we began with the population of children whose families were renting at birth, i.e., 

who were at risk immediately prior to eviction in the first year of life. Excluding 38 children 

whose primary live-in parent did not participate in baseline data collection and an additional 

107 children who were not part of the random national sample, this included 3,109 children. We 

then used multiple imputation to create 40 complete datasets with respect to children’s birth 

covariates and exposure data (eviction in the first year of life). Outcome models were run only 

on those children with full outcome data on all four age 9 cognitive assessments (N=1,724). 

We constructed the Y3/Y5 sample similarly: starting with all children whose families 

were renting in the wave just prior to the eviction, in this case, the first follow-up wave, at age 1 

(N=3,360); creating 40 multiply imputed datasets; and running outcome models only on those 



51 
 

with full age 9 outcome data (N=2,126). For the Y9 dataset, we started with all those children 

who were renting at age 5 (the most proximate wave prior to children being evicted in the year 

before the age 9 wave; N=2,865), imputing, and then subsetting to those with complete outcome 

data (N=1,979). 

Missingness rates were generally low, below 2.6% for all covariates and exposures except 

those derived from medical records (child born preterm/low birthweight, maternal substance 

using during pregnancy, and history of maternal mental health problems at birth, missing for 

21.4-23.3% of included children).  

 

Analysis 

 

 Within each of our three analytic samples, we ran four multiple linear regressions, one 

for each cognitive skills assessment: the Digit Span, the Woodcock-Johnson Applied Problems 

test, the Woodcock-Johnson Passage Comprehension test, and the PPVT. We weighted these 

regressions by inverse probability of selection weights to account for potential selection bias 146 

and calculate clustered standard errors to account for autocorrelation induced by our weights. 

 Specifically, we estimated weights using logistic regression to address two selection 

challenges. First, the portion of the original 4,898-person sample that was renting prior to a 

given eviction of interest—and remained in the sample long enough for us to observe whether 

they were renting in that wave or not—differs from one analytic sample to the next. That is, we 

must account for selection into each analytic sample in order for results from models run on 

each analytic sample to generalize to the same population, i.e., the full sample at birth. Second, 

in each analytic sample, we observe differential loss to follow-up across eviction status. That is, 

we must account for selection induced by certain portions of each analytic sample dropping out 

to guard against selection bias. 
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All outcome models included city fixed effects to account for clustering induced by the 

sample design and control for time-invariant confounders at the city level. For example, poorer 

cities may have both higher rates of eviction and less investment in local public education or 

early childhood programs. 

  

Covariates 

 

 We selected confounders for our outcome models via a backwards step process, starting 

with a pool of confounders chosen a priori based on prior literature 6,22,60,116,121,127 and then 

removing variables one by one that do not appear to predict the exposure or the outcome.100 

Functionally, we retained past exposure history (unstable housing during pregnancy as well as 

all prior evictions during childhood) in addition to covariates that were either clear predictors of 

eviction (p<~0.05), clear predictors of at least one cognitive skill score (p<~0.05), or suggestive 

predictors of both (p<0.20) in at least one analytic sample. Each covariate pool included 

covariates from just prior to an eviction as well as key covariates measured at birth. 

 We retained the following potential confounding variables: whether a child was born low 

birthweight or preterm (binary), binary child sex at birth, whether children’s mothers 

experienced unstable housing (eviction or homelessness) while pregnant (binary), maternal 

substance use during pregnancy (binary), whether a live-in parent’s relationships or 

employment were disrupted by their substance use in the past year (binary, self-reported), 

parental smoking intensity (categorical: non-smoker, <1 pack/day, 1-2 packs/day, 2+ 

packs/day), parental self-rated health (a 5-point Likert scale), household poverty-to-income 

ratio (continuous), highest parental educational attainment (categorical: less than high school, 

high school, some college, college or more), maternal race/ethnicity (categorical: Black, 

Hispanic, White, Other race/ethnicity [as a proxy for discrimination in both housing and 

education]60,147–150), single parenthood (binary), number of children in household (continuous), 
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bioparent relationship quality (an FFCWS-specific five-question scale; !=0.98), an interaction 

between single parent status and bioparent relationship quality, and neighborhood poverty level 

(continuous). Rejected covariates included parental age (continuous) and maternal mental 

health (either a binary variable for history of mental health problems, used at birth, or the 

Composite International Diagnostic Interview short-form 151 thereafter). 

 For choosing predictors for our selection models, we followed a similar process, starting 

from the same variable pool chosen a priori. To predict selection into each analytic sample, we 

calculated weights using the full sample at baseline (minus the 38 people censored at birth and 

the 107 people who were not part of the national random sample) and variables measured at 

birth. For loss to follow-up within each analytic sample, as with confounding control, we used 

covariates measured just prior to each eviction as well as key covariates measured at birth. In 

models used to generate selection weights, we included past exposure history and key social and 

demographic characteristics (poverty/income ratio, maternal educational attainment, maternal 

race), as well as any other suggestive predictors of selection (p<0.20). See Appendix Table 3.1 

for a detailed list of predictors of selection for each model. 

 

Sensitivity Analyses 

 

 One benefit of analyzing FFCWS cognitive skills data from age 9 is the unusually large 

investment in these assessments at that wave. More than 92% of children whose families 

participated in data collection at that wave completed each cognitive assessment, with a wide 

variety of tested skills. However, only analyzing age 9 outcomes makes it difficult to interpret 

coefficients on middle childhood eviction. Middle childhood eviction could matter because of 

recency (i.e., because cognitive assessments were completed just after middle childhood 

eviction) or because of developmental timing (middle childhood is important per se, regardless 

of recency). Similarly, we may be underestimating associations between early childhood eviction 
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and cognitive skills by only examining cognitive skills years later: we may miss strong recency 

effects of early childhood eviction because we are not analyzing early childhood outcomes. 

 We thus conduct a sensitivity analysis estimating the association between early 

childhood eviction and age 5 cognitive outcomes. We treat these as a sensitivity analysis for two 

reasons. First, many families participating in data collection at age 5 declined to participate in 

cognitive assessments (between 40% and 47% refused, depending on the test), and some 

assessments were not conducted at all in 2 of the 20 FFCWS cities. Second, FFCWS’ age 5 and 

age 9 outcomes are not perfectly aligned. Age 5 outcomes include the Woodcock-Johnson 

Letter-Word Identification test, which measures symbolic learning and written language skills, 

similar to the Passage Comprehension test; 152 the Leiter-R Attention Sustained subscale, which 

measures focused attention, similar to the Digit Span;153 and the PPVT. This sensitivity analysis 

sample was constructed identically to the Y3/Y5 sample in our main analysis, except with 

outcome models limited to the 1,490 children who completed all three cognitive assessments at 

age 5. We apply selection weights to account for loss to follow-up and make this sample 

generalize to the same population as the main analysis. 

 

Results 

 

 The eviction rate in any single wave of data collection was low. Of those with complete 

outcome data in each sample, 55 children (3.2%) were evicted in infancy in the Y1 sample, 84 

children (4.0%) were evicted in early childhood in the Y3/Y5 sample, and 52 children (2.6%) 

were evicted in middle childhood in the Y9 sample. Ten of the 84 children evicted in early 

childhood had been evicted as infants, while 12 of the 52 children evicted in middle childhood 

had been evicted in an earlier wave. As eviction data was missing for between 0.1% and 0.4% of 

each sample, the percentage of children who were evicted rose slightly in our imputed, weighted 

data, as shown in Table 3.1.  
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 Average cognitive scores among the renting children in our sample were lower than the 

nationally representative, age-specific samples on which these instruments were normed.140–143 

Having been standardized to reflect a population mean of 100 with a standard deviation of 15 (or 

a mean of 10 with a standard deviation of 3 in the case of the Digit Span), our samples exhibited 

means from 97.5-97.7 (SD=15.4-15.8) for the WJ Applied Problems test, 92.0-92.6 (SD=13.5-

13.6) for the WJ Passage Comprehension Test, 92.0-92.3 (SD=14.5-15.2) for the PPVT, and 9.3-

9.4 (SD=2.7-2.9) for the Digit Span.
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Table 3.1  Sample descriptive statistics (imputed and weighted) 
 
 

Variable 

At birth 
(before Y1 eviction) 

In the 1st year of life 
(before Y3/Y5 

eviction) 

In the 5th year of 
life 

(before Y9 Eviction) 

Mean/ 
Prevalence SD Mean/ 

Prevalence SD Mean/ 
Prevalence SD 

Binary child sex (ref. = female) 52.0% 

 

52.0% 

 

51.8% 

 

Unstable housing during gest. 2.4% 1.9% 2.1% 
Child born preterm/LBW 15.6% 16.1% 16.3% 
Maternal substance use during 
gestation 15.5% 15.3% 15.2% 

Parental substance use impaired 
work, relationships in past year 4.8% 2.0% 1.4% 

Parental self-rated health 3.9 1.0 3.7 1.0 3.6 1.0 
Poverty/Income Ratio 2.0 2.2 1.6 1.9 1.7 2.2 
Census tract poverty rate 20.7% 14.6% 19.1% 14.4% 17.8% 13.8% 
Parental relationship quality 8.8 6.6 8.7 6.5 5.9 6.7 
Primary caregiver age 25.6 6.1 26.3 6.1 30.4 6.2 
Num. children in household 1.6 1.0 2.3 1.3 2.5 1.3 
Single parent 39.0%  41.9%  58.1%  

Parental Smoking 

Non-smoker 66.4% 

 

61.5% 

 

64.0% 

 < 1 pack/day 26.0% 26.7% 25.7% 
1-2 packs/day 6.5% 11.5% 10.2% 
2+ packs/day 1.0% 0.2% 0.1% 

Parental educational attainment 

< High school 31.0% 

 

27.5% 

 

26.1% 

 High school 30.2% 30.1% 24.4% 
Some college 26.6% 31.0% 36.2% 
College + 12.2% 11.4% 13.3% 

Maternal race/ethnicity 

Black 48.7% 

 

48.4% 

 

47.1% 

 Hispanic 29.9% 28.1% 28.6% 
Other race/ethnicity 4.2% 3.8% 3.9% 
White 17.2% 19.6% 20.4% 

Cognitive skills assessments at age 9 

Digit Span 9.3 2.7 9.3 2.7 9.4 2.9 

WJ Applied Problems 97.7 15.8 97.7 15.4 97.5 15.5 

WJ Passage Comprehension 92.0 13.6 92.3 13.5 92.6 13.5 

PPVT 92.0 15.2 92.1 14.5 92.3 14.6 
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(Table 3.1, continued) 
 

Proportion later evicted in... 

... infancy (the 1st year of life) 3.4%  

... early childhood 
    (the 3rd or 5th year of life) 

 4.4%  

... middle childhood 
    (the 9th year of life) 

 2.9%  

N 1,724 2,126 1,979 
 
Note: With the exception of time-invariant variables (child sex, maternal race, unstable housing during gestation, 
child born preterm/LBW, and maternal substance abuse during gestation), all variables are taken from the wave just 
before an eviction occurred. For the Y1 sample, time-varying covariates were taken from the birth wave, just before 
eviction in the first year of life; for the Y3/Y5 sample, covariates were taken from the age 1 wave, just before early 
childhood eviction; and for the Y9 sample, covariates were taken from the age 5 wave, the nearest wave to eviction in 
the 9th year of life.   
 

 Cognitive skills assessments were substantially, though nowhere near perfectly, 

correlated, as shown in Table 3.2. As correlations between assessments were nearly identical 

across our samples, we present correlations only from the Y1 sample. Correlations were highest 

between Woodcock-Johnson tests and lowest between the PPVT and the Digit Span. 

