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and so the juxtaposition of the need and the 
capacity was presented to the county commis-
sioners, who then increased their allocation. In 
another example, a high no-show rate at the 
community health clinic was discovered and 
thought to impede delivery of health care and 
cost many dollars in inefficiency; interviews 
with mothers showed that they failed to show 
up because the bus did not stop in the housing 
project and was too expensive. So the City Coun-
cil changed the bus route to be more accessible 
and passed an ordinance to allow anyone car-
rying a baby to ride the city bus for free. No-
shows at the clinic declined. A bonus of this 
collaboration was that in return for providing 
useful research findings to the community, uni-
versity scholars were allowed to use the data 
files for their research.

This case study illustrates the tremendous 
potential of a university-community collabora-
tion using administrative data. In addition to 
the profound human service gains, administra-
tive data infrastructure has important potential 
to improve cutting-edge social science research. 
Not only do administrative data facilitate the 

Using Administrative Data for 
Social Science and Policy
A ndrew M. Penner a nd Kenneth A.  Dodge Using 

Administrative 
Data

Several years ago, the director of social services 
in Durham, North Carolina, came to our Dur-
ham Connects Program research team with a 
request for collaboration. He administered sev-
eral dozen “pockets” of dollars allocated for 
families with young children for programs such 
as childcare subsidies, housing loans, and Early 
Head Start. His administrative data systems de-
tailed which families received the dollars, but 
the files were not linked with each other and 
had not been used to improve accountability 
or impact. On our side, we had been collecting 
interview data from the entire population of 
families at birth and therefore knew what re-
sources families needed to support their in-
fants’ healthy development. We teamed up with 
him, merged and analyzed the combined data 
files, and gained many insights (for example, 
some families were receiving many thousands 
of dollars in support but still living in poverty).

The findings were often translated into pub-
lic policy. For example, the population’s need 
for substance abuse treatment for mothers of 
infants far exceeded the capacity of the com-
munity’s allocated resources in this domain, 

mailto:penner%40uci.edu?subject=
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evaluation of policies and interventions, they 
also enable researchers to address novel ques-
tions. Administrative data in many countries 
are routinely collected and used to improve pol-
icy and contribute to science to a much greater 
degree than in the United States. In this double 
issue, we hope to improve collaborations be-
tween American communities and academic 
scholars.

The value of “big data” is becoming increas-
ingly apparent. In the current data revolution, 
firms’ profits are determined by their ability to 
capture and analyze data. The capacity to col-
lect and analyze data determines not only the 
winners and losers in the economy, but also 
which societies can best educate their citizens, 
train their workforce, keep their population 
healthy, and promote the well-being and flour-
ishing of their citizens. Schools, hospitals, and 
many other organizations now routinely collect 
data that allow them to serve their students, 
patients, and other stakeholders more effec-
tively. Understanding the lessons contained in 
these data, and how best to extract them, plays 
an important role in helping practitioners, ad-
ministrators, and policymakers understand the 
challenges that the American public faces and 
the effects of current practices and policies.

Recent federal initiatives such as the Murray-
Ryan Evidence-Based Policymaking Commis-
sion Act of 2016 and the resulting Foundations 
for Evidence-Based Policymaking Act of 2018 
suggest that administrative data will become in-
creasingly central in U.S. social science and pol-
icy. However, efforts to leverage administrative 
data in the social sciences are uneven. In do-
mains such as public health and demography, 
administrative data are used routinely, while 
they are less frequently used in mental health, 
social behavior, and other areas. But even where 
administrative data are commonly used, current 
capacity constraints hinder their utility. Data 
that could be used to inform decisions are often 
unavailable to those making the decisions, leav-
ing them with incomplete information.

One clear example is in education. Despite 
their focus on preparing students who are 
“college- and career-ready,” schools have his-
torically struggled to obtain data on the prac-
tices that will prepare their students to be 
successful because widespread links between 

students in K–12 educational systems and 
higher education outcomes have become avail-
able only recently, and links between K–12 data 
systems and the labor market remain relatively 
rare. These data linkages are important to un-
derstand the efficacy of school-based vocational 
programs, dropout recovery interventions, col-
lege readiness programs, and advancement 
placement course policies. But schools, like 
other organizations, typically lack the capacity 
and expertise to build this infrastructure and 
analyze the resulting data.

This double issue opens with a section that 
includes an article by Sean Reardon showing the 
potential value of examining nationwide data 
on student achievement (2019). He amasses an 
unprecedented administrative data file and 
then breaks it down in many ways that are use-
ful to policy decision making as well as scien-
tific understanding of child development and 
the impact of education. This file, and others 
like it, can be used to address numerous impor-
tant issues that were previously unavailable to 
rigorous empirical scrutiny. For example, Me-
gan Austin, Joseph Waddington, and Mark 
Berends show how administrative data can in-
form the important policy question of the im-
pact of school vouchers on student achieve-
ment (2019).

Administrative data research seeks to bring 
the data-driven approach increasingly used in 
fields such as micro-targeting (where commer-
cial firms individualize advertising according 
to one’s buying patterns) and precision medi-
cine to help answer important societal ques-
tions, providing schools, clinics, and others 
serving the public good with the information 
they need to work more effectively. To the de-
gree that public-sector institutions are unable 
to build the infrastructure needed to under-
stand the effectiveness of their programs, it 
seems likely that this lack of data infrastructure 
will result in inefficiencies (particularly relative 
to private sector institutions with fewer restric-
tions regarding data).

In this article and the double issue that fol-
lows, we seek to highlight the promise of ad-
ministrative data to answer pressing questions 
for both science and policy. Our goal is not to 
be comprehensive, but to provide an indication 
of the potential that is currently barely being 
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tapped, offer suggestions for advancing this in-
frastructure, and highlight some of the chal-
lenges currently facing the field. Likewise, our 
goal is to spark future work by highlighting the 
promise of these data by showcasing a few ex-
citing administrative data initiatives and re-
search projects.

The Case for Administr ative  
Data Infr astructure
Administrative data have many benefits for re-
search that seeks to advance science and inform 
policy. These data typically originate not for 
research purposes, but instead as client-level 
service records or from administrators who are 
accountable for documentation of implemen-
tation of services. In many cases, the informa-
tion available in administrative datasets and 
the analyses of these data will be useful to pol-
icymakers precisely because these are the vari-
ables for which policymakers are accountable. 
Furthermore, these datasets often attempt to 
reach the entire population of relevant partici-
pants and suffer less from selection bias than 
many original research datasets. Thus, not only 
does administrative data infrastructure provide 
important opportunities to understand the so-
cial world better, but it does so in contexts where 
stakeholders are ready to act based on the re-
sults of research. As a result, the analysis of ad-
ministrative data has the potential to bridge ba-
sic and applied research.

Appropriate data infrastructure allows broad 
and equitable access, lessens the burden on the 
organizations providing the data, standardizes 
expectations around availability and privacy, 
and allows for best practices in data security. A 
robust administrative data infrastructure also 
lowers the marginal cost of conducting addi-
tional research, allowing researchers to address 
important issues using existing data that do not 
incur the effort or pecuniary costs of new data 
collection. Although the startup cost of estab-
lishing this infrastructure is not cheap, once 
established, it raises the quality of the research 
it permits and allows for more research by 
changing the cost curve for high-quality addi-
tional research. Furthermore, accessible ad-
ministrative data files enable replication of data 
analyses and findings across independent re-
search teams using the same and different files, 

which improves the robustness of the field. In 
a world where data analytics and knowledge are 
increasingly central to society, strong adminis-
trative data infrastructure is therefore not only 
important for knowledge creation, but also ef-
ficient.

Administrative data systems operate at scale. 
This feature allows researchers to consider 
questions such as whether all individuals ben-
efit equally from a particular policy. When com-
bined with research designs that allow for 
causal inference, these population-level data 
files afford answers about whether any individ-
uals or groups are negatively affected and other 
questions of treatment-effect heterogeneity 
that are often prohibitively expensive to con-
sider without the scale that administrative data 
provide. Having data on the entire universe of 
relevant individuals also allows for compari-
sons of small groups that are otherwise ex-
tremely difficult to isolate, for example, com-
paring employees with people doing the same 
job in the same establishment (Petersen and 
Morgan 1995). Operating at scale means that 
one can consider treatment not just at the in-
dividual level, but also at the community level, 
examining how spillover effects, feedback 
loops, and other dynamics might cause policies 
to work differently when implemented broadly. 
Finally, of course, having the population of par-
ticipants available for analysis minimizes (but 
certainly does not eliminate) problems that sur-
vey researchers confront, such as biased attri-
tion and missing data.

We next highlight several useful features of 
administrative data that are instrumental to ad-
vancing science and policy.

A Long-Term Perspective
Recent research has highlighted the utility of 
administrative data for understanding the 
long-term outcomes associated with a variety 
of interventions. Whereas much policy is nec-
essarily driven by research and evaluations ex-
amining relatively short-term outcomes, ad-
ministrative data can provide a longer-term per-
spective on the effects of past policies and thus 
a more accurate account of a policy’s costs and 
benefits. Beyond following individuals who 
were exposed to interventions over time, ad-
ministrative data can provide an important tool 
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for understanding multigenerational cycles of 
advantage and disadvantage, allowing research-
ers to trace the descendants of individuals from 
different backgrounds as well as the multigen-
erational effects of antipoverty policies and in-
terventions. Administrative data also provide 
opportunities to connect researcher-collected 
data (for example, observations of student be-
havior) with future administrative records to 
help understand the long-term implications of 
researchers’ observations (such as longer-term 
cost outcomes related to early school behavior 
problems).

Administrative data research has pushed the 
boundaries of what we know about longer-term 
temporal processes, highlighting the important 
implications of understanding longer-term pol-
icy effects, as well as the intergenerational trans-
mission of advantage and disadvantage more 
broadly. Standard intervention research typi-
cally ends data collection at the end of the study 
and provides an evaluation at that point. In 
some large-scale studies, follow-ups track out-
comes for multiple years post-intervention (see, 
for example, Ludwig et al. 2013). Insofar as par-
ticipants in interventions continue to be cap-
tured in administrative records after the end of 
the study, administrative records provide op-
portunities for an efficient approach to under-
standing the benefits of interventions decades 
later. Given the importance of understanding 
the long-term impacts of policies aimed at ame-
liorating poverty (Bailey et al. 2017), and the 
goal of changing not just individuals’ current 
circumstances but also their longer-term tra-
jectories, one of the most exciting features of 
administrative data is their ability to turn any 
study into a de facto longitudinal study. Recent 
work in this vein, for example, has highlighted 
the adult income effects of having an experi-
enced or effective kindergarten teacher and 
higher-achieving classmates (Chetty et al. 2011; 
Chetty, Friedman, and Rockoff 2014a, 2014b), 
the increases in adult civic participation arising 
from a psychosocial intervention in elementary 
school (Holbein 2017), and the benefits of cash 
transfers to poor families on their children’s 
educational outcomes, mortality, and income 
(Aizer, Eli et al. 2016).

Administrative data research has also ex-
tended a long tradition of survey-based re-

search highlighting the intergenerational trans-
mission of advantage and disadvantage (Blau 
and Duncan 1967; Ganzeboom, Treiman, and 
Ultee 1991). Survey-based research has exam-
ined parent-child transmission processes (for 
example, Campbell et al. 2014; Poulton et al. 
2002), and in some cases, grandparents (Wight-
man and Danziger 2014). Administrative data 
allow researchers to push back on the time ho-
rizon of these studies. Using Swedish registry 
data, for example, Martin Hällsten examines 
the effects of not only grandparents, but also 
great-grandparents (2014). Likewise, work by 
Hyunjoon Park uses Korean historical registry 
information to examine the outcomes of ethni-
cally Korean slaves, showing substantial effects 
on their descendants many generations after 
the abolition of slavery (2014). Multigenera-
tional data are somewhat more rare in the 
United States, the Utah Population Database 
being a notable exception (see, for example, 
Temby and Smith 2014). A more detailed discus-
sion of the opportunities provided by adminis-
trative data for understanding multigenera-
tional processes is available from Xi Song and 
Cameron Campbell (2017). These data provide 
not only exciting new opportunities to advance 
the science of the multigenerational transmis-
sion of advantage, but also the long-term costs 
of stigmatized identities, poverty, and disad-
vantage. As data infrastructure matures, we ex-
pect to see more studies examining how social 
policies aimed at one generation affect their 
children and grandchildren (for example, 
Meghir, Palme, and Schnabel 2012).

Key Sites and Populations in the  
Production of Inequality
Inequality in opportunities and outcomes 
across groups and persons is one of the most 
vexing problems facing contemporary society. 
These inequalities are often produced in spaces 
that are difficult to examine using surveys or 
experiments. In the hiring process, for example, 
correspondence studies can examine who re-
ceives responses from potential employers but 
cannot help us understand how applicant pools 
are created, which interviewees receive offers, 
or whether pay differences exist among those 
who receive offers. Research on inequality in 
other institutional spheres such as health care, 
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housing, and higher education faces similar 
challenges. Inequality in institutions is often 
shaped by processes that determine who is in-
cluded and excluded, and how individuals are 
ranked within an organization. Administrative 
data on hiring pipelines, performance ratings, 
promotion decisions, and decisions about ter-
mination can provide valuable insights into the 
decisions made by gatekeepers at key sites re-
garding entry and exit from organizations, as 
well as important processes governing intra-
organizational inequality regimes. One useful 
feature of workplace administrative records is 
that they allow researchers to compare individ-
uals with others who have the same occupation 
working in the same establishment. Research 
making such comparisons suggests that much 
of the wage inequality observed across gender 
and race is created by sorting processes, as in-
dividuals doing the same work for the same em-
ployer receive largely similar pay (Petersen and 
Morgan 1995; Tomaskovic-Devey 1993).

Building on this insight, a long tradition of 
case studies uses administrative records from 
company human resource departments to un-
derstand inequality in these sorting processes. 
Trond Petersen and Ishak Saporta argue that in 
the current institutional context the opportu-
nity for firms to discriminate is greatest at the 
point of hire (as opposed to discrimination in 
promotion or termination practices) and show 
that hiring is where the largest differences be-
tween men and women are observed (2004). 
Roberto Fernandez and his collaborators use 
human resource data in a series of papers that 
provide important insights into race and gen-
der inequality in the hiring process; they show, 
for example, the importance of referrals (Fer-
nandez and Greenberg 2013) and the impor-
tance of supply-side adjustments to perceived 
demand-side constraints (Fernandez and Fried-
rich 2011; Fernandez and Campero 2017). Re-
cent work in this vein highlights the perhaps 
surprising egalitarian influence of an executive 
search firm (Fernandez-Mateo and Fernandez 
2016), and in the current double issue Fernan-
dez and Brian Rubineau use their extraordinary 
hiring data to provide novel analysis of network 
recruitment efforts and their impact on the 
gender-based glass ceiling in the biopharma 
industry (2019).

Beyond the labor market, administrative 
data from other sources also provide important 
insights into key sites for generating inequality. 
Research on NIH funding decisions, for exam-
ple, uses detailed records to document the ex-
istence of gender inequality in the NIH review 
process (Li 2012). Research examining the crim-
inal justice system uses administrative records 
from juvenile courts to estimate the effects of 
juvenile incarceration on later criminal justice 
and school outcomes (Aizer and Doyle 2015). 
One of the supposed keys to combating in-
equality and reaching life success is, of course, 
education. Although we know that dropping 
out of high school breeds failure and college 
graduation brings success, much less clear is 
the value of post–high school associate degrees, 
vocational diplomas, certificates, and partial 
college. In this double issue, ChangHwan Kim 
and Christopher Tamborini merge school ad-
ministrative data files with earnings files to 
examine the long-term earnings that accrue 
from these post–high school accomplishments 
(2019).

Janelle Downing and Tim Bruckner use 
housing foreclosure administrative records and 
birth records to highlight yet another source of 
inequality (2019). They show that housing fore-
closures (and presumably the stress they cause) 
contribute to premature births and increase in-
equality in birth outcomes across race and eth-
nic groups.

Administrative data also allow us to under-
stand small, often difficult to access, popula-
tions that are theoretically important. For ex-
ample, research using large administrative 
datasets has shown that millionaire tax flight 
does not occur at levels that are socially mean-
ingful (Young et al. 2016), and that top earners 
are increasing isolated from the rest of the pop-
ulation (Godechot 2013). Insofar as many large 
administrative datasets include information  
on the whole population, these data allow re-
searchers to examine relatively small and theo-
retically important groups (for example, those 
that are hard to capture in a probability sample 
without an explicit oversample) without com-
promising representativeness (Liebler, Bhas-
kar, and Porter 2016). From a local policy per-
spective, the ability to identify small groups of 
people is helpful because it allows policymak-
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ers to ensure that the policies they implement 
are having their intended effects for all stake-
holders, and to determine where adjustments 
to existing policies are needed (Howard et al. 
2019).

Understanding Individuals in  
Their Social Contexts
The importance of context is a truism in social 
science research. From network influences to 
cultural factors to questions about positional 
goods, contextual considerations play a pro-
found role in shaping an individual’s outcomes. 
Despite this, interventions and policies have 
historically operated from a baseline that pre-
supposes constant universal effects that oper-
ate at scale if implemented with fidelity (Dodge 
2011). The density of information in adminis-
trative data is useful in providing opportuni-
ties to examine important sources of hetero-
geneity (particularly contextual sources, but 
also individual-level factors), as well as provid-
ing opportunities to investigate policies and 
interventions at scale. Durham Connects, for 
example, takes advantage of administrative data 
by assigning all newborns in Durham born on 
even days to receive a nurse home visit (Dodge 
et al. 2014). This design allows for children to 
be followed in administrative records through-
out their lives in an ethical manner without the 
requirement of individual consent (because 
data can be de-identified before being analyzed 
but retain the essential characteristic of assign-
ment to intervention) without necessitating ad-
ditional data collection.

Further, thinking about changes to the so-
cial system more broadly (for example, moving 
bus stops to help mothers travel to local clinics) 
shifts research and policy discussions away 
from a methodological individualism that fo-
cuses on the effects of treatments on individu-
als, and toward considering how programs and 
policies affect social systems more broadly (see, 
for example, Denice and Gross 2016). These 
systems-level approaches are important for 
both science and policy, as they address an im-
portant shortcoming of much social science 
research. Research often asks what would hap-
pen if everything was held constant and only 
one consideration was changed. This can be in-
structive, but it fails to take into account the 

myriad of ways that people and their social 
worlds are interconnected. Analyses of how 
community-level policies and interventions 
shape not only individuals’ outcomes, but also 
society more generally, allow researchers to 
capture the complicated feedback loops and 
spillover effects that occur when interventions 
and policies operate at scale, providing insight 
into how policies might change society more 
broadly (Dodge 2009; Penner et al. 2015). Al-
though in theory such analyses are possible 
without using administrative data, in practice 
the existence of administrative records greatly 
facilitates them.

Research using administrative data can also 
provide a more complete account of certain as-
pects of context, including the government ser-
vices context. For example, Robert Goerge and 
Emily Wiegand examine the overlap in families’ 
access of government services across multiple 
agencies to show how some families are access-
ing many agencies whereas others seem to be 
underaccessing resources that might benefit 
them (2019). Goerge and Wiegand show that 
these differences vary across geographical loca-
tions within Illinois, suggesting that local prac-
tice might contribute to, and mitigate, any bi-
ases. Lanikque Howard and colleagues examine 
the relation between parents’ payment of child 
support and children’s involvement in the child 
welfare system (2019). Agustina Laurito and col-
leagues combine multiple administrative data-
sets to show how school climate and neighbor-
hood crime levels affect student achievement 
(2019).

Administrative data can also afford studies 
that are simply not plausible through original 
data collection. For example, it is difficult  
to imagine survey data tracking all of the  
classmates that a student had or all of the  
co-workers over an employee’s career, but  
educational administrative data and linked 
employer-employee datasets often include this 
information (Abowd, Haltiwanger, and Lane 
2004). Administrative records can thus provide 
information not only about an individual re-
search subject but also about the environment 
surrounding them. Christopher Candelaria ex-
ploits such data in education, where he disen-
tangles the long-term effects of a third-grade 
teacher, the medium-term effects of middle-
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school teachers, and the short-term effects of 
an eighth-grade teacher (2015).

Linking administrative data files across lev-
els also provides innovative opportunities to 
understand individual behavior in broader con-
text. Elizabeth Ananat and her colleagues, for 
example, link county-year-level administrative 
data about community-level job loss with indi-
vidual student educational administrative data 
files in order to discover the impact of local eco-
nomic downturns on student academic prog-
ress (2017). Further, as noted previously, admin-
istrative data allow for individuals to be placed 
in a multigenerational familial context. In pro-
viding dense coverage of populations, these 
data allow researchers to examine whether pol-
icies had spillover effects (either positive or 
negative) on those around the targeted popula-
tions, and to examine questions around how 
context moderates the effectiveness of treat-
ment. Heterogeneity in treatment effectiveness 
is important not only for contributing to sci-
entific understanding regarding the mecha-
nisms through which interventions work, but 
also because it has important implications for 
generalizability and scalability (Domina et al. 
2016).

An Iterative Policy Design, Implementation, 
and Evaluation Cycle
A common goal of scientific research is to im-
prove societal outcomes. Social scientists often 
seek to do this by evaluating and informing ex-
isting policies, and it is not uncommon to hear 
researchers bemoan the lack of policy respon-
siveness to research. Although obtaining access 
to administrative data can be time consuming 
in some contexts, a potential advantage of ad-
ministrative data analysis in many contexts is 
that the institution generating the data is also 
making and implementing the policies being 
evaluated, so that there is an audience that is 
positioned to make decisions about practice 
and policy based on researchers’ findings 
(Howard et al. 2019). This is particularly true in 
researcher-practitioner partnerships, where re-
searchers partner with organizations to help 
them use their administrative data in better 
ways to answer questions of interest to decision 
makers and stakeholders.

The research-policy link in social science is 

often conceptualized as one in which research 
informs or evaluates policies, but in research-
practitioner partnerships, policy implemen
tation and research can have a bidirectional 
synergistic relationship. These partnerships 
provide data researchers could not otherwise 
access. This unusual opportunity holds not 
only for companies’ human resource data, but 
also for educational data, where laws protect-
ing the privacy of student data allow data to 
be shared with organizations conducting re-
search on behalf of educational agencies to 
help improve instruction. Further, researchers 
not only have the opportunity to study impor-
tant policies in real-world settings but can of-
ten inform the implementation process. This 
relationship not only allows for policies that 
draw on researchers’ expertise, but can also 
lead to opportunities for better research be-
cause researchers can help implement policies 
in ways that facilitate high-quality evaluations 
(such as introducing lottery-based assign-
ments for oversubscribed programs or thresh-
olds in assignment scores that enable regres-
sion discontinuity-based designs). In contexts 
that facilitate the timely incorporation of feed-
back, data collected can be used to inform 
Bayesian adaptive designs to help improve in-
terventions in real time (Finucane, Martinez, 
and Cody 2017).

By bringing researchers into the policymak-
ing process, rigorous research becomes part of 
the iterative process of policy implementation 
and adjustment and the policy adjustments 
made in implementation are better captured 
by research (Howard et al. 2019). This approach 
can provide both better policy and better re-
search and serves as a model for how to accu-
mulate and incorporate knowledge beyond 
simply conducting a series of single-policy eval-
uations. Although shortening the feedback 
loop among implementation, research, and re-
design is likely to be positive overall, one chal-
lenge of this linkage is that long-term outcomes 
by definition cannot be observed quickly, and 
many policies—particularly those aimed at im-
plementing organizational changes—have ef-
fects that take time to emerge or vary across 
different stages of the implementation cycle 
(Mills and Wolf 2017; Sun, Penner, and Loeb 
2017).
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E xpanding Administr ative  
Data Insights
Existing administrative data have allowed re-
searchers to address a variety of important 
questions, and in many contexts, administrative 
data provide the best opportunities to answer 
important policy questions (Austin, Wadding-
ton, and Berends 2019). Current infrastructure, 
however, constrains research and limits the 
ability to answer questions that are important 
for science and policy. In the section that fol-
lows, we highlight important frontiers for ad-
ministrative data research, highlighting note-
worthy exemplars of work in these areas. We 
frame the points as strengths, but they could 
also be conceptualized as ways to address the 
potential weaknesses of administrative data.

