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ABSTRACT 

 Ethnographic evidence suggests that housing eviction has become a common 

experience among urban renters, particularly those with children. However, it remains 

unknown the extent to which these findings are generalizable to the United States as a 

whole. Drawing from a population-based panel study of children born in 20 major U.S. 

cities in 1998-2000, we present the first representative estimates of the prevalence of 

eviction from birth to age 15 among children in American cities. Our findings indicate 

that more than 1 in 6 of children born in large U.S. cities experiences an eviction by age 

15. We conclude that the prevalence of housing eviction is sufficiently high to warrant 

policy attention as a new indicator of inequality that should be tracked in national surveys 

alongside other measures such as the poverty rate. In addition, our results indicate that 

housing eviction is sufficiently prevalent to play a potentially important role in future 

academic research on the reproduction of poverty. 
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INTRODUCTION 

Drawing on ethnographic evidence, administrative records, and survey data 

collected in Milwaukee, Desmond (2016:98) makes a bold claim: “If incarceration had 

come to define the lives of men from impoverished black neighborhoods, eviction was 

shaping the lives of women. Poor black men were locked up. Poor black women were 

locked out.” The ethnographic evidence leaves no doubt that housing eviction can 

fundamentally shape the lives of black single mothers in Milwaukee. Eviction causes 

residential instability, forces tenants to accept substandard housing conditions out of fear 

of displacement if they lodge a complaint, and interferes with neighborhood cohesion and 

community solidarity. 

What is less clear from the ethnographic evidence is the extent to which housing 

eviction is a general phenomenon common across a range of American cities. Does 

housing eviction warrant similar attention to incarceration, school quality, and other 

measures of inequality capturing potentially causal sources of disadvantage among the 

poor? Are enough children evicted that policymakers should care about the eviction rate, 

much as we care about other indicators such as GDP and unemployment? 

This paper presents estimates of the prevalence of housing eviction based on a 

population-based panel study of children born in 20 major U.S. cities, the Fragile 

Families and Child Wellbeing Study (FFCWS). To our knowledge, the FFCWS is the 

only national panel study to ask about evictions throughout the course of childhood. 

Because the FFCWS oversampled non-marital births, it is ideal for evaluating the 

prevalence of a moderately rare event (eviction) which ethnographic evidence suggests is 

most prevalent among urban single mothers. To preview our results, we estimate that 
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over 1 in 6 children (19.5 percent) born in 1998-2000 in American cities with populations 

over 200,000 experience eviction at some point between birth and age 15. While eviction 

is more common in some cities than others and tends to be most prevalent among the 

most disadvantaged, estimates are high enough for all subgroups and in all geographic 

areas to warrant national policy attention. 

 

BACKGROUND 

Eviction represents the combination of two events of great interest to scholars of 

inequality: a life disruption and a geographic move. A long tradition of research has 

argued that child development and academic achievement are hindered by disruptions, 

whether they occur in in family structure (Cooper et al. 2011), employment (Brand and 

Simon Thomas 2014), or school contexts (Temple and Reynolds 1999). Meanwhile, a 

distinct line of research focuses on geographic mobility as a source of neighborhood 

advantage or disadvantage that can change a child’s life chances by exposing the child to 

higher- or lower-quality neighborhoods (Chetty, Hendren, and Katz 2016). Eviction 

represents both a life disruption and a geographic move and may have implications across 

a wide range of measures of neighborhood disadvantage, residential attainment, family, 

and the labor market. 

Much prior research on residential mobility attributes patterns of residential 

segregation to individual choices (Rossi 1955). Only recently have scholars begun to 

consider eviction as a cause of residential mobility (Hartman and Robinson 2003, 

Desmond and Shollenberger 2015, Desmond 2016), as well as a potential source of future 

hardships (Desmond and Kimbro 2015). 
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While nationally-representative surveys frequently record extensive data on 

income, wealth, neighborhood characteristics, and residential moves, few explicitly ask 

whether respondents have been evicted from their homes. The best data on eviction 

prevalence in the U.S. comes from the Milwaukee Area Renters Study (MARS), which 

surveyed 1,086 Milwaukee renters in the private market in 2009-2011 and found that 13 

percent had experienced an eviction in the prior two years (Desmond and Shollenberger 

2015). While this estimate is the most reliable available, it cannot speak to the lifetime 

prevalence of eviction or the geographic spread of eviction in cities other than 

Milwaukee. 

In terms of lifetime prevalence, we might especially care about the proportion of 

youth who experience housing eviction at some point from birth through adolescence. 

Eviction may be an unpleasant experience for adults, but it may hold greater importance 

for children whose developmental trajectories could be substantially altered by the 

instability which follows. Since local-level evidence suggests that single-parent families 

are especially at risk of eviction (Desmond 2016), one might also expect childhood to be 

a period of especially high eviction prevalence. 