 

Table 3.2  Correlations between cognitive assessments at age 9 
 
 

 DS WJ AP WJ PC PPVT 
DS 1.00    

WJ AP 0.47 1.00   

WJ PC 0.44 0.62 1.00  

PPVT 0.34 0.53 0.58 1.00 
 

 

Table 3.3 presents estimated associations between evictions at a given developmental 

age and our four cognitive outcomes from our weighted multiple linear regression models. (For 

full regression results, see Appendix Tables 3.2-3.4.) Coefficients are presented as z-scores, or 

“effect sizes.” For three of our four cognitive skills tests, eviction in infancy was associated with 

cognitive scores that were roughly a quarter of a standard deviation lower than those of children 



58 
 

who were not evicted (for the Digit Span, b=-0.27, p=0.053, CI=-0.53,0.00; for the WJ Applied 

Problems test, b=-0.25, p=0.101, CI=-0.56,0.05; for the WJ Passage Comprehension test, b=-

0.28, p=0.079, CI=-0.60,0.03). These results were marginally significant. No association was 

observed for the PPVT. 

 In contrast, no association with any cognitive assessment at age 9 was found for eviction 

in early childhood. Confidence intervals were wide and point estimates were near zero for all 

measures. 

 Finally, we observe strong associations with eviction in middle childhood across 

outcomes, though the magnitude of these associations varied by cognitive skill. Children evicted 

in the year before the Year 9 assessments exhibited Applied Problems scores 0.43 SDs lower 

(p=0.010, CI=-0.76,-0.10), PPVT scores 0.49 SDs lower (p=0.004), CI=-0.65,-0.12), Digit Span 

scores 0.25 standard deviations (SDs) lower (p=0.030, 95% CI= -0.48,-0.02), and Passage 

Comprehension scores 0.20 SDs lower (p=0.055) than children who were not evicted at that 

time, conditional on prior evictions. 

 To aid interpretation, we display our Table 3.3 estimates as a forest plot in Figure 3.1. 
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Table 3.3  Estimates (from separate regressions) of the adjusted association 
between eviction during infancy, early childhood, or middle 
childhood on middle childhood cognitive skills 

 
 

Developmental 
Timing of 
Eviction 

Cognitive Measure Std. 
Coef. p 95% CI 

Infancy 

Digit Span -0.27 0.053 -0.53,0.00 
WJ Applied Problems -0.25 0.101 -0.56,0.05 
WJ Passage Comprehension -0.28 0.079 -0.60,0.03 
PPVT -0.08 0.564 -0.35,0.19 

Early Childhood 

Digit Span 0.07 0.412 -0.10,0.23 
WJ Applied Problems -0.01 0.913 -0.23,0.20 
WJ Passage Comprehension 0.06 0.552 -0.13,0.24 
PPVT 0.04 0.639 -0.14,0.23 

Middle 
Childhood 

Digit Span -0.25 0.030 -0.48,-0.02 
WJ Applied Problems -0.43 0.010 -0.76,-0.10 
WJ Passage Comprehension -0.20 0.055 -0.41,0.00 
PPVT -0.39 0.004 -0.65,-0.12 

 
Note: Here, eviction during infancy is measured as eviction in the first year of life, the 12 months prior to the first 
follow-up wave of data collection; eviction in early childhood is measured as eviction in the third or fifth years of life, 
the 12 month periods prior to the second and third follow-up waves; and eviction in middle childhood is measured as 
eviction in the ninth year of life, the 12 months prior to the fourth follow-up wave. Estimates for early childhood and 
middle childhood were conditional on past evictions. Inverse probability of selection weights were applied to (A) 
account for people's propensity to have remained in the study and to be renting through the wave prior to each 
eviction--i.e., selection into the analytic sample for estimating associations between cognitive skills and eviction at 
various ages--and (B) account for loss to follow-up within each analytic sample before cognitive skills were assessed at 
age 9. The number of study participants on which regressions were run at each age was 1,724 for eviction during 
infancy, 2,126 for eviction in early childhood, and 1,979 for eviction in middle childhood.  
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Figure 3.1 Associations between eviction during infancy, early childhood, and 
middle childhood with four cognitive outcomes (with 95% confidence 
interval bars) 

 

 
Note: Estimates are derived from models presented in Table 3.3 and Appendix Tables 3.2-3.4. The vertical location of 
each shape represents our estimate of the adjusted association between eviction at a given age and one of our four 
cognitive outcomes, measured at age 9. Infancy here means the first year of life; early childhood means an eviction in 
the third or fifth year of life, and middle childhood means an eviction in the ninth year of life. DS = WISC-IV Digit 
Span, AP = Woodcock-Johnson Applied Problems, PC = Woodcock-Johnson Passage Comprehension, and PPVT = 
Peabody Picture Vocabulary Test III. 
 

 To help differentiate whether our large negative results for middle childhood eviction 

with null results for early childhood eviction were driven by the recency of middle childhood 

eviction vs. the longer lag between early childhood eviction and age 9 cognitive skills, we 

estimated associations between early childhood eviction and age 5 cognitive skills. As with 

associations between early childhood eviction and age 9 cognitive skills, all associations were 

null (for the Leiter-R, estimate=0.03, p=0.823, CI=-0.26,0.32; for the PPVT, estimate=0.00, 
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p=0.993, CI=-0.21,0.22; for the Woodcock-Johnson Letter-Word Identification test, estimate=-

0.16, p=0.168, CI=-0.39,0.07). These results suggest that early childhood eviction is not related 

to cognitive skills throughout the elementary school years, and that our strong middle childhood 

eviction results are not solely driven by recency. 

 

Discussion 

 

 We are the first to test whether eviction is associated with children’s cognitive skills, net 

of an array of health, socioeconomic, demographic, and housing-related confounders, including 

past eviction history. We do so across children’s development (in infancy, early childhood, and 

middle childhood). As with prior literature focused on residential mobility broadly and cognitive 

skills,131 we find larger associations between eviction in later childhood compared to early 

childhood. Eviction in middle childhood was associated with decrements in cognitive skills 

scores as large as 0.43 SDs, while associations with eviction in early childhood (the third or fifth 

years of life) were null. Unlike prior research on residential mobility, however, we find that 

eviction during infancy was also associated with decrements in executive functioning (Digit 

Span), mathematical reasoning (Applied Problems), and symbolic learning/written language 

skills (Passage Comprehension). Scores for these tests were a quarter of a standard deviation 

lower among evicted children eight years later, though p-values did not meet the 0.05 threshold 

typically used for determining statistical significance, perhaps due to the low number of evicted 

children in each of our waves (and corresponding low statistical power). Conversely, we found 

no association between eviction during infancy and middle childhood vocabulary skills (PPVT). 

A smaller PPVT effect size associated with eviction during infancy may make sense in light of a 

recent review of preschool programs, which found that vocabulary skills are much more 

resistant to intervention in children’s early years than math or literacy skills.154  
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 Our results align with the science of early life neurological development 126 and with the 

increasing importance of stable peer and teacher relationships and school settings to children’s 

development as they age through elementary school 130–132,155. The first year of life is a critical 

window in which children lay the foundations of later learning and are exquisitely sensitive to 

environmental insults.124,128,156 As neural sensitivity declines during the remainder of early 

childhood, eviction may have less of an impact on children’s development. Indeed, in sensitivity 

analyses, eviction at ages 3 and 5 was not even associated with cognitive skills at age 5. This may 

be driven by preschool curricula not focusing directly on the complex mathematical reasoning, 

passage comprehension and written language skills, or verbal skills that many of our cognitive 

assessments evaluate. Moreover, less than half of low-income children attend any formal early 

childhood education program,157 and the quality of instruction in many of the programs they 

have access to is low.158 Evictions during preschool years may accordingly not disrupt children’s 

educations all that meaningfully with respect to cognitive skill development.159 Evictions in early 

childhood may have larger impacts on children’s socioemotional skills, as per prior work on 

preschool mobility 160 and residential mobility writ large.131  

Our large middle childhood results for mathematical reasoning and vocabulary are 

consistent with a middle childhood curricular focus on core math skills and applied math 

problem solving,133 as well as on developing grammar and vocabulary skills.134 Evicted children 

may be forced to move schools outright, miss school due to housing instability, or simply have 

trouble focusing in class, getting support in their studies from parents, or staying connected to 

their social networks in the midst of the household chaos caused by eviction. Why we observe 

associations twice as large for these skills compared to written language skills (i.e., the 

Woodcock-Johnson Passage Comprehension test) is unclear. 

 The associations we observe with eviction in infancy and middle childhood are 

substantive in light of the existing literature on educational and cognitive interventions. Kraft 161  

proposes that “large” estimates are those above 0.2 SDs, in part because (A) small 
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improvements in educational or cognitive skills have long-lasting effects on lifetime earnings 162 

and (B) improving cognitive outcomes via intervention is difficult and expensive. In Kraft’s 

review of randomized trials meant to improve student achievement, interventions that raised 

scores by 0.24 SDs were at the 80th percentile of intervention effectiveness and cost an average 

of $7,259 per child. More effective interventions were even loss cost effective, with the 90th 

percentile of interventions raising scores by only 0.40 SDs and costing $15,530. These 

comparatively highly effective interventions are on par with the effect of an entire year of 

schooling in late elementary school.163 For comparison, recent data on evictions in 22 states 

revealed that most evicted households are evicted for owing less than a single month of rent—in 

many cases, less than $600.164 Though the present study is observational, and we estimate 

differences in cognitive skills, not in educational outcomes per se, our results suggest that 

preventing evictions may be a much more cost-effective way to safeguard children’s cognitive 

skills than mitigating the fallout of an eviction after the fact. 

 The size of the associations we estimate also sheds light on prior work studying links 

between cognitive skills and residential moves. Past research has found associations between a 

residential move and various cognitive outcomes on the order of 0.01-0.09 SDs (Coley and Kull, 

2016, for a summary measure of cognitive skills),131 0.08-0.15 SDs (Anderson, Leventhal, & 

Dupéré, 2014, for math and reading achievement),155 or even smaller results near zero (Swanson 

and Schneider, 1999, for math scores among high schoolers).165 Conversely, studies on 

behavioral outcomes find much larger effects moving in opposite directions depending on 

moves’ quality. Roy and colleagues, for example, examined associations between residential 

moves and children’s ability to regulate their behavior.118 Residential moves in general were 

associated with a 0.24 SD increase in child dysregulation, but the poverty rates of the 

neighborhoods children moved out of and into were powerful moderators. Moving out of a high-

poverty neighborhood was associated with a 0.98 SD decrease in child dysregulation, while 

moving out of a low-poverty neighborhood was associated with a 1.08 SD increase in child 
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dysregulation. Similarly, in the cognitive skills arena, Ziol-Guest and Mckenna 166 find that 

multiple moves in early childhood are associated with children’s language and literacy skills at 

age 5—but only among poor children, suggesting that the moves poor children tend to make may 

differ from those that are more common among wealthier children.167 Our results join literature 

suggesting that the social, economic, geographic, developmental, and (particularly in eviction’s 

case) legal context of residential moves matter hugely not just for the magnitude of their 

influences on child well-being but also their direction.119,168–170 Attempting to estimate the effect 

of residential mobility per se may mask important heterogeneity, such that the magnitude of the 

associations between eviction and cognitive skills we estimate are multiple times larger than 

those found in examinations of residential moves. 