Combining Datasets Across Sources
Although current administrative data research 
focuses on contemporary data sources, there is 
a long tradition of using administrative records 
in archival and historical research (see, for ex-
ample, Kessler-Harris 1982; Wilde 2004). Re-
search using administrative data has much in 
common with history and archeology, insofar 
as it observes the tracks that individuals leave 
as they move through society and draws lessons 
from these glimpses into their lives. A key dif-
ference is that when records outlast people, 
opportunities for supplementing and triangu-
lation through interviews, surveys, or ethnog-
raphy decline, leaving scientists to reconstruct 
meaning from the traces people have left be-
hind. Although administrative data researchers 
using contemporary data draw conclusions 
from the traces left behind in current records 
in a similar manner, research using contempo-
rary records has the potential to incorporate 
information directly from individuals through 
surveys and observations to supplement the 
data in administrative records.

Given their origin in a particular institu-
tional context, administrative records are typi-
cally fragmented, and these data are often not 
linked to other data that would be useful for 
research and policy. Hospitals, for example, 
collect detailed information about patients’ 
health, schools regularly collect information 
about student development, and employers of-
ten keep records not only about the perfor-

mance of employees, but also about applicants 
who were ultimately not offered positions. Al-
though various combinations of these data can 
provide important insights, they are typically 
compartmentalized. Likewise, given their ori-
gin, administrative records often lack certain 
kinds of information that are less likely to be 
collected in these records. For example, infor-
mation about attitudes, affinities, and motives 
are not often collected in administrative re-
cords. Combining administrative data with re-
cords from other sources—either by linking 
administrative records across sources or by 
making administrative records available to be 
linked to data collected via other means—is 
thus central to building administrative data in-
frastructure.

Linking Administrative Data  
Records Across Domains
By virtue of how they come into existence, ad-
ministrative data are typically focused on one 
facet of an individual’s life, and data and in-
sights are often siloed. Given that the potential 
for insight grows exponentially as data are inte-
grated, combining administrative data across 
domains is of vital importance, and enables re-
searchers to trace connections between settings 
like schools, criminal justice institutions, health 
organizations, and employers, and see how in-
equalities compound across these domains. Our 
introduction describing Durham Connects 
highlights the power of these insights for un-
derstanding the needs of families across diverse 
domains, and others likewise underscore the 
utility of linking administrative records across 
domains to understand the challenges facing 
families in poverty (Goerge and Wiegand 2019). 
Research linking data across domains docu-
ments how inequality in one domain shapes 
outcomes in others, highlighting, for example, 
the health consequences of foreclosure (Down-
ing and Bruckner 2019) and how air pollution 
shapes mortality risk (Di et al. 2017). Other re-
search in this vein allows us to understand the 
broad effects of policies, showing how lead 
abatement efforts lower children’s blood lead 
levels and improve student achievement (Aizer, 
Currie et al. 2016), and how Superfund site 
cleanup improves children’s later educational 
outcomes (Persico, Figlio, and Roth 2016).
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Beyond helping us understand disadvantage 
better at any given point in time, linking data 
across domains can also open opportunities to 
follow individuals as they move through differ-
ent institutional settings. Administrative re-
cords from birth, education, criminal justice, 
labor market, and mortality often capture dif-
ferent points in an individual’s life; combining 
data across these stages allows us to under-
stand how inequalities unfold over the arc of 
an individual’s life. For example, research link-
ing educational records with IRS records high-
lights the long-term income benefits associated 
with high-quality teachers (Chetty, Friedman, 
and Rockoff 2014a, 2014b) as well as the link 
between college major choices and later life in-
come (Kim and Tamborini 2019). Similarly, re-
search on the school-to-prison pipeline in Texas 
links education and justice records to trace the 
juvenile justice involvement of students sus-
pended from school (Fabelo et al. 2011).

Much of the attention in administrative data 
infrastructure has focused on large-scale 
population-level data. However, as noted ear-
lier, one of the potential advantages of using 
administrative data is that they provide infor-
mation about social processes that are other-
wise very difficult to study (such as the hiring 
pipeline). Research using administrative re-
cords to study otherwise inaccessible processes 
typically does not focus on linking across do-
mains to the same degree as population-level 
administrative data research, presumably be-
cause of the underlying logic of these projects, 
which focuses primarily on isolating a hard-to-
identify set of processes. Further, the unique 
relationship between data owners (often private 
companies) and researchers, and the difficulty 
in linking with public administrative sources 
(for example, the Census Bureau must avoid 
doing research that would favor one company 
over another) make linkage particularly chal-
lenging. That said, linking administrative re-
cords from these contexts with other adminis-
trative records could provide important insights 
and would appear to be an important frontier 
for administrative records research. For exam-
ple, such data could help us understand how 
graduates from job search and other training 
programs fare at different stages in the hiring 
process. To date, we are aware of only one proj-

ect that has linked human resource records 
with other individual-level data: linking human 
resource data on the hiring pipeline at a school 
district with data at the Census Bureau (Brum-
met and Penner 2017). Among other things, 
such data linkages provide opportunities for 
understanding the labor market implications 
of unsuccessful applications. We suspect that 
as the importance of evidence-based practices 
grows—both generally and in the context of se-
curing foundation funding—opportunities for 
linking data from local organizations with im-
portant domain-specific information will con-
tinue to increase.

Combining Survey Data with  
Existing Administrative Records
The narrow specificity of some administrative 
data files often limits the range of scientific re-
search questions that analyses drawing solely 
on that file can examine. Although this has the 
benefit of focusing researchers’ attention on the 
measures salient to practitioners and policy
makers, researchers often supplement admin-
istrative records with other information. For 
example, by linking administrative records with 
surveys measuring constructs of interest, re-
searchers have examined teacher effects on mo-
tivation (Ruzek et al. 2015), shown how school 
climate can mitigate the academic effects of 
neighborhood violence (Laurito et al. 2019), and 
demonstrated how a manager’s human re-
source practices moderate the relation between 
manager gender and gender wage inequality 
among workers (Abendroth et al. 2017). Future 
research in this vein linking implicit bias mea-
sures with hiring managers’ real-world deci-
sions from human resource data would also 
help us greatly expand our understanding of 
how organizational context and policies might 
moderate the effects of these biases. Likewise, 
researchers who have information on particular 
individuals often supplement that information 
with administrative records. A number of stud-
ies, for example, have used administrative data 
to examine the long-term outcomes associated 
with interventions, linking researchers’ infor-
mation about who received the treatment with 
administrative records (Chetty et al. 2011; Hol-
bein 2017).

Elsewhere in this double issue, David Grusky, 



10 	 u s i n g  a d m i n i s t r a t i v e  d a t a  f o r  s c i e n c e  a n d  p o l i c y

r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

Michael Hout, Timothy Smeeding, and Mat-
thew Snipp highlight an additional benefit of 
combining survey and administrative data, not-
ing that a common data infrastructure would 
allow surveys to be overlaid on top of adminis-
trative data and alleviate respondent burden 
(2019). This would enhance what is possible us-
ing either the survey or the administrative data 
independently.

Qualitative Research with  
Administrative Data
Although much of the research using adminis-
trative data uses quantitative information, ad-
ministrative records also contain vast amounts 
of qualitative information. Archival research 
using administrative records provides a strong 
indication of the considerable value of qualita-
tive work using administrative records. Al-
though qualitative social science research us-
ing contemporary administrative records is 
also just beginning to realize its potential, sev-
eral examples evince the promise of such ap-
proaches. Recent qualitative research in medi-
cine, for example, highlights gender differences 
in the feedback that medical school residents 
receive (Mueller et al. 2017), and research on 
online dating profiles underscores how racial 
boundaries are reinforced not just by racial ho-
mogamy, but also by those looking to date 
across racial lines (Rafalow, Feliciano, and Rob-
nett 2017).

In many administrative contexts, given the 
scale of textual data, advances in machine cod-
ing offer a promising approach to turning rich 
qualitative data into quantitative data. In this 
double issue, Emily Penner and her colleagues 
provide one example of this approach, showcas-
ing how essays submitted as part of teacher ap-
plications are correlated with a variety of policy-
relevant considerations (2019). The promise of 
such approaches in researcher-practitioner 
partnerships is difficult to overstate, because 
when these organizations begin to leverage 
their data in the ways that large tech firms do, 
there would appear to be substantial benefits 
for both policy and science. With text mining 
becoming increasingly sophisticated and com-
mon, and the growth of software to aid in the 
transcription, storage, coding and sorting pro-
cesses in qualitative research, the distinction 

between quantitative and qualitative research 
is one that could quickly fade in administrative 
data research.

Technical, Legal, Ethical, and 
Percep tual Challenges
In this last section, we highlight a few current 
challenges specific to working with administra-
tive data. Many are extensions of challenges 
that exist in social science more broadly around 
balancing the privacy of research participants 
with making data widely accessible to lower the 
barriers to conducting research. In this respect, 
we see parallels between current efforts to de-
mocratize access to administrative records (see, 
for example, Grusky et al. 2019) and the advent 
of the General Social Survey, which made na-
tionally representative survey data widely avail-
able to the scientific community. Prior to the 
General Social Survey, social scientists col-
lected their own surveys and typically did not 
provide data access to outside researchers, so 
that access to survey data was typically re-
stricted to prominent scholars and their stu-
dents. More recently, calls for greater transpar-
ency and reproducibility have underscored the 
value of open science in experimental fields 
(see, for example, Ioannidis 2005; Open Science 
Collaboration 2015). Against this broader back-
drop, thinking about what open science looks 
like in the context of administrative data re-
search is critical.

Aggregation of individual data into group 
scores provides a partial solution to the chal-
lenge of privacy in many contexts. This double 
issue includes two studies that use aggregated 
data files. Brittany Murray and colleagues re-
port the positive relation between strong 
parent-teacher associations and growth in stu-
dent achievement (2019). Portia Miller, Eliza-
beth Votruba-Drzal, and Rebekah Coley find 
that community-level resources explain varia-
tion in student achievement (2019).

However, aggregated data cannot answer all 
questions, and in many cases answering re-
search and policy questions requires individual-
level data. To facilitate sharing of individual-
level data, it is likely important to establish 
incentives for administrative data linking ef-
forts so that more scholars contribute to this 
public good. One challenge here is that, due to 
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the sensitivity of many administrative datasets, 
access is highly regulated, and it becomes pro-
hibitively difficult and time consuming to nav-
igate the multiple processes required to obtain 
access to data across different contexts. There 
are two broad models for addressing these chal-
lenges in international comparative research: 
the Comparative Organizational Inequality 
Network, which brings together researchers 
with access to the relevant data in different con-
texts around a set of common analyses that 
each researcher conducts on data from their 
home country; and the Luxembourg Income 
Study, which creates a largely harmonized set 
of data from across countries (currently non-
administrative survey data) and allows re-
searchers to submit code to run on datasets 
from different countries without accessing the 
original data. Given their different costs and 
benefits, we suspect that both models have im-
portant roles to play in comparative research.

More broadly, the challenges in working 
with administrative data can be broken down 
into technical, legal, ethical, and perceptual 
challenges. We review each in turn.

Technical Challenges
Important technical challenges remain to con-
structing administrative data infrastructure. 
For example, address-based matches are diffi-
cult to implement in contexts that lack a well-
defined address system (see, for example, 
Wynn, Reyes, and Caldwell 2011). Likewise, for 
computationally intensive analyses (for exam-
ple, some social network analyses) it is cur-
rently not practical to conduct analyses that 
make use of the density of information avail-
able at the population level. These and other 
questions notwithstanding, in our estimation 
the largest challenges to administrative data are 
not technical per se but instead technical con-
straints imposed in response to legal or percep-
tual considerations.

For example, it is not clear that there is a 
strong rationale for why researchers need to be 
in Texas to analyze data from the state of Texas 
(except that it may be easier to arrest a misuser 
within state), or that data from Georgia should 
be allowed to be used on projects only with a 
collaborator from a university located in Geor-
gia. Nevertheless, such arrangements remain 

relatively common. Although they are not in-
surmountable, they do create nontrivial barri-
ers to access and hinder the democratization 
that researchers generally support in science. 
That said, given the level of trust required for 
companies to allow researchers to analyze key 
intellectual property (Fernandez-Mateo and 
Fernandez 2016) or for countries to allow out-
side researchers access to tax data (King et al. 
2017), some restrictions to access beyond those 
governing survey data are warranted. These bar-
riers highlight the point that the most impor-
tant challenge to successful administrative data 
scholarship is not the technical nature of data 
storage or security, but rather, the human and 
institutional relationships that must be devel-
oped and maintained. The relational nature of 
data access in many cases—such as in long-
term researcher-practitioner partnerships—
does result in important constraints that are in 
tension with norms around data-sharing and 
open science.

One important challenge surrounding ad-
ministrative data is the lack of consistency re-
garding which data are collected and how they 
are collected. Although national surveys typi-
cally use standardized measures and best prac-
tices for assessing various constructs, informa-
tion contained in administrative data can be 
highly variable in terms of coverage and quality. 
One advantage of working in close partnership 
with the organizations generating administra-
tive data is that they typically have a deep un-
derstanding of how the data are generated and 
areas where information may be inaccurate or 
have limited coverage, and can often adjust 
practices to generate data that are of mutual 
interest. Working closely with partners on the 
ground can also help avoid misattributing 
causal relations. As with most survey data, ad-
ministrative data sources require that findings 
be disseminated only as aggregate statistics in 
order to protect privacy. As far as we are aware, 
very few cases of researchers infringing on the 
privacy of individuals using administrative re-
cords have been documented. At this point, 
then, the technical challenges involved in 
building data infrastructure are largely sur-
mountable, and the larger remaining question 
is whether political will is strong enough to 
move forward.
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Legal Challenges
Currently, legal constraints affecting adminis-
trative data infrastructure focus on balancing 
the privacy of individuals whose data are con-
tained in the administrative records with the 
ability of institutions to find answers to their 
pressing policy questions, which in many cases 
will enable them to serve better those who are 
represented in their data. Allowing access to 
outside researchers working on behalf of the 
organization can greatly enhance the research 
capacity of institutions that generate adminis-
trative data and provide expertise in areas that 
might be otherwise difficult to obtain. In this 
context, analyses of administrative data should 
address questions of the data owner, presum-
ably in service of either those represented in 
the data or the broader public. By contrast, sci-
entists argue that science benefits from wide-
spread, democratic access, and that this access 
can yield new insights that might be broadly 
beneficial to society, the institutions generating 
the data, and their stakeholders, even if these 
benefits might not have been anticipated. Al-
though making administrative data more 
widely available is likely generally beneficial, it 
is currently difficult to know how to assess and 
weigh the benefits from broad access.

Many forms of administrative data are le-
gally protected in ways that limit access. Under 
the Family Educational Rights and Privacy Act, 
identifiable educational data in the United 
States can only be shared with researchers in a 
limited number of contexts, including cases 
where the studies will help the schools improve 
instruction. Similar challenges apply to health 
information and Health Insurance Portability 
and Accountability Act regulations. The lack of 
a well-established administrative data infra-
structure means that lawmakers often do not 
consider the impact of legislation on adminis-
trative records. For example, out of concerns 
regarding administrative records being used for 
enforcement purposes, California lawmakers 
sought to enact laws prohibiting data-sharing 
and initially did not recognize the limitations 
this would create for researchers and adminis-
trative data infrastructure. Presumably a more 
robust and salient administrative data infra-
structure will help in avoiding such issues in 
the future.

In many ways, legal constraints are a ques-
tion of political will. On this point, the biparti-
san support for administrative data represented 
by the Murray-Ryan commission and the Foun-
dations for Evidence-Based Policymaking Act 
is encouraging. One might imagine, for exam-
ple, that evidence-based policies around educa-
tion and workforce training programs might 
benefit from administrative records from 
schools, even if the resulting study might not 
help each school improve instruction. Although 
individual lawmakers may differ on policy pri-
orities, it is encouraging that they agree on the 
need for better data and analysis to inform 
them.

Ethical Challenges
Beyond strictly legal questions, there are ethi-
cal questions as well. Typically, potential re-
search participants have the choice to opt out 
of a study. But this is not possible in most re-
search that uses administrative records. Al-
though consideration of informed consent is 
routine when it comes to whether a partici-
pant’s data are used in traditional research de-
signs, administrative records research is often 
considered to be nonhuman subjects research. 
To be clear, questions around individuals’ 
rights vis-à-vis their data are a feature of admin-
istrative data more generally and not particular 
to research. This is apparent when one consid-
ers medical records. In approximately half of 
the states in the United States, physicians or 
hospitals own patients’ records, and only in 
New Hampshire do these data belong to pa-
tients (in the remaining states data ownership 
is not clearly defined). It seems unlikely that 
patients would take issue with research analyz-
ing these records for patterns that might help 
save their life. Likewise, it seems probable that 
most people would not object to their records 
being analyzed for research that might help 
save the lives of others. Nevertheless, because 
this research is often not considered to involve 
human subjects, and these data (outside New 
Hampshire) do not belong to the individual, it 
is unclear what rights patients should have to 
restrict the use of their data in administrative 
records research.

Historically, the argument has been that the 
primary potential harm in this research is that 
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of disclosure, or harm to the individual due to 
a breach of privacy. Some legal scholars suggest 
that this individualistic perspective may be 
problematic. In a high-profile example, the 
Havasupai sued Arizona State University for us-
ing existing blood samples in ways not covered 
by agreements. In discussing this case, Kath
erine Drabiak-Syed notes that our current legal 
system is ill equipped to consider issues beyond 
an individualistic framework, so that harm to 
a collective group may not be recognized (2010). 
These questions are perhaps especially salient 
in the context of Native Americans, where is-
sues over the right to opt out are laden with 
colonial legacies of ignoring indigenous per-
spectives and also raise questions of tribal sov-
ereignty. These concerns are likely heightened 
where blood (or other physical samples) are in-
volved, where research focuses on historically 
marginalized populations, or when researchers 
are partnering with data-collecting organiza-
tions. The concerns are perhaps somewhat at-
tenuated when looking at historical data (for 
example, the Dutch Hunger Winter), but the 
larger point remains relevant for administrative 
records research.

More broadly, the issue could be conceptu-
alized as whether individuals should have the 
right to ensure that their data are not used in 
systems against their wishes. One might imag-
ine, for example, critics of structural racism not 
wanting their data to be used by companies that 
might perpetuate racial differences in home-
ownership through credit scores. But it is dif-
ficult not to be complicit when almost everyone 
is part of the administrative data ecosystem 
that creates and reproduces these inequalities. 
This is a feature of our societal data infrastruc-
ture and is not specific to research using this 
infrastructure. Nonetheless, administrative 
data researchers should be cognizant of these 
issues, particularly in contexts like researcher-
practitioner partnerships where they might in-
fluence the kinds of data collected, and where 
the research being conducted might be used to 
justify or rationalize practices that may other-
wise be seen as problematic.

Perceptual Challenges
Perceptual challenges relevant to administra-
tive data research can be divided into those 

within the academy and those in the public do-
main. Within the academy, in many social sci-
ence disciplines there is a bias against work 
that is viewed as overly applied. The term eval-
uation research for example, is sometimes used 
pejoratively in contrast with pure science, im-
plying that scientific work is somehow contam-
inated by being useful to society. We argue that 
whatever the origins of this bias, it is a distinc-
tion that has outlived its usefulness, and that 
supporting human flourishing—both through 
better understanding the social world in the 
broadest and most abstract sense, as well as 
through understanding the implications of the 
concrete choices that we as a society make—
ought to be one of the aims of science. The de-
gree to which these biases are held in any given 
scientific field varies, suggesting that social sci-
ence disciplines can learn much from those 
more engaged in policy. These disciplinary bi-
ases are perhaps a space that academics are well 
positioned to change. Although these norms 
may be deeply entrenched, they are nonetheless 
created and maintained by academics, suggest-
ing that we as a community can change them 
by changing our hiring criteria, tenure and pro-
motion letters, award nominations, and gradu-
ate training. We suspect that these perceptual 
challenges within the academy are decreasing, 
in part because administrative data allow re-
searchers to address questions that are not only 
important for real-world applications, but also 
make fundamental contributions to discipline-
specific and transdisciplinary research goals. 
We believe the proliferation of administrative 
data research suggests that over the long term, 
perceptual issues within the academy are likely 
to become less pronounced.

Beyond the academy, public skepticism 
about the limits of confidentiality and data pro-
tection threaten public support for the use of 
administrative data. Recent hacking events and 
misuse of large private data files at Facebook 
and Cambridge Analytica have shaken public 
faith in keepers of supposedly private data. The 
threat goes beyond misuse to include possible 
political obstruction by groups such as ALEC 
(American Legislative Exchange Council), 
which has taken the position that all govern-
mental action should be minimal. The possi-
bilities of misuse by insiders, hacking by out-
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siders, and opposition by politics will always be 
present, but we believe the marginal extra risk 
imposed by bringing researchers into this circle 
is very low. Researchers are required to be 
trained and credentialed in the use of sensitive 
data files, and universities tend to implement 
cutting-edge technologies in data security. Be-
cause of these threats and the public’s vigi-
lance, however, researchers would be wise to 
understand the treasure that they behold and 
to be extremely careful in their use of adminis-
trative data files. 

At the same time that the public is skeptical, 
bipartisan support is also strong for adminis-
trative data science to improve our capacity  
to maximize the potential of our human re-
sources. Data-sharing can be difficult in con-
texts marked by suspicion and mistrust, and 
larger conversations around privacy remain im-
portant. Legal protections governing adminis-
trative data use thus play central perceptual and 
scientific roles, as well as being important for 
ethical reasons (Anderson and Seltzer 2007). We 
believe that it is incumbent on scientists to help 
make the case for administrative data research 
by ensuring that the public benefits from the 
use of their data. Although in some cases this 
might mean working closely with policymakers 
and practitioners generating and using the 
data, press coverage of novel findings using en-
gaging data visualizations that reach the public 
more broadly also play an important role in 
highlighting the utility of these data to the 
broader public. Wide dissemination of research 
findings not only helps inform public discourse 
around important social questions, but also 
plays an educational role by engaging people’s 
curiosity and helping them understand how the 
social world works.

Conclusion
As a society, we have the data and expertise to 
address questions that are vital to our commu-
nal life, but we currently do not have the infra-
structure to bring data from disparate sources 
together and provide access to researchers with 
high-impact projects. U.S. administrative data 
infrastructure has lagged behind that of its 
peers, leading to policies that are not as well 
tuned as they might be, and in many cases lead-
ing American social scientists to work with bet-

ter data from other countries. Important policy-
relevant scientific questions go unanswered, 
and scholars and policymakers are left to infer 
how things might work in the United States 
based on evidence from elsewhere. The lack of 
data infrastructure has human costs for our 
students, patients, and their families; has pe-
cuniary costs for taxpayers; and puts American 
science at a disadvantage. Recent efforts to cre-
ate administrative data infrastructure have 
great promise to rectify the situation, making 
it an exciting time to be an administrative data 
researcher.