Geographically, the estimates from Milwaukee cannot tell us whether eviction 

and housing hardship are widespread experiences across America. Likewise, 

administrative records from cities around the country may underestimate the true 

prevalence of eviction since many evictions are informal and are never recorded by 

courts (Desmond and Shollenberger 2015). Nationally-representative survey data 

following youth from birth through adolescence is needed to place exisiting estimates 

within a broader context of housing hardship in America. 
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METHODS 

Data  

 The Fragile Families and Child Wellbeing Study (FFCWS) is a birth cohort panel 

study of 4,898 children born in 20 large U.S. cities.  The study oversampled children born 

to unmarried parents (around 3 to 1), resulting in a disproportionate share of children 

from low-income families. Children born in 16 of the 20 cities make up a nationally 

representative subsample (70%) selected through a multistage, stratified random sample 

of all U.S. cities with 200,000 or more people. Analyses using survey weights produce a 

nationally representative sample of children born in large U.S. cities between 1998 and 

2000.  To our knowledge, the FFCWS is the only population-based panel study to ask 

questions about housing eviction at every survey wave from birth through adolescence. 

Each of the 4,898 children was eligible to be interviewed up to 5 times at 

approximately ages 1, 3, 5, 9, and 15. Our model of eviction includes all child-years with 

a valid report for whether an eviction occurred in the past 12 months. Our model of 

housing hardship includes all child-years with a valid report for whether the child’s 

household ever missed a rent or mortgage payment in the past twelve months. Valid 

reports of eviction (housing hardship) are available for 4,741 (4,706) children, who 

provide an average of 4.1 (4.1) observations each. Missing data on predictors are multiply 

imputed using the MICE package in R (Van Buuren and Groothuis-Oudshoorn 2011). 

Based on the estimated coefficients from the model, we predict the cumulative risk of 

eviction and of non-payment of rent or mortgage from birth to age 15 for all children in 

the sample, regardless of attrition and missing data.  
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Measures 

Self-reported eviction 

The child’s mother and father were interviewed at the child’s birth and again at 

child age 1, 3, 5, and 9, and the child’s primary caregiver was interviewed at age 15. In 

each wave, respondents were asked whether they had been evicted in the past 12 months 

for not paying the rent or mortgage. Figure 1 summarizes with solid line segments the 

periods from birth to age 15 for which eviction data is reported. Some respondents may 

be evicted for other reasons, such as police activity at the unit, or might not perceive 

forced moves as evictions. For these reasons, these reports likely understate the true 

prevalence of forced moves, and must be interpreted as a more limited measure of self-

reported eviction for non-payment of rent. 

From ages 1 to 9, we use the report of the parent with whom the child lives at 

least half of the time, choosing the mother’s report when the child lived with both parents 

or lived with the mother and father equal portions of the time. Children who live with 

neither their mother nor their father in these interviews are coded as missing eviction 

information. In the survey at age 15, the child’s primary caregiver reports eviction 

regardless of whether the caregiver is a parent. 

Non-payment of rent or mortgage 

Reports analogous to those for eviction record whether the child’s family did not 

pay the full amount of rent or mortgage in the twelve months preceding each survey. 

Because the eviction measure might underestimate forced moves, we use models 

analogous to those for eviction prevalence to estimate the prevalence of non-payment of 

rent or mortgage. We treat this measure as a broader definition of housing hardship. 
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Demographic predictors 

Mothers provided a range of demographic information about themselves at the 

child’s birth. Race is coded as whether the child’s mother was black, Hispanic, or 

white/other. Education is coded as whether the child’s mother completed less than high 

school, high school, some college, or four or more years of college. Mothers’ marital 

status at the birth of the child is coded as married, cohabiting, or other. We additionally 

include the mother’s age at the birth of the child and whether the mother was born outside 

of the U.S. 

Modeling assumptions 

Our goal is to estimate the probability that a child is ever evicted between birth 

and age 15. An ideal dataset would contain information on the exact age at which each 

child experienced a first eviction, thereby permitting the estimation of a survival model 

for the time until the first eviction. To our knowledge, no such data on evictions exists in 

any national dataset. Our analyses work from the available data, which flags whether an 

eviction occurred in each of the 12-month periods prior to interviews. Further, data is 

only available for a given period for respondents who completed the subsequent 

interview. These two data limitations imply two required assumptions: we must assume 

evictions are memoryless and data are missing at random. 

Assumption 1: Evictions are memoryless 

The data contain no information on whether an eviction occurred in periods for 

which no question was asked, so it is impossible to know whether a child has experienced 

a prior eviction before any given reporting period, or to know the time that has passed 

since the most recent eviction occurred. We therefore must assume that the risk of an 
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eviction is memoryless: it does not depend on whether a prior eviction occurred or on the 

time since the most recent eviction occurred. These assumptions are almost surely false. 