 Further, our results suggest that eviction may be a driver of educational inequity, most 

obviously by class but also by race. In analyzing evictions in Milwaukee, Desmond found that 

women living in the city’s predominantly Black neighborhoods made up 9.6% of the population 

but 30% of Milwaukee’s evictions.171 As he observed, “Poor black men may be locked up, but 

poor black women are locked out.” Meanwhile, data from the National Assessment of 

Educational Progress show that the national Black-White achievement gap in fourth grade 

reading scores is 0.83 SDs.163 Based on our results for the PPVT, a single eviction in middle 

childhood could push children halfway across that gap. Evictions may exacerbate racialized 

educational injustice. 
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Strengths and Limitations 

 

 Our study is limited in a number of important ways. First, we miss a sizeable number of 

evictions, leading to misclassification error—though the direction of this bias is towards the null. 

FFCWS only solicited information on evictions that occurred in the year prior to data collection 

waves, meaning evictions in the second, fourth, and sixth through eighth years of life were not 

captured. Further, asking only about evictions directly caused by a lack of rental payment is 

known to miss as many as half of forced displacements in similar large-scale surveys, because 

many evictions are less formal than being ordered out one’s home for lack of payment by a 

court.64 More detailed measurement of housing displacement would allow more appropriate 

comparisons. Still, formal evictions, with their accompanying eviction records, are most 

damaging to families’ ability to access quality housing, and have proven policy solutions.172 This 

makes our findings acutely relevant to legislating, and given probable differential 

misclassification of evicted people as not-evicted, our estimates are conservative. 

 Second, our sample is urban and disproportionately low-income. Our results may not 

generalize to other settings or socioeconomic groups. The FFCWS cohort is nonetheless a 

national random sample of families at relatively high risk of eviction, especially given that low-

income households in large cities are on the front lines of displacement as younger, 

overwhelmingly renting generations drive re-urbanization and rental scarcity.1,2 The greater 

homogeneity of our sample also reduces the risk of residual confounding by unmeasured forms 

of deprivation that are related to eviction and cognitive development. 

 Third, our study design provides fruitful ground for causal inference, though typical 

caveats about causality in observational studies apply (i.e., we have to assume no confounding, 

selection, or information bias; positivity; consistency; and no model misspecification). We lag 

covariate control to ensure that confounders are measured before exposure, and we know 

exposure occurred prior to outcome measurement. We also use inverse probability of selection 
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weights to address selection into renting in each sample and differential study attrition across 

levels of exposure. However, it is likely we did not perfectly adjust for all confounders or 

perfectly model selection. We also cannot assess the durability of the associations we observe; 

decrements associated with eviction in middle childhood may be long-lasting, or children may 

recover fairly quickly and catch up to their peers. Future studies with more robust designs, 

larger samples of evicted people, and more detailed, frequent follow-up are needed. 

 Fourth, regardless of whether our results are causal, they provide important guidance for 

educators, families, community advocates, and policymakers. We find that eviction in infancy 

and in middle childhood is a powerful predictor of cognitive skill impairment. Schools should 

consider soliciting students’ housing instability histories and providing necessary supports to 

ensure evicted students’ developmental needs are being met, which may require specialized 

funding. This is particularly true for school districts experiencing the highest rates of eviction, 

the identification of which is an urgent target for future work. 
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Conclusion 

 

 These papers are among the first to explore connections between eviction and children’s 

health. Across them, we find strong early evidence that eviction drives poor health outcomes for 

children. In Chapter 1, though confidence intervals were wide, we estimated that each eviction a 

child experiences during their first five years of life may increase their prospective hazard of lead 

poisoning by a factor of nearly 2.5. In Chapter 3, we found that early life eviction was associated 

with large decrements in children’s cognitive skills at age 9. This was particularly true for 

evictions that occurred in middle childhood, just before our cognitive skills measures were 

collected, and during infancy. Large, marginally significant reductions in cognitive skills were 

detectable in children evicted during their first year of life eight years later, including executive 

functioning, mathematical reasoning, and passage comprehension scores that were a quarter of 

a standard deviation below those of children who were not evicted. And in Chapter 2, we found 

that children who were already medically vulnerable at birth (preterm, low birthweight, or with 

other intensive medical needs) had a higher risk of eviction in their first five years of life than 

children who were born without any medical complications. Given our findings from Chapters 1 

and 3, evictions driven by adverse birth outcomes may exacerbate these children’s already 

heightened risk of poor future health; indeed, eviction may be a mediator between adverse birth 

outcomes and later morbidity. 

 If the relations we have found are causal, it means the costs of eviction include as-yet 

unappreciated health burdens and developmental setbacks. If we are already paying to manage 

the fallout of eviction in healthcare premiums and public education budgets, it may be cost 

effective—and more humane—to simply keep people housed. 

 Causal results also identify eviction and poor health as cyclcial, with unstable housing in 

gestation causing adverse birth outcomes, adverse birth outcomes causing childhood eviction, 

and childhood eviction causing poor future health as well as challenging future academic 
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success. This cycle may be intergenerationally transmitted, both during gestation/birth/early 

life (as described above) and insofar as lower educational attainment caused by eviction makes it 

more likely that children will have lower socioeconomic status and face worse health prospects 

as adults, increasing their risk of adult eviction. If it is real, this cycle means that eviction 

interventions are health interventions, health interventions are eviction interventions, and 

supporting families now may protect the well-being of future generations. 

If the relations we’ve found are not causal, we nonetheless find that evicted children face 

a higher risk of lead poisoning and cognitive skill deficits. We also identify children born 

preterm, with low birthweight, or with other intensive medical needs as vulnerable to eviction. 

Children’s housing histories should be solicited by pediatricians, educators, and social workers, 

and evicted children or children at risk of eviction should be provided with the supports they 

need to stay well. Healthcare payers and policymakers must make funding available for those 

supportive programs. 

 

 These papers also grappled with core challenges in the study of eviction and health. 

These included limited data availability, the rarity of eviction in any one wave of data collection, 

the fact that evicted children are more likely to be lost to follow-up than their stably housed 

peers, and the cyclical nature of eviction and health. For example, given that evictions cause 

future evictions, and that many of eviction’s consequences double as its causes, it is critical to 

account for time-varying confounding. But a very low proportion of families are evicted at any 

one time, so the kind of detailed cohort studies that enable longitudinal analyses will capture 

very few evictions in any given wave. This means that (A) power will be low to begin with and 

(B) methods that control for time-varying confounding with weights may cause more problems 

than they solve. (Weighting may not control for confounding as well when treatment is rare, and 

inverse probability of treatment weighting is less efficient than direct covariate control.) My 



69 
 

papers helped me learn about these trade-offs and demonstrated ways future researchers might 

navigate them.  

 Part of the reason I spent so much time focused on my methods is that existing data are 

so sparse and limited. Fragile Families is one of the only publicly available datasets that track 

eviction and health longitudinally. But it is beset with problems; information on many of the 

evictions that occurred between waves or that were more informal were not solicited by the 

study at all. This makes research connecting eviction and health challenging: data on evicted 

families is scarce, misclassification is rampant, and signals are easily drowned in noise. Carefully 

considered analytic plans are required to pull out what little information can be gleaned from 

existing data sources. 

 More to the point, evictions are dialectical. Landlords evict tenants because it saves them 

time and money at the expense of families’ homes. If evictions cause poor health, public health 

advocates will face an uphill battle convincing policymakers to act on that knowledge. Landlords 

will not accept additional tenant protections that increase their financial risk without a fight. 

Any results social epidemiologists put forward must be as statistically robust as possible.  

 Methods matter, then, because evictions are happening right now, to millions of children 

and their families. We cannot wait another ten or fifteen years for detailed data on evictions and 

health outcomes to become available in larger samples, after which it will take another five years 

to generate a substantive knowledge base. Nor will that data be collected, or randomized trials 

funded, if social epidemiologists have not demonstrated, with compelling evidence, that eviction 

matters for the public’s health. Families and communities affected by eviction need social 

epidemiologists to be careful and creative with the data we have now. 

 

Throughout the course of writing this dissertation, I have been heartened by the growing 

community of researchers across the country, few as we may be, investigating eviction’s 

connections with health. There is still much to do. For my future work in this area, I have four 
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priorities. First, we need more evidence on whether eviction and poor health are broadly bi-

directional. Drug and alcohol abuse, cigarette smoking, and domestic violence are all available 

in Fragile Families, and there are strong theoretical reasons to suspect paths from eviction to 

health and from health to eviction in each case.6,65 Second, natural policy experiments could 

allow more rigorous tests of the associations we observe. Random assignment to harsher or 

more lenient judges in eviction cases, for example, or New York City’s recent implementation of 

free, means-tested legal representation in housing court, provide causal inference 

opportunities.173,174 Third, the health consequences of informal eviction are poorly understood. 

Detailed new data on the many forms of forced displacement collected by the New York City 

Poverty Tracker could open a window into understanding whether informally evicted 

households face similar prospects to those served a formal court order.20 Finally, we need to 

explore what mediates the relations between eviction and health found in this dissertation to 

develop appropriate interventions. 

I hope my dissertation helps guide future research into these areas and empowers 

affected communities fighting for their well-being.   
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Appendix 1.1  Chapter 1 Methods Appendix 

 

Analysis: Overview 

 

We implement a lagged, proportional hazards marginal structural model (MSM), 

adapted from past work on repeated measures MSMs and survival analysis with MSMs.54,55 

MSMs marginalize over time-varying confounders instead of adjusting for them directly, similar 

to propensity scores. 

Why do this, as opposed to using more typical survival methods? In our case, treatment 

is time-varying (i.e., eviction doesn’t only occur at baseline, but could happen at any wave, 

making treatment status change over time). We must therefore account for time-varying 

confounding. Unlike typical confounding at baseline, time-varying confounding is challenging 

because traditional methods fail when confounders are also mediators between past evictions 

and future lead poisoning. For example, say eviction at time 1 causes poverty at time 2, which 

then goes on to cause (A) eviction at time 3 and (B) lead poisoning at time 3. This makes poverty 

at time 2 both a confounder for eviction at time 3 (as it causes both incident lead poisoning and 

eviction at time 3) and a mediator for eviction at time 1 (as it is caused by eviction at time 1 and 

then causes lead poisoning). This puts us in the difficult position of having to control for poverty 

at time 2 (as it is a confounder) and also not control for poverty at time 2 (as it is a mediator). 

Marginalizing over these confounders that are also mediators leaves the mediating paths open 

while also estimating unconfounded treatment effects for future evictions (at least with respect 

to confounders we include in these models).51 

In effect, this means that, at each wave, we use past treatment history to predict lead 

poisoning now; inverse probability of treatment weights to adjust for time-varying confounding; 

inverse probability of selection weights to correct selection bias; and past treatment history in 

addition to covariates from the wave immediately prior to treatment to calculate these weights.  
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To be more explicit, we use eviction at Time 1 to predict lead poisoning at Time 2; 

eviction at Times 1 and 2 to predict lead poisoning at Time 3; and eviction at Times 1, 2, and 3 to 

predict lead poisoning at Time 4. Having controlled for past eviction history at each point, we 

then marginalize over the covariates from Time 0 to approximate a randomized experiment on 

eviction at Time 1; use the covariates at Time 1 to approximate a randomized experiment on 

eviction at Time 2; and use the covariates at Time 2 to approximate a randomized experiment on 

eviction at Time 3. Time-invariant covariates are used to adjust for confounding at all points. 

Lagging in this way helps establish time order and appropriately account for confounding 

without overwhelming our IPTW models with every covariate from every past wave. 