One final word of caution is perhaps in or-
der: in America, the logic of competition drives 
many of our collective efforts. When building 
infrastructure, however, coordination is impor-
tant. To use a metaphor from physical infra-
structure, having five sets of highway systems 
that do not connect with each other is consid-
erably less useful than having a single, well-
planned system. We have an opportunity to cre-
ate world-class data infrastructure that will 
enable policymakers to make better policies, 
scientists to understand society better, teachers 
to instruct students better, and physicians to 
treat patients better. In moving forward, coor-
dinating efforts to ensure that we build the best 
data infrastructure possible, and that our data 
can benefit the public as much as possible, is 
paramount.
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Study: A New Infrastructure  
for Monitoring Outcomes, 
Evaluating Policy, and 
Advancing Basic Science
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The American Opportunity Study is an ongoing initiative to build the country’s capacity to access and ana-
lyze linked administrative data. It is best viewed as a population-level scaffolding on which other adminis-
trative data can then be hung. This scaffolding, if used as a stand-alone resource, will allow for long-run 
analyses of fundamental population and labor market processes. If combined with data from other sources, 
it will allow for long-run program evaluation and other experimental and quasi-experimental analyses. We 
discuss the current status of the American Opportunity Study, its potential to advance the field, remaining 
obstacles that must be overcome to build it, and how it can work within the guidelines suggested by the Com-
mission on Evidence-Based Policymaking.
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The American Opportunity Study

The administrative data revolution is in full 
blossom (Reamer and Lane 2018). Until re-
cently, this revolution was pitched largely in 
terms of its promise and represented as our fu-
ture (see, for example, Decker 2014). But that 
future has clearly arrived.

A broad consensus about the value of admin-

istrative data has been reached among policy-
makers, elected officials, data administrators, 
and researchers at the federal and state levels. 
This consensus arose when federal statistical 
agencies began sharing special-purpose linked 
administrative files with researchers in univer-
sities, think tanks, and program-evaluation 
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companies (Kille 2015). These partnerships 
demonstrated the research value of data that 
governments collected for administrative pur-
poses. Likewise, former President Obama and 
his Council of Economic Advisers stressed the 
need for better access to public administrative 
data to examine program effectiveness (see 
Council of Economic Advisers 2015). Mean-
while, and relatedly, Congress passed the 
Evidence-Based Policymaking Commission Act 
of 2016 (P.L. 114–140) that created the Commis-
sion on Evidence-Based Policymaking (CEP). 
The commission’s final report advocated for a 
“national secure data program” that would fa-
cilitate access to administrative data (CEP 
2017). Within the policy world, many of the 
most important findings on the effects of pov-
erty, inequality, education policy, and social 
programs now rest on public administrative 
data.

It is useful to consider the next steps that 
should be taken in this “new era of administra-
tive data and evidence-based policy” (Haskins 
and Margolis 2014, 238). In any era of innova-
tion, the early days in retrospect look chaotic. 
That applies here as well. Access to administra-
tive data has frequently depended on personal 
networks and relationships with personnel in 
federal or state agencies. Datasets were built for 
one-time analyses. Documentation served 
agency insiders but was inadequate for new us-
ers. Given this state of affairs, some routiniza-
tion is essential but, to be productive, we need 
to take a long view. The nation needs to de-
velop—as swiftly as possible—an administrative 
data infrastructure that guarantees high-quality 
linkages, common standards for documenta-
tion, security and confidentiality, and fair access 
to researchers with good ideas and the requisite 
skills.

How might these goals be realized? The first 
step entails building an on-demand adminis-
trative database of the sort proposed by the 
Commission on Evidence-Based Policymaking 
in the form of a National Secure Data Service 
(NSDS) (CEP 2017). The second step is to set up 
institutions for ensuring both full access for 

qualified users and the confidentiality of the 
data for the public whose data are encoded.

The American Opportunity Study (AOS), 
which is being developed in collaboration with 
the Census Bureau, can assist in realizing these 
goals and thus achieving better access with  
confidentiality. The AOS is an ongoing effort  
to link the censuses of 1960 through 2010 and 
the American Community Surveys (ACS) and 
thereby convert cross-sectional decennial cen-
sus data into a bona fide panel that will rep
resent the full U.S. population over the last 
seventy years. Because this panel will be con-
tinuously refreshed as additional census and 
ACS data become available, it can serve as a 
population-level scaffolding on which other ad-
ministrative data (such as tax records, earnings 
reports, program data) are then hung. The Na-
tional Research Council (NRC) established the 
Standing Committee on Creating the American 
Opportunity Study and charged it with facilitat-
ing the digitizing of census data, examining 
matching and record linkage methodology, 
building a user committee for the AOS (NRC 
2016), and examining governance options based 
on the 2017 CEP report.1

The AOS capitalizes on the importance of 
long-run analyses for both evaluating programs 
and monitoring trends. It promises not only to 
upgrade the country’s capacity to study eco-
nomic and social mobility but also to assist 
with a broader range of analyses oriented to 
monitoring long-term trends in poverty, in-
equality, and labor market outcomes and as-
sessing the long-term effects of policy treat-
ments and experiments. The AOS initiative is 
thus part of the broader goal to democratize 
access to administrative data, make that access 
safe and secure, and thereby realize the poten-
tial of linked administrative data (Mervis 2014). 
In other countries that have linked data, such 
as Wales and New Zealand, a well-developed in-
frastructure allows access to carefully vetted 
scholars, with the result that high-quality evi-
dence is more frequently brought to bear on 
policy decisions. The payoff to developing this 
capacity is clear. In collaboration with the Cen-

1. See “Standing Committee on Creating the American Opportunity Study: First Phase,” National Academies of 
Sciences, Engineering, and Medicine, http://sites.nationalacademies.org/DBASSE/CNSTAT/DBASSE_172151 
(accessed October 5, 2018). The authors are members of the committee.

http://sites.nationalacademies.org/DBASSE/CNSTAT/DBASSE_172151
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sus Bureau, we have thus begun to build the 
AOS and close the gap between the United 
States and other countries in this capacity for 
authentic evidence-informed policy. The cost 
of failing to do so is substantial and puts the 
United States at a competitive disadvantage rel-
ative to other countries.

Although many other countries are well 
ahead of the United States in developing admin-
istrative data resources, evidence of its payoff 
within the United States is already ample. This 
payoff takes the form of administrative data re-
search on policy and program impacts on 
health, longevity, well-being, poverty, and socio-
economic mobility (Chetty et al. 2017; Figlio et 
al. 2014; Almond, Hoynes, and Schanzenbach 
2011; Almond, Currie, and Duque 2018; Chetty, 
Hendren, and Katz 2015; see also CEP 2017). By 
virtue of these analyses, we now know that ab-
solute economic mobility has fallen steadily 
since the 1940 birth cohort; that government ef-
forts to support low-income and at-risk families 
yield health, educational, and economic bene-
fits far in excess of their costs; that public invest-
ments in preschool, income support, housing, 
health care, and nutrition bring about substan-
tial gains for children; and that long-term expo-
sure to poor neighborhoods and polluted areas 
have lasting effects on social outcomes, health, 
and life expectancy. We review these and other 
studies to make it clear that the country’s capac-
ity to deliver authentic evidence-based policy 
will depend in no small part on successfully in-
stitutionalizing the administrative data revolu-
tion. Throughout this review, we focus on those 
types of analyses that, by virtue of requiring 
long-run assessments, reveal the payoff to build-
ing the AOS.

This payoff has been substantial because 
linking administrative data solves a host of 
problems that have long plagued conventional 
survey-based analyses of long-run processes. 
If the AOS is built, it can deliver enough cases 
to examine long-run effects on smaller popu-
lations; provide the power needed to carry out 
nonparametric analyses; enable intergenera-
tional linkages that allow us to examine social 
mobility, intergenerational transfers, and sib-

ling effects; provide new opportunities for 
quasi-experimental analysis over the long run 
(via, for example, state and local variability in 
the timing of program delivery); combine 
sources that allow for more comprehensive 
studies of program use and labor market pro-
cesses; and both reduce and better understand 
the attrition that has long been the bane of 
survey-based panels.

In this article, we review these potential pay-
offs in more detail, focusing on what needs to 
happen to ensure that they are fully realized. 
The theme throughout is that the AOS should 
attract widespread support. It should appeal at 
once to those who believe that better data will 
demonstrate that existing programs and poli-
cies are typically effective and those who are 
skeptical and expect that many existing pro-
grams will be shown to be inefficient. The AOS 
is, in short, a critical vehicle for shifting the 
terms of debate about social programs into a 
straightforward discussion of the evidence. Al-
though we are not so naive as to believe that 
this transformation will be absolute or uncom-
plicated, the AOS will bring us closer to realiz-
ing the vision of authentic evidence-based pol-
icymaking.

The Payoff to Analy zing Progr ams 
and Policies with Big Public Data
The administrative data revolution is not a re-
cent development. Most notably, public admin-
istrative data has been the basis of social sci-
ence research for many decades in Scandinavia, 
where data registers provide family records for 
economic and social outcomes for the entire 
population of a country. These data, along with 
more recently available administrative data in 
the United States, have improved causal analy-
ses within economics and, to a lesser extent, 
other social sciences (Einav and Levin 2014). 
The turn to administrative data has accelerated 
over the last three decades: only 20 percent of 
microdata-based articles in the “top four” eco-
nomics journals used administrative data in 
1980, whereas 60 percent did so by 2010 (Chetty 
2012).2 This explosion in administrative data 
analysis is also clearly in play in the major social 

2. The ACS, an extension of the decennial census, counts as administrative in this reckoning, despite including 
the word survey in its title.
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science policy journals, such as the American 
Economic Journal, Economic Policy, and Journal 
of Policy Analysis and Management.

Although U.S. administrative data are be-
coming increasingly available, this revolution 
has relied disproportionately on non-U.S. data, 
especially from Scandinavia. The research 
based on Scandinavian population registries 
has straightforwardly informed policy in the 
countries from which the data are drawn. It is 
less clear that we can safely generalize these 
results to other countries. This reluctance to 
base policy or social science around results 
from countries with very different institutions, 
populations, and cultures is one of the driving 
forces behind the move to develop Scandinavian-
inspired data resources in the United Kingdom 
(Yiu 2012), Australia (Tam and Clarke 2015), 
Canada (Trépanier, Pignal, and Royce 2014), and 
many other countries.

Because the United States is arguably more 
decentralized than any of these countries, it 
faces special challenges in harmonizing data 
across jurisdictions, but also has the poten-
tial advantage of leveraging policy variations 
across those jurisdictions to develop quasi-
experimental evidence. It also already has a rel-
atively long and distinguished history of ad-
ministrative data analysis within many states. 
For example, Wisconsin state agencies have 
partnered with researchers to study child sup-
port records to evaluate the effectiveness of pro-
grams, an arrangement that has become an im-
portant model for many other states (see 
Cancian, Heinrich, and Chung 2013). This part-
nership involved mutual learning, trust, and 
understanding, and ultimately led to the devel-
opment of a larger linked database, the multi-
sample person file. The Wisconsin multisample 
person file links administrative records on 
more than twenty programs to individual and 
family beneficiaries (Noyes 2015). Because it is 
one of the earlier state efforts, it now allows for 
relatively long-run analyses, though it does not 
of course have the reach that the AOS promises.

This is but one example of state-level part-
nerships. In many other states, researchers 
have effectively exploited administrative data, 
most notably in Florida, Tennessee, North Car-
olina, Washington, and California. These data 
have allowed researchers to examine the long-

term effects of birth conditions (Figlio et al. 
2014), government preschool programs (Chetty 
et al. 2011), community college programs (Ste-
vens, Kurlaender, and Grosz 2015), mandatory 
college preparation curricula in high schools 
(Jacob et al. 2016), prison release programs 
(Harding, Siegel, and Morenoff 2017; Lee, 
Harding, and Morenoff 2017), and even eco-
nomic downturns (Ananat et al. 2011; Ananat, 
Gassman-Pines, and Gibson-Davis 2013). But 
state-level administrative data have limits be-
cause of interstate geographic mobility and be-
cause some of the key variables of interest are 
unavailable with state data. The AOS, by con-
trast, will allow us to overcome the problem of 
geographic mobility, provide additional vari-
ables of interest, and allow for longer-run anal-
yses of social and economic program effects.

In the following section, we review three sig-
nal achievements coming out of these analyses 
of state and federal administrative data. In do-
ing so, our intent is not just to illustrate the 
potential of linked administrative data, but also 
to focus on how the AOS, in particular, could 
advance the administrative data revolution.

Poverty and the Safety Net
The payoff to administrative data has been es-
pecially obvious in the fields of poverty mea-
surement and antipoverty program evaluation. 
For example, Wisconsin has combined state-
level administrative data with the ACS to build 
a Supplemental Poverty Measure (SPM), thus 
improving on traditional poverty measures that 
do not take program income and benefits into 
account (NRC 2005). With the SPM, Wisconsin 
policymakers can monitor trends in poverty, as-
sess the effects of social programs on poverty 
without underreporting key program receipt 
and benefit levels, and gauge how possible 
changes in policy will affect poverty (Smeeding 
and Thornton 2017). The California Poverty 
Measure (CPM), which is likewise based on ad-
ministrative data, has been used in similar ways 
(Wimer et al. 2013, 2014). The California govern-
ment used the CPM, for example, to under-
stand the likely costs and benefits of a state 
earned income tax credit supplement before it 
was enacted (Wimer et al. 2016). This measure 
will soon be upgraded by combining California 
Franchise Tax Board data and program data. 
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Similar administrative data initiatives are under 
way in New York City (Office of the Mayor 2014) 
and several other states, such as Oregon. In a 
related effort, Bruce Meyer, Wallace Mok, and 
James Sullivan have also assessed antipoverty 
program effects across many states using pro-
gram data, leading to the key finding that in-
come support benefits are underreported in 
survey data (2015).

The AOS, when it becomes available, will 
make it possible for other states to more easily 
calculate SPM-style measures. By providing a 
population-level panel, it will allow states to cal-
culate poverty rates at more detailed geo-
graphic levels (by supplementing the ACS with 
population earnings and tax data), at more fre-
quent intervals (by exploiting tax data, earnings 
reports, and other frequently released data), 
and with direct evidence on program use (via 
administrative program data).

Early Childhood Interventions
A decade ago, James Heckman argued that pro-
grams and policies that entail intervening pre-
natally or in early childhood show an especially 
attractive return on investment (Cunha and 
Heckman 2008; Heckman and Mosso 2014; see 
also Barker 1995; Council of Economic Advisers 
2015). Although some of the evidence on behalf 
of early intervention is survey based, much of 
it has also turned on administrative analysis 
(Almond and Currie 2011; Cascio and Schanzen-
bach 2013; Aizer and Currie 2014).

Administrative data have been important, 
for example, in reassessing the claim that early 
childhood education programs may initially 
stimulate learning but that, over time, the ben-
efit of this early participation tends to dimin-
ish. Although the Head Start Evaluation sug-
gested, for example, that learning gains from 
that program faded by the third grade, analyses 
of administrative data revealed other compen-
sating long-run benefits (Duncan and Magnu-
son 2013). When high-quality administrative 
data were used to reexamine the long-term ef-
fects of nutrition interventions, parenting pro-
grams, and various high-quality and “moderate-
quality” preschool programs (Head Start, for 

example), they revealed persisting later-life ef-
fects on graduation rates, earnings, and crime 
(Hoynes, Page, and Stevens 2011; Chetty et al. 
2011; Council of Economic Advisers 2015). The 
AOS, when available, will allow us to build an 
even richer evidence base on the long-term ef-
fects of home visiting programs, childcare and 
preschool, and early childhood education.

Administrative data have also been impor-
tant in establishing the long-run effects of tax 
credits, cash transfers, and near-cash programs 
(for recent important reviews of this literature, 
see Shaefer et al. 2018; Almond, Currie, and 
Duque 2018). We now know, for example, that 
the earned income tax credit, one of the govern-
ment’s most important child-poverty programs, 
reduces the incidence of low birth weight, raises 
math and reading scores, and boosts college 
enrollment rates (Dahl and Lochner 2012; Evans 
and Garthwaite 2014). The Supplemental Nutri-
tion Assistance Program (food stamps) has sim-
ilarly long-lasting benefits for child recipients 
as well as positive effects on pregnancy out-
comes (Almond, Hoynes, and Schanzenbach 
2011) and adult obesity (Hoynes, Schanzenbach, 
and Almond 2016). Likewise, evidence from the 
United States and Canada indicates that many 
types of tax-based refundable cash transfers, 
such as the Canadian Child Tax Benefit, in-
crease child cognitive achievement and health 
(Dahl and Lochner 2012; Milligan and Stabile 
2009; Evans and Garthwaite 2014). Children 
who receive Medicaid are more likely to gradu-
ate from high school, more likely to complete 
college, and less likely (at least if they are Afri-
can American) to die in their late teens or be 
hospitalized by age twenty-five (Wherry et al. 
2015).3

Long-Run Effects of Cash Support
Our third illustrative example pertains to ad-
ministrative data analyses of direct cash sup-
port, for both those who can and cannot work. 
Much research has been completed on the ef-
fects of cash income support and “negative in-
come taxes,” often called basic income, on such 
short-term outcomes as work effort or child-
bearing. But until recently we knew less about 

3. Research using administrative data from Medicaid and tax records reveals that the public recoup their Med-
icaid investment via increased tax revenues (Brown, Kowalski, and Lurie 2015).
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their long-term effects.4 Using administrative 
records from the Mothers’ Pension program 
(1911–1935), a precursor to the AFDC program, 
researchers have now assessed the impact of 
cash transfers across the entire life course by 
matching program participants to World War 
II enlistment records and 1940 census records 
(Aizer et al. 2014). By using Social Security data 
to follow program beneficiaries, it was shown 
that children who receive benefits, even for just 
a few years, are affected for as long as eighty 
years or more. Most notably, the poorest chil-
dren in this sample experienced a 1.5-year in-
crease in longevity by virtue of receiving cash 
transfers; better-off children saw smaller in-
creases. It was further shown that cash transfers 
reduced the probability of being underweight 
by half, increased educational attainment by 0.4 
years, and increased income by 14 percent dur-
ing adulthood (Aizer et al. 2014; Furman 2015). 
This benefit, which comes mainly from helping 
low-income families pay for basic needs (such 
as food, housing, health care), has been shown 
to have effects on child well-being over and 
above those of direct service programs, like pre-
school education and health care (Shaefer et al. 
2018; Duncan, Magnuson, and Votruba-Drzal 
2014; Furman 2015).

This short review, which is more illustrative 
than exhaustive, shows that the frontier of re-
search on the effectiveness of social policy has 
relied on—and will likely continue to rely on—
linkages to census and administrative data. 
This approach has improved the accuracy of 
our data, reduced the need to field costly sur-
veys, allowed for better monitoring of labor 
market outcomes, and provided high-quality 
evidence on the long-term consequences of pol-
icies, interventions, and economic and social 
change.

For all the successes to date, administrative 
data have yet to be fully exploited because ac-
cess has been granted idiosyncratically to a few 
well-connected researchers, and because stud-
ies have relied on a small number of adminis-
trative data sources and thus been able to ad-
dress only a limited subset of questions. These 

problems can be overcome with the AOS. It will 
serve as a standing resource that regularizes 
and expands access to administrative data, that 
links a more comprehensive constellation of 
census and administrative data, and that makes 
a wider range of long-run analyses possible.

A Short History of the American 
Opportunit y Study
The payoff to building this more comprehen-
sive resource is wide ranging, but in the early 
history of the AOS most of the protagonists 
were motivated by a rather narrow interest in 
monitoring recent trends in social mobility. We 
briefly review this impetus because of its rele-
vance to how the larger AOS initiative devel-
oped. 

The initial animating interest in the AOS 
rested on assessing the long-standing American 
Dream that hard work and ingenuity will be re-
warded with material success even for children 
born into poor families. The American Dream 
narrative is deeply embedded within American 
culture, has attracted generations of immi-
grants seeking a better life in this nation, and 
continues to be widely embraced and cele-
brated among Americans (Manza and Brooks 
2016; Mitnik et al. 2015).

It is nonetheless striking that the empirical 
evidence on recent trends in social mobility is 
relatively scarce. Although many commentators 
have openly worried that both relative and ab-
solute mobility are declining across genera-
tions, the evidence bearing on these worries is 
limited. Because the necessary data are unavail-
able, our evidence on long-term trends in ab-
solute mobility has been pieced together from 
cross-sectional data and strong assumptions 
about the trend in relative mobility (see Chetty 
et al. 2017; also see Hout 2018 for a study of more 
recent trends in absolute mobility based on the 
General Social Survey). A handful of studies fur-
ther suggest a possible decline in relative mo-
bility (Aaronson and Mazumder 2008; Mitnik, 
Cumberworth, and Grusky 2016). But other 
studies suggest otherwise (Chetty et al. 2014; 
Lee and Solon 2009; Hout 2015).

4. The data collected by the various negative income tax studies of the 1960s and 1970s, which mainly examined 
effects on labor supply, have not been preserved and thus cannot be used to address long-term effects (but see 
Price and Song 2018).
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It is also problematic that most of the cur-
rent research on mobility is limited to eco-
nomic (earnings or income) mobility alone. 
Income offers an important but incomplete 
view of social mobility. The case for a more 
complete assessment rests on evidence that oc-
cupations and related measures of social class 
can affect behaviors, attitudes, and political 
participation in ways not understandable in 
wholly economic terms (Weeden and Grusky 
2005, 2012). It also rests on the understanding 
that economic mobility is endogenous to the 
underlying structure of occupational opportu-
nities that give rise to earnings and income. 
The occupational structure represents this 
larger organization of opportunities that may 
be facilitated or limited by various types of so-
cial closure that operate partly at the occupa-
tion level (such as unions or occupational li-
censes). Even more important, it is likely that 
some individuals trade off earnings for other 
occupational rewards (autonomy, prestige), the 
implication being that analyses based on eco-
nomic standing alone may misrepresent the 
true amount of opportunity. In short, data on 
occupational mobility are fundamental in 
themselves and would be important to collect 
even if it were possible to fully describe income 
and earnings mobility.

Nearly a half-century has passed since the 
last multidimensional assessment of social mo-
bility in the United States (Featherman and 
Hauser 1978; see also Blau and Duncan 1967), a 
state of affairs that contrasts sharply with prac-
tices in other countries (Breen, Mood, and Jons-
son 2016). This is a striking lapse considering 
the profound changes that have taken place in 
U.S. society over the past four decades. These 
changes include, for example, the historic in-
crease in women’s labor force participation, the 
decline in manufacturing jobs, the rise of ser-
vice employment, rising immigration and the 
associated ethnic diversification of the popula-
tion, the decline in white men’s labor force par-
ticipation, the ongoing changes in family and 
household structure, and the increase in eco-
nomic inequality (Fischer and Hout 2006). How 

have these changes affected opportunities 
within American society? We cannot know un-
til a full multidimensional assessment of mo-
bility is undertaken.

This state of affairs led David Grusky and 
Matthew Snipp to meet with officials at the Cen-
sus Bureau, the Office of Management and Bud-
get (OMB), and the National Science Founda-
tion in 2012 to begin a conversation about how 
to collect the requisite data. These conversa-
tions made it clear that a follow-up study of 
social mobility comparable to the two previ-
ous studies (Blau and Duncan 1967; Feather
man and Hauser 1978) would be an expensive 
undertaking. The 1973 study, based largely on 
a monthly supplement to the Current Popula-
tion Survey (CPS), cost approximately $2.0 mil-
lion, which is nearly $12.0 million in 2018 dol-
lars.5 Worse yet, a new study that does not take 
the form of a CPS supplement likely would cost 
many times this amount, possibly exceeding 
the entire annual budget that the National Sci-
ence Foundation allocates for sociological re-
search.