Tenants who were recently evicted might have trouble finding housing and end up in a 

more expensive unit, thereby increasing their short-term risk of eviction. Meanwhile, 

landlords might be more lenient with tenants who have already been regular renters for a 

long period of time. 

Although the assumption of memoryless is unlikely to hold, it is also unlikely to 

strongly affect our estimates for two reasons. First, repeat evictions are rare in our 

observed data. Among those who provide valid eviction reports in all five waves of data 

collection, 11.3 percent report an eviction at some point, but only 2.2 percent report an 

eviction more than once. Thus, our outcome is first evictions in most cases. 

Second, the assumption of memorylessness might be reasonable because the risk 

of eviction is allowed to vary by baseline demographics. Experiencing a second eviction 

shortly after a first eviction could suggest a violation of memorylessness; perhaps the first 

eviction increased the child’s risk of a future eviction. However, it could also reflect a 

higher overall risk of eviction for that child which is constant over time. If risks are 

constant over time and vary only by observable characteristics, then our models will be 

adequate. 

Assumption 2: Missing at random 

Of the 4,898 children in the baseline sample, only 3,198 (65 percent) provide 

valid reports of eviction in the age 15 interview. We assume that attrition is random, net 

of covariates, so that a model fit on all child-years with complete data can be used to 

predict eviction risk among all children in all years from birth to age 15. The assumption 
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that data are missing at random is likely to be violated in our sample, particularly if 

eviction causes major changes in children’s lives that lead to attrition from the survey. 

However, the violation of the MAR assumption would tend to downwardly bias our 

estimates of eviction prevalence, since those who are missing presumably have higher 

rates of eviction than those who are observed. Thus, any violation of this assumption 

would tend to makes our estimates conservative. 

 

Analyses 

The assumptions above agree with a piecewise exponential survival model for 

eviction risk, allowing the risk of eviction to vary by demographic characteristics and 

child age at the report, but assuming a constant risk of eviction independent of the history 

of evictions within the twelve months preceding the report. Because we do not observe 

the timing of an eviction but only whether one occurred within a twelve-month window, 

we estimate the risk of evictions using a binomial generalized linear model with a 

complementary log-log link.1 

Suppose that child � at age � experiences evictions randomly at a constant 

expected rate ��� per year, such that the time until an eviction occurs ���  is distributed 

exponentially with expected wait time /���.  We assume a piecewise exponential model 

such that the rate of evictions ��� is constant within any given year of a child’s life. From 

                                                           

1 While logistic regression is the more common approach to model binary outcomes, we 

use the complementary log-log link because it is directly tied to exponential survival 

models in continuous time, and this link makes our assumption of memorylessness more 

transparent as a well-known property of the exponential distribution.  
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the cumulative distribution function of the exponential distribution, the probability ��� of 

an eviction occurring in a given year is ��� = � ��� < = − �−��� 
Rearranging terms, this simplifies to log − log − ��� = log ���  

The left term is the probability of an eviction, ���, transformed by a 

complementary log-log link. Defining  and  such that ��� +��� ≡ ��� for a set of time-

invariant demographic predictors � and child age ���, this becomes a generalized linear 

model in which ��� +���  is an estimate of the rate parameter from the related 

exponential survival model. log − log − ��� = � + ���  

Given an estimated rate parameter ��� = ��� +���  for each child in each year, we 

predict the probability of eviction by age 15 by taking the complement of the product of 

the predicted probability of no eviction in each year from birth to age 15. 

�̂� = −∏� �� =15
�=1 = −∏� ��� >15

�=1 = −∏( − �−�̂��)15
�=1  

To estimate the overall prevalence of eviction by age 15, we estimate the 

weighted average of the �̂� predictions over all respondents, using sampling weights to 

produce an estimate representative of children born in large U.S. cities. To estimate 

subgroup-specific prevalence, we average the �̂� over all children in the subgroup. For 

estimates specific to the child’s city of birth, we use weights designed to produce 

estimates representative of each city.   
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Finally, we estimate analogous models and prevalence rates for non-payment of 

rent or mortgage, to capture a broader picture of the prevalence of housing hardship 

experienced by American children. 

 

RESULTS 

Description of survey responses 

Table 1 summarizes the available eviction data in the FFCWS. Between 1.9 and 

2.8 percent of respondents report an eviction in the 12 months prior to any given survey 

wave, with no apparent increase or decrease in this rate over the course of childhood. 

The proportion of children who ever report an eviction is an underestimate of the 

true proportion evicted from birth to age 15, since reports only cover the past 12 months 

and there are years in which evictions may have occurred without any data collection. 