 

 

Analysis: Details 

 

Our analysis proceeds in five steps: multiple imputation with a “wide” longitudinal datafile; 

transforming our datafile from “wide” to “long” format; calculating inverse probability of 

treatment and inverse probability of selection weights for each imputation; fitting a simple 

model for the outcome for each imputation; and finally, using Rubin’s rules to combine the 

results of these outcome regression models across every imputation into a single set of 

estimates. All analyses were performed using Stata MP v.15. 

 

1. Multiple Imputation 

 

First, we used multiple imputation with chained equations (MICE) to account for missing 

data, imputing in a “wide” longitudinal file in order to allow past and future values of treatments 

and covariates to inform missing values in other waves. To prevent null-ward bias of the 

estimated association between eviction and lead poisoning, event time (timing of censoring or of 
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lead poisoning) and an event type indicator (whether the event was censoring or lead poisoning) 

were also used as predictors for the imputation algorithm.175 With the exception of smoking at 

Year 3 (see below) and having the recommended number of postnatal visits in the first year of 

life (10.7% missing at Y1), missing-ness on any covariate or exposure variable across waves was 

low, never exceeding 3.5%. Forty imputations were performed to ensure proper power,58 with 

logistic regression predicting evictions; ordinal logistic regression predicting ordinal categorical 

variables; and predictive mean matching used to predict all others, which allowed convergence 

of the multiple imputation algorithm while returning values with the same range of possible 

values for each variable as those that were observed. 

Smoking at Year 3 was almost entirely missing due to a software error during data collection. 

In other years, this variable is measured as ordinal: 0 = non-smoker, 1 = <1 pack/day, 2 = 1-2 

packs/day, and 3 = 2+ packs/day. To fill in Year 3 values, we assumed that changes in smoking 

behavior were monotonic between Year 1 and Year 5, and then chose (with equal probability) a 

random value between participants’ Year 1 and Year 5 values. For example, if someone had been 

a non-smoker at Year 1 but a 1-2 packs/day smoker at Year 5, they could have been a non-

smoker, <1 pack/day smoker, or 1-2 packs/day smoker at Year 3; we choose randomly from 

those options. While admittedly ad hoc, this is, in spirit, predictive mean matching with fixed 

effects for individuals, and variability over time is low: two in three participants had the same 

smoking behavior at Year 1 as they did at Year 5.   

 

2-3. Reshaping & Calculating Weights 

 

With fully imputed data, we then reshaped each imputed set of data to a “long” format 

from its “wide” format. In this “long” format, the unit of analysis is person-times, and 

respondents are represented in these data for as many waves as they were observed through the 

wave in which they (A) were censored or (B) had the event (i.e., reported having been diagnosed 
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with lead poisoning).55 Stabilized inverse probability of treatment weights were calculated using 

logistic regression with penalized maximum likelihood estimation (the ‘firthlogit’ command in 

Stata), allowing us to estimate unbiased relations between our potential confounders and 

eviction despite a low number of treated individuals.176  We calculate inverse probability of 

selection weights in a similar fashion. Dummies for time, with the first wave at which we observe 

lead poisoning (time 3) as the reference, were included in all numerator and denominator 

calculations, in order to include them in the marginalized outcome model. 

Final weights were calculated by multiplying IPTW and IPSW weights cumulatively over 

time. Applying these weights to our data at each wave (if relevant assumptions hold; see 

Discussion) creates a pseudopopulation in which there was no confounding by measured 

confounders nor any censoring due to loss to follow-up or selective testing for lead poisoning. 

To improve statistical efficiency, we then trimmed weights at the 1st and 99th percentiles, 

which helps reign in extreme values.57 We then perform a sensitivity analysis where we leave the 

weights untrimmed. 

 

4-5. Outcome Model 

 

Having calculated all relevant weights and transformed our data appropriately, our 

outcome model is a pooled log binomial regression model that accounts for correlation between 

repeated observations on our cohort, implemented in Stata as per Fewell and colleagues.177 As 

our outcome, lead poisoning, is rare, odds and odds ratios approximate baseline hazards and 

hazard ratios. For each imputation, our model takes the form: 

 

"#$%&(([*+,-(#%.#/%/$ = 1]) = 	5! +	5"&%7+5#$ +	5%&%7+9#$ +	5&+:%;&#$ 
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where, for individual i at time t,  5! represents the log hazard of lead poisoning at time 3 for the 

unevicted; 5" and 5% represent the log hazard ratios comparing the baseline hazard of lead 

poisoning at times 5 and 9 to time 3; and 5& represents the log hazard ratio associated with each 

additional eviction experienced by study participants over time. 

We run this model for each imputation, then combine these parameter estimates using 

Rubin’s rules.59 

Because marginalized models with these kinds of robust standard errors can only handle 

one level of clustering (most pressingly, correlation between repeated observations of the same 

individuals over time), we ignore clustering at higher levels induced by the sampling design 

(people having been randomly selected from hospitals, which were themselves drawn from a 

random sample of cities). Alternative methods are unfortunately incapable of solving this 

problem: both multilevel and fixed effects log binomial models yield conditional, not marginal, 

estimates; multilevel methodologists disagree about whether multilevel models can or should 

incorporate weights (in this case, IPTWs or IPSWs) calculated using variables only at one, lower 

level (person-times); and the inverse variance weighting inherent in random effects model 

estimation is also inappropriate here, where the construction of the dataset and the application 

of inverse probability of selection weights accounts for differences in the length of time 

participants are under observation. (It would be inappropriate to “shrink” respondents’ data 

towards the overall mean if they were observed for fewer observations.) Fixed effects, for their 

part, would require 19 (20-1) additional covariates for cities alone, completely sacrificing 

precision and impeding convergence. 

We thus move forward despite being unable to account for city-level clustering. To get a 

sense of how big of a problem this may be, we fit a null GLAMM (generalized linear and latent 

mixed model)178 and calculated the proportion of variance explained at each level. 

Encouragingly, a null and unweighted GLAAM random effects model with four levels 

(observations within people within hospitals within cities) showed hospitals to be essentially 
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irrelevant, with no statistically or substantively significant clustering of lead poisoning at this 

level. Cities do show some clustering, but not above a correlation of roughly 0.05 (using 3.29 as 

an estimate of variance at level 1 for this logistic model)179 and not statistically significantly so. 

Impacts on our estimates of ignoring cities and hospitals, then, while not negligible, is likely to 

be small.  

 

Detailed Covariate Coding 

 

Nearly all covariates used to predict eviction in a given wave were also used to predict 

selection in that wave, with occasional exception (i.e., whether children received the 

recommended number of primary care visits in their first year of life was only included in our 

selection weights for whether children were ever tested for lead poisoning). Coding of these 

covariates is detailed below. 

 

Under socioeconomic position and housing type, we included: 

• logged income-to-poverty ratio (continuous) 

• parental educational attainment (coded as the highest value of parents living with the 

child and measured categorically; from low to high: less than high school, high school, 

some college, or college degree) 

• parental employment (whether at least one home parent is employed; binary) 

• whether parents were receiving public funds to subsidize their housing costs (a “yes” to a 

general question on this topic or a “yes” to living in public housing; binary) 

• whether parents were paying rent for their housing or otherwise (binary; as tenant 

protections differ substantially between renters and those paying mortgages) 

 

Health-related variables included: 
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• child’s insurance type (public—the reference, as the majority of our predominantly low-

income sample was on Medicaid—private, or no insurance (a very small number); 

categorical) 

• in our selection weights for whether a child was ever tested for lead (but not in our model 

for treatment), whether the child had the recommended number of postnatal well-child 

visits in their first year of life (4 or more vs. less than 4; binary) 

• primary caregiver depression 

o Availability of depression data varied across waves. At Y1, Y3, and Y5 waves, 

depression is measured as a continuous scale calculated using the Composite 

International Diagnostic Interview – Short Form (CIDI-SF) 151, Section A, a 

standardized diagnostic tool developed from the Diagnostic and Statistical 

Manual of Mental Disorders – Fourth Edition (DSM-IV).180 The CIDI-SF is meant 

to measure major depressive episode symptomatology, and—though we do not 

dichotomize it as such—predict whether respondents are suffering from clinically 

diagnosable depression. (For more detail, see 

https://fragilefamilies.princeton.edu/sites/fragilefamilies/files/ff_scales5.pdf.) 

o FFCWS used the 7-item CIDI-SF scale for Y1 and the 8-item scale is used for Y3 

and Y5. These are what we use for those respective years. (The two are 

functionally equivalent, though the 8-item scale is preferred; in the Y3 and Y5 

waves, the 7- vs. 8-item scales correlate between 0.91 and 0.93, depending on the 

wave. Detailed coding instructions can be found online (as of 11/11/2019, for Year 

1, 

https://fragilefamilies.princeton.edu/sites/fragilefamilies/files/year_1_guide.pd

f; for Year 3, 

https://fragilefamilies.princeton.edu/sites/fragilefamilies/files/year_3_guide.pd

f). 
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o At baseline, however, when depression information comes from medical records 

as opposed to a series of survey questions, we measure “depression” as a binary 

indicator representing whether the mother had a history of mental health 

problems. Control for mental health struggles thus varies somewhat across 

eviction at waves 1, 3, and 5. 

o Primary caregiver for the purposes of depression is assumed to be the biological 

mother unless the child is living primarily with their biological father, or if (in a 

very small number of cases) the child is living with both bioparents but the 

mother declined to answer mental health questions. 

• smoking status (categorical; non-smoker, < 1 pack/day, 1-2 packs/day, 2+ packs/day) 

 

Demographics included: 

• parental race/ethnicity (mutually exclusive categories included non-Hispanic White, 

non-Hispanic Black, Hispanic, and Other Race/Ethnicity) 

o Parental race is assigned based on the home parent, i.e., the parent children lived 

with most of the time. Maternal race as treated as the appropriate reference in 

two-parent households where children’s biomother and biofathers did not share a 

race. 

• parental age (highest of co-habiting parents; continuous) 

• Number of children under 18 living in the household (that the focal child spent most of 

their time living in) 

• child sex (male or female (the referent); binary) 

 

Parental relationship variables included: 

• bioparent romantic relationship status (categorical: single; cohabiting/married; 

separated and cohabiting with new partner). 
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o The last category—separated and cohabiting with new partner—is not able to be 

extracted from baseline data. At the time of birth, parents are assumed to be 

either single or cohabiting/married. 

• primary caregiver instrumental social support 

o This is derived from a FFCWS-specific 3-item scale. Each item was binary, and 

responses to these three questions were summed (for a range of 0 to 3) for each 

parent to generate a score: 

 

1. In the next year, could you count on someone to loan you $200? 

2. In the next year, could you count on someone to provide you with a 

place to live? 

3. In the next year, could you count on someone to help with emergency 

child care? 

 

o At baseline, these questions are asked with a different lead: “During the next 

year, could someone in your family… ?” 

o Cronbach’s alpha ranged from 0.72 to 0.79 across waves. 

o As above, values were assigned to children based on primary caregiver, assumed 

to be the biological mother unless the child was living primarily with their 

biological father, or if (in a very small number of cases) the child as living with 

both bioparents but the mother declined to answer social support questions. 

• Parental relationship quality 

o This is derived from a FFCWS-specific 5-item scale asked to bioparents about the 

other bioparent of their child. Participants were asked to respond “Often” (coded 

as 3 for positive items), “Sometimes” (2), or “Never” (1) to five statements, which 

were then summed to generate a total score: 
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§ S/he is fair and willing to compromise when you have a disagreement. 

§ S/he hits or slaps you. (reverse coded) 

§ S/he expresses affection or love for you. 