With support from the National Science 
Foundation and the National Research Council, 
work commenced in 2013 to develop a plan for 
launching a new study of social mobility.6 The 
core task at that point was to identify a survey 
vehicle for the study, with the main possibilities 
being the CPS, the Survey of Income and Pro-
gram Participation (SIPP), and the ACS. The 
second task was to identify the most important 
content domains to be included in this new 
study. To accomplish these tasks, the group 
sought the assistance of a wide range of social 
scientists, mainly sociologists, political scien-
tists, and economists who were experts in social 
mobility, education, immigration, and demog-
raphy. These individuals were invited to prepare 
papers on possible content domains for presen-
tation at a workshop held in June 2013 at the 
National Academy of Science’s Keck Center in 
Washington, D.C. The resulting papers were 
subsequently published as a volume in the An-
nals of the American Academy of Political and So-
cial Science (Grusky, Smeeding, and Snipp 2015).

5. Robert M. Hauser, personal communication with the authors.

6. The initial meeting and founding group included the authors and a few additional social and behavioral sci-
entists.
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This workshop was followed by a series of 
meetings of a smaller executive committee. The 
final meeting was held in August 2014. In the 
interim, Grusky, Timothy Smeeding, and Snipp 
met with the Census Bureau, OMB, the Depart-
ment of Commerce, and other agencies to dis-
cuss the development of plans for the AOS. In 
addition to the original group, representatives 
of the Census Bureau, the Internal Revenue Ser-
vice (IRS), and other federal government orga-
nizations were included in the meetings and 
deliberations.

Throughout these deliberations, the choice 
of the survey vehicle became clouded by various 
external considerations, especially the viability 
of securing space on the CPS or ACS instru-
ments. Holding such external considerations 
aside, one of the workshop papers expertly re-
viewed the costs and benefits of different survey 
vehicles, with the conclusion that the ACS 
might be the best option (Warren 2015). The 
SIPP, although rich in content, was rejected be-
cause its sample was not large enough to cap-
ture small immigrant groups and less common 
family structures. The CPS, although larger 
than the SIPP, was less rich in content and still 
too small to analyze certain immigrant groups 
and areas smaller than states. The ACS was even 
more circumscribed in content but delivered 
the most statistical power by virtue of its sam-
ple size. Ultimately, the group concluded that 
neither the CPS nor the ACS would be suitable, 
whereas the smaller SIPP panel with its “gold 
standard” linkages to administrative data con-
tained the all-important hint that administra-
tive data might be a way forward.7

Given these constraints, the committee ex-
plored the possibility of a “linkage solution” in 
which parent-child linkages were identified (via 
co-residency) in, for example, the 1990 census, 
and the subsequent occupation of the child was 
secured by linking to the 2000 census and the 
ACS. This approach was congruent with Census 
Bureau’s research program in the Center for Ad-
ministrative Records Research and Analysis 
(CARRA). The CARRA staff had successfully 
linked records in the 2000 and 2010 censuses 

to data from the Social Security Administration 
and the Internal Revenue Service. These data 
were further linked to the 2004 and 2008 SIPP 
panels to form the SIPP gold standard file 
(Johnson, Massey, and O’Hara 2015). Based on 
these and other linkage projects, the commit-
tee developed a more robust and lasting project 
that entailed first adding links to the 1990 cen-
sus, then turning to those from 1950 to 1980. 
The committee christened it the American Op-
portunity Study.

The Structure of the American 
Opportunit y Study
Because the data making up the AOS already 
exist, the initiative adds value solely by finding 
low-cost ways to digitize existing data, link 
them, and deliver them widely and safely (see 
Warren 2015; Johnson, Massey, and O’Hara 
2015). The AOS will rest on two types of links: 
intergenerational links to parents and other an-
cestors and intragenerational links across all 
censuses. The panel that results from linking 
censuses will be very useful in and of itself, but 
the research value will be even greater if it be-
comes possible to link them to other adminis-
trative databases and surveys. The resulting full 
panel is represented in figure 1. Although this 
figure represents the AOS as a single massive 
panel tracing many generations of American 
families from their arrival in the United States 
to the present, in practice it will be a potential 
dataset, in which only parts are assembled for 
any given research project. It is highly unlikely 
that any researcher would be given access to the 
AOS in its entirety.

The payoff to building out a full AOS, as rep-
resented in figure 1, would be substantial. If, 
for instance, approval to link to IRS 1040 and 
Social Security Administration (SSA) earnings 
records were secured, additional high-quality 
reports of income, earnings, and other vari-
ables would become available on an annual ba-
sis. Although IRS 1040 and SSA earnings reports 
are perhaps the most valuable linkages for the 
purposes of mobility research, other adminis-
trative records could be usefully incorporated 

7. Indeed, a new version of the SIPP might follow the path of omitting detailed questions on income and earnings, 
instead asking respondents for permission to access IRS, SSA, and other administrative data to measure income, 
earnings, and other variables more accurately assessed by administrative data.
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Figure 1. Schematic of the American Opportunity Study

Source: Authors’ schematics.
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as well (program participation records, incar-
ceration records, veterans’ records). The practi-
cal and legal obstacles to including additional 
types of administrative data are not trivial (for 
discussion, see Johnson, Massey, and O’Hara 
2015; CEP 2017).

How will the links be made? Researchers at 
the Census Bureau have developed a crosswalk 
from the universe of all social security numbers 
(SSNs) ever assigned to a new set of identifiers 
known as the protected identification keys 
(PIKs). Using the names, addresses, and birth-
dates in the 2000 and 2010 censuses and then 
comparing them with the names, birthplaces, 
and birthdates associated with SSNs, the re-
searchers have assigned PIKs to nearly every 
person record in the 2000 and 2010 censuses 
and the 2008 through 2016 ACS. The 1990 and 
earlier censuses, by contrast, have not yet been 
PIKed. Assembly of the AOS thus requires four 
more steps:

Assign PIKs to the person records in the 
1990 census (and ultimately all censuses 
from 1950 to 1980 as well).

Use these identifiers to then link to the 
same individuals in the 2000 through 2010 
decennial censuses, the 2008 through 2016 
ACS, and ultimately future decennial cen-
suses and ACS.

Add variables by using the same identifiers 
to link to data from other administrative 
sources (such as Social Security, Medicare 

and Medicaid, Veterans Administration, Bu-
reau of Justice Statistics, Department of Ed-
ucation, and Internal Revenue Service data).

Link parents to co-resident children within 
censuses. Verify and extend these intergen-
erational links by drawing on existing data-
bases that match the SSNs of parents to 
those of their children.

In all likelihood, two versions of the AOS will 
have to be created, one that omits sensitive ad-
ministrative data and other information to pre-
vent deductive disclosure, and another highly 
“secure version” that could only be analyzed 
in federal statistical research data centers 
(FSRDCs). The latter highly controlled version 
would include administrative data and would 
be accessible only under stringent restrictions 
and protocols, such as those outlined by the 
Commission on Evidence-Based Policymaking. 
In the balance of this section, we elaborate on 
each of the four steps, paying special attention 
to the various obstacles likely to be encountered 
in the course of doing so.

It is useful to begin by discussing how PIKs 
can be assigned to each individual in the 1990 
census. This procedure is carried out by using 
a set of variables (first name, last name, date of 
birth, address, sex) that, when taken together, 
make it possible to find an individual’s SSN in 
the Social Security Administration’s Numident 
file. The current PIKing procedures can likely 
be improved (see Warren 2015; Johnson, Mas
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sey, and O’Hara 2015). It is possible, for exam-
ple, that direct census-to-census linkages will 
yield results that are superior to approaches 
that involve “going up” to the Numident and 
assigning PIKs. When an optimal procedure is 
settled upon, it can be used to redo the existing 
PIKs for the 2000 through 2010 censuses and 
the 2008 through 2016 ACS, and then to PIK, for 
the first time, the 1950 through 1990 censuses. 
The latter step will allow us to go back further 
in time to monitor long-term trends or carry 
out long-run analyses of programs.

The AOS panel will thus provide observa-
tions on individual income, education, or oc-
cupation for individuals appearing in the 1990 
and earlier censuses, the relevant administra-
tive sources (IRS 1040, SSA earnings reports), 
and the ACS. The final step is to match parents 
and children by exploiting relationship point-
ers in the 1990 census and by drawing on data-
bases that link parents’ SSNs to those of their 
children. The “Kidlink” files currently used by 
the IRS to determine whether tax filers are mak-
ing legitimate claims to dependent children 
could be used, for example, for intergenera-
tional matching in the AOS (for details and 
limitations, see Johnson, Massey, and O’Hara 
2015). Additionally, IRS 1040 forms can be used 
to improve the quality and scope of parent-
child matches, given that parents claiming chil-
dren as dependents have been required, since 
1987, to list the SSNs of the children they claim, 
whether the children live with the parent or 
not. Finally, the ACS and decennial censuses 
also identify children of the household head, 
thus providing a further source of parent-child 
matches (see Johnson, Massey, and O’Hara 
2015).

The AOS, as designed, will provide a high-
quality scaffold for monitoring mobility with-
out the cost of mounting a new mobility survey, 
without further burdening existing surveys with 
intergenerational modules, and without trou-
bling people by repeating questions they have 

already answered. It thus provides a partial so-
lution to the problems arising from low re-
sponse rates and measurement errors for many 
survey-based reports, particularly earnings and 
income (Meyer, Mok, and Sullivan 2015). It is 
unlikely, however, that surveys will disappear 
altogether from this post-AOS world (NASEM 
2017). To the contrary, the AOS would allow sur-
veys to become more efficient because they 
could be used exclusively to ascertain variables 
that are not available in the AOS. Given the 
AOS’s architecture, any sufficiently large survey 
with individual identifiers could be linked to it, 
which means that additional variables collected 
as part of that linked survey could be appended 
to the AOS variables.8 Although an analysis 
based on the AOS alone would suffice for a wide 
range of descriptive studies, a survey supple-
ment to the AOS might be useful for studies of 
the causes, consequences, and social correlates 
of mobility and of other program and policy ef-
fects.

The AOS will also provide multiple reports 
on many outcomes. We know, for example, that 
the detailed earnings records (DER) do not ac-
curately measure earned income, given that re-
spondents at the bottom ranges of the income 
and earnings distribution often overreport 
DER-based earnings because of wages earned 
outside the Social Security system (Bollinger et 
al. 2015; Hokayem, Bollinger, and Ziliak 2015). 
Even for higher-income earners, both the DER 
and IRS tax data help fill in unreported and un-
derreported earned incomes, which again 
speaks to the value of repeated measures of the 
sort that the AOS will provide.9

Benefits of the American 
Opportunit y Study
Will the benefits of building the AOS outweigh 
the costs? We address this question by describ-
ing how the AOS will assist with census opera-
tions and how it will support basic, applied, and 
policy-relevant research. We suspect that, re-

8. For voluntary surveys, respondent consent is required before any links can be made to administrative records, 
to the ACS, or to decennial censuses.

9. The AOS panel will be compromised insofar as many individuals are incorrectly linked (either intergeneration-
ally or intragenerationally), or many individuals cannot be linked at all. The available evidence suggests that 
these problems will be relatively minor and can be successfully remediated with sample weights and other 
approaches (only some of which assume that the data are missing at random).
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gardless of whether the AOS is built out in the 
near term, the country will eventually turn to 
an infrastructure of the AOS sort. This outcome 
is likely given the dividends to fully exploiting 
the country’s capacity to assemble a high-
quality panel. These dividends include the fol-
lowing:

the substantial cost savings and efficiencies 
that arise from reusing information that 
has already been collected for other pur-
poses (rather than mounting a new and rep-
licative data collection effort);

the capacity to base multigenerational com-
parisons on contemporary reports rather 
than recollections;

the relatively high quality of administrative 
data (relative to survey-based measures);

the spinoffs and cost savings to various cen-
sus products that become possible by ad-
vancing methods for PIKing and intergen-
erational matching (see Johnson, Massey, 
and O’Hara 2015);

the development of a monitoring infrastruc-
ture that, by virtue of being automatically 
“refreshing,” sidesteps the problems with 
unrepresentativeness that plague other 
long-running panels, such as the Panel 
Study of Income Dynamics (PSID) and the 
National Longitudinal Surveys (NLS);

the capacity to examine patterns of nonre-
sponse and attrition in surveys, such as the 
PSID and NLS, when they are linked to the 
AOS;10

the opportunity to gradually grow the AOS 
and extend its research uses by adding new 
administrative records (health data, pro-
gram use data);

the capacity to field leaner and more effi-
cient surveys by using the AOS as a sam-
pling frame and filling in core economic 
and demographic items before contacting 
survey respondents; and

the spinoff of an automatically refreshing 
sampling frame that, by virtue of combining 

census, ACS, tax, earnings, and other sources, 
may be superior to any competing frames.

This formidable list of infrastructural ben-
efits justifies in itself a move to an AOS-style 
panel. The policy and research benefits add fur-
ther weight to the case for an AOS. The analysis 
of social mobility, which was the main impetus 
for developing the AOS, will of course benefit. 
It will be possible to carry out trend analyses of 
mobility, sibling analyses of shared family ef-
fects, multidimensional analyses of mobility 
(combining income, education, occupation, 
and other dimensions), and even twin analyses 
of mobility (given the large sample size and 
hence large twin population). It will also be pos-
sible to exploit the replicate measurements em-
bedded in the AOS to complete better analyses 
of economic, socioeconomic, and labor market 
outcomes.

When additional administrative or survey 
data are linked to the infrastructure, even more 
research payoffs open up (see figure 2). It will 
be possible, for example, to examine the long-
run effects of earlier life circumstances on any 
of the additional dependent variables that then 
become available (health, political attitudes, 
social attitudes, retirement behavior). There 
would likely be substantial payoff, for example, 
to linking to the National Health and Nutrition 
Examining Survey, Add Health, the National 
Election Survey, the General Social Survey, Frag-
ile Families, the Health and Retirement Study, 
the Panel Study of Income Dynamics, and the 
National Longitudinal Surveys.

The AOS could also be used to examine the 
long-run effects of key independent variables 
that take the form of experimental treatments, 
nonexperimental exposure, or other types of 
life-cycle spells. The main payoff to the AOS is 
precisely this new capacity to examine the long-
run effects of social programs or policies (such 
as the GI Bill), individual-level institutional par-
ticipation (such as military service), tax policy 
(such as the earned income tax credit), or vari-
ous types of cohort or period effects (such as 
the Vietnam War). This capacity is represented 
at the bottom of figure 2.

10. Existing surveys, such as the PSID, can be used to test the accuracy of intergenerational linkages in the AOS 
(by PIKing the PSID and linking it to the AOS).
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The effects of many different types of insti-
tutional experiences could also be examined. 
We could, for example, link to Bureau of Justice 
data (or state and local data), making it possible 
to assess the long-term effects of incarceration 
on earnings, recidivism, and much more (see 
Looney and Turner 2018). We could likewise as-
sess the effects of training programs during and 
after incarceration as well as various post-
incarceration conditions (such as reception 

programs) on the life course of those experienc-
ing incarceration. If we linked to Veterans Ad-
ministration data on military service, we could 
examine the long-term effects of service on var-
ious economic and non-economic outcomes 
(see Autor et al. 2015).11 By linking to state data 
on schooling, we could better estimate the eco-
nomic and non-economic payoffs to various 
types of education. The same approach could 
be used to examine the effects of nurse home 

Figure 2. Expanded Schematic of the American Opportunity Study

Source: Authors’ schematics.
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11. This study combines administrative data from the U.S. Army, Department of Veterans Affairs (VA), and the 
Social Security Administration to analyze the effect of the VA’s Disability Compensation (DC) program on vet-
erans’ labor force participation and earnings.
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visiting programs, job training programs, child-
care and early childhood education, school ex-
periments, tax credits, and much more (Berlin 
2016).

The independent variable of interest can also 
take the form of historical events that affect all 
or some birth cohorts. If, for example, records 
from the Federal Emergency Management 
Agency were linked to the AOS, it would be pos-
sible to study the long-term impact of Hurri-
cane Katrina and the role of federal assistance 
in mitigating the disruption the storm caused 
to those who were exposed to it. In this case, a 
standard one-off assessment would be very ex-
pensive because those who were affected were 
relocated to sites throughout the country. The 
AOS would allow for an inexpensive assessment 
that exploited powerful quasi-experimental de-
signs. We could likewise use the AOS to assess 
the long-run effects of various wars, the effects 
of economic recessions and crises on those liv-
ing in hard-hit areas, and the effects of school 
shootings, terrorist attacks, and other trau-
matic events (such as the attacks of September 
11, 2001) on those living within the affected ar-
eas (even if they moved thereafter).

For all of these examples, the analysis be-
comes possible insofar as those exposed to a 
treatment can be identified via the census or 
administrative data already in the AOS, new sur-
veys that are linked to the AOS, or new admin-
istrative data that are linked to the AOS. In the 
limiting case, a simple list of those participat-
ing in the treatment would also suffice, assum-
ing that approval to use that list is secured.

How would treatment effects then be as-
sessed? If a bona fide experiment has been car-
ried out (such as a basic income experiment), we 
could observe the long-run outcomes of the 
treatment and control groups within the AOS 
architecture without incurring the usual high 
costs of tracking participants and repeatedly ad-
ministering survey protocols.12 Although the 
country’s main social science experiments have 
of course already been assessed in some fashion, 
these assessments frequently have not been able 
to fully examine long-run effects. The AOS would 

also provide for high-quality assessments in the 
absence of an explicit control group. In this case, 
the AOS would have the reach and sample size 
to allow for matched within-community com-
parisons, various types of regression disconti-
nuities, fixed effects on individuals, and all 
manner of related nonexperimental or quasi-
experimental approaches.

This suggests that policy evaluation in the 
context of an existing AOS would be revolution-
ized. Although the analysis of past experiments 
and treatments will sometimes be complicated 
by this need to find a list of participants, the 
same requirement can be met more easily for 
future evaluations. It follows that experiments 
and treatments could be assessed at very low 
cost. Whenever a new experiment or program 
was established, it could automatically be eval-
uated—with only relatively small investments 
in planning—within the context of the AOS ar-
chitecture.

Could research of this sort be completed 
without the AOS? Could the current state of af-
fairs—relying as it does on one-off analyses of 
tax and other administrative data—get the 
same work done? The existing approach is 
problematic because access to administrative 
data is limited and meted out idiosyncratically; 
the analyses typically have to be completed 
within the context of a single administrative 
dataset or a relatively small number of linked 
datasets; the total cost is high because each 
analysis is completed as a one-off study; and 
the capacity to carry out long-run analyses is 
compromised (given that the pre-2000 censuses 
have not been PIKed and converted into a 
panel). If the AOS were built, all of these prob-
lems would be solved at once.

The American Opportunit y Study 
and the Commission on E vidence-
Based Policymaking
Two critical questions affect prospects for fur-
ther developing the AOS. First, how does the 
AOS fit within the recommendations recently 
issued by the Commission on Evidence-Based 
Policymaking? Second, how does the National 

12. The basic income experiment conducted by Y Combinator Research will rely, for example, on administrative 
data to unobtrusively monitor key economic and non-economic outcomes.
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Secure Data Service, as laid out by the CEP, re-
late to the AOS?

The CEP provides a principled approach to 
ensuring privacy and confidentiality, address-
ing key research questions, providing channels 
for public comment, and ensuring public avail-
ability of evidence. The NSDS further ensures 
that the capacity to generate, access, and use 
data and evidence can be integrated within gov-
ernment institutions that are adequately 
funded and staffed. The NSDS may be under-
stood in this context as the “cloud” in figure 2 
surrounding the top two levels of the AOS in 
figure 1.

The NSDS sub-agency charged with data ac-
cess will receive projects, surveys, and evalua-
tions from qualified and approved researchers. 
These newly received data will then be linked 
to existing data within the cloud (when permis-
sion to link has been granted). Without directly 
assembling a master file in the cloud, the NSDS 
will make the required linkages, prepare a se-
cure dataset for analysis, and provide the qual-
ified research team with a report on the quality 
of the matched data and data edits. The NSDS 
will eventually be charged with producing re-
ports on data sensitivity and risk assessments 
for public release of de-identified confidential 
data. At the same time, each agency producing 
administrative data will have an office charged 
with producing cleaned administrative data, 
with these data then made available to the 
NSDS to link with other data for qualified and 
approved research.

This vision will require streamlining and 
modernizing standards for accessing data for 
research purposes. The NSDS will be guided by 
data-sharing agreements, data use agreements, 
and memorandums of understanding. As it 
stands, a standard template for these legal doc-
uments does not exist; instead, a patchwork 
quilt of laws governs data access and security. 
These must be updated with a uniform stan-
dard that works for the wide range of data that 
might be made available under the NSDS. This 
new standard might, for example, reconcile 
United States Code (USC) Title XIII (covering 
access to data collected by the Census Bureau), 
USC Title XXVI (governing data produced by the 
Internal Revenue Service), and the Confidential 
Information Protection and Statistical Effi-

ciency Act (governing data produced by the Na-
tional Center for Health Statistics and other 
federal statistical agencies).

These CEP recommendations are in the pro-
cess of being implemented. In late 2017, the U.S. 
House of Representatives passed the Founda-
tions for Evidence-Based Policymaking Act of 
2017 (H.R. 4174), which implements ten of the 
recommendations in the CEP report. It lays out 
the fundamental responsibilities of federal sta-
tistical agencies and the proactive duty of par-
ent departments and agencies to support their 
statistical agency or agencies; it stipulates that 
each cabinet department and independent 
agency should designate a chief evaluation of-
ficer, a chief data officer, and a statistical offi-
cial; it declares that agencies are to make their 
data assets publicly available except where the 
data are restricted (such as for confidentiality 
considerations); and it declares that agencies 
are to make their data assets available to statis-
tical agencies for purposes of developing evi-
dence (unless data-sharing is clearly prohibited 
by law).

However, twelve of the CEP’s recommenda-
tions were not included in H.R. 4174, and the 
creation of the NSDS was conspicuously among 
those that were absent. Because the legislation 
does call for the creation of an advisory board 
to set policies for the NSDS, it suggests that the 
NSDS might be established in a subsequent 
piece of legislation. The Bipartisan Policy Cen-
ter, a Washington, D.C., think tank and a lead-
ing advocate behind H.R. 4174, indicated that 
this was indeed their strategy. Responding to a 
query about why all twenty-two recommenda-
tions made by the CEP do not appear in H.R. 
4174, Bipartisan Policy Center staff reply that 
“the ten CEP recommendations included in the 
bill reflect those prioritized to build basic ca-
pacity while prioritizing important privacy pro-
tections at the outset. Future authorizing and 
appropriations legislation will incorporate ad-
ditional CEP recommendations” (Hart and Da-
vis 2017).

Nonetheless, because the organizational 
foundation for an NSDS has been in place for 
more than twenty years, it is hardly a radical 
step to formalize it. In 1994, the Census Bureau 
opened its first research data center (RDC) at 
the National Bureau of Economic Research in 
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Cambridge, Massachusetts. The objective was 
to create a secure enclave where researchers 
could access confidential census data in a 
highly controlled environment. Before any 
analyses could be carried out in an RDC, all re-
searchers were carefully vetted, and their proj-
ects were likewise carefully reviewed. The out-
put from the resulting data analyses were also 
reviewed by a Census Bureau employee trained 
in disclosure review before it was allowed to 
leave the facility.

Some twenty years later, twenty-nine RDCs 
operate around the country, and plans are to 
open more in the coming years. Although the 
early RDCs contained only data produced by 
the Census Bureau, the National Center for 
Health Statistics subsequently decided to make 
its confidential data available through the RDC 
network. Encouraged by the White House Of-
fice of Management and Budget, other agencies 
also began to make their data available through 
the RDC network. Currently, data from eleven 
federal agencies can be accessed through the 
RDC network, and more agencies are expected 
to become part of this system. To reflect this 
growth, the name of the Census Bureau RDC 
network was changed to the Federal Statistical 
Research Data Center system in 2014. It is, then, 
only a short step from the FSRDC system to the 
more ambitious NSDS. If the NSDS were to be 
formed, it would entail building up the capac-
ity of the FSRDC system, broadening access to 
new data, and adding staff to support the new 
work.