The exception is at age 15, when caregivers were asked whether they had been evicted 

since the child was 9 years old, and 5.8 percent report an eviction. This report may 

underestimate evictions in this period due to recall bias; it is unclear whether respondents 

accurately think back over the six years this report covers when producing their answers, 

especially since interviewers were not instructed to provide any calendar date prompts. 

Since we treat the proportion of children reporting eviction as an underestimate of the 

proportion evicted, we include this variable in the measure of reported eviction but do not 

include it in multivariate models designed to predict the cumulative proportion evicted 

from birth to age 15. 

Among those with valid reports in all five waves of data collection, 11.3 percent 

report at least one eviction, with 2.2 percent reporting multiple evictions. These are 
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almost certainly underestimates of the truth, both because those evicted might be more 

likely to miss survey waves and because this cumulative measure does not cover all 15 

years of childhood. Even without multivariate models, the descriptive evidence confirms 

that eviction is highly prevalent in our sample. 

The second set of columns in Table 1 reports the descriptive prevalence of 

nonpayment of rent or mortgage in the last year. In each wave, survey reports indicate 

that between 13.3 and 18.8 percent of children lived in households that missed rent or 

mortgage payments in the preceding 12 months. This prevalence increases slightly at 

ages 9 and 15, possibly due to the Great Recession, which co-occurred with these ages 

for many children in the sample. Among those with valid reports in all 5 surveys, 44.9 

percent live in households that miss rent or mortgage in at least one wave, with 19.6 

percent experiencing non-payment multiple times. These estimates reinforce our belief 

that evictions only scratch the surface of the broader concept of housing hardship. 

 

Multivariate models 

Table 2 presents the estimated coefficients, standard errors, and relative risk ratios 

from binomial generalized linear models for eviction and for non-payment of rent or 

mortgage, estimated with a complementary log-log link function. The relative risk is the 

exponentiated coefficient and can be interpreted as the factor by which the risk of 

eviction is multiplied for each unit change in the predictor. Because we do not assume 

any causal ordering to the predictors, coefficients presented in Table 2 are merely 

associational and useful only for description and prediction. 
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The first predictor captures the association between child age and the risk of 

eviction. Similar to the descriptive statistics, we find little evidence that evictions vary 

with the age of the child. This does not contradict prior claims that children increase the 

risk of eviction (Desmond 2016), since our entire sample is families with children. 

Rather, these results simply suggest that urban children born in 1998-2000 experienced a 

relatively constant risk of eviction throughout childhood. There is some evidence that 

non-payment of rent or mortgage becomes more common when children are older, but 

this might simply reflect the fact older ages coincide with the Great Recession. 

The second block of predictors captures baseline demographic characteristics. Net 

of other covariates, race does not appear to play a large role in determining eviction rates, 

either in terms of substantive or statistical significance. If anything, black respondents are 

slightly less likely to be evicted and more likely to not pay rent or mortgage, though these 

differences are imprecisely estimated. Education is an important predictor; children 

whose mothers have a high school degree, some college, and college experience 26 

percent, 46 percent, and 73 percent lower risk of eviction, respectively, compared with 

children whose mothers did not complete high school. A college degree is likewise 

associated with a 58 percent reduction in the risk of missing rent or mortgage payments. 

Children whose parents were cohabiting at the time of the birth or whose parents were 

otherwise unmarried experience roughly twice the risk of eviction of children whose 

parents were married at the birth. This difference agrees with the claim that eviction 

particularly strikes single mothers. Mother’s age at birth is not associated with eviction 

risk, but children with foreign-born mothers have about 84 percent higher risk of 

eviction, compared with those with native-born mothers. Taken together, the estimates in 
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Table 2 suggest that those who are more disadvantaged on other demographic 

characteristics tend to have higher risk of eviction. 

 

Lifetime prevalence estimates 

Based on the estimated coefficients in Table 2, we predict each child’s risk of 

eviction and of non-payment of rent or mortgage, given that child’s covariates. We then 

translate that risk into a probability of eviction from birth to age 15 under an annually 

piecewise exponential survival model. When weighted to be representative of children 

born in large U.S. cities, the predictions imply that about 19.5 percent of urban-born 

children experience an eviction by age 15. These estimates imply that more than 1 in 6 

children born in large U.S. cities around the turn of the millennium experienced an 

eviction by age 15. 

Evictions capture one particularly powerful aspect of housing hardship, but many 

more children live in households where payment of rent or mortgage is a constant 

financial struggle and the risk of eviction looms overhead. We estimate that 81.2 percent 

of children live in households that miss a rent or mortgage payment at some point 

between birth and age 15. This extremely high prevalence of missed payments agrees 

with the notion that tenants live under the shadow of eviction, unable to challenge their 

landlord due to the threat of forced displacement. 