§ S/he insults or criticizes you or your ideas. (reverse coded) 

§ S/he encourages or helps you to do things that are important to you. 

o Cronbach’s alpha was above 0.98 for all waves. 

o As above, non-missing mothers’ values are used as the reference in two-bioparent 

households. 

 

Finally, neighborhood variables included the Census tract-level proportion of residents living in 

poverty, the proportion living in homes without complete plumbing, and the proportion living in 

houses built before 1940.
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Appendix 1.2 Detailed sample descriptive statistics (unimputed) 
 

Variable 

Birth 
(Uncensored & at risk = 

4753) 

Year 1 
(Uncensored & at risk = 

2822) 

Year 3 
(Uncensored & at risk = 

2708) 

Year 5 
(Uncensored & at risk = 

2239) 

Year 9 
(Uncensored & at risk = 

1689) 

Mean StD. % 
Missing Mean StD. % 

Missing Mean StD. % 
Missing Mean StD. % Missing Mean StD. % 

Missing 

Evicted - - - 3.2% 17.5% 0.71% 2.1% 14.4% 0.26% 2.3% 15.1% 0.09% - - - 

Lead Poisoned - - - - - - 4.4% 20.4% - 2.1% 14.2% - 2.2% 14.8%   

Renting 65.7% 47.5% 0.4% 82.8% 37.7% 0.11% 80.9% 39.3% 0% 78.9% 40.8% 0.31% - - - 

Receiving public funds for 
housing 17.0% 37.6% 0.04% 23.2% 42.2% 0.5% 25.4% 43.5% 0.22% 24.9% 43.3% 0.45% - - - 

Log Poverty/Income Ratio 0.32 1.03 1.14% -0.07 1.13 2.52% 0.00 1.08 1.62% 0.06 1.05 1.38% - - - 

Employed in last 2 weeks 80.3% 39.8% 0.27% 69.8% 45.9% 0.14% 65.3% 47.6% 0.33% 68.7% 46.4% 0.09% - - - 

Instrumental Social 
Support Scale 2.72 0.72 0.17% 2.52 0.88 0.07% 2.49 0.90 0.04% 2.53 0.88 0.04% - - - 

Parental age 25.24 6.05 0.04% 26.03 5.92 0% 27.73 5.92 0% 29.88 5.85 0% - - - 
Child sex (female is 
referent) 52.2% 50.0% 0% 51.0% 50.0% 0% 50.7% 50.0% 0% 50.2% 50.0% 0% - - - 

# children in household 1.60 1.03 0.59% 2.39 1.35 0.85% 2.43 1.32 0.22% 2.61 1.35 0.18% - - - 

Relationship Quality Scale 8.42 6.69 0.5% 8.58 6.56 0.14% 7.17 6.79 0.15% 5.93 6.72 0.04% - - - 

Depression (binary) 13.1% 33.7% 23.14% - - - - - - - - - - - - 
Depression (CIDI Short 
Form) - - - 0.65 1.75 0.96% 1.20 2.41 1.26% 0.96 2.22 0.76% - - - 

Whether child had 
recommended # of well 
visits in first year 

- - - 0.93 0.25 10.74% - - - - - - - - - 

Parental Educational 
Attainment                               

< High School 28.2% 45.0% 0.04% 27.4% 44.6% 0.07% 27.1% 44.5% 0.11% 23.5% 42.4% 0.13% - - - 

High School 30.8% 46.2% 0.04% 31.3% 46.4% 0.07% 29.0% 45.4% 0.11% 26.2% 44.0% 0.13% - - - 

Some College 27.8% 44.8% 0.04% 30.7% 46.1% 0.07% 32.8% 47.0% 0.11% 37.6% 48.4% 0.13% - - - 

College + 13.3% 34.0% 0.04% 10.6% 30.7% 0.07% 11.1% 31.4% 0.11% 12.7% 33.3% 0.13% - - - 

Health Insurance                               
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Uninsured 4.4% 20.6% 0.23% 10.5% 30.6% 0.35% 7.3% 26.1% 0.48% 7.2% 25.8% 0.22% - - - 

Public Insurance 63.9% 48.0% 0.23% 64.5% 47.9% 0.35% 65.7% 47.5% 0.48% 62.2% 48.5% 0.22% - - - 

Private Insurance 31.7% 46.5% 0.23% 25.0% 43.3% 0.35% 26.9% 44.4% 0.48% 30.7% 46.1% 0.22% - - - 

Parental Smoking                               

Non-smoker 68.5% 46.4% 0.13% 61.0% 48.8% 0.07% 0.0% 0.0% 99.48% 63.8% 48.1% 0.04% - - - 

< 1 pack/day 24.4% 43.0% 0.13% 26.8% 44.3% 0.07% 78.6% 42.6% 99.48% 24.4% 43.0% 0.04% - - - 

1-2 packs/day 6.0% 23.8% 0.13% 12.0% 32.5% 0.07% 21.4% 42.6% 99.48% 11.7% 32.1% 0.04% - - - 

2+ packs/day 1.0% 10.0% 0.13% 0.2% 4.2% 0.07% 0.0% 0.0% 99.48% 0.2% 4.2% 0.04% - - - 

Race                               

White 21.1% 40.8% 0.11% 16.2% 36.8% 0.18% 16.6% 37.2% 0.11% 16.5% 37.1% 0.13% - - - 

Black 47.5% 49.9% 0.11% 59.3% 49.1% 0.18% 59.1% 49.2% 0.11% 60.2% 49.0% 0.13% - - - 

Hispanic 27.4% 44.6% 0.11% 21.6% 41.2% 0.18% 21.4% 41.0% 0.11% 20.5% 40.4% 0.13% - - - 

Other Race/Ethnicity 4.0% 19.6% 0.11% 2.9% 16.8% 0.18% 2.9% 16.7% 0.11% 2.8% 16.6% 0.13% - - - 

Relationship Status                               
Cohabiting with 
bioparent 57.9% 49.4% 0% 51.8% 50.0% 0% 26.9% 44.4% 0% 27.0% 44.4% 0% - - - 

Single Parent 42.1% 49.4% 0% 43.0% 49.5% 0% 62.8% 48.3% 0% 56.9% 49.5% 0% - - - 
Cohabiting with new 
partner       5.2% 22.2% 0% 10.3% 30.4% 0% 16.1% 36.7% 0% - - - 

Neighborhood (Tract) 
Characteristics                             

% of homes built before 
1940 23.3% 21.2% 3.32% 26.2% 20.9% 2.83% 25.4% 20.6% 3.66% 24.8% 21.2% 0.54% - - - 

Median rent as a % of 
HH income 27.3% 4.9% 3.28% 27.4% 5.1% 2.8% 27.3% 5.2% 3.66% 27.1% 5.2% 0.49% - - - 

% of HHs without 
complete plumbing 1.6% 2.2% 3.32% 1.7% 2.3% 2.83% 1.6% 2.2% 3.66% 1.6% 2.1% 0.54% - - - 

 
Means and standard deviations for binary variables are presented as percentages for ease of interpretation. 
* No information on eviction is available at birth (and would not have occurred during the lifetime of the focal child.) 
**  Lead poisoning is first reported on in year 3. No one is considered “missing” on this variable at a given wave because those missing any future lead poisoning 

information are considered censored. The rate of lead poisoning in Year 9 (when this is the only relevant variable) is 2.2%. 
*** At birth, bioparents are considered either separated or cohabiting/married due to data constraints. 
† Depression was measured at Year 1 with the 7-question short form and with the 8-question short form at Years 3 and 5. At birth, “depression” is measured as a 

binary indicator of whether the biological mother had a history of mental health complications.  
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Appendix 1.3 Weights performance across imputations (main results) 
 
 

Imputation 

Inverse Probability of Treatment Weights Inverse Probability of Selection Weights 

Eviction 1 Eviction 3 Eviction 5 Wave 1 Wave 3 Wave 5 Wave 9 

Mean StD Mean StD Mean StD Mean of 
Weights 

Marginal 
1/P[Selected] 

Mean of 
Weights 

Marginal 
1/P[Selected] 

Mean of 
Weights 

Marginal 
1/P[Selected] 

Mean of 
Weights 

Marginal 
1/P[Selected] 

1 0.999 0.149 0.995 0.125 0.999 0.212 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

2 0.999 0.151 0.996 0.134 0.998 0.191 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

3 0.999 0.160 0.995 0.129 0.998 0.197 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

4 0.998 0.136 0.995 0.125 0.999 0.229 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

5 1.000 0.176 0.995 0.122 0.998 0.196 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

6 0.998 0.145 0.995 0.130 0.998 0.191 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

7 0.999 0.153 0.995 0.128 0.999 0.210 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

8 0.999 0.162 0.995 0.127 0.999 0.217 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

9 0.999 0.154 0.995 0.127 0.998 0.185 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

10 0.999 0.148 0.995 0.129 0.998 0.194 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

11 0.999 0.147 0.995 0.122 0.998 0.195 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

12 0.999 0.159 0.995 0.122 0.999 0.204 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

13 0.999 0.153 0.995 0.125 0.998 0.195 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

14 0.999 0.174 0.995 0.126 0.997 0.166 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

15 0.998 0.142 0.995 0.120 0.998 0.187 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

16 0.999 0.151 0.995 0.117 0.998 0.185 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

17 0.999 0.181 0.995 0.123 0.998 0.180 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

18 0.999 0.155 0.995 0.128 0.999 0.201 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

19 0.999 0.169 0.995 0.127 0.998 0.191 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

20 0.999 0.151 0.995 0.129 0.998 0.188 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

21 0.998 0.134 0.996 0.129 0.998 0.181 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

22 1.000 0.188 0.995 0.127 0.999 0.201 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

23 0.999 0.149 0.995 0.125 0.998 0.182 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

24 0.999 0.160 0.995 0.124 0.999 0.196 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 
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25 0.999 0.147 0.995 0.119 0.998 0.180 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

26 0.999 0.155 0.995 0.126 0.998 0.191 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

27 0.999 0.148 0.995 0.121 0.998 0.190 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

28 0.999 0.159 0.995 0.124 0.998 0.192 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

29 0.999 0.168 0.995 0.128 0.999 0.202 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

30 0.999 0.148 0.995 0.126 0.998 0.198 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

31 1.000 0.166 0.995 0.128 0.998 0.191 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

32 0.999 0.149 0.995 0.127 0.998 0.196 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

33 0.999 0.145 0.995 0.126 0.999 0.207 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

34 0.999 0.151 0.995 0.123 0.999 0.194 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

35 0.999 0.153 0.995 0.133 0.998 0.191 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

36 0.999 0.137 0.996 0.128 0.998 0.185 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

37 0.999 0.167 0.995 0.121 0.998 0.188 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

38 0.999 0.159 0.996 0.136 0.998 0.192 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

39 0.998 0.136 0.996 0.130 0.998 0.191 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

40 0.999 0.150 0.995 0.127 0.998 0.177 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

Mean 0.999 0.155 0.995 0.126 0.998 0.193 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

Std 0.000 0.012 0.000 0.004 0.000 0.011 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

Maximum 1.000 0.188 0.996 0.136 0.999 0.229 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 

Minimum 0.998 0.134 0.995 0.117 0.997 0.166 1.002 1.023 1.002 1.015 1.006 1.104 1.010 1.300 
 
Weights are stabilized and trimmed at the 1st and 99th percentiles. Weights were calculated using penalized maximum likelihood logistic regression 
  



 
 

Appendix Table 2.1 
Differences in the prevalence of birth complications between those with short vs. 
long hospital stays as defined by (A) American College of Obstetricians and 
Gynecologists standards vs. (B) a week-long hospital stay  
 

Birth Outcome 
ACOG Stay Length Definitions < 7 Days vs. 7+ Days 
Short Stay Long Stay Diff. Short Stay Long Stay Diff. 