It follows that the AOS aligns well with the 
CEP’s vision for the future. When census, ACS, 
and tax data are PIKed and thus linkable from 
1950 to the present day, the country will have 
an exhaustive panel that represents the coun-
try’s population at any point in time, builds 
links across generations, and provides the ru-
dimentary scaffolding on which a vast array of 
administrative data might be added. The NSDS, 
as outlined by the CEP, thus becomes the orga-
nizational mechanism through which admin-
istrative data are accessed and successfully 
linked to this scaffolding.

Conclusion
The growing availability of administrative data 
will continue to transform how public policy is 

evaluated at all levels of government. The CEP, 
along with earlier initiatives undertaken at the 
OMB by the Obama administration, should be 
understood as important steps in expanding 
access to government data in policymaking. 
The AOS initiative should be understood, in 
turn, as providing the population-level scaffold-
ing for this administrative data revolution.

These efforts to link and deploy administra-
tive data still face many legal, bureaucratic, and 
political hurdles. The most commonly voiced 
concerns pertain, of course, to issues of confi-
dentiality. It is important in this regard to dis-
tinguish between first-order concerns about 
actual compromises to identifiable data and 
second-order concerns about the fallout from 
unwarranted public worries about such com-
promises.

The first-order concerns are arguably the 
less formidable ones. This is because, as legiti-
mate as first-order concerns are in other con-
texts, no special or troubling confidentiality is-
sues arise with the AOS. In assembling the AOS, 
the NSDS would indeed rely on various identi-
fiers, but these are only interim “production 
tools” that will ultimately be stripped from the 
released product and that will exist only in the 
cloud of figure 2. This type of procedure is al-
ready standard practice for a variety of census 
products and raises no new or special concerns. 
Likewise, the AOS would be made available only 
to carefully vetted researchers and research 
projects through federal statistical research 
data centers, again a long-standing and very 
successful delivery mechanism that raises no 
new or special concerns.

When the AOS is made available, the de-
mand will likely be so high that existing FSRDCs 
will have to grow in size, new FSRDCs will have 
to be opened, and processes for accessing AOS 
data within the FSRDCs will have to be stream-
lined within the CEP guidelines.

We obviously cannot rule out the possibility 
of legitimate first-order concerns. Rather, our 
point is simply that we are currently unaware 
of any troubling confidentiality issues that the 
preceding practices, all of which are standard 
and ongoing, might raise in the foreseeable fu-
ture, assuming that the AOS is indeed embed-
ded in the NSDS. Because we could be overlook-
ing legitimate concerns, a crucial part of the 
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debate about the AOS and the NSDS should be 
an open and wide-ranging discussion of the 
types of security breaches that might occur and 
how they might be prevented. The Census Bu-
reau is, for example, currently developing new 
standards for the disclosure review process in 
direct response to concerns raised by the data 
security literature.

Although a full discussion of first-order con-
cerns should be an important part of any delib-
erations about the AOS, our strong suspicion is 
that the most pressing worries will prove to be 
of the second-order variety, especially in light 
of recent revelations of data misuse by private 
social media companies. These revelations cre-
ate a problematic climate for discussing data 
security even though they do not bear directly 
on AOS security. That is, most of us very reason-
ably worry about the public’s perception of the 
AOS, not about any actual compromises to pri-
vacy that the AOS might imply. The standard 
prescription for such misinformation prob-
lems, and one to which we default here, is sim-
ply a call for a full and frank discussion of the 
facts of the matter.

We are hopeful that the public will conclude 
that the benefits are profound and that the risks 
are minimal and can be contained. If the AOS 
is successfully developed, it will prove to be a 
transformative tool that upgrades the country’s 
capacity to evaluate programs and policies, al-
lows for evidence-based debate about our pro-
grams and policies, and improves the science 
of poverty, unemployment, and other social 
and economic problems.
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States. Despite decades of research, however, 
we still lack clear answers.

In this article, I provide new evidence to in-
form these debates. It suggests that the lack of 
a clear answer to the question is explained in 
part by the substantial variation in the role of 
schooling in shaping educational opportunity 

Educational Opportunity in 
Early and Middle Childhood: 
Using Full Population 
Administrative Data to Study 
Variation by Place and Age
Sea n F.  Reardon

I use standardized test scores from roughly forty-five million students to describe the temporal structure of 
educational opportunity in more than eleven thousand school districts in the United States. Variation among 
school districts is considerable in both average third-grade scores and test score growth rates. The two mea-
sures are uncorrelated, indicating that the characteristics of communities that provide high levels of early 
childhood educational opportunity are not the same as those that provide high opportunities for growth 
from third to eighth grade. This suggests that the role of schools in shaping educational opportunity varies 
across school districts. Variation among districts in the two temporal opportunity dimensions implies that 
strategies to improve educational opportunity may need to target different age groups in different places. 

Keywords: educational opportunity, inequality of opportunity, school effects

Educational Opportunity in Child-
hood

Are public schools in the United States engines 
of mobility or agents of inequality? Can schools 
in low-income communities provide a pathway 
out of poverty, or are the constraints of poverty 
too great for schools to overcome? Such ques-
tions are at the heart of debates about the role 
of education in social mobility in the United 
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across places. Early childhood conditions are 
more important in some places, educational 
opportunities during the elementary and mid-
dle school years more important in others.

The article also provides a demonstration of 
how administrative test score data can be used 
to construct high-resolution place- and age-
based measures of educational outcomes, de-
spite a number of major limitations of available 
administrative data. In particular, the standard-
ized tests used in schools vary across place, 
grade, and year; the resulting scores are typi-
cally coarsened into a small number of ordinal 
categories whose definitions also vary across 
place, grade, and year; and the scores are re-
ported only in repeated cross-sectional aggre-
gate format rather than as student-level longi-
tudinal records. Although these features of 
educational testing and reporting limit some 
potential uses of administrative test score data, 
the data can nonetheless provide useful infor-
mation about the spatial and temporal struc-
ture of educational opportunity in the United 
States.

In this article, I first use standardized test 
scores from roughly forty-five million public 
school students tested during the school years 
2008–2009 through 2014–2015 to construct mea-
sures of the temporal structure of educational 
opportunity in more than eleven thousand 
school districts—almost every district in the 
United States. By a school district, I mean the 
geographically defined community—including 
all of its local institutions—served by a public 
administrative school district. When I refer  
to the opportunities available in a district, I 
therefore mean the opportunities available to 
children living in that district, including the 
educational opportunities they have in their 
homes, neighborhoods, childcare and preschool 
programs, afterschool programs, and their pub-
lic schools.

For each school district (read “community”), 
I construct two measures: the average academic 
performance of students in grade three and the 
within-cohort growth in test scores from grade 
three to eight. I argue that average test scores 
in a school district can be thought of as reflect-
ing the average cumulative set of educational 
opportunities children in a community have 
had up to the time when they take a test.

Seen this way, the average scores in grade 
three can be thought of as measures of the av-
erage extent of “early educational opportuni-
ties” (reflecting opportunities from birth to age 
nine) available to children living in a school dis-
trict. Research suggests that these early oppor-
tunities are strongly related to the average so-
cioeconomic resources available in children’s 
families in the district. They may also depend 
on other characteristics of the community, in-
cluding neighborhood conditions, the avail-
ability of high-quality childcare and preschool 
programs, and the quality of schools in grades 
K–3.

The growth in average test scores from grades 
three to eight can likewise be thought of as a 
measure of the average extent of middle child-
hood educational opportunities available to 
children living in a school district when they 
are roughly age nine to fourteen. Given the 
prominence of schooling in children’s lives at 
these ages, these opportunities may depend in 
large part on the quality of the local elementary 
and middle schools. They may also depend on 
average family resources, of course, as well as 
other local conditions, including neighborhood 
characteristics and the availability of after-
school programs.

Given these two measures, average scores in 
eighth grade are then understood to reflect the 
cumulative set of early and middle grade edu-
cational opportunities available to children in 
a school district. The decomposition of eighth 
grade average scores into the two components, 
reflecting early opportunity and middle grades 
opportunity, provides insight into the temporal 
structure of educational opportunity. The avail-
ability of these two measures for more than 
eleven thousand school districts yields unprec-
edented insight into the geographic and tem-
poral structure of childhood educational op-
portunity in the United States.

In the second part of this essay, I describe 
both the relationship between these two mea-
sures and their association with socioeconomic 
characteristics of school districts. I find that the 
two measures are largely uncorrelated; early 
and middle grade opportunities appear to be 
distinct and separable dimensions of local ed-
ucational opportunity structures. Among dis-
tricts with a given level of average test scores in 
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third grade, variation in growth in average 
scores from third to eighth grade is wide. More-
over, although both dimensions of opportunity 
are positively associated with district socioeco-
nomic conditions, the correlation is much 
weaker for the middle grades growth dimen-
sion. Many low-income school districts have 
relatively high measures of growth and many 
affluent districts have relatively low growth. Fi-
nally, I also examine the temporal opportunity 
structure separately by racial-ethnic group and 
for poor and nonpoor students.

I conclude with two discussion sections. The 
first reflects on the value and limitations of the 
administrative data I use here, the process of 
obtaining the data and constructing the mea-
sures I use, and other potential uses of these 
data. The second reflects on the substantive 
patterns evident in the data, linking them to 
several scholarly and policy discussions. These 
patterns suggest that the role of schooling (and 
factors that shape children’s academic progress 
during the years they are in school) in shaping 
educational opportunity (and perhaps social 
mobility) varies across communities. The an-
swer to the question of whether schools exac-
erbate or ameliorate socioeconomic inequality 
may be “it depends on where you live.” More-
over, the variation among districts in the two 
temporal opportunity dimensions implies that 
strategies to improve educational opportunity 
may need to target different age groups in dif-
ferent places. Finally, one implication of the 
low correlation between growth rates and aver-
age third-grade scores is that measures of aver-
age test scores are likely very poor measures of 
school quality. The growth measure I construct 
does not isolate the contribution of schools to 
children’s academic skills but is likely closer to 
a measure of school effectiveness than mea-
sures of average test scores are.

Background
Educational outcomes vary widely by socioeco-
nomic status and race-ethnicity in the United 
States. Children in high-income families, and 
those whose parent or parents have college de-
grees, systematically score higher on standard-
ized tests and are more likely to attend and 
graduate from college than lower-income stu-
dents and students whose parents did not at-

tend college. Similar disparities are evident be-
tween white and Asian students and African 
American, Hispanic, and Native American stu-
dents (Chetty et al. 2017; Reardon 2011; Rear-
don, Robinson-Cimpian, and Weathers 2015; 
Sirin 2005; Ziol-Guest and Lee 2016). This in-
equality in average group outcomes is prima 
facie evidence of systematic between-group dif-
ferences in opportunity because average aca-
demic capacities do not differ among groups 
(Nisbett 2011; Nisbett et al. 2012; Nisbett 1998). 
But disparities in outcomes alone do not indi-
cate the ways in which opportunities differ, nor 
the developmental stage when they are most 
salient. In particular, they do not tell us to what 
extent schools—and inequalities in schools—
are to blame for these patterns. Here I briefly 
discuss two strands of scholarship that are rel-
evant to this question: debates about the role 
of schools in shaping inequality, and evidence 
regarding place-based opportunity structures.

Schools as “the Great Equalizer”  
in the United States
The debate regarding schools’ role in providing 
educational opportunity and facilitating social 
mobility has a long history, particularly among 
sociologists. Three dominant arguments shape 
the debate. One position holds that schools re-
duce inequality of opportunity. The stark in-
equality in children’s family backgrounds cre-
ates large differences in children’s opportunities 
to learn, but school environments—in this ar-
gument—are less unequal than children’s 
home environments. Evidence for this view 
comes from research showing, for example, 
that racial or socioeconomic achievement  
gaps widen in the summer when children are 
not in school, but narrow (or at least do not 
grow) when children are in school (Alexander, 
Entwisle, and Olson 2001, 2007; Downey and 
Condron 2016; Downey, von Hippel, and Broh 
2004; Entwisle and Alexander 1994). This evi-
dence is sensitive to the scale used to measure 
academic performance, however: not all stud-
ies show these same patterns (von Hippel, 
Workman, and Downey 2017). Additional sup-
port for this argument comes from studies 
showing that poor children benefit more  
from expanded time in school—via universal 
preschool enrollment, universal kindergarten, 
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full-day kindergarten, and extended school 
days—than nonpoor children (Raudenbush 
and Eschmann 2015).

A second position is that schools have rela-
tively little effect on the inequality of educa-
tional outcomes; family background is a far 
stronger force than schooling. In this view, 
most educational inequality is produced early 
in children’s lives and by differences in family 
resources. This was the conclusion of the 1966 
Coleman report, and was, to some extent, the 
argument of Christopher Jencks and his col-
leagues (Coleman et al. 1966; Jencks 1972). Ad-
ditional evidence for this view comes from 
studies that find that socioeconomic or racial 
achievement gaps are large when children ar-
rive in formal schooling in kindergarten, and 
do not change appreciably during the schooling 
years (Reardon 2011; Reardon, Robinson-
Cimpian, and Weathers 2015).

Related to this argument is extensive evi-
dence documenting the developmental impor-
tance of early childhood experiences. Family 
income when children are young is particularly 
consequential, relative to family income when 
children are older, for children’s educational 
development (Duncan and Brooks-Gunn 1997; 
Duncan, Brooks-Gunn, and Klebanov 1994). 
Early childhood interventions can have signifi-
cant and lasting impacts on children’s out-
comes (Duncan and Magnuson 2016; Heckman, 
Pinto, and Savelyev 2013). And, conditional on 
income, where one lives as a young child ap-
pears to have more effect on college attendance 
and income in young adulthood than where 
one lives as an adolescent (Chetty, Hendren, 
and Katz 2016). The salience of early childhood 
experiences may mean that experiences during 
middle childhood and adolescence are rela-
tively unimportant in comparison.

Counter to this argument, however, are case 
studies and evaluations showing that schooling 
interventions or policies can have significant 
effects on achievement gaps, at least in some 
schools or as a result of specific interventions 
(Abdulkadiroglu et al. 2011; Bloom and Unter-
man 2012; Dobbie and Fryer 2011). Lottery-
based studies of charter schools, likewise, re-
veal considerable heterogeneity in both charter 
and traditional public schools’ effectiveness 
(CREDO 2015; Tuttle, Gleason and Clark 2012). 

This implies that malleable features of schools 
can have sizeable effects on students’ academic 
performance.

The third view is that schools are powerful 
agents of inequality. In this view, not only can 
schools have sizeable effects on student 
achievement, but social policies and economic 
forces also conspire to ensure that schools in 
high-poverty neighborhoods are systematically 
inferior to those in affluent communities. In 
this view, schools exacerbate social inequalities, 
in large part because society systematically in-
vests little in poor children’s schools. Evidence 
for this comes from studies showing that 
schools in low-income communities have less-
qualified teachers (Boyd et al. 2005; Lankford, 
Loeb, and Wyckoff 2002) and weaker curricula 
(Darling-Hammond 1998). An older strain of re-
search argues that high-poverty schools have 
systematically fewer financial resources (see, 
for example, Kozol 1967, 1991), though in many—
but not all—states this is no longer true, at least 
in terms of average per-pupil financial resources 
(Chingos and Blagg 2017). An alternate, neo-
Marxist version of this argument holds that cap-
italism requires an unequal schooling system 
to prepare students of different class back-
ground for their future roles in a capitalist 
economy (Bowles and Gintis 1976).

Each of these arguments has both supporting 
and countervailing evidence. This is both be-
cause there is some truth to each of them and 
because the role of schooling varies across place.

Geographic Variation in  
Educational Opportunity
Much of the discussion of the role of schools 
or the importance of early childhood is con-
cerned primarily with the average patterns of 
educational opportunity available to different 
socioeconomic or demographic populations. 
But recent research demonstrates that educa-
tional opportunity also varies significantly by 
location, even conditional on family income. 
Children’s educational outcomes—test scores, 
high school graduation rates, and college en-
rollment and attendance rates—vary widely 
across the United States. Raj Chetty and his col-
leagues, using tax records of twelve million 
children born in the United States in the early 
1980s, demonstrate that this variation is sub-
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stantial, even conditional on family income 
(2014). Among children born to families at the 
25th percentile of the income distribution, for 
example, college enrollment rates range from 
less than 25 percent to more than 65 percent 
across the 709 commuting zones they study.1 
That is, educational opportunity is a function 
of both place and family resources.

This is consistent with research on neigh-
borhood effects, which argues that neighbor-
hood contexts play a role in shaping educa-
tional outcomes (Chetty, Hendren, and Katz 
2016; Harding 2003; Sampson, Sharkey, and 
Raudenbush 2008; Wodtke, Harding, and El
wert 2011). Much of this literature, however, fo-
cuses on the effects of neighborhood economic 
conditions; research has been less successful 
at identifying the mechanisms through which 
neighborhood contexts and community institu-
tions shape educational opportunity. Chetty 
and his colleagues note that upward economic 
mobility of children born to low-income fami-
lies is lower in places with lower test scores and 
in more segregated places (2014). Both of these 
are consistent with a story in which the quality 
of local schools shapes opportunities for mo-
bility: in segregated areas, poor children are 
more concentrated in a subset of high-poverty 
schools; these schools may be lower in quality, 
leading to lower test scores, which reduce fu-
ture educational opportunities and may be re-
flected in lower wages. But the evidence is far 
from definitive. Indeed, in another paper, 
Chetty and his colleagues show that children’s 
neighborhood contexts when they are young 
are more influential than their neighborhood 
conditions after age ten, a finding that suggests 
schools may not play a central role in shaping 
mobility (Chetty, Hendren, and Katz 2016).

In short, the evidence is increasingly clear 
that educational opportunity and social mobil-
ity vary spatially. Less clear, however, is the role 
of schooling in shaping those patterns. Local 
contexts shape academic skills and human cap-
ital, but how? I provide evidence to help answer 
that question by describing evidence of the tim-
ing of these effects. By measuring average aca-
demic skills at different ages in each school dis-

trict, I provide information on how educational 
opportunity varies by age across communities.

Temporal Patterns of Educational 
Opportunity
Suppose we characterized each community on 
two dimensions of opportunity: opportunities 
available to children in early childhood and op-
portunities available during their middle child-
hood. Early opportunities might depend on 
experiences that children have in their homes, 
in childcare, and in preschool. These will be 
strongly influenced by the average family re-
sources in a community (income, social capital, 
educational attainment), but may also depend 
on neighborhood conditions and local context. 
For example, two equally poor communities 
may differ in the extent to which children are 
exposed to lead paint or other environmental 
toxins. Two equally affluent communities may 
differ in the quality of available preschool pro-
grams. Middle childhood opportunities may 
depend substantially on children’s schooling 
experiences and the quality of the local schools, 
but also may be shaped by family resources and 
neighborhood conditions, the availability of af-
terschool activities, neighborhood safety, and 
so on. 

Given these two dimensions, consider five 
potential patterns of the distribution of educa-
tional opportunities among communities. Each 
of these five corresponds to a panel in figure 1, 
and each is characterized by three features: the 
variance of early childhood opportunities, the 
variance of middle childhood opportunities, 
and the correlation between the two. The top 
portion of figure 1 illustrates patterns of early 
and middle childhood opportunities; the bot-
tom portion shows the corresponding stylized 
patterns of outcomes at the end of early and 
middle childhood that would result.

Early experiences largely shape outcomes. In 
this case, early childhood educational oppor-
tunities vary widely among communities, but 
middle childhood opportunities are similar 
across places. This might occur if, for example, 
early opportunities depend heavily on private 
resources (parental income and investments of 

1. Commuting zones are collections of counties similar to metropolitan areas but covering the entire United 
States. The average commuting zone includes about four counties.
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time and money in children’s development) 
and middle childhood opportunities are struc-
tured by public institutions (such as schools) 
that are much more equal in the opportunities 
they provide than are families. This pattern 
would be consistent with the view that schools 
are equalizing forces in society, at least relative 
to out-of-school experiences.

Middle childhood experiences largely shape 
outcomes. In this case, educational opportuni-
ties in early childhood are much less variable 
than those in middle childhood. This might oc-
cur if school quality were highly variable but 
preschool quality and parenting practices were 
not related to family resources. Such a scenario 
is admittedly not very likely given what we know 
about the world and the substantial impact of 
family resources on early childhood opportuni-
ties and development (Duncan and Brooks-
Gunn 1997; Phillips and Shonkoff 2000).

Both early and middle childhood opportunities 
vary considerably and are positively correlated. 
Here, there is really only a single dimension of 
opportunity: communities where children have 
above-average early opportunities tend to be 
those where middle childhood opportunities 
are also high, and vice versa. This might occur 
if school quality depended on average family 
socioeconomic resources, for example, or if 
family resources continue to play a powerful 
role in children’s educational development 
while they are in school. In this scenario, in-
equality of outcomes would grow from early to 
middle childhood.

Both early and middle childhood opportunities 
vary considerably, but are uncorrelated. In this 
case, the factors that shape early childhood op-
portunities (such as family resources, pre-
school quality, environmental hazards) are not 
the same as those that shape later opportuni-
ties (such as schools or afterschool programs). 
As a result, in some communities both early 
and middle childhood opportunities are high; 
in some both are low; and in some one is high 
and the other low. The presence of two distinct 
temporal dimensions of opportunity would 
suggest that strategies for improving opportu-
nity might need to be targeted by both age and 
place.

Both early and middle childhood opportunities 
vary considerably and are negatively correlated. 
In this case, middle childhood experiences tend 
to be compensatory. Those communities that 
provide low opportunities early in childhood—
because of, for example, low family resources 
or few or low quality preschools—do provide 
high opportunities later, and vice versa.

In the remainder of this article, I construct 
a version of figure 1 empirically. Specifically, I 
use aggregated test score data to construct two 
measures for each school district in the United 
States: a measure of average third-grade test 
scores (which can be thought of as the result of 
educational opportunities prior to third grade), 
and a measure of average learning rates from 
third grade to eighth grade (which can be 
thought of as the result of educational oppor-
tunities during late elementary and middle 
school). The underlying data represent virtually 
all U.S. third through eighth graders’ scores on 
state accountability tests from 2009 to 2015. I 
use these data to construct measures of average 
initial (third grade) test scores and growth rates 
of average scores in each district. Essentially, I 
partition each district’s average eighth-grade 
scores into two components—initial third-
grade levels and growth from third through 
eighth grade. This partition provides informa-
tion about the temporal structure of educa-
tional opportunity in each school district.

Data
The test score data I use come from the Stan-
ford Education Data Archive (SEDA), which in-
cludes estimates of the average test scores—by 
school district, grade, year, subject, and race-
ethnicity—of students in almost every public 
school district in the United States (Reardon, 
Ho et al. 2017). These estimates are based on 
roughly three hundred million state account-
ability test scores (taken by roughly forty-five 
million students) on math and English lan-
guage arts (ELA) tests in grades three through 
eight from 2009 through 2015 in every public 
school district in the United States. The SEDA 
data are publicly available.2 Cells with fewer 
than twenty students are suppressed in public 
SEDA data.

2. Stanford Education Data Archive, http://seda.stanford.edu (accessed October 10, 2018).
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The SEDA data are constructed from admin-
istrative data, but are not simple tabulations of 
administrative records. The raw test score data 
used to construct the SEDA data come from the 
federal EDFacts data collection system, which 
were provided by the National Center for Edu-
cation Statistics under a restricted data-use li-
cense. The data include, for each public school 
in the United States, counts of students scoring 
in each of several academic proficiency levels, 
often labeled along the lines of below basic, ba-
sic, proficient, and advanced. These counts are 
disaggregated by race-ethnicity, grade (grades 
three through eight), test subject (math and 
ELA), and year (school years 2008–2009 through 
2012–2015).