Figure 2 presents the predicted prevalence of eviction and of non-payment of rent 

or mortgage, by demographic characteristics measured at the child’s birth. Housing 

hardship is widespread across all demographic groups, but it is particularly prevalent 

among subgroups that are otherwise disadvantaged. The prevalence of eviction is greater 
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among black and Hispanic children (23.9 and 21.3 percent, respectively) compared with 

white children (16.1 percent). While the effects of race were not noticeable in the 

multivariate models, it remains the case that black and Hispanic mothers have higher 

eviction prevalence, even if this may be due to racial differences in education and family 

structure. Children born to unmarried mothers have more than twice the predicted 

eviction prevalence of children born to married mothers. The estimates for the prevalence 

of non-payment of rent or mortgage reinforce the notion that all groups of children 

experience high degrees of housing hardship, but the highest prevalence is among the 

groups that are otherwise disadvantaged. Although these associations need not be causal, 

the descriptive evidence suggests that eviction and housing hardship often co-occur with 

other disadvantages that reproduce poverty across generations. 

Finally, we use city-specific sampling weights to estimate geographic 

heterogeneity in eviction prevalence. Although all 20 sampled cities are included in the 

multivariate models, we report estimates only for the 12 cities with large sample sizes 

due to concerns about precision in the remaining 8 cities with smaller samples (see 

appendix, Table A1). City-specific estimates are presented in Figure 3. Predicted eviction 

prevalence in the large sample cities ranges from 14.4 percent in Oakland to 38.8 percent 

in Detroit. Our primary conclusion from these estimates is that eviction is not isolated to 

a few distressed metropolitan areas; in all of the 12 large-sample cities, we predict that 

more than 1 in 7 children experiences an eviction by age 15. 

Our main conclusion from the city-specific estimates is that eviction is alarmingly 

prevalent across a range of American cities. However, a secondary conclusion is that the 

precise level of eviction varies across cities. Although estimates are too imprecise for 
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firm conclusions, the variation across cities suggests the possibility that local government 

policies influence eviction rates. Chicago is an interesting case because strong tenants’ 

rights laws make evictions difficult to carry out. Because the FFCWS only sampled 155 

children in Chicago, we do not present a Chicago-specific estimate of eviction 

prevalence. Nevertheless, we note that evictions are reported for only 4 children out of 

the entire Chicago sample. This low prevalence is not simply due to tenants being more 

able to pay their mortgage; 43 children born in Chicago live in a household that reports 

missing a rent or mortgage payment at some point. Together, these findings suggest that 

policies specific to Chicago might reduce the local eviction rate. Future research with 

larger samples in key cities should analyze how local policies may influence eviction 

rates. 

 

Model validation and alternative specifications 

Validation exercise 

Estimates of the lifetime prevalence of eviction depend on assumptions about how 

observed eviction prevalence in the five interview years is related to unobserved eviction 

prevalence in non-survey years. To verify that our approach was reasonable, we 

conducted a validation exercise. We first restricted to the subsample of children for 

whom eviction reports are available in all five waves of data collection. We trained the 

models on data from only two of the survey waves and then used the models to predict 

the prevalence of eviction in the three waves that were left out. After repeating this 

exercise ten times for each possible combination of three waves to exclude from the 

training set, we average the predicted and true eviction rates across samples to estimate 
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the predictive validity of the model. Estimates are presented in Figure 4. On average, 4.0 

percent of children are evicted in the two training waves, and our model predicts 4.2 

percent. In the three test waves, 5.7 percent of children report an eviction on average, 

compared with our average prediction of 6.1 percent. Finally, the total proportion evicted 

in all five waves is 8.7 percent, compared with our average cumulative prediction of 9.8 

percent. These results suggest that our models may slightly over-predict evictions, but the 

differences from the truth are well within the 95% confidence intervals. Further, our main 

models should be more precise than our validation models, since they are trained on all 

five waves of data rather than only three waves. Finally, we disaggregated the validation 

results by which waves were left out, and we found that we slightly over-predict when 

some waves omitted and slightly under-predict when others are omitted, with no clear 

pattern (see Appendix, Figure A1). Overall, our ability to recover 5-year eviction 

prevalence from 2 years of data in the validation exercise lends support to the validity of 

our main model to recover 15-year eviction prevalence from 5 years of data. 

One limitation of this validation exercise is that the validation sample excludes 

respondents missing any data, and this subgroup might be quite different from those with 

some missing interviews. In an alternative validation exercise, we held out a single wave 

of data at a time and predicted eviction prevalence in that wave, making the less stringent 

restriction that respondents can be included in the validation sample as long as they 

participated in that individual test wave. Results were similar (Appendix Figure A2). 