Labor/Delivery Complications       

Cephalopelvic disproportion 3.2 3.3 0.1 3.3 2.5 -0.8 
Febrile 5.3 10.8 5.5 6.1 7.9 1.8 
Premature rupture of membrane 7.0 20.5 13.5 7.6 28.1 20.5 
Excessive bleeding 0.6 0.9 0.3 0.6 1.5 0.9 
Abruptio placenta 0.5 3.8 3.3 0.5 7.9 7.4 
Placenta previa 0.7 1.2 0.5 0.7 2.0 1.3 
Precipitous labor (<3 hrs) 4.9 5.6 0.7 4.8 8.4 3.5 
Prolonged labor (>20 hrs) 2.3 3.8 1.5 2.3 4.9 2.6 
Dysfunctional labor 12.1 17.2 5.1 11.6 26.6 15.0 
Seizure during labor 0.2 0.7 0.5 0.2 1.0 0.8 
Breech / malpresentation 5.7 12.7 7.0 5.7 22.2 16.5 
Cord entanglement 19.2 17.9 -1.4 19.4 13.3 -6.1 
Fetal distress 16.9 28.0 11.1 17.1 37.4 20.3 
Anesthetic complications 0.3 0.0 -0.3 0.2 0.0 -0.2 
Other delivery complications 29.3 36.9 7.7 29.8 38.4 8.7 
No labor/deliv complications 38.6 21.4 -17.2 37.7 12.8 -24.8 

Newborn Conditions       

Apnea 4.0 33.4 29.4 6.0 46.8 40.8 
Assisted ventilation (<30 min) 22.7 21.9 -0.8 22.6 19.7 -2.9 
Assisted ventilation (>30 min) 2.1 29.9 27.8 3.7 44.3 40.6 
Hyaline membran disease / RDS 0.9 12.5 11.5 1.3 22.7 21.4 
Meconium aspiration syndr. 2.0 7.5 5.6 2.4 8.9 6.4 
Other respiratory cond. 4.5 17.2 12.7 5.2 25.1 20.0 
Hydrocephalus 0.2 0.5 0.3 0.2 1.0 0.8 
Microcephalus 0.1 0.7 0.7 0.1 1.0 0.9 
Seizures 0.1 1.2 1.1 0.0 2.5 2.4 
Spina bifida / meningocele 0.0 0.0 0.0 0.0 0.0 0.0 
Other central nervous cond. 0.9 4.9 4.1 1.0 8.4 7.4 
Hyperbilirubinemia (Jaundice) 16.8 48.9 32.2 19.4 54.7 35.3 
Hernia (Hiatal / Abdoninal / 
Inguinal) 0.9 3.3 2.4 1.0 5.9 5.0 

Other gastrointestinal cond. 0.6 7.5 6.9 0.9 13.3 12.4 
Cardiac problems 2.0 6.8 4.8 2.1 10.8 8.7 
Heart malformation 0.4 1.4 1.0 0.4 2.5 2.1 
Other circulatory cond. 3.7 9.4 5.7 4.0 12.8 8.8 



 
 

Malformed genitalia 0.2 0.5 0.3 0.2 0.5 0.3 
Renal agenesis 0.0 0.0 0.0 0.0 0.0 0.0 
Other renal, genital or urinary cond. 3.1 6.1 3.1 3.1 8.4 5.3 
Cleft lip or palate 0.1 0.2 0.2 0.1 0.5 0.4 
Hip dysplasia 0.1 0.2 0.2 0.1 0.0 -0.1 
Club foot 0.0 0.5 0.5 0.1 0.0 -0.1 
Other musculoskeletal or 
integumental cond. 9.6 16.5 6.9 10.3 17.7 7.4 

Down syndrome 0.1 0.7 0.6 0.1 1.0 0.8 
Other chromosomal cond. 0.3 1.4 1.2 0.3 2.5 2.2 
No abnormal conditions 48.1 18.1 -30.0 45.5 9.9 -35.7 

Infant Abnormalities       

Anemia 0.3 10.4 10.0 0.5 19.2 18.7 
Birth injury 6.5 9.6 3.1 6.8 9.4 2.5 
Fetal alcohol syndr (FAS) 0.1 0.2 0.2 0.0 0.5 0.4 
Drug withdrawal 0.9 11.5 10.6 1.6 15.3 13.7 
Hypoglycemia 2.9 12.5 9.6 3.6 15.8 12.2 
Sepsis (Fever) 3.4 28.2 24.9 5.3 35.5 30.2 
Non-routine thermoregulation 4.1 24.7 20.6 5.2 36.5 31.3 
Transferred to another hosp. 0.7 5.4 4.7 0.8 10.3 9.6 
Newborn screen test abnormal 2.1 4.0 1.9 2.1 5.9 3.8 
Abnormalities in screen 2.5 6.4 3.9 2.7 8.4 5.6 
Bonding problems 0.6 3.3 2.7 0.7 5.4 4.7 
Feeding problems 3.5 27.1 23.5 5.0 37.9 33.0 
No infant abnormalities 78.4 31.3 -47.1 74.6 17.7 -56.9 

Newborn Care       

Intermediate / stepdown 3.3 12.2 9.0 4.4 11.3 6.9 
Neonatal ICU 5.0 45.4 40.4 7.3 68.0 60.7 
Well baby 91.4 40.9 -50.4 87.8 18.2 -69.5 

 
 
a ACOG = American College of Obstetricians and Gynecologists, diff = difference in prevalence 
b Prevalences are unweighted and calculated from all infants with extracted medical records in the Fragile Families 
study, recruited from 20 large US cities at birth between 1998 and 2000. These data include 59 codes: 55 conditions 
or complications, and 4 well-baby codes. Above, we highlight the prevalence difference column comparing short to 
long stays of the standard which exhibited the larger difference in prevalence between short and long stays (either the 
ACOG standard or ours). For 46/55 conditions and 4/4 well-baby codes, the week-long indicator did a better job 
differentiating babies with and without complications. In 18/59 cases, the difference in the prevalence of a code 
between short and long stay babies as determined by a week-long stay was 5 percentage points larger than the 
difference in prevalence between short and long stay babies as determined by ACOG standards, highlighted in dark 
red. 
 
  



 
 

Appendix Table 2.2 
Full regression results from our main model, analyzing Fragile Families cohort 
data comprised of births in large US cities between 1998 and 2000 
 

Variable 
Model 1 

(Unweighted) 
Model 2 

(LBW/Preterm Only) 
Model 3 

(LBW/Preterm & Lengthy 
Hospital Stay) 

Coef (SE) P 95% CI Coef (SE) P 95% CI Coef (SE) P 95% CI 

Intercept 0.03 < 0.001 0.03,0.04 0.02 < 0.001 0.00,0.08 0.02 < 0.001 0.00,0.09 

(0.00)     (0.01)     (0.01)     

LBW/Preterm 1.71 0.012 1.12,2.59 1.47 0.114 0.91,2.39 1.74 0.041 1.02,2.95 

(0.36)     (0.36)     (0.47)     

7+ Days in 
Hospital 

            2.5 0.021 1.15,5.44 

            (0.99)     
LBW/Preterm X 
7+ Days in 
Hospital 

            0.29 0.030 0.09,0.89 

            (0.17)     

Time 1 (Age 1) (reference) 

Time 2 (Age 3) 0.44 < 0.001 0.29,0.68 0.46 < 0.001 0.30,0.71 0.46 < 0.001 0.30,0.71 

(0.10)     (0.10)     (0.10)     

Time 3 (Age 5) 0.43 < 0.001 0.27,0.67 0.44 < 0.001 0.28,0.68 0.44 < 0.001 0.28,0.68 

(0.10)     (0.10)     (0.10)     

Unstable housing 
during pregnancy 

      2.91 0.028 1.12,7.55 3.11 0.020 1.20,8.05 

      (1.42)     (1.51)     
Poor housing 
quality during 
pregnancy 

      0.43 0.455 0.05,3.90 0.39 0.405 0.04,3.53 

      (0.49)     (0.44)     

Public Insurance (reference) 

Private Insurance       1.33 0.242 0.82,2.15 1.37 0.193 0.85,2.21 

      (0.32)     (0.33)     

Uninsured       0.5 0.18 0.18,1.38 0.5 0.186 0.18,1.39 

      (0.26)     (0.26)     

Number of 
prenatal visits 

      1.02 0.452 0.97,1.08 1.02 0.439 0.97,1.08 

      (0.03)     (0.03)     
History of 
maternal mental 
health problems 

      1.3 0.256 0.83,2.03 1.25 0.324 0.80,1.95 

      (0.30)     (0.28)     

Maternal self-
rated health 

      1.1 0.335 0.91,1.33 1.1 0.335 0.91,1.33 

      (0.11)     (0.11)     

 



 
 

Maternal 
disability 

      2.4 0.059 0.97,5.93 2.31 0.070 0.93,5.69 

      (1.11)     (1.06)     
Number of 
prenatal 
hospitalizations 

      1.18 0.069 0.99,1.40 1.18 0.072 0.99,1.40 

      (0.11)     (0.11)     

Multiple birth       1.11 0.869 0.31,3.96 1.11 0.869 0.31,3.96 

      (0.72)     (0.72)     

Poverty/Income 
Ratio 

      0.88 0.135 0.74,1.04 0.88 0.115 0.74,1.03 

      (0.08)     (0.07)     

< High School 
Education (reference) 

High School 
Education 

      0.73 0.125 0.48,1.09 0.71 0.096 0.47,1.06 

      (0.15)     (0.15)     

Some College 
Education 

      0.65 0.101 0.39,1.09 0.65 0.095 0.39,1.08 

      (0.17)     (0.17)     

College Education 
+ 

      0.19 0.13 0.02,1.63 0.18 0.121 0.02,1.57 

      (0.21)     (0.20)     

Non-Smoker (reference) 

< 1 Pack Smoked 
/ Day 

      1.74 0.004 1.19,2.54 1.72 0.006 1.17,2.52 

      (0.34)     (0.34)     

1-2 Packs Smoked 
/ Day 

      1.91 0.038 1.04,3.51 1.93 0.036 1.04,3.56 

      (0.59)     (0.61)     

2+ Packs Smoked 
/ Day 

      1.39 0.662 0.31,6.18 1.36 0.695 0.30,6.19 

      (1.06)     (1.05)     
Materal 
race/ethnicity = 
Black 

(reference) 

Materal 
race/ethnicity = 
Hispanic 

      0.89 0.624 0.56,1.41 0.88 0.583 0.56,1.39 

      (0.21)     (0.21)     
Materal 
race/ethnicity = 
Other 
race/ethnicity 

      1.88 0.15 0.80,4.43 1.88 0.148 0.80,4.42 

      (0.82)     (0.82)     
Materal 
race/ethnicity = 
White 

      1.41 0.175 0.86,2.31 1.44 0.143 0.88,2.36 

      (0.36)     (0.36)     

Maternal Age       0.98 0.352 0.95,1.02 0.98 0.309 0.94,1.02 

      (0.02)     (0.02)     

Male sex       0.93 0.687 0.65,1.32 0.91 0.587 0.64,1.29 

      (0.17)     (0.16)     

Single 
Parenthood 

      1.58 0.261 0.71,3.52 1.52 0.308 0.68,3.39 

      (0.65)     (0.62)     

 



 
 

Relationship 
Quality 

      1.04 0.075 1.00,1.10 1.04 0.102 0.99,1.09 

      (0.03)     (0.03)     
Single 
Parenthood X 
Relationship 
Quality 

      0.97 0.281 0.91,1.03 0.97 0.339 0.91,1.03 

      (0.03)     (0.03)     