Using these proficiency category counts, my 
colleagues and I estimate average scores in each 
school district. The algorithm is described in 
the SEDA documentation (Fahle et al. 2018). 
Charter schools’ test scores are included in the 
public school district in which they are formally 
chartered or, if not chartered by a district, in 
the district in which they are physically located. 
Thus, here I conceptualize a school district as 
a geographic catchment area that includes stu-
dents in all local charter schools as well as in 
traditional public schools. Virtual schools—on-
line schools that do not enroll students from 
any well-defined geographic area—are dropped 
from the sample. Such schools enroll fewer 
than half of 1 percent of all students in the 
United States.

The test scores in each state, grade, year, and 
subject are placed on a common scale so that 
performance can be meaningfully compared 
across states, grades, and years. First, each 
state’s test scores are linked to the math and 
reading scales of the National Assessment of 
Education Progress (NAEP). The NAEP scale is 
stable over time and is vertically linked from 
fourth to eighth grade; this allows comparison 
of test scores among districts in different states 
and within a district across grades or years. Sec-
ond, the NAEP scale is transformed linearly to 
facilitate grade-level interpretations. In this 
new scale, the national average fourth-grade 

NAEP score in 2009 is anchored at 4; the na-
tional average eighth-grade NAEP score in 2013 
is anchored at 8. A one-unit difference in scores 
is interpretable as the national average differ-
ence between students one grade level apart 
(for much more detail on the linking method 
and scale, see Reardon, Kalogrides, and Ho 
2016). Details on the source and construction 
of the estimates are available on the SEDA web-
site.

Any description of test score growth or 
change depends on the test metric used. The 
NAEP scale (or the linear transformation of it 
used here) is useful because it was developed 
to allow comparisons over time, across states, 
and across grades. Nonetheless, it is not the 
only defensible scaling of test scores. Another 
potential metric is one in which test scores are 
standardized relative to the national student 
test score distribution within each grade. In 
this scale, the average test score in each grade 
is 0 and the standard deviation is fixed at 1 in 
each grade. This is useful for comparing the 
relative magnitude of differences in test scores 
in one grade to another grade but may distort 
information about relative growth rates. If the 
variation in true skills grows over time, the 
standardized metric will necessarily compress 
that growth and bias it toward zero, inducing a 
negative correlation between initial status and 
growth. Here I use both the NAEP metric (re
scaled to grade-equivalent units) and a stan-
dardized metric, though I focus primarily on 
the vertically linked NAEP metric because it al-
lows meaningful changes in variance across 
grades. I use the standardized metric as a sen-
sitivity check.3

Estimating Average Test Scores and  
Growth in Average Test Scores
Each school district includes as many as eighty-
four grade-year-subject specific measures of av-
erage test scores (six grades, seven years, and 
two subjects). I use these estimates to construct 
measures of the average performance of stu-
dents in a given grade (pooling across years and 
subjects) and the within-cohort growth rate of 

3. Other scalings of the test metric are defensible, of course. The indeterminacy of test metrics poses a challenge 
to any analysis of growth rates (Bond and Lang 2013; Ho 2008; Ho 2009; Reardon 2008). For more discussion 
of the sensitivity of the estimates to alternative test scalings, see the appendix.
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average scores across grades (pooling across 
cohorts and subjects). This approach is concep-
tually similar to that used by Paul Hanselman 
and Jeremy Fiel in their study of test score 
growth rates among California schools (2017).

First, I define a cohort of observations as the 
set of observations corresponding to sequential 
grades in sequential years. Therefore, for exam-
ple, one cohort is composed of students in third 
grade in 2009, fourth grade in 2010, fifth grade 
in 2011, and so on, through eighth grade in 2014. 
The next cohort consists of those in third grade 
in 2010 (eighth grade in 2015), and so on. For-
mally, I define a cohort as the spring of the year 
in which a group of students would have been 
in kindergarten (so that cohort = year – grade); 
thus the 2005 cohort describes students who 
were in kindergarten in spring of 2005 (and who 
therefore appear in the SEDA data from fourth 
grade in 2009 through eighth grade in 2013). 
Twelve cohorts are represented in the SEDA 
data, from the 2001 cohort (in eighth grade in 
2009) through the 2012 cohort (in third grade 
in 2015).

Note that this definition of cohort does not 
necessarily correspond to a constant group of 
students. That is, the students in eighth grade 
in 2014 in district d are not the same set of stu-
dents who were in third grade in district d in 
2009. Some students may have been retained 
in grade or skipped a grade; some may have left 
the district; others may have moved in. Such 
in- and out-migration may add random or 
systematic noise to our estimates of average 
growth rates; we may underestimate growth  
in places where those who leave are dispro
portionately higher-achieving than those who 
move in. Conversely, we may overestimate 
growth in places with the opposite in- and out-
migration patterns or with high retention rates. 
This is a limitation inherent in the raw EDFacts 
data, which do not include student longitudinal 
records. 

Let µ̂dygb and ωdygb = se(µ̂dygb) indicate the esti-
mated average test score and its standard error 
for students in district d in year y , grade g, and 
subject b. Let grd ∈ (3,4,5,6,7,8) and coh ∈ (2001, 
. . .,2012) be continuous measures of grade and 
cohort, and let math ∈ (0,1) be a binary indica-
tor variable denoting the subject of an observa-
tion. Using data from all districts, years, grades, 

and subjects, I fit versions of the following 
precision-weighted multilevel model:

β0d = γ00 + XdΓ0 + ν0d

β1d = γ10 + XdΓ1 + ν1d

β2d = γ20 + XdΓ2 + ν2d

β3d = γ30 + XdΓ3 + ν3d
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I fit these models via maximum likelihood, 
treating ω 2

dygb as known (it is the square of the 
standard error of µ̂dygb ). The variance term σ 2 
and the τ 2 matrix are estimated.

I first fit this model with no district-level co-
variates (Xd). This model provides estimates of 
a number of parameters of interest: the average 
third-grade test score in each district d (β0d), the 
average within-cohort growth rate of test scores 
from grades three to eight in district d (β1d), the 
variances of these two parameters in the popu-
lation of all districts, and the correlation be-
tween grade-three average scores and growth 
rates. Given the stated framework, we can think 
of β0d as a measure of the average educational 
opportunities children in district d have prior 
to the end of grade three. Likewise, we can 
think of β1d as a measure of the average educa-
tional opportunities children have to learn the 
tested material between grades three and eight. 
The predicted average test scores in district d 
in eighth grade are therefore the sum of aver-
age grade-three scores and five years of growth: 
β0d + 5β1d .

Because µ̂dygb is scaled to have an average 
value of 4 among fourth graders in 2009 and an 
average of 8 among eighth graders in 2013, the 
coefficients β0d and β1d reflect grade-level units. 
Note that β0d = 3 implies that students in district 
d have the same average scores in third grade 
as the average 2008 third grader in the United 
States. Likewise, β1d = 1 implies that students in 
district d have the same average learning rate 
from grade three to grade eight as the average 
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U.S. student in the 2005 cohort. A value of 
β1d = 1.1 or β1d = 0.90 , for example, would imply 
that the performance of the average student in 
district d improves or declines, respectively, 10 
percent (one-tenth of a grade-level per year) 
faster or slower, respectively, than the average 
U.S. public school student from the third to the 
eighth grade.

Of particular interest here is the joint distribu-

tion of β0d and β1d. This is given by 
γ
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submatrix of τ2. This joint distribution is our 
primary focus: τ00 and τ11 describe the variances 
of β0d and β1d, respectively, and their correlation 
is computed as r01 = τ01 (τ00 · τ11)–1/2. Note that I 
estimate the covariance matrix τ2

[01] via maxi-
mum likelihood using the model above, rather 
than from the observed variances and covari-
ance of the estimated (and therefore error-
prone) β0d’s and β1d’s.

In addition to providing estimates of the pa-
rameters of the joint distribution of β0d and β1d, 
the model also provides estimates of β0d and β1d 
for each district. I use the Empirical Bayes (EB) 
shrunken estimates of these parameters, de-
noted β̂*

0d and β̂*
1d. The model provides estimates 

of the reliability of each of these estimates as 
well as a measure of their average reliability.

The other coefficients in the model are of 
less direct interest for our purposes here: β2d 

indicates the average within-grade (cohort-to-
cohort) change per year in average test scores 
in district d; β3d indicates the average (within 
grade and year) difference in math and reading 
scores in district d.

To estimate the association between district 
characteristics (denoted by the vector Xd) and 
average test scores (β0d) and test score growth 
(β1d), I fit models that add Xd as predictors of 
the district parameters in model (1).

Measuring Average Socioeconomic Status 
Among Enrolled Students
To measure the socioeconomic characteristics 
of the families of children, I use data from the 

American Community Survey (ACS). The ACS 
includes detailed sociodemographic data for 
families living in each U.S. school district; these 
tabulations are available through the School 
District Demographic System (SDDS). I use data 
from the 2006–2010 SDDS tabulations because 
they include tabulations of family characteris-
tics among families with school-age children 
enrolled in public schools.

In particular, I use six measures of the socio-
economic composition of families living in a 
district with children enrolled in public schools: 
median family income; percentage of adults 
with a bachelor’s degree or higher degree; pov-
erty rate; unemployment rate; Supplemental 
Nutritional Assistance Program eligibility rate; 
and percentage of families headed by a single 
mother. Each of these is available separately by 
race-ethnicity (for racial-ethnic groups of large 
enough local population size).

I construct a measure of each district’s aver-
age socioeconomic status as the first principal 
component of the six measures. This measure 
is standardized to have a mean of zero and a 
standard deviation of 1. To give a sense of how 
this measure is scaled, table 1 describes the av-
erage characteristics of school districts at vari-
ous values of the socioeconomic status (SES) 
composite.

Analy tic Sample
The data I use here include 11,315 school dis-
tricts for which I am able to compute a socio-
economic status variable and for which the 
SEDA data include measures of academic 
achievement. Districts not included in the 
sample are predominantly very small districts 
for which samples are too small for SDDS to 
report socioeconomic characteristics or that 
have fewer than twenty students total per 
grade (in which case the SEDA data do not in-
clude estimates of average test scores). The 
ACS SES variable cannot be constructed for 824 
districts; these are small districts (averaging 
forty-three students per grade) and contain 
fewer than 1 percent of U.S. public school stu-
dents. The districts in the analytic sample col-
lectively enroll roughly 3.7 million students 
per grade (roughly 99 percent of all U.S. public 
school students).
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4. The average district’s scores are not equal to the national average for three reasons. First, more small districts 
have above-average test scores and slightly lower than average growth rates, so the unweighted averages across 
districts are not identical to the enrollment-weighted averages. Second, some very small districts are not included 
in the analytic sample. Third, the national average is constructed relative to students in the 2005 cohort (grade 
four in 2009, grade eight in 2013), but districts’ average scores are computed using all cohorts in the SEDA data 
(cohorts 2001 through 2012). The average third-grade scores over all cohorts were slightly higher than those in 
the 2005 cohort, whereas the average growth rate was somewhat lower.

5. As noted, this correlation is sensitive to the scale used to measure test scores. 

Table 1. Average Family Socioeconomic Characteristics, at Various District SES Composite Values

SES Composite

–3 –2 –1 0 1 2

Median family income $24,038 $31,026 $39,634 $53,029 $78,644 $136,804
Percent with BA or higher 13.5 14.9 14.6 18.3 32.3 62.4
Poverty rate 48.0 37.6 25.9 14.7 6.0 1.6
SNAP eligibility rate 50.0 39.9 27.6 15.5 5.6 0.2
Unemployment rate 10.5 8.0 6.0 4.5 3.4 2.6
Single parent family rate 51.9 41.9 31.7 22.2 14.6 10.0

Source: Fahle et al. 2018, table 6.
Note: All numbers except income in percentages.

How Do Grade-Three Average Scores and 
Growth Rates Vary Among Districts?
Model 1 provides estimates of the average grade-
three test scores and the average grade-three 
through grade-eight growth rate in each dis-
trict. It also provides maximum likelihood es-
timates of the variances and correlation of these 
parameters. Recall that we can think of the 
grade-three test score average as a measure of 
early educational opportunities in a district; the 
growth rate serves as a proxy for growth oppor-
tunities—the extent of educational opportuni-
ties in grades three to eight (though these op-
portunities may occur in and out of school).

Table 2 presents the parameters describing 
the joint distribution of these two measures. 
The left panel reports the results based on the 
preferred grade-equivalent NAEP scale; the 
right panel reports comparable results based 
on the standardized scale. Each panel includes 
a column for math and ELA score, as well as 
results from the model that pools the data and 
estimates a common grade-three level and 
growth rate for both subjects.

In the average school district, third-grade 
average test scores are roughly one-sixth of a 
grade level above the national average, and in-
crease by 0.97 grade levels per grade.4 By third 

grade, test scores vary substantially across 
school districts. The standard deviation of dis-
trict average third-grade scores is almost one 
grade level (0.98 grade levels), meaning that 
roughly one-third of school districts have aver-
age third-grade test scores more than one grade 
level above or below the national average (one-
sixth above and one-sixth below).

Perhaps surprisingly, the correlation be-
tween average third-grade scores and growth 
rates is very weak—and negative (r = –0.13). This 
means that knowing a district’s average third-
grade scores tells us almost nothing about the 
rate at which average scores change from third 
to eighth grade. Or, in terms of opportunity 
structure, the communities where children ex-
perience high opportunities to learn in early 
childhood and early elementary school are not 
necessarily those where opportunities to learn 
are high in the elementary and middle school 
years, and vice versa.5

The weak and negative correlation between 
grade-three levels and growth rates does not im-
ply no association between eighth-grade scores 
and growth rates. Because average eighth-grade 
scores are in part the result of growth rates, we 
would expect them to be positively correlated 
with growth rates, and they are, though the cor-
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relation is moderate (r = 0.49). This suggests 
that eighth-grade average scores carry more sig-
nal regarding growth rates than third-grade 
scores. However, if we estimate the correlation 
between growth rates and average scores 
across all grades three through eight (which is 
more typical of the level of detail publicly avail-
able about schools), the correlation is small 
(r = 0.21).

The right panel of table 2 repeats the analy-
sis using the standardized test score scale. In 
this scale, the correlation between growth rates 
and grade three average scores is similar, but 

slightly more negative than the estimate based 
on the grade-equivalent NAEP scaled scores. 
Again, average opportunities prior to third 
grade are a poor predictor of average growth 
rates.

One additional feature of table 2 is worth 
noting. The second and third columns of each 
panel show the estimate separately for math 
and reading tests. Between-district variation in 
growth rates is much higher in math scores 
than in reading (the standard deviation [SD] of 
growth rates is 40 percent larger in math than 
in reading), and—at least in the NAEP scale re-

Table 2. Characteristics of the Joint Distribution of Grade-Three Test Scores and Grade-Three Through Grade-
Eight Growth Rates

NAEP (Grade Equivalent) Scale Standardized Scale

Pooled Math ELA Pooled Math ELA

Grade three
Average 3.173 3.172 3.173 0.015 0.054 0.046
SD 0.976 0.919 1.084 0.341 0.361 0.337
Reliability 0.956 0.925 0.937 0.959 0.938 0.932

Growth, grades three through eight
Average 0.965 0.970 0.964 –0.008 –0.009 –0.005
SD 0.135 0.175 0.123 0.044 0.055 0.040
Reliability 0.859 0.843 0.754 0.854 0.822 0.749

Correlations
Grade three, growth –0.130 0.002 –0.365 –0.245 –0.282 –0.241
Average grades three through eight, growth 0.213 0.430 –0.086 0.079 0.100 0.057
Grade eight, growth 0.494 0.690 0.214 0.381 0.443 0.341
Grade three math, reading 0.902 0.909
Math growth, reading growth 0.661 0.760

Predicted average scores by district type
Grade-three average scores

High early, average growth opportunity 4.149 4.091 4.257 0.392 0.415 0.383
Average early, high growth opportunity 3.173 3.172 3.173 0.051 0.054 0.046
Difference –0.976 –0.919 –1.084 –0.341 –0.361 –0.337

Grade-eight average scores
High early, average growth opportunity 8.974 8.941 9.077 0.354 0.367 0.358
Average early, high growth opportunity 8.673 8.895 8.610 0.233 0.280 0.221
Difference –0.301 –0.045 –0.467 –0.121 –0.088 –0.137

Relative magnitude of 1 SD of high growth  
to 1 SD high early opportunity on grade-
eight scores

0.692 0.950 0.569 0.645 0.757 0.593

N (districts) 11,315 11,315 11,315 11,315 11,315 11,315

Source: Author’s calculations based on Stanford Education Data Archive (Reardon, Ho et al. 2017).
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sults—much less in third-grade achievement 
in math than in reading (the SD is 15 percent 
smaller in math than reading). This is consis-
tent with the commonly held belief that math 
skills are more affected by schooling, and that 
reading skills are affected by both home and 
school environments. Early childhood and early 
elementary opportunities to learn to read may 
be more variable than opportunities to learn 
math skills, but growth in math scores from 
grade three to eight appears to vary much more 
than growth in reading scores. Moreover, the 
correlation of growth and eighth-grade scores 
is much higher for math than for reading 
(r = 0.69 for math versus r = 0.21 for reading). In 
other words, eighth-grade math scores are a 
reasonably good proxy for growth rates in math, 
potentially because students’ math skills (par-
ticularly those measured by standardized math 
tests) are shaped largely by opportunities to 
learn during the elementary and middle school 
years.

That said, in the interest of parsimony, I fo-
cus for the remainder of this article on models 
that pool the estimates across math and read-
ing. Given the relatively high within-district cor-
relations between math and reading grade-
three scores (r = 0.90) and between math and 
reading growth rates (r = 0.66), models that 
pool the results across subjects capture most 
of the relevant information. Moreover, although 
growth rates and grade-three levels are esti-
mated reliably in all of the models here (gener-
ally above 0.75), they are lower in the subject-
specific models than the pooled models (where 
the grade-three averages are estimated with re-
liability 0.96 and the growth rates with reliabil-
ity 0.86). The higher precision of the pooled 
models allows for sharper distinctions among 
districts. Although differences may indeed be 
important in those factors that shape opportu-
nities for math and reading skill development, 
those issues are outside the scope of this anal-
ysis.

How Much Do Growth Rates Vary?
It is clear from table 2 that average test scores 
in grade three are uninformative as predictors 
of growth rates, perhaps because variation in 
growth rates is relatively small. It is useful 
therefore to quantify the magnitude of the vari-

ation in growth rates. The standard deviation 
of growth rates is 0.135 grade levels per year, or 
equivalently, 0.675 grade levels from grade three 
to grade eight. This means that in roughly one-
sixth of districts test scores improve by two-
thirds or more of a grade level from grades 
three to eight; in another one-sixth of districts 
scores fall behind by two-thirds or more of a 
grade level. Another way to quantify this is that 
a growth rate of 1.135 indicates that students’ 
scores increase 13.5 percent faster than the na-
tional average (an increase of 13.5 percent of a 
school year is roughly an additional twenty-five 
school days per year in the typical district, not 
a trivial amount). So variation among school 
districts in average growth rates is consider-
able.

Another way to quantify the relative magni-
tude is to compare the magnitude of between-
district variation in growth rates to that of 
between-district variation in grade-three test 
scores. Consider two school districts, one in 
which students’ third-grade scores are at the 
national average but growth rates are 1 stan-
dard deviation above the national average; and 
one in which students’ third-grade scores are 
1 standard deviation above the national aver-
age but growth rates are at the national aver-
age. In which district are students’ scores 
higher by eighth grade, and by how much? 
These calculations are shown in the bottom 
panel of table 2.

A standard deviation difference in growth 
rates experienced over five years from grade 
three to grade eight is equivalent to a 70 percent 
of a district standard deviation in grade-three 
levels. That is, in five years, students in the 
average-early-opportunity and high-growth-
opportunity district make up 70 percent of  
the grade-three gap relative to a high-early-
opportunity and average-growth-opportunity 
district. These results hold in both the reported 
scales.

Where Are Growth Opportunities Highest?
Figures 2 and 3 display the geographic patterns 
of grade-three average scores and grade-three 
through grade-eight growth rates. Figure 2 
shows that opportunities prior to grade three 
are highest in many of suburban and exurban 
school districts around metropolitan areas, 
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particularly in the Northeast, Midwest, and the 
California coast, and are low in much of the 
Deep South and the rural West. Growth oppor-
tunities in contrast are more varied. Tennessee 
is characterized by moderately low third-grade 
scores but above-average growth rates; Florida, 
by contrast, is characterized by slightly above-
average scores in grade three but very low aver-
age growth.

Table 2 and figures 2 and 3 indicate consid-
erable variation in both grade-three average 
scores and growth rates, but no high correla-
tion between the two. This is more evident in 
figure 4, which plots each district’s estimated 
growth rate (on the vertical axis) against its 
grade-three through grade-eight growth rate. 
The plot uses the EB estimates β̂ *

0d and β̂ *
1d; im-

precisely estimated values are shrunken toward 
the overall mean. Note that district estimates 
with a reliability less than 0.7 are not included 

in this or other figures (though their data are 
included in fitting model 1).

Figure 4 makes the very weak relationship 
between average third-grade test scores and av-
erage growth clear. The figure can be divided 
into four quadrants defined by districts’ early 
educational opportunity and growth opportu-
nities. In the upper right are districts character-
ized by high early educational opportunity and 
high growth opportunity, districts where stu-
dents have high average achievement in grade 
three and above-average growth rates after 
grade three. In the lower left are districts char-
acterized by the opposite pattern: low early and 
low growth opportunity. The off-diagonal quad-
rants have high early and low growth or low 
early and high growth opportunity structures, 
respectively.

The striking feature of figure 4 is the absence 
of a correlation between growth and initial 

Figure 2. Average Third-Grade Test Scores (Math and Reading Averaged), 2009–2015

Source: Stanford Education Data Archive (Reardon, Ho et al. 2017).

Mean grade-three test scores, in grade equivalent 
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2.5 or more grades above
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Missing
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Figure 4. Achievement Growth Rates by Grade-Three Achievement

Source: Author’s tabulations based on Stanford Education Data Archive (Reardon, Ho et al. 2017).
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Figure 3. Average Test Score Growth Rates (Math and Reading Averaged), 2009–2015

Source: Stanford Education Data Archive (Reardon, Ho et al. 2017).

Average achievement growth, grades 3–8
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0.7 to 0.8 grades per grade
Less than 0.7 grades per grade
Missing
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scores. Among districts with high grade-three 
scores are many with high growth and many 
with low growth; the same is true among those 
with low initial scores. This suggests the lack 
of a significant floor or ceiling effect in the es-
timates (which is not surprising, given that the 
data points reflect district average scores not 
individual student scores). Even among school 
districts with very high scores in third grade 
(three grade levels above average), some dis-
tricts have very high growth; the same is true 
among initially low-performing districts.6

Another perspective on figure 4 is provided 
by considering districts with the same eighth-
grade average scores. The lack of a substantial 
correlation between growth and grade-three 
scores implies that, among districts with the 
same eighth-grade average scores, some have 
higher grade-three scores and lower growth 
and others have lower initial status and higher 

growth. Figure 5 illustrates this: the plot is the 
same as figure 4, but includes lines represent-
ing levels of grade-eight average achievement 
drawn as isobars on the plot. Districts that fall 
anywhere on an isobar have the same average 
eighth-grade achievement, despite differences 
in initial status and growth rates. For example, 
a district where initial scores are one grade level 
below average and the average growth rates is 
1.2 will have the same average eighth-grade 
scores as one where initial scores are one grade 
level above average but growth rates are 0.8 
(both districts will fall on the g8 = 8 line).