Alternative specifications 

Our models restrict the predictors of eviction to baseline demographics and child 

age. However, the FFCWS collected data on a range of time-varying family 
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characteristics that may also be predictive of evictions. We estimated an alternative 

specification of our eviction model including a range of time-varying predictors, but 

conclusions were substantively similar to the simpler model using baseline demographics 

and age only. We briefly discuss the alternative specification here. 

The alternative specification with time-varying predictors included family income 

relative to the poverty line (top-coded at 5), housing status in each wave (own home, 

public housing, government assistance, with friends or family, private rental, or other), 

number of children, non-payment of rent or mortgage in the past 12 months, and 

residential mobility since the prior survey wave. These models are presented in the 

appendix, Table A2. 

The challenge to including time-varying predictors is that they are unobserved in 

the years with no data (i.e. child age 7), which are precisely the years in which we most 

want to predict evictions. After estimating the models, we must specify a guess for the 

values of the predictors at each child age from birth to age 15. To do this, we fit a 

multilevel linear model for each predictor, including baseline demographics and child age 

as covariates, and allowing the intercept and the coefficient on age to vary randomly 

across children. We then predict a set of hypothetical values for the predictors at each age 

from birth to age 15, for each child in the model. Based on these estimated predictors and 

the coefficients from the model of evictions, we estimate the probability of eviction each 

year from birth to age 15 and the cumulative risk over the entire period. 

Based on the model with time-varying predictors, we estimate the cumulative 

prevalence of eviction from birth to age 15 to be 18.5 percent, just below the estimate of 

19.5 percent predicted from the main model. Further, a subsequent validation exercise 
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suggests that inclusion of the time-varying predictors only slightly improves predictive 

accuracy, and makes it worse by some measures (see Appendix, Figure A2). Because 

inclusion of time-varying predictors would add model complexity without substantially 

improving predictive accuracy, the main results focus on the model using baseline 

demographics and child age as the only predictors. 

 

LIMITATIONS 

Because our estimates are based on survey reports of eviction for non-payment of 

rent, we can only draw conclusions about the prevalence of eviction for this particular 

reason and as interpreted by respondents. Desmond (2016:330) tells the story of two 

tenants who were evicted in the court records, but would not report it as such in a survey 

because the sheriff did not come and physically remove them from their home. Because 

the FFCWS questionnaire did not explicitly define eviction or probe respondents for 

more detailed answers, our results may underestimate the true prevalence of forced 

moves. Future researchers should confirm our conclusions using new data on nationally-

representative samples with questions designed to capture a wider range of experiences 

that might be classified as forced moves (Desmond and Shollenberger 2015). 

Our results are also limited by the modeling assumptions we imposed. If data are 

not missing at random, or if prior evictions influence the expected wait time until a 

subsequent eviction, then the true eviction rate may be higher or lower than that reported 

here. Our estimates should be interpreted as the best possible estimates given current data 

and a set of reasonable assumptions. Panel surveys should add questions about the precise 
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timing of eviction, both retrospectively and collected over the course of childhood, in 

order to provide future evidence about the validity of these assumptions. 

Because the assumptions above may seem unreasonable, we estimated an 

alternative estimate that is surely a lower bound. We counted as evicted anyone who ever 

reported an eviction, assuming no evictions in non-survey years and no evictions in years 

in which respondents did not provide a valid report. We find that 7.5 percent (weighted) 

of children report an eviction at some point in the survey, even under these stringent 

restrictions. While we prefer the modeled estimate of 19.5 percent, we are fully confident 

that the prevalence of housing eviction from birth to age 15 among children born in 1998-

2000 in large U.S. cities is at least 7.5 percent. Although much lower than our preferred 

estimate, this lower bound is large enough to warrant substantial policy attention. 

 

DISCUSSION  

Drawing on data from a representative sample of children followed through 

adolescence, we estimate that more than 1 in 6 children (19.5 percent) born in large U.S. 

cities in 1998-2000 experiences an eviction by age 15. While this estimate relies on 

limited data and a particular set of modeling assumptions, the prevalence is high enough 

to justify further research and attention from policymakers. Even with a very 

conservative measure, we are confident that the prevalence of eviction is greater than 7.5 

percent. Housing hardship is even more prevalent, with 81 percent living in a household 

that misses a rent or mortgage payment at some point between birth and age 15. Many 

children are evicted, and many more live at risk of eviction. 
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Although eviction prevalence varies by city of birth, every city for which we 

make estimates has an estimated eviction prevalence of 14 percent or higher. Evictions 

are not clustered in a few cities but are rather spread across the country and throughout 

demographic groups. Greater attention from researchers and policymakers is needed to 

understand the potential consequences of eviction and to identify ways to reduce its 

prevalence. 