Number of 
children in HH 

      1.04 0.682 0.87,1.24 1.03 0.737 0.86,1.23 

      (0.09)     (0.09)     

N 5655   5655   5655   
 
 



 
 

Appendix Table 2.3  
Sensitivity analysis results comparing estimates derived via controlling for confounding directly, with inverse 
probability of treatment weights, and with doubly robust methods, with and without city fixed effects 
 
 
 
 
 

Strategy Variable 
Model 1 

(Unweighted) 
Model 2 

(Adverse Birth Only) 
Model 3 

(LBW/Preterm & Lengthy Hospital Stay) 

Coef (SE) p 95% CI Coef (SE) p 95% CI Coef (SE) p 95% CI 

IP
TW

s  

LBW or Preterm 1.71 0.012 1.12,2.59 1.62 0.037 1.03,2.54 1.73 0.038 1.03,2.91 
(0.36)     (0.37)     (0.46)     

7+ Days In Hospital             2.3 0.052 0.99,5.34 

            (0.99)     

LBW/Pre. X 7+ Days             0.41 0.181 0.11,1.51 
            (0.27)     

D
ir

ec
t C

on
tr

ol
 fo

r 
Co

va
ri

at
es

 LBW or Preterm 1.71 0.012 1.12,2.59 1.47 0.114 0.91,2.39 1.74 0.041 1.02,2.95 

(0.36)     (0.36)     (0.47)     

7+ Days In Hospital             2.5 0.021 1.15,5.44 
            (0.99)     

LBW/Pre. X 7+ Days             0.29 0.03 0.09,0.89 

            (0.17)     

D
ou

bl
y 

R
ob

us
t 

(W
ei

gh
tin

g 
+ 

D
ir

ec
t C

on
tr

ol
)  LBW or Preterm 1.71 0.012 1.12,2.59 1.52 0.083 0.95,2.46 1.65 0.069 0.96,2.85 

(0.36)     (0.37)     (0.46)     

7+ Days In Hospital             2.4 0.049 1.00,5.72 

            (1.06)     

LBW/Pre. X 7+ Days             0.39 0.153 0.11,1.42 
            (0.26)     



 
 

With City Fixed Effects 
IP

TW
s +

 
Ci

ty
 F

Es
 LBW or Preterm 1.71 0.012 1.12,2.59 1.54 0.068 0.97,2.45 1.74 0.040 1.03,2.96 

(0.36)     (0.36)     (0.47)     

7+ Days In Hospital             2.53 0.036 1.06,5.99 

            (1.11)     

LBW/Pre. X 7+ Days             0.24 0.036 0.06,0.91 
            (0.16)     

D
ir

ec
t C

on
tr

ol
 +

 
Ci

ty
 F

Es
 LBW or Preterm 1.71 0.012 1.12,2.59 1.48 0.12 0.90,2.44 1.79 0.036 1.04,3.09 

(0.36)     (0.38)     (0.50)     

7+ Days In Hospital             2.44 0.033 1.07,5.54 
            (1.02)     

LBW/Pre. X 7+ Days             0.26 0.027 0.08,0.86 

            (0.16)     
 
 
a LBW = low birthweight, FEs = fixed effects, IPTWs = inverse probability of treatment weights 
b Estimates relating our adverse birth outcome exposures to participants’ conditional odds of eviction, calculated with piecewise logistic regression with 

N=5,655 observations contributed by 2,115 children in the Fragile Families cohort study. As eviction, the outcome, is rare, odds ratios approximate hazard 
ratios. 

c For the city fixed effects models, some city dummy variables perfectly predicting study retention in one or more waves, such that inverse probability of 
selection weights could not be calculated for these participants; they were thus excluded. For the inverse probability of treatment weights models, this 
includes 180 observations here from 67 (of 2115) people from Models 2 and 3 due to cities perfectly predicting at least one treatment or censoring at at 
least one wave (in particular, we lose everyone from Boston, Pittsburgh, and Chicago. For the direct covariate control models, we lose 84 observations 
(everyone in Boston) in Models 2 and 3. 

 



Appendix Table 2.4  
Sensitivity analysis comparing social, economic, and demographic characteristics 
of mothers whose medical records were extracted to mothers whose medical 
records were unavailable 
 
 

Variable 
Means/Prevalences 

Std. 
Difference 

t-test 
p-value Medical 

Records 
No 

Medical 
Records 

Maternal self-rated health 3.79 3.85 0.06 0.154 
Poverty/Income Ratio 1.60 1.84 0.14 0.001 
Single parent 24.63 24.86 0.04 0.352 
Parental relationship quality 43.5% 43.7% 0.00 0.919 
Num. children in household 9.32 9.11 0.03 0.451 
Maternal Age 1.64 1.57 0.07 0.091 
Maternal education 
< High school 41.9% 35.3% 0.14 0.001 
High school 30.7% 32.4% 0.04 0.389 
Some college 22.3% 23.9% 0.04 0.388 
College 5.0% 8.4% 0.15 0.001 
Smoking 
Non-smoker 65.4% 68.2% 0.06 0.158 
< 1 pack/day 27.3% 24.6% 0.06 0.158 
1-2 packs/day 6.2% 6.3% 0.01 0.862 
2+ packs/day 1.2% 0.8% 0.03 0.413 
Maternal Race 
Black 50.8% 54.0% 0.06 0.132 
Hispanic 31.7% 24.9% 0.15 0.001 
Other race/ethnicity 3.7% 3.4% 0.02 0.661 
White 13.8% 17.7% 0.11 0.010 

N 2395 712  

 
Statistics are calculated in unimputed data, limited to mothers who were renting at birth. 
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Appendix Table 3.1  Variables used to calculate selection weights 
 
A. 
Whether variables were used to estimate probability of selection into each analytic sample, i.e., 
whether children were living in rental housing and remained uncensored in the wave prior to 
an eviction at a given developmental age 
 

Variable 
Sample 

Y1 Y35 Y9 

Binary child sex (ref. = female)   YES 
Child born preterm/LBW   YES 

Unstable housing during gest. YES YES YES 

Maternal substance use during gestation  YES YES 
Parental substance use impaired work, relationships in past 
year YES   

Parental smoking intensity YES YES YES 
Parental self-rated health YES   

Maternal mental health    

Poverty/Income Ratio YES YES YES 

Parental educational attainment YES YES YES 
Maternal race/ethnicity YES YES YES 

Primary caregiver age  YES YES 

Single parent YES YES YES 

Parental relationship quality YES YES YES 
Parental relationship quality X single-parent status YES YES YES 

# of children in household YES  YES 

Census tract poverty rate YES YES YES 

Renting status at birth  YES YES 
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B. 
Whether variables were used to estimate probability of remaining in each analytic sample and 
having no missing data on any of our four cognitive outcomes 
 

Variable Y1 Y35 Y9 

Past housing history (including evictions and unstable 
housing during gestation) YES YES YES 

Binary child sex (ref. = female)    

Child born preterm/LBW YES   

Maternal substance use during gestation YES YES  

Parental substance use impaired work, relationships in past 
year YES   

Parental smoking intensity    

Parental self-rated health YES   

Maternal mental health    

Poverty/Income Ratio YES YES YES 

Parental educational attainment YES YES YES 

Maternal race/ethnicity YES YES YES 

Primary caregiver age YES YES YES 
Single parent    

Parental relationship quality    

Parental relationship quality X single-parent status    

# of children in household    

Census tract poverty rate    

   



Appendix Table 3.2 Full regression results for predicting the association between eviction in infancy (the 
first year of life) and cognitive skills in middle childhood 

 
 
 
 

Variable 

Digit Span WJ - Applied Problems WJ - Passage Comprehension PPVT 

Std. 
Coef. p 95% CI Std. 

Coef. p 95% CI Std. 
Coef. p 95% CI Std. 

Coef. p 95% CI 

Eviction in infancy (Y1) -0.27 0.053 -0.53,0.00 -0.25 0.101 -0.56,0.05 -0.28 0.079 -0.60,0.03 -0.08 0.564 -0.35,0.19 

Unstable housing during gestation 0.1 0.631 -0.30,0.49 -0.09 0.744 -0.60,0.43 0.04 0.833 -0.36,0.45 0.00 0.993 -0.36,0.36 

Binary child sex (ref = female) -0.1 0.030 -0.18,-0.01 -0.04 0.447 -0.14,0.06 -0.19 <0.001 -0.27,-0.11 0.08 0.078 -0.01,0.17 

Child born preterm/LBW -0.13 0.092 -0.29,0.02 -0.23 0.013 -0.42,-0.05 -0.12 0.156 -0.28,0.05 0.00 0.982 -0.16,0.17 

Maternal substance use during 
gestation 0.07 0.330 -0.07,0.21 0.05 0.554 -0.12,0.22 -0.02 0.789 -0.17,0.13 0.05 0.504 -0.10,0.21 

Parental substance use impaired work, 
relationship in past year 0.03 0.781 -0.16,0.22 0.13 0.326 -0.13,0.40 0.22 0.028 0.02,0.42 0.29 0.010 0.07,0.51 

Parental self-rated health 0.05 0.079 -0.01,0.10 0.00 0.988 -0.06,0.06 0.02 0.334 -0.02,0.07 0.03 0.262 -0.02,0.07 

Poverty/income ratio 0.03 0.086 -0.00,0.07 0.05 0.032 0.00,0.09 0.05 0.004 0.02,0.08 0.07 0.002 0.02,0.11 

Census tract poverty rate 0.00 0.251 -0.01,0.00 0.00 0.090 -0.01,0.00 0.00 0.055 -0.01,0.00 0.00 0.058 -0.01,0.00 

Single-parent household 0.03 0.721 -0.14,0.20 -0.03 0.775 -0.21,0.16 0.02 0.823 -0.14,0.18 0.03 0.700 -0.14,0.21 

# of children in household 0.00 0.922 -0.04,0.04 -0.06 0.013 -0.11,-0.01 -0.04 0.037 -0.08,-0.00 -0.07 0.001 -0.11,-0.03 

Parental relationship quality 0.00 0.705 -0.01,0.01 -0.01 0.098 -0.02,0.00 0.00 0.685 -0.01,0.01 -0.01 0.17 -0.02,0.00 

Parental relationship quality X single-
parent status -0.01 0.379 -0.02,0.01 0.00 0.909 -0.01,0.02 -0.01 0.453 -0.02,0.01 0.00 0.711 -0.02,0.01 

Parental smoking             

Non-Smoker (reference) 

< 1 pack/day 0.04 0.430 -0.06,0.15 0.13 0.040 0.01,0.25 0.11 0.036 0.01,0.21 0.09 0.102 -0.02,0.21 

1-2 packs/day -0.08 0.377 -0.25,0.09 0.14 0.203 -0.07,0.35 0.04 0.677 -0.14,0.22 0.08 0.388 -0.10,0.27 

2+ packs/day -0.05 0.780 -0.41,0.31 -0.19 0.498 -0.75,0.37 -0.27 0.104 -0.60,0.06 -0.42 0.011 -0.75,-0.10 
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Parental educational attainment             

< High school (reference) 

High school 0.07 0.224 -0.04,0.18 0.06 0.382 -0.07,0.19 0.12 0.026 0.01,0.23 0.20 <0.001 0.10,0.31 

Some college 0.10 0.085 -0.01,0.22 0.27 <0.001 0.13,0.41 0.24 <0.001 0.12,0.36 0.51 <0.001 0.39,0.64 

College + 0.28 0.017 0.05,0.52 0.53 <0.001 0.27,0.78 0.40 <0.001 0.22,0.58 0.74 <0.001 0.50,0.98 

Maternal race/ethnicity             

Black (reference) 

Hispanic -0.08 0.225 -0.22,0.05 0.14 0.080 -0.02,0.30 0.00 0.986 -0.14,0.15 0.08 0.258 -0.06,0.23 

Other race/ethnicity 0.02 0.882 -0.23,0.27 0.21 0.219 -0.13,0.55 0.20 0.069 -0.02,0.42 0.42 0.010 0.10,0.74 

White 0.10 0.172 -0.04,0.24 0.27 0.002 0.10,0.44 0.26 <0.001 0.12,0.40 0.48 <0.001 0.32,0.63 

Intercept -0.68 <0.001 -0.99,-0.36 -0.26 0.158 -0.62,0.10 -0.95 <0.001 -1.27,-0.64 -1.17 <0.001 -1.49,-0.85 
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Appendix Table 3.3 Full regression results for predicting the association between eviction in early childhood 

(the third and fifth years of life) and cognitive skills in middle childhood 
 

Variable 

Digit Span WJ - Applied Problems WJ - Passage 
Comprehension PPVT 

Std. 
Coef. p 95% CI Std. 