Chicago, for example (see figure 6), has aver-
age third-grade test scores well below the na-
tional average (about 1.4 grade levels below), but 
very high growth rates. New York City students 
have both average third-grade scores and aver-
age growth rates. And in Henrico County (sub-
urban Richmond), Virginia, third-grade test 

6. The measures here are not subject to ceiling effects or regression to the mean for several reasons. First, the 
district average scores in third grade are very precisely estimated because of the large number of scores in each 
district; as a result, measurement-error induced regression to the mean is not a concern. Second, the district-
level means are generally not near the ceiling or floor of the tests; although individual students’ scores may in 
some cases reach a test’s floor or ceiling, the average in district does not (even in the highest-score district, 
average scores are less than 1 standard deviation from the test score mean, placing the average student in that 
district somewhere near the 80th percentile of the state’s test score distribution—so the average student in the 
district still has room to improve). Third, the methods used to construct the measures rely on the ordinal nature 
of test scores, and so are less sensitive to floor and ceiling effects than methods based on interval scale measures.

Figure 5. Achievement Growth Rates by Grade-Three Achievement, All Students, With Grade-Eight 
Achievement Isobars

Source: Author’s tabulations based on Stanford Education Data Archive (Reardon, Ho et al. 2017).
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scores are very high but growth rates are very 
low. As a result, eighth-grade scores in Chicago, 
New York, and Henrico County are quite similar 
(within a half grade level of each other) despite 
a range of 2.5 grade levels difference in their 
third-grade scores. Likewise, Detroit and Balti-
more eighth-grade test scores are quite similar 
to one another (and very low, more than 2.5 
grade levels below the national average), but in 
Baltimore the low eighth-grade scores are more 
the result of low growth opportunities than low 
early opportunities, the opposite of Detroit.

Figure 6 highlights the hundred largest 
school districts in the United States. The sub-
stantial variation among them on both the early 
and growth opportunity dimensions suggests 
that the variation evident in figures 3 through 
5 is not simply the result of idiosyncratic varia-
tion among small school districts or sampling 
noise. Each of these districts’ estimates are 
based on hundreds of thousands or millions of 
test scores (Chicago’s is based on more than 
two million, for example).

How Is Average Test Score Growth Related to 
District Socioeconomic Status?
Figure 7 displays the association between the 
socioeconomic status measure and both grade-
three average scores (upper figure) and growth 
rates (lower figure). The fitted lines are esti-
mated from a version of model 1 that includes 

a cubic function of socioeconomic status (SES) 
as a predictor of each of the four district-level 
parameters in the model. SES is positively as-
sociated with grade-three scores and growth 
rates, but the association is much stronger with 
grade-three average scores (r = 0.68) than with 
growth rates (r = .32). These associations are 
presented in figure 7.

It may seem strange that both grade-three 
average scores and growth rates are higher, on 
average, in high-SES districts than in low-SES 
districts, but the scores and growth are slightly 
negatively correlated. Figure 8 helps clarify 
these patterns. Each panel of the figure high-
lights districts in a given SES quartile. Low-SES 
districts have generally, but not always, low av-
erage scores, and many have lower than average 
growth rates. High-SES districts, in contrast, 
generally have above-average scores, but above-
average growth rates only slightly more often 
than below-average growth rates. In sum, so-
cioeconomic status distinguishes where dis-
tricts fall on the x-axis of figure 8 but is not es-
pecially predictive of where districts fall on the 
y-axis.

How Do Growth Rates Vary by Student 
Poverty Status, Race-Ethnicity, and Gender?
The preceding analyses demonstrate consider-
able variation among school districts in both 
early educational opportunities (as measured 

Figure 6. Achievement Growth Rates by Grade-Three Achievement, Hundred Largest School Districts

Source: Author’s tabulations based on Stanford Education Data Archive (Reardon, Ho et al. 2017).
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by average third-grade test scores) and in 
growth rates from grade three to grade eight. 
How do these patterns differ by students’ pov-
erty status, race-ethnicity, and gender? Figure 
9 displays average third-grade test scores (left 
panel) and growth rates (right panel) for poor 

and nonpoor students.7 The left panel com-
pares the average third-grade scores. On aver-
age, poor students’ average third-grade scores 
are 1.5 grade levels below those of their nonpoor 
peers in the same district. Moreover, despite 
considerable variation in the gap in average 

7. States report test scores by students’ economic disadvantage status; each state can define economic disad-
vantage differently, though in practice, most use eligibility for free or reduced-price lunch to define economic 
disadvantage.

Figure 7. Achievement Patterns and Socioeconomic Status

Source: Author’s tabulations based on Stanford Education Data Archive (Reardon, Ho et al. 2017).
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third-grade scores between poor and nonpoor 
students, almost every district falls well below 
the 45-degree line in the figure. Of the roughly 
ten thousand school districts for which we have 
enough data to estimate average achievement 
levels by poverty status, in only a handful do 
poor and nonpoor students arrive in third grade 
with equal academic skills (and in most of 
those few cases, both poor and nonpoor stu-
dents have low third-grade scores).

The right panel shows that the pattern is 

quite different when comparing poor and non-
poor students’ growth rates. In most school dis-
tricts, poor students’ growth rates are quite 
similar to those of nonpoor students in the 
same district (most of the districts fall near the 
45 degree line). The average within-district dif-
ference in growth rates between nonpoor and 
poor students is 0.04 grade levels per year. That 
is, in the average district, poor students have 
third-grade scores roughly 1.5 grade levels be-
low their nonpoor peers and fall behind by an 

Figure 8. Growth Rates and Grade-Three Achievement, by District SES Quartile

Source: Author’s tabulations based on Stanford Education Data Archive (Reardon, Ho et al. 2017).
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Source: Author’s tabulations based on Stanford Education Data Archive (Reardon, Ho et al. 2017).
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additional 0.2 grade levels by eighth grade. The 
difference in the early (before grade three) op-
portunities of poor and nonpoor students is 
much larger than the average difference in op-
portunities to learn in grades three to eight.

Table 3 reports the joint distributions of dis-
tricts’ grade-three average test scores and 
growth rates by subgroup. Each column de-
scribes the distributions for a different group—
by poverty status, race-ethnicity, and gender. 
The top row reveals the large differences in 
early educational opportunity by poverty status 
and race-ethnicity: poor students’ average 
scores are 1.5 grade levels below those of non-
poor students in third grade. The racial-ethnic 
disparities are similarly large: the white-black 
and white-Hispanic gap are also roughly 1.5 
grade levels in third grade.

The second panel of table 3 reports average 
growth rates. The average growth rate of poor 
students in the average district is 0.04 grade 

levels per year lower than that of nonpoor stu-
dents. The white-black difference in growth 
rates is -0.055. These are meaningfully large, 
but not enormous, differences; they imply that 
the poor-nonpoor and white-black gaps grow 
by roughly 0.20 to 0.25 grade levels between 
third and eighth grade, a modest increase rela-
tive to the size of the gaps in third grade.8 The 
Hispanic average growth rate is actually slightly 
higher than the white growth rate, meaning 
that white-Hispanic gaps narrow very slightly 
(by about one-eighth of a grade) between third 
and eighth grade. The Asian average growth 
rates are substantially higher, on average, than 
any other group, almost 0.15 grade levels per 
year higher than white growth rates. In the av-
erage district, Asian students have average 
scores roughly 0.7 grade levels higher than 
white students in grade three. This gap dou-
bles, on average, by eighth grade.9

The last two columns report growth rates by 

8. Hanselman and Fiel conduct a related but different analysis (2017). Using 1998 to 2002 test score data from 
California, they find that black, Hispanic, and Asian students attend schools where, on average, the overall aver-
age growth rates are only slightly lower than in the schools attended by white students. Their analysis does not, 
however, identify race-ethnicity specific growth rates, so is not directly comparable to the analyses here.

9. Average test score growth rates by subgroup are each estimated on a different sample of districts—those 
enrolling at least twenty students of that subgroup per grade. Therefore, the differences between subgroups’ 

Table 3. Characteristics of the Joint Distribution of Grade-Three Test Scores and Grade-Three Through Grade-
Eight Growth Rates, by Subgroup

All Poor Nonpoor White Black Hispanic Asian Male Female

Grade-three average
Average 3.173 2.351 3.803 3.535 1.933 2.177 4.286 3.088 3.274
Standard deviation 0.976 0.779 0.791 0.808 0.762 0.883 1.215 1.000 0.959
Reliability 0.956 0.901 0.913 0.931 0.899 0.881 0.899 0.943 0.941

Growth, grades three through eight
Average 0.965 0.942 0.985 0.967 0.912 0.992 1.110 0.932 0.998
Standard deviation 0.135 0.134 0.133 0.131 0.131 0.134 0.144 0.137 0.129
Reliability 0.859 0.809 0.811 0.831 0.796 0.770 0.719 0.829 0.819

Correlations
Corr (grade three, growth) –0.130 –0.475 –0.167 –0.148 –0.298 –0.431 0.273 –0.089 –0.087
Corr (average grades three 

through eight, growth)
0.213 –0.050 0.248 0.251 0.138 –0.057 0.508 0.245 0.242

Corr (grade eight, growth) 0.494 0.403 0.563 0.556 0.509 0.341 0.668 0.512 0.505

N (districts) 11,315 9,735 10,180 10,662 3,077 4,102 1,789 10,327 10,233

Source: Author’s calculations based on Stanford Education Data Archive (Reardon, Ho et al. 2017).
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gender. Girls have, on average, both higher 
third-grade scores and higher growth rates than 
boys. By eighth grade, girls’ average scores are 
roughly half a grade level higher than boys. 
Other research indicates that this difference is 
primarily due to the fact that girls substantially 
outperform boys on ELA tests, by nearly a grade 
level in eighth grade (Reardon et al. 2018).

Figure 10 summarizes the joint distribution 
of average third-grade scores and growth rates 
for each subgroup (the gender figures are not 

shown because the male and female patterns 
differ relatively little from one another relative 
to the racial-ethnic and socioeconomic differ-
ences). In most school districts, poor students, 
black students, and Hispanic students all have 
below-average test scores in third grade; non-
poor, white, and Asian students more com-
monly have above-average scores. The growth 
rate patterns differ somewhat. Black students, 
for example, are generally in districts where 
both their early opportunities and growth op-

Figure 10. Growth Rates and Grade-Three Achievement by Subgroup

Source: Author’s tabulations based on Stanford Education Data Archive (Reardon, Ho et al. 2017).

estimated average growth rates in table 3 are not exactly the same as the average within-district average growth 
difference. One should read the differences in average growth rates here as suggestive of how achievement gaps 
change from the third to eighth grade, but not definitive. A better description of how gaps change (and how 
those rates of change are related to the magnitude of the gaps in third grade) could be obtained by limiting the 
analyses to a subset of districts with large enough populations of the two subgroups of interest, and then esti-
mating the average rate of change of within-district achievement gaps in this sample of districts. That analysis 
is beyond the scope of this article.
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portunities are low (lower left quadrant). The 
pattern is not so pronounced for Hispanic stu-
dents and poor students: in many districts they 
have above-average growth rates despite below-
average third-grade scores. More generally, fig-
ure 10 makes clear that patterns of both early 
opportunity and growth opportunity vary sub-
stantially by poverty status and race, but that 
growth opportunities are sometimes quite high 
for poor and Hispanic students.

Discussion, Part One: The 
Potential and Limits of 
Administr ative Education Data
The data I use here, like most administrative 
data, are the residuum of a set of federal and 
state educational bureaucratic processes; they 
were not designed and collected with social sci-
ence research needs in mind. Each state tests 
all students in grades three through eight, and 
reports their scores—in aggregated and coars-
ened form—to the U.S. Department of Educa-
tion through the EDFacts system because fed-
eral law requires it. As a result, the data have 
both advantages and limitations.

Perhaps the most significant feature of the 
EDFacts data is their population coverage; the 
data are based on the test scores of the full pop-
ulation of public school students in grades 
three to eight in each year from 2008–2009 
through 2014–2015 (with some missing data, as 
noted). Roughly twenty-two million third 
through eighth graders are enrolled in public 
school each year in the United States; each takes 
both a math and ELA test. Over the seven years 
of data I use, therefore, states administered 
roughly three hundred million tests to these 
students. This is more than a hundred times as 
many tests as administered by NAEP over the 
same period: roughly six hundred thousand 
math and reading tests in grades four and eight 
in each of the years 2009, 2011, 2013, and 2015. 
Even a school or district with only twenty-five 
students per grade would be represented by 
more than two thousand test scores (7 years x 
6 grades x 2 subjects x 25 students = 2,100 tests) 
in the EDFacts data, versus only roughly sixteen 
in the NAEP data. The EDFacts data therefore 
can provide a high-resolution description of 
test score patterns even in very small schools 
or school districts.

The full population coverage of the EDFacts 
data make it possible to identify both general 
patterns of academic performance (such as the 
magnitude of achievement gaps) and heteroge-
neity in these patterns among subgroups, 
schools, districts, grades, and years. Sample-
based analyses (even large samples like NAEP) 
might be able to provide reliable estimates of 
average test scores and growth rates for the na-
tion as a whole, and by subgroup, or even by 
state (as is possible with NAEP data), but are 
generally inadequate to describe the heteroge-
neity of these patterns across smaller geo-
graphic or organizational units, like school dis-
tricts. As the analyses show, heterogeneity in 
these patterns among school districts is con-
siderable.

One additional benefit of these data is that 
they are not just publicly available but also 
identifiable and linkable to other data. Each 
school district in the public SEDA data is iden-
tified by name and by a unique NCES ID that 
can be used to merge the data to other data, 
public and private. As a result, these data allow 
us not only to quantify the variation among 
school districts in the key parameters of inter-
est here, but also to identify interesting cases 
or sets of cases to study further. For example, 
we might be interested in what community and 
school characteristics foster high test score 
growth rates for poor students. We could iden-
tify a set of school districts in which poor stu-
dents’ growth rates are high, and then collect 
additional data, through case studies, about 
these districts; such case studies might be used 
to generate causal hypotheses that could be sys-
tematically tested in a larger set of districts. In 
addition, the data can be linked to available 
data on local policy and context to study the 
effects of educational and social policies on ac-
ademic achievement (for examples of papers 
using the SEDA data to study the effects of 
social policy and conditions, see Shores and 
Steinberg 2017; Sorensen et al. 2018; Torats-
Espinosa 2018).

That said, the EDFacts data are far from ideal 
in a number of ways. First, the test scores are 
based on tests that differ across states and 
grades, and sometimes across years, making 
them not readily comparable except within a 
given state-grade-year. Second, the scores are 
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coarsened—reported in broad categories with 
labels such as basic, proficient, and advanced. 
Not only does the coarsening destroy some in-
formation, but the categories are also not de-
fined in comparable ways across states, grades, 
and year. Third, the EDFacts data are reported 
in aggregated form, as counts of students in a 
given subgroup, school, grade, and year who 
score in each of two to five ordered perfor-
mance categories; the EDFacts data do not in-
clude individual student records. This has two 
drawbacks: it is not possible to link students’ 
scores longitudinally or across subjects in the 
same grade and year; and no data on individ-
ual student characteristics are included in the 
data. The latter means that we can tabulate the 
test scores only according to the subgroups 
reported in the data (which are those that 
states are required to report by law: race-
ethnicity, gender, economic disadvantage, and 
so on); we cannot construct student-level cross-
tabulations (race-by-gender, for example).

These limitations are not trivial. The com-
parability issues due to differences in states and 
the definition of coarsened performance cate-
gories would seem to damn any attempt to com-
pare performance except within individual 
state-grade-year-subjects. Further, the coarsen-
ing of the data would seem to muddy any sta-
tistical comparisons between the test score dis-
tributions in different districts, even in the 
same state-grade-year-subject, because the 
means and variances of each district’s score dis-
tribution are not reported. My colleagues and 
I, however, demonstrate that it is possible to 
recover reliably estimated test score means and 
variances in each district-grade-year-subject, 
and then to link these to a common national 
scale that enables meaningful comparisons 
across all districts and across grades and years 
(Reardon, Kalogrides, and Ho 2016; Reardon, 
Shear et al. 2017). Using these methods, we con-
structed the estimated district-specific test 
score means I use in this article. These esti-
mates are publicly available through the Stan-
ford Education Data Archive.

One additional hurdle constrains the useful-
ness of the EDFacts data for research purposes. 
The raw EDFacts data are not publicly available; 
they require researchers to obtain a restricted 
data-use license from the National Center for 

Education Statistics. Moreover, to avoid disclo-
sure of individually identifiable information, 
researchers are required to send all analyses to 
NCES for review before dissemination or pub-
lication. The raw EDFacts data are unsup-
pressed, meaning that even if a single student 
of a given subgroup is in a particular school-
grade-year, that student’s test score is reported 
in the raw EDFacts data files. NCES reviews re-
search findings prior to dissemination to en-
sure that no individually identifiable informa-
tion is released publicly. To enable us to make 
the estimated test score distributions publicly 
available through SEDA, NCES and EDFacts 
provided us with a blanket disclosure agree-
ment. Under this agreement, we suppress any 
estimate based on a cell size of fewer than 
twenty test scores. In addition, we add a small 
amount of random noise to all reported esti-
mates to ensure that the estimation algorithm 
cannot be reverse-engineered to recover the un-
derlying cell counts. With these provisos in 
place, NCES allows us to release our estimates 
publicly without further disclosure review. Be-
cause of this agreement, we are able to publicly 
disseminate estimates of the distributions of 
test scores in grades three through eight from 
2009 through 2015, all measured on a common 
scale, in virtually every U.S. school district. 
These data are available at the Stanford Educa-
tion Data Archive.

Despite the value of SEDA, the available data 
cannot, however, overcome the limitations 
caused by the lack of student-level longitudinal 
data. Such data do, of course, exist. Most states 
now have education data systems that track in-
dividual students over time as long as they re-
main in the state’s public education system. 
One could, in theory, use states’ student-level 
longitudinal data files (and the continuous, un-
coarsened test scores they contain) for re-
search, as many scholars have done. The chal-
lenge, however, is in negotiating data-use 
agreements with each of the fifty states; without 
fifty separate data agreements, the use of 
student-level longitudinal data comes at the 
cost of full population coverage. Ideally, states 
might work together to create common systems 
for sharing de-identified individual educational 
records that would make it possible to conduct 
longitudinal student-level analyses with full 
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population coverage; until that time, research-
ers will face a trade-off between using inferior 
data with full population coverage or more 
complete data in samples or subsets of the pop-
ulation.

Discussion, Part T wo: The 
Heterogeneit y of Opportunit y
As noted, one of the advantages of having data 
on the full population of students, as opposed 
to a relatively small sample of students or dis-
tricts, is that both general patterns and varia-
tion become clear. The analyses demonstrate 
several key facts, some of which would not be 
evident without data of this kind.

First, variation is enormous among districts 
in the extent of early learning opportunities 
available to children before third grade. These 
differences are evident in the wide range of av-
erage third-grade test scores. Not surprisingly, 
early opportunities are strongly associated with 
districts’ socioeconomic characteristics; afflu-
ent families and districts are able to provide 
much greater opportunities than poor ones 
early in children’s lives.

What may be surprising, however, is the ex-
tent of variation among communities in the 
kinds of opportunities they provide for stu-
dents to learn from grades three to eight, and 
that these growth opportunities are at best 
weakly correlated with early opportunities and 
socioeconomic status. This is consistent, how-
ever, with other work showing that patterns of 
achievement do not correspond closely to pat-
terns of test score growth (Hanselman and Fiel 
2017). The empirical patterns presented earlier 
are most similar to the scenario described in 
panel D of figure 1: both early and middle child-
hood opportunities vary widely among school 
districts, but do not covary significantly.

It is tempting to think of growth rates in test 
scores as a rough measure of the effectiveness 
of a district’s public schools. This is neither en-
tirely inappropriate nor entirely accurate, how-
ever. The growth rates better isolate the contri-
bution to learning due to experiences during 
the schooling years than the grade-three scores. 
Grade-three average scores are likely much 
more strongly influenced by early childhood ex-
periences than the growth rates. Growth rates 
are therefore certainly better as measures of 

educational opportunities from age nine to 
fourteen than average test scores in a school 
district are. But that does not mean they reflect 
only the contribution of schooling. Other char-
acteristics of communities, including family 
resources, afterschool programs, and neigh-
borhood conditions may all affect growth in 
test scores independent of schools’ effects. 
Thus, some caution is warranted in interpret-
ing the average growth rates as pure measures 
of school effectiveness. Nonetheless, relative to 
average test scores (at grade three or any other), 
the growth rates are certainly closer to a mea-
sure of school effectiveness. Given that school-
ing plays a significant role in children’s lives 
from age nine to fourteen (at least in terms of 
time spent), it is not unreasonable to think that 
the growth measures carry some signal regard-
ing school quality—and more signal than con-
tained in simple average test score measures.

If we take the growth rates, then, as rough 
measures of school effectiveness, then neither 
socioeconomic conditions nor average test 
scores are especially informative about school 
effectiveness in a district. Many districts with 
high average test scores have low growth rates, 
and vice versa. Similarly, many low-income dis-
tricts have above-average growth rates. This 
finding calls into question the use of average 
test scores as an accountability tool or a way of 
evaluating schools. Because average test scores, 
even in eighth grade, are only weakly correlated 
with growth rates, any system that rewards or 
sanctions schools or districts on the basis of 
their average scores will necessarily do so inap-
propriately in many cases (assuming that we 
wish to incentivize growth rates). Any informa-
tion system that makes average test scores pub-
licly available to parents in the hopes that a 
market for high test score districts will emerge 
and drive school improvement may instead 
simply create a market for high-SES districts, 
increasing economic segregation without im-
proving school systems. To the extent that pub-
lic information about school quality affects 
middle- and high-income families’ decisions 
about where to live, information on growth 
rates might provide very different signals, per-
haps leading to lower levels of economic resi-
dential and school segregation.

That is not to say the growth rates of the type 
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I have calculated here—using repeated cross-
sectional aggregated data—are ideal, but they 
almost certainly are better signals than average 
test scores of the learning opportunities avail-
able in a school district. If we used measures 
like these as one part of an accountability 
system or a public information system, school 
districts in the upper-left quadrant of figure 4 
would be preferred (at least in grades three 
through eight) over districts in the lower-right 
quadrant. Future research might compare the 
growth measures I construct here with those 
based on longitudinal student-level data. Such 
measures would be immune from the potential 
noise in my measures that arises because of dis-
trict in- and out-migration or grade retention, 
or both.

The findings here also provide some insight 
into the issues raised in the opening of this pa-
per. Are schools engines of opportunity or 
agents of inequality? The answer is perhaps 
more nuanced than the question implies. Some 
school districts seem to provide high opportu-
nities for children from low-income families 
during elementary and middle school; others 
do not. This suggests that our school systems 
(or other community institutions) have the po-
tential to catalyze opportunity, but that poten-
tial is incompletely realized in many places. 
And although poverty is systematically associ-
ated with low opportunities to learn in early 
childhood, as evidenced by the consistently low 
average third-grade test scores in low-income 
districts, poverty very clearly does not strictly 
determine the opportunities for children to 
learn in the middle grade years. That said, it is 
not clear from the patterns here that an effec-
tive school system alone can make up for low 
opportunities in early childhood. The large 
gaps in students’ academic skills between low- 
and higher-SES districts are so large that even 
the highest growth rate in the country would 
be inadequate to closing even half of the gap by 
eighth grade.

These patterns have implications both for 
education policy and for our understanding of 
the potentially equalizing role of schools. In 
terms of policy, they suggest that levels of stu-
dent outcomes are a poor measure of school ef-
fectiveness. I am certainly not the first to say 
this, but the data from eleven thousand school 

districts demonstrate the point very clearly. The 
findings also suggest that we could learn a  
great deal about reducing educational inequal-
ity from the low-SES communities with high 
growth rates. They provide, at a minimum, an 
existence proof of the possibility that even 
schools in high-poverty communities can be ef-
fective. Now the challenge is to learn what con-
ditions make that possible and how we can fos-
ter the same conditions for children everywhere.