While all demographic subgroups experience evictions, they are most prevalent 

among groups that are otherwise disadvantaged, such as African Americans and children 

born to unmarried parents. Assuming that eviction has negative consequences for child 

development, evictions experienced in childhood might play an important role in the 

reproduction of poverty over multiple generations. 

Our approach has taken an imperfect dataset and applied a reasonable model to 

demonstrate that eviction is prevalent nationwide. Given the potentially large 

implications of a high eviction rate for poverty and inequality, we conclude with a call for 

future data collection efforts and policy evaluations focused on housing hardship and 

forced residential mobility. Eviction should join incarceration, the poverty rate, and other 

standard measures of disadvantage and inequality as a key indicator of poverty worthy of 

future data collection and policy efforts. 
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TABLES AND FIGURES 

 

Table 1. Descriptive statistics: Prevalence of reported eviction in 5 survey waves 
 Eviction Non-payment of rent or mortgage 
 Prevalence N Prevalence N 
     
By wave, in past year:     

Age 1 2.8% 4,384 14.1% 4,342 
Age 3 1.9% 4,305 13.3% 4,260 
Age 5 2.2% 4,197 14.4% 4,153 
Age 9 2.5% 3,505 18.8% 3,458 
Age 15 1.9% 3,198 17.0% 3,150 

     
Retrospective report at age 15:     

Ages 9-15 5.8% 3,195 - - 
     
Cumulative over all waves:     

Any instance 11.3% 2,673 44.9% 2,624 
Multiple instances 2.2% 2,673 19.6% 2,624 

Note: All estimates are unweighted to describe the sample. The estimates for any eviction and for multiple 
evictions are based on the subsample with valid responses in all survey waves. All wave-specific estimates 
are restricted to the sample with valid responses to the question in that wave. 
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Table 2. Complementary log-log models of eviction and housing instability 
 Eviction Non-payment of 

rent or mortgage 
 Coefficient 

(SE) 
Relative risk �  

Coefficient 
(SE) 

Relative risk  �  
Child age -0.01 

(0.01) 
0.99 0.02*** 

(0.00) 
1.02 

     
Demographic predictors:     
Race (white/other omitted)     

Black -0.07 
(0.14) 

0.93 0.06 
(0.05) 

1.06 

Hispanic -0.00 
(0.17) 

1.00 -0.16* 
(0.07) 

0.86 

Mother’s education 
(less than high school omitted) 

    

High school -0.33** 
(0.11) 

0.72 -0.05 
(0.05) 

0.95 

Some college -0.61*** 
(0.14) 

0.54 0.07 
(0.05) 

1.07 

College -1.33*** 
(0.33) 

0.27 -0.87*** 
(0.10) 

0.42 

Mother’s marital status at birth 
(married omitted) 

    

Cohabiting 0.83*** 
(0.19) 

2.30 0.39*** 
(0.06) 

1.48 

Other 0.66*** 
(0.19) 

1.93 0.26*** 
(0.06) 

1.30 

Mother’s age at birth 0.00 
(0.01) 

1.00 -0.00 
(0.00) 

1.00 

Mother foreign-born 0.61** 
(0.20) 

1.84 0.11 
(0.07) 

1.11 

Note: Models are estimated without sampling weights. Models include indicator variables for city of birth. 
The relative risk is the exponentiated coefficient, which gives the factor by which the predicted rate of 
eviction or of non-payment of rent or mortgage changes with a unit change in the predictor. * p < .05, ** p 
< .01, *** p < .001. 
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Figure 1. Eviction reporting in the Fragile Families and Child Wellbeing Study 

 

Note: Each solid line represents an approximate period in which information on eviction 
is available for children whose caregivers completed an interview. Periods are 
approximate since all children were not interviewed at precisely age 1, 3, 5, 9, and 15. 
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Figure 2. Prevalence of eviction and of non-payment of rent or mortgage, by baseline demographics 

 

 

Note: Estimates are weighted to be representative of all children born in 1998-2000 in American cities with populations over 200,000. 
Estimates are based on predictions from the models presented in Table 2. Error bars represent 95% confidence intervals.  
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Figure 3. Prevalence of eviction and of non-payment of rent or mortgage, by city of birth 

 
 

Note: Estimates are weighted to be representative of all children born in 1998-2000 in each city above. Estimates are based on 
predictions from the models presented in Table 2. Error bars represent 95% confidence intervals.  
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Figure 3. Validation of modeling approach 

 

 

 

Note: N = 2,676. Sample is restricted to children with valid reports of eviction in every wave of data collection. For each possible way 
of choosing two out of five waves for training, models were trained on two waves of data, and the estimated coefficients were used to 
predict the prevalence of eviction in the three test waves of data not used to train the model. Finally, we present the true and estimated 
prevalence of eviction over all five waves, combining the training and test samples. Estimates are unweighted Error bars represent 
95% confidence intervals.
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APPENDIX 

Alternative validation methods 

The validation estimates in the main text are based on a sample restricted to those 

who participated in all five waves. Because this restricted sample might be substantially 

different from the full sample, we re-estimated the validation using four waves of training 

data and only one wave of test data, requiring only that respondents provided valid data 

in the single left-out wave. We also repeated this analysis using a full model with time-

varying predictors, as discussed in the main text. 