Coef. p 95% CI Std. 
Coef. p 95% CI Std. 

Coef. p 95% CI 

Eviction in early childhood (Y3 or Y5) 0.07 0.412 -0.10,0.23 -0.01 0.913 -0.23,0.20 0.06 0.552 -0.13,0.24 0.04 0.639 -0.14,0.23 

Eviction in infancy (Y1) -0.21 0.089 -0.45,0.03 -0.07 0.621 -0.34,0.20 -0.15 0.3 -0.42,0.13 -0.08 0.498 -0.30,0.15 

Unstable housing during gestation 0.18 0.371 -0.22,0.58 0.02 0.907 -0.38,0.43 -0.02 0.907 -0.36,0.32 0.01 0.943 -0.35,0.38 

Binary child sex (ref = female) -0.1 0.013 -0.18,-0.02 -0.05 0.263 -0.14,0.04 -0.22 0 -0.29,-0.14 0.08 0.036 0.01,0.16 

Child born preterm/LBW -0.12 0.089 -0.26,0.02 -0.24 0.002 -0.39,-0.09 -0.13 0.048 -0.27,-0.00 -0.01 0.834 -0.15,0.12 

Maternal substance use during gestation 0.03 0.634 -0.10,0.16 -0.02 0.782 -0.17,0.13 -0.08 0.233 -0.22,0.05 -0.03 0.697 -0.17,0.11 

Parental substance use impaired work, 
relationship in past year -0.02 0.9 -0.31,0.27 0.04 0.844 -0.34,0.41 0.16 0.209 -0.09,0.40 0.29 0.127 -0.08,0.66 

Parental self-rated health 0.04 0.069 -0.00,0.08 0.02 0.278 -0.02,0.06 0.02 0.191 -0.01,0.06 0.01 0.499 -0.02,0.05 

Poverty/income ratio 0.03 0.1 -0.01,0.06 0.06 0.001 0.03,0.10 0.04 0.021 0.01,0.08 0.08 0 0.04,0.12 

Census tract poverty rate 0.00 0.465 -0.00,0.00 0.00 0.015 -0.01,-0.00 0.00 0.002 -0.01,-0.00 0.00 0.004 -0.01,-0.00 

Single-parent household 0.16 0.065 -0.01,0.34 0.03 0.72 -0.15,0.22 0.04 0.648 -0.13,0.21 0.02 0.840 -0.15,0.18 

# of children in household 0.02 0.189 -0.01,0.05 0.02 0.265 -0.01,0.05 -0.02 0.125 -0.05,0.01 -0.05 0.001 -0.07,-0.02 

Parental relationship quality 0.01 0.105 -0.00,0.02 0 0.477 -0.01,0.02 0.01 0.404 -0.01,0.02 0 0.726 -0.01,0.01 

Parental relationship quality X single-
parent -0.01 0.216 -0.03,0.01 0.00 0.779 -0.02,0.01 0.00 0.934 -0.02,0.01 0.01 0.145 -0.00,0.03 

Parental Smoking 

Non-Smoker (reference) 

< 1 pack/day -0.02 0.619 -0.12,0.07 0.02 0.682 -0.09,0.13 0.06 0.176 -0.03,0.16 0 0.974 -0.10,0.10 

1-2 packs/day 0.07 0.324 -0.07,0.21 -0.01 0.944 -0.15,0.14 -0.05 0.456 -0.17,0.08 0.04 0.54 -0.09,0.16 

2+ packs/day 0.25 0.520 -0.50,0.99 -0.7 0.155 -1.66,0.26 -0.04 0.814 -0.40,0.31 -0.48 0.076 -1.02,0.05 
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Parental educational attainment 

< High school (reference) 

High school 0.06 0.234 -0.04,0.16 0.09 0.154 -0.03,0.20 0.09 0.082 -0.01,0.19 0.23 0 0.13,0.33 

Some college 0.16 0.004 0.05,0.27 0.29 0 0.17,0.41 0.24 0 0.14,0.34 0.49 0 0.38,0.59 

College + 0.36 0 0.17,0.55 0.49 0 0.29,0.70 0.37 0 0.21,0.54 0.65 0 0.46,0.85 

Maternal race/ethnicity 

Black (reference) 

Hispanic -0.08 0.233 -0.21,0.05 0.2 0.007 0.05,0.34 0.00 0.971 -0.13,0.12 0.09 0.171 -0.04,0.23 

Other race/ethnicity -0.08 0.516 -0.31,0.16 0.21 0.156 -0.08,0.50 0.14 0.179 -0.07,0.35 0.42 0.004 0.14,0.71 

White 0.03 0.65 -0.10,0.15 0.33 0 0.18,0.47 0.18 0.003 0.06,0.30 0.46 0 0.32,0.59 

Intercept -0.88 0 -1.17,-0.59 -0.69 0 -1.00,-0.37 -0.98 0 -1.27,-0.68 -1.15 0 -1.45,-0.86 
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Appendix Table 3.4 Full regression results for predicting the association between eviction in middle 
childhood (the ninth year of life) and cognitive skills in middle childhood 

 

Variable 

Digit Span WJ - Applied Problems WJ - Passage 
Comprehension PPVT 

Std. 
Coef. p 95% CI Std. 

Coef. p 95% CI Std. 
Coef. p 95% CI Std. 

Coef. p 95% CI 

Eviction in middle childhood (Y9) -0.25 0.030 -0.48,-0.02 -0.43 0.010 -0.76,-0.10 -0.20 0.055 -0.41,0.00 -0.39 0.004 -0.65,-0.12 

Eviction in early childhood (Y3 or Y5) 0.09 0.323 -0.09,0.27 -0.04 0.720 -0.28,0.20 0.10 0.252 -0.07,0.28 -0.05 0.689 -0.27,0.18 

Eviction in infancy (Y1) -0.18 0.147 -0.43,0.06 -0.02 0.910 -0.30,0.27 -0.23 0.125 -0.53,0.07 -0.02 0.865 -0.29,0.24 

Unstable housing during gestation 0.13 0.585 -0.35,0.62 -0.05 0.845 -0.54,0.44 -0.04 0.846 -0.40,0.33 -0.11 0.605 -0.51,0.30 

Binary child sex (ref = female) -0.11 0.024 -0.20,-0.01 -0.07 0.158 -0.16,0.03 -0.19 0.000 -0.27,-0.11 0.04 0.311 -0.04,0.13 

Child born preterm/LBW -0.11 0.164 -0.27,0.05 -0.19 0.023 -0.36,-0.03 -0.10 0.135 -0.23,0.03 0.05 0.491 -0.09,0.19 

Maternal substance use during gestation 0.05 0.480 -0.09,0.18 -0.04 0.630 -0.18,0.11 0.00 0.991 -0.11,0.12 0.01 0.928 -0.14,0.16 

Parental substance use impaired work, 
relationship in past year 0.33 0.035 0.02,0.64 0.35 0.005 0.11,0.60 0.49 0.005 0.15,0.83 0.14 0.293 -0.12,0.41 

Parental self-rated health 0.06 0.041 0.00,0.11 0.02 0.351 -0.03,0.07 0.01 0.672 -0.03,0.05 -0.01 0.591 -0.05,0.03 

Poverty/income ratio 0.02 0.543 -0.04,0.07 0.03 0.136 -0.01,0.07 0.04 0.010 0.01,0.08 0.08 0.000 0.05,0.12 

Census tract poverty rate 0.00 0.616 -0.01,0.00 0.00 0.055 -0.01,0.00 0.00 0.064 -0.01,0.00 -0.01 0.002 -0.01,-0.00 

Single-parent household 0.06 0.336 -0.06,0.18 0.00 0.951 -0.14,0.13 0.04 0.508 -0.07,0.15 0.07 0.247 -0.05,0.19 

# of children in household 0.01 0.686 -0.03,0.04 -0.01 0.624 -0.05,0.03 -0.04 0.010 -0.07,-0.01 -0.07 0.000 -0.10,-0.04 

Parental relationship quality 0.01 0.342 -0.01,0.02 0.01 0.237 -0.00,0.02 0.01 0.116 -0.00,0.02 0.00 0.703 -0.01,0.01 

Parental relationship quality X single-
parent -0.01 0.188 -0.02,0.00 -0.01 0.392 -0.02,0.01 0.00 0.792 -0.01,0.01 -0.01 0.263 -0.02,0.01 

Parental Smoking             

Non-Smoker (reference) 

< 1 pack/day 0.01 0.793 -0.09,0.12 0.10 0.103 -0.02,0.21 0.01 0.847 -0.09,0.10 0.02 0.698 -0.08,0.12 

1-2 packs/day -0.09 0.226 -0.23,0.05 -0.01 0.850 -0.17,0.14 -0.01 0.919 -0.13,0.12 0.00 0.983 -0.14,0.14 

2+ packs/day 0.43 0.363 -0.50,1.36 -0.61 0.135 -1.40,0.19 0.24 0.247 -0.17,0.65 -0.21 0.048 -0.41,-0.00 
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Parental educational attainment             

< High school (reference) 

High school 0.11 0.059 -0.00,0.23 0.10 0.142 -0.03,0.23 0.10 0.054 -0.00,0.21 0.19 0.000 0.09,0.30 

Some college 0.10 0.101 -0.02,0.22 0.23 0.000 0.10,0.36 0.25 0.000 0.15,0.36 0.41 0.000 0.30,0.52 

College + 0.53 0.000 0.31,0.74 0.47 0.000 0.26,0.68 0.51 0.000 0.33,0.68 0.55 0.000 0.34,0.76 

Maternal race/ethnicity             

Black (reference) 

Hispanic -0.08 0.375 -0.25,0.09 0.20 0.016 0.04,0.36 0.05 0.521 -0.09,0.18 0.17 0.030 0.02,0.33 

Other race/ethnicity -0.22 0.162 -0.54,0.09 0.06 0.751 -0.31,0.43 0.00 0.980 -0.30,0.29 0.17 0.216 -0.10,0.45 

White 0.08 0.294 -0.07,0.22 0.38 0.000 0.22,0.54 0.23 0.000 0.11,0.35 0.53 0.000 0.39,0.68 

Intercept -0.81 0.000 -1.14,-0.48 -0.60 0.000 -0.93,-0.27 -0.99 0.000 -1.28,-0.70 -1.01 0.000 -1.33,-0.69 

 



115 

 
 