These results are presented in Figure A2 and show that the validation model was 

successful; we come very close to predicting the true prevalence of eviction in the left out 

wave, and our primary specification with baseline demographics and age actually out-

performs a more complex model including time-varying variables. The model performs 

similarly well for predicting evictions among the subset of respondents who never 

otherwise report an eviction. When estimating the cumulative prevalence of eviction, we 

are particularly interested in this accuracy rate since it captures our ability to predict how 

many children who are never observed to be evicted might actually have been evicted in 

a year without data. 

One problem with evaluating predictive validity at the level of sample average 

predictions is that it might average across under-predictions for some children and over-

predictions for others. In an alternative specification of our validation check, we replaced 

the mean prediction error with the mean absolute prediction error. In other words, for 

each respondent we took the absolute difference between the predicted probability of 

eviction and the actual outcome, and then averaged across respondents. Mean absolute 
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error thus captures our average predictive validity for each individual respondent, rather 

than for the population-average prevalence of eviction. The mean absolute error is 

mechanically no less than zero, and values closer to zero reflect better predictive validity. 

Averaging across all five waves to train on four waves of the data and test on the omitted 

survey wave, our main model yields a mean absolute prediction error of 4.4 percent. 

Adding time-varying predictors to the model only slightly improves predictive accuracy, 

reducing the mean absolute error to 4.1 percent. We therefore focus on the simpler 

baseline model in the main text.
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Table A1. Sample size and eviction prevalence in small-sample cities 
 Sample size Number evicted Number not paying rent 

or mortgage 
By small sample city:    

Chicago 155 4 24 
Boston 99 8 25 
Norfolk 99 7 26 
Nashville 102 9 25 
Toledo  101 9 30 
Pittsburgh 100 8 34 
Jacksonville 100 9 26 
San Antonio 100 12 25 
    

Note: We do not present estimates of the proportion evicted in these 8 cities because the sample sizes are 
too small to provide reliable estimates. 
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Table A2. Complementary log-log models of eviction, with time-varying predictors 
 Coefficient 

(SE) 
Relative risk �  

Child age -0.03 
(0.01) 

0.97 

Demographic predictors:   
Race (white/other omitted)   

Black -0.07 
(0.14) 

0.93 

Hispanic 0.09 
(0.17) 

1.09 

Mother’s education 
(less than high school omitted) 

  

High school -0.15 
(0.12) 

0.86 

Some college -0.44 
(0.14) 

0.64 

College 0.07 
(0.33) 

1.07 

Mother’s marital status at birth (married 
omitted) 

  

Cohabiting 0.31 
(0.18) 

1.37 

Other 0.11 
(0.19) 

1.11 

Mother’s age at birth 0.02 
(0.01) 

1.02 

Mother foreign-born 0.47 
(0.20) 

1.60 

   
Time-varying predictors   
Family income / poverty line 
(top-coded at 5) 

-0.29 
(0.07) 

0.75 

Housing status (own home omitted)   
Public housing 0.29 

(-0.25) 
1.33 

Government assistance 0.01 
(0.26) 

1.01 

With friends and family 1.24 
(0.22) 

3.45 

Private rental 0.16 
(0.21) 

1.17 

Other 1.27 
(0.28) 

3.57 

Number of children in household 0.04 
(0.63) 

1.04 

Missed rent or mortgage payment in past 12 
months 

20.34 
(0.34) 

6.84 x 108 

Moved since last interview 1.60 
(0.16) 

4.98 

Note: Models are estimated without sampling weights. Models include indicator variables for city of birth. 
The relative risk is the exponentiated coefficient, which gives the factor by which the predicted rate of 
evictions changes with a unit change in the predictor. * p < .05, ** p < .01, *** p < .001. 
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Figure A1. Validation exercise, disaggregated by which waves were omitted 
 

 

Note: Each validation exercise restricts to the sample with valid eviction reports in all 
three test waves. Figure 3 presents a single summary of the validation exercise by 
averaging across these 10 sets of results. All estimates are unweighted. Error bars 
represent 95% confidence intervals.
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Figure A2. Validation on a single test wave: Predicted and true proportions in the test data 
 

 
Note: Validation estimates are averaged across all 5 ways to omit a single survey wave from the 
data and test predictive validity on that wave. All estimates are unweighted. 
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