Appendix: Scale Sensitivit y of 
Correl ations Bet ween Grow th 
and Status
The correlation between initial status (grade-
three test average test scores in our case) and 
growth (change in average scores from grade 
three to grade eight here) is sensitive to the 
relative scales in which initial and final scores 
are measured. To see this, let Y3 and Y8 repre-
sent scores in grades three and eight, respec-
tively. Let ∆ = Y8 – Y3 the change in scores.  
Let τ3 = Var(Y3); τ∆ = Var(∆); and C = Cov(Y3, ∆) 
Note that the correlation of growth and initial 

status is then r∆3 = Corr(Y3,∆) = 
C
τ τ3 ∆

.

Now suppose we transform by a linear trans-
formation, where b > 0:

Y8′ = a + bY8.

The change as measured in this new metric is

∆′ = a + bY8 –Y3 = a + b∆ + (b –1)Y3.

The variance of changes in the new metric is

τ∆′ = b2τ∆ + (b –1)2τ3 + 2b(b –1)C.

And now the correlation of Y3 and ∆′ will be

′ = ′
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Now, given τ3, τ∆, and C (or r), r′ is a continuous, 
monotonically increasing function of b. Note 
that

lim
b

r Corr Y Y
→∞

′ = ( , )3 8

lim
b

r
→

′ = −
0

1.

If we take the estimated values of τ3, τ∆, and C 
estimated from model 1 using the standardized 
test scale (the scale in which τ3 = τ8), we can plot 
the equation (A1) as a function of b (see figure 
A1).

The red line, for example, displays the cor-
relation between math average third-grade 
scores and growth rates as a function of b. In 
the standardized scale (corresponding to b = 1 
on the figure), the estimated correlation is 
–0.282 (as shown by the hollow red circle). In 
the NAEP scale, the estimated correlation is 
0.002, indicated by the solid red dot. This oc-
curs at a value of about b = 1.25, which is very 
close to the ratio of the eighth-grade NAEP 
math standard deviation to the fourth-grade 
standard deviation. In other words, NAEP scale 
has a value of roughly b = 1.25 in math (and a 
value of b = 0.94 in reading).

To produce a correlation of r′ > 0.25, we 

would need b > 1.5 in reading and b > 1.7 in 
math. In other words, if the eighth-grade metric 
were stretched by a factor of 1.7 or 1.5 in reading 
or math, respectively, the estimated correlation 
would be positive 0.25 rather than –0.25—still 
a low correlation but with the opposite sign as 
we observe in the standardized scale. Is a factor 
of b > 1.5 plausible?

One way to assess this is to examine other 
vertically scaled tests. Nathan Dadey and Derek 
Briggs examine sixteen vertically scaled tests 
used in state assessment programs (2012). For 
these tests, the value of b—the ratio of the 
eighth-grade standard deviation of scores to the 
third-grade standard deviation—ranges from 
0.6 to almost 1.3 (though most of the reading 
ratios are between 0.8 and 1.0; most of the math 
ratios are between 0.9 and 1.1). Howard Bloom 
and his colleagues report standard deviations 
for seven vertically equated reading tests; the 
grade-eight to grade-three standard deviation 
ratios in those tests range from 0.87 to 1.04 
(2008). Of the twenty-three vertically scaled as-
sessments for which data are available, none 
have b > 1.3. The vertical gray dashed lines in 
the figure show the range of values of b reported 
by Dadey and Briggs (2012) and Bloom his col-

Figure A1. Grade-Three Growth Correlation as a Function of Grade-Eight/Grade-Three SD Ratio, 
Theoretical and Observed

Source: Author’s calculations.
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leagues (2008). The possible correlations these 
values of b would produce in the SEDA data 
range from –0.80 to +0.15. This suggests that no 
plausible vertical scale would yield a moderate 
or high positive correlation between grade-
three test scores and growth rates.
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Our counties have asked, “Where did this data 
come from?” And when we say, “It’s Wisconsin 
data, it’s eWiSACWIS data, it’s like our fami-
lies’ data,” they’re like, “Oh,” and it suddenly 
means something. And, when we say we’re go-
ing to keep studying it, people are very inter-
ested in that. People clearly feel like the re-
search is going to show them something.

Wisconsin Child Support Policy  
Workgroup Leader

The current demand for data-driven decision 
making in public programs is widespread. For 
example, the Commission on Evidence-Based 
Policymaking, which was established by the bi-
partisan Evidence-Based Policymaking Com-
mission Act of 2016, issued its recommenda-
tions in September 2017 calling for the use of 
rigorous evidence created as part of routine 
government operations in constructing public 
policy (CEP 2017). The commission’s call was 
quickly followed by the introduction of the re-
lated Foundations for Evidence-Based Policy-
making Act of 2017, introduced by Democratic 
Senator Patty Murray (S. 2046) and Republican 
Speaker of the House Paul Ryan (H.R. 4174). In 
addition, academic conferences on the use of 
“big data” and related analytic techniques are 
proliferating, and universities and foundations 
are making major investments in related pro-
grams. Despite the enthusiasm reflected in 
these initiatives, a number of technical, insti-
tutional, and cultural challenges are inherent 
in using administrative data for social policy 
development that must be addressed. In this 
article, we analyze the role of integrated data 
from the child support and child welfare sys-
tems in seeding a major policy proposal in Wis-
consin, briefly reviewing the empirical research 
supported by the data and how it motivated the 
initial consideration of a policy change, before 
focusing on implementation challenges and 
how integrated administrative data, and related 
qualitative research and analysis, can support 
cross-system policy innovation. 

Policy Issue
Why child support and child welfare programs? 
These programs were selected because studies 
of related administrative data reveal that, for 
low-income, single-parent families, child sup-

port is often a crucial source of economic sup-
port and stability, and in many cases a signifi-
cant share of income (Office of Child Support 
Enforcement 2011). Given that numerous stud-
ies have shown that children from low-income 
families are more likely than their affluent 
peers to experience child abuse or neglect,  
we expect that child support can serve as a crit-
ical tool for preventing child maltreatment by 
bringing financial resources into the house-
holds of struggling families (Berger 2004; Drake 
and Pandey 1996; Pelton 1994; Sedlak et al. 
2010). Evidence suggests that even modest in-
creases in family income can reduce maltreat-
ment risk (Cancian, Yang, and Slack 2013; Pel-
ton 1994). 

However, whereas child support has the po-
tential to serve as a key resource for single-
parent households living in poverty, it is pos-
sible that the child support system also has the 
potential to harm rather than help children in 
these families. In particular, when children are 
removed from the custodial parent’s home and 
placed in out-of-home care, federal policies al-
low child support agencies to divert resources 
from the home to recover a portion of the costs 
associated with out-of-home care (Chellew, 
Noyes, and Selekman 2012; Children’s Bureau 
2012). In Wisconsin, the focus of our analysis, 
counties operationalize this directive using one 
of three mechanisms. First, existing orders of 
support from a noncustodial parent (the parent 
who lived apart from the child) to the parent 
with whom the child lived prior to removal can 
be redirected from the noncustodial parent to 
the county. Second, the child support system 
can initiate a new order for support from the 
custodial parent to the county. Third, an exist-
ing order to the custodial parent from the non-
custodial parent can be redirected to the county 
and a new order can be established for the cus-
todial parent. In other words, for example, if a 
child living with her mother, and receiving child 
support from her father, is placed in foster care, 
the father’s child support may be redirected, 
and a new child support order could be put in 
place for the mother, so that both parents make 
payments to the county to offset the costs of 
foster care.

Given that we know that poverty often con-
tributes to foster care placements, the loss of 
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income due to changes to existing child support 
orders and the creation of new orders to offset 
foster care costs may be a cause for concern 
(Office of Child Support Enforcement 2017; 
Wulczyn, Hislop, and Harden 2002). However, 
the effects of this practice are apparent only 
when data and outcomes are examined across 
rather than within systems. This article high-
lights the findings of analyses of longitudinal, 
integrated data from both the child welfare and 
child support systems that in tandem identified 
the implications of child support referrals for 
child welfare outcomes. Our analysis informed 
the development of policy solutions to preclude 
the charging of families for foster care costs, 
which our analysis revealed was counterproduc-
tive for both families and the state. But, as we 
discuss, this was only an initial step in the pol-
icy change process and just one context in 
which integrated data can support innovation. 

The Role of Administr ative Data 
Management and Analysis in 
Supporting a Rese archer-
Pr actitioner Partnership
Researchers at the Institute for Research on 
Poverty (IRP) have a long-standing relationship 
with State of Wisconsin agencies to support 
policy-related research. Of particular interest 
to this article is the close collaboration between 
IRP researchers and the Wisconsin Department 
of Children and Families (DCF).1 As part of the 
long-standing Child Support Research Agree-
ment, researchers at IRP and practitioners and 
policymakers in the DCF Bureau of Child Sup-
port work together to identify a set of research 
projects aimed at improving policy and practice 
as they relate to the child support system, the 
families the system serves, and the agencies 
and programs with which the system interacts. 
These projects include research reviews, ap-
plied research to address specific policy and 
practice concerns, exploratory research to fuel 
innovations within the system, and program 
evaluation. A key advantage of this collabora-

tion is the ability of researchers and practitio-
ners to work together to share questions and 
ideas for answering them, and to develop and 
evaluate potential policy and practice innova-
tions.

Research conducted under the Child Sup-
port Research Agreement is facilitated by the 
integrated data system maintained at IRP 
known as the Wisconsin Data Core. The Wis-
consin Data Core was initially created through 
a joint effort between IRP and DCF that has now 
expanded to include other state agencies. The 
Wisconsin Data Core, generated annually by 
IRP analysts, draws data from the state’s public 
assistance, child welfare (eWiSACWIS), child 
support, unemployment insurance, and incar-
ceration (Wisconsin Department of Correc-
tions and Milwaukee County Jail) administra-
tive data systems. At the heart of the Wisconsin 
Data Core is the Multi-Sample Person File 
(MSPF), which identifies each individual that 
appears in the administrative data and then 
matches those individuals across all of the pro-
gram data systems in order to create a unique 
record for each individual. The MSPF also in-
cludes demographic information and county-
level location information on each individual. 
The MSPF can be linked to program case and 
participation files, resulting in the creation of 
analysis files that include administrative data 
from multiple sources and across time. Sepa-
rate files indicate family relationships (mothers 
and fathers) for those individuals for whom 
these relationships can be determined from the 
available data.

By linking individual-level administrative 
data from multiple human service agencies, 
across time, the Wisconsin Data Core provides 
researchers with the opportunity to create a 
more complete picture of service needs and 
outcomes, identify clients who are served by 
multiple systems, examine participation trends 
over time, and support cross-program evalua-
tion and analysis. Additionally, by leveraging 
records from multiple systems that serve par-

1. The Wisconsin Department of Children and Families is responsible for providing (and overseeing county 
provision of) services to assist children and families, including child abuse and neglect investigations, adoption 
and foster care services, the Wisconsin Works program, the childcare subsidy program, and child support en-
forcement and paternity establishment, among other programs and services.



r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

	b  u i l d i n g  c o n n e c t i o n s 	 7 3

ents and children (such as Medicaid birth re-
cords and paternity establishment from the 
child support system) and using this informa-
tion to link parents to their children, it is pos-
sible to construct longitudinal household and 
family participation records. This is a particu-
larly important advantage because many fami-
lies are served by multiple systems; however, 
administrative records from many systems have 
historically not been shared or linked, thereby 
severely limiting examination of cross-system 
effects.

The availability of data through the Wiscon-
sin Data Core has played a crucial role in fa-
cilitating the researcher-practitioner partner-
ship between IRP and DCF. The data were, and 
continue to be, an essential component of the 
researcher-practitioner collaboration in Wis-
consin. The availability of the data was critical 
to the collaborative effort discussed in this ar-
ticle.

Use of Integr ated Administr ative 
Data to Assess Policy Issues
The collaboration reflected here was born out 
of concern about the potential effects of a cur-
rent U.S. federal law that requires states to take 
steps to secure child support from biological 
parents who have a child in foster care. Al-
though federal policy allows for consideration 
of the best interests of the child when determin-
ing whether to pursue child support to offset 
the costs of foster care, decisions about child 
support often focus on the responsibility of 
both parents to provide financial support and 
on the ostensible cost savings of charging par-
ents for their children’s care (Chellew, Noyes, 
and Selekman 2012). Given that poverty often 
contributes to foster care placements (Office of 
Child Support Enforcement 2017; Wulczyn, His-
lop, and Harden 2002), and consistent with ex-
perimental evidence suggesting that child sup-
port payments to custodial parents reduces 
child welfare involvement (Cancian, Yang, and 
Slack 2013), DCF staff raised concerns that di-
verting child support or requiring formerly res-
ident parents to pay child support could delay 

or disrupt reunification efforts (that is, chil-
dren’s return to their parents). The most salient 
policy question is whether it is cost effective to 
order resident parents (typically mothers) to 
pay child support, and to divert child support 
payments from noncustodial parents (typically 
fathers), when children are placed in foster 
care. In particular, are the foster care costs that 
are thereby “recovered” by the child support 
system on behalf of the county greater than 
the related administrative and program costs? 
Of particular concern, given that poverty is a 
significant factor in many child welfare cases, 
was whether the obligation to pay child sup-
port would create a financial barrier to chil-
dren returning to their parents. Given the high 
costs of providing foster care, if child support 
obligations delayed reunification, the net im-
pact was expected to be an increase in public 
costs. 

Using statewide, longitudinal, integrated 
data from both the child welfare and the child 
support systems available through the Wiscon-
sin Data Core, we were able to analyze the in-
teractions between the child support and child 
welfare systems to address these questions.2 
Three types of analyses were completed: de-
scriptive, causal, and cost-benefit.

Initial descriptive analysis demonstrated 
that children in foster care whose mothers were 
required to pay child support had, on average, 
longer spells out of home (Cancian and Seki 
2010). However, identifying whether child sup-
port orders have a causal effect on the length 
of time children spend in foster care is chal-
lenging because the positive relationship be-
tween child support orders and the length of 
out-of-home placements could potentially stem 
from a number of factors. Based on conversa-
tions with state and local child welfare agency 
staff, we expected that the relationship could 
simply reflect an appropriate assessment of the 
likely length of an out-of-home placement. For 
example, if a child welfare worker knows that a 
child is likely to be in an out-of-home place-
ment for a significant period, the welfare worker 
may be more likely to pursue an order for the 

2. Although not all of the researchers who contributed to this and other analyses summarized are listed as au-
thors, the article uses we throughout to refer to the body of work generated during the IRP-DCF partnership. 
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preplacement resident parent (the parent with 
whom the child lived before being placed in 
foster care), or to redirect an established child 
support order from the preplacement resident 
parent to the child welfare system. In that case, 
the positive relationship between child support 
orders and length of placement could simply 
reflect the higher rate of referrals to child sup-
port for families with children expected to be 
out of home for a longer period. On the other 
hand, for disadvantaged families who are re-
quired to address an income-related deficiency 
as part of the requirements to be reunified with 
their child, such as finding adequate housing, 
charging the preplacement resident parent 
child support may create barriers to meeting 
the permanency plan requirements, which can 
impede reunification. The implications for pol-
icy depend on identifying the causal relation-
ship.

Using the statewide longitudinal data avail-
able in the Wisconsin Data Core, we were able 
to identify and exploit the natural variation in 
county child support referral practices to esti-
mate the causal effect of referring parents to 
child support on the duration of out-of-home 
placements. Although Wisconsin operates a 
state-supervised child welfare system, child 
welfare agencies are county run, and variation 
in policy interpretation and implementation 
across counties is substantial. Analysis of ad-
ministrative records allowed us to identify sig-
nificant differences in the proportion of moth-
ers referred to child support throughout the 
state, some counties referring virtually all foster 
care cases to child support, and other counties 
rarely, if ever, making a referral. Using variation 
in referral rates as an instrument, we estimated 
the effect of child support orders on foster care 
spells—essentially comparing differences in 
time to reunification for children of mothers 
who live in low-probability counties, where they 
are less likely to be referred to child support, 

versus those in high-probability counties, 
where they are more likely to be referred to 
child support (Cancian et al. 2017). We found 
that charging preplacement custodial mothers 
(the parent the child lived with before being 
placed in foster care) or redirecting the child 
support income the preplacement custodial 
mothers receive to the county results in a sub-
stantial loss in resources for families. Further, 
our estimates suggested that a $100 child sup-
port order to offset foster care costs is associ-
ated with a 6.6-month delay in reunification or 
other permanency options. This finding is im-
portant, not only because the extra time in care 
is financially costly for counties operating child 
welfare systems, but also because it delays re-
unification for the families, which is a priority 
for the child welfare system (Child Welfare In-
formation Gateway 2012).

For these findings to better inform policy, it 
was important to estimate the extent to which 
the additional financial costs associated with a 
delay in reunification would be offset by the 
child support collections made to the county 
following an out-of-home placement. Again, in-
tegrated administrative data available through 
the IRP Data Core were important, and were 
used for a cost-benefit analysis (Chellew, Noyes, 
and Selekman 2012). The cost-benefit analysis 
found that 55 percent of children in the child 
welfare system were associated with a child sup-
port order. These orders totaled $11.8 million, 
which, if fully collected, would have recovered 
8 percent of child welfare expenditures in 2011. 
However, of all of the out-of-home placements 
made in 2011, only 18.2 percent of cases were 
associated with at least one child support pay-
ment, totaling $3.0 million. Additionally, $1.1 
million was collected in arrears. Therefore, on 
average, counties recovered less than 3 percent 
of child welfare expenditures in 2011.3 Given the 
small percentage of child welfare expenditures 
recovered by associated child support pay-

3. Because child welfare agencies provide a multitude of services that are interrelated, it is challenging to disag-
gregate case management and program services into discrete activities. This, along with the fact that child 
welfare services are financed through various funding mechanisms, led us to use a very conservative estimate 
of out-of-home costs. We did not account for administrative or facility costs or the long-term societal costs of 
having children in the child welfare system for an extended period. Instead, we calculated only the costs of pay-
ments to care providers using state administrative data and county fiscal data. In addition to these estimates, 
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ments and the estimated delay in reunification 
associated with child support orders, we con-
cluded that ordering parents whose children 
have been removed from their custody to pay 
child support was not cost effective.

In this example, administrative data, inte-
grated across programs and data systems, 
were essential in identifying the consequences 
of the interaction between two relatively 
siloed programs. These data also allowed re-
searchers to observe systematic differences in 
practice across counties, and to leverage those 
differences to estimate the impact of alterna-
tive approaches. The results of that analysis, 
with the related cost-benefit analysis, pro-
vided a basis for leadership in the Wisconsin 
Department of Children and Families to con-
sider a new approach to serving families du-
ally engaged in the child welfare and child 
support systems.

Understanding the Processes 
Reve aled by the Analysis of 
Administr ative Data
In Wisconsin, discretion in the referral of child 
welfare–involved families to child support en-
forcement rests entirely with the child welfare 
agency. Child welfare staff are expected to have 
the information needed to support an assess-
ment of the steps most consistent with the best 
interests of the child. Once they make their as-
sessment, the child support referral is automat-
ically generated. Although the analysis of ad-
ministrative data highlighted key differences 
in outcomes of the referral process—some 
agencies referring almost all cases, and others 
rarely referring any—it provided far less insight 
into the differences in policy and practice that 
accounted for the variation across counties. We 
turned to a qualitative study of agency practice 
to better understand county processes for refer-
ring cases to child support following an out-of-
home placement. We wanted to understand 
workers’ perspectives regarding the relevant 
policies and also to determine whether agency 
practice is influenced by the information tech-
nology. This understanding was essential to the 

development of potential policy modifications 
regarding the referral process.

State Policy
In Wisconsin, at the time of removal, and be-
fore a foster home can be determined, county 
child welfare workers respond to three ques-
tions in the Wisconsin Statewide Automated 
Child Welfare Information System, which then 
automatically determines whether a referral to 
child support will be made. The questions are 
as follows:

Is this referral in the best interests of the 
child?

Is the placement expected to be long term?

Is the worker aware of a court order for 
child support or is this otherwise an appro-
priate case to refer for child support ser-
vices?

As noted in figure 1, a positive response to 
questions 1 and 2 in combination will result in 
a referral to child support. Alternatively, a pos-
itive response to question 3 will also initiate a 
referral to child support regardless of how the 
other questions were answered. If question 1 or 
question 3 is marked yes, then the referral ap-
plies to field is displayed and becomes required. 
Child protective service workers can then 
choose among three choices. The choices are 
both parents, father only, and mother only. 
Once a referral is made to child support, the 
child support agency must take the requisite 
action and work the case. 

In most cases, the mother is the preplace-
ment resident parent and the father is the non-
custodial parent (the parent who lived apart 
from the child). Therefore, when a child welfare 
worker selects mother only, it typically means 
they are referring the preplacement resident 
parent to child support. Referring the preplace-
ment resident parent to child support gener-
ates a new child support order that requires the 
preplacement resident parent to pay a monthly 
fee to the county to offset the costs of care for 

we calculated the amount of child support collected for all foster care cases during 2011, including arrears, using 
administrative data from the child support enforcement system.
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their child. On the other hand, when a child 
welfare worker selects father only, it usually re-
fers to the noncustodial parent and the system 
prompts the child support worker who receives 
the case to determine if there is already a child 
support order in place.4 If the custodial parent 
already has a child support order established, 
the child support worker will redirect the order 
from the custodial parent to the county. If an 
order is not in place, the child support worker 
will attempt to locate the noncustodial parent 
and establish an order. Finally, if the child wel-
fare worker indicates that both parents should 
be referred to child support, the child support 
worker will open cases for both parents, or open 
a case for the preplacement resident parent and 
redirect the preplacement resident parent’s 
child support payments to the county, if an order 
is already in place for the noncustodial parent.

County Practices
Even though Wisconsin has a policy regarding 
the referral of out-of-home placement cases to 
child support that emphasizes the best inter-
ests of the child and the expected duration of 

the placement, most child welfare workers re-
ported, through in-depth, semi-structured in-
terviews, that they refer all cases to child sup-
port and do not exercise their discretion when 
making the decision (Chellew, Noyes, and Sele-
kman 2012). This practice is based on the belief 
that child support payments are an important 
source of revenue for the county and that refer-
rals to child support help hold parents respon-
sible for their children while their children are 
in foster care. Among those workers who re-
ported exercising some discretion, variation in 
practice was substantial. For example, some 
county workers did not refer cases that they 
thought would last for less than six months; 
others, who reported having good working re-
lationships with their child support agency, 
worked with child support workers to deter-
mine the appropriateness of a referral based on 
factors related to both the child welfare and 
child support records (Howard, Noyes, and 
Cancian 2013). Staff noted that their county re-
ferral practices reflected a compromise be-
tween doing what is in the best interests of the 
child and the county’s need to recover costs.

Figure 1. Current System Flow

Source: Authors, in collaboration with Wisconsin Department of Children and Families staff and lead-
ership.

1. Is this referral in the best 
interest of the child?

When entering placements in the eWiSACWIS, child welfare staff use three questions 
to determine if a child support referral is appropriate.

At least one parent of the child in OHP must be identified in order for a referral to occur.

2. Is this placement expected 
to be long-term?

OR

AND

Automatic 
Referral

3. Is the worker aware of a court 
order for child support or is this 
an otherwise appropriate case to 

refer to the child support services?

4. In some cases, though less prevalent, the father is the resident parent and the mother is the noncustodial 
parent. 
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Identif ying Pr actice Op tions
The quantitative analysis of integrated admin-
istrative data confirmed concerns about redi-
recting child support payments from noncusto-
dial parents to the county, or requiring custodial 
parents to pay child support to the county, when 
a child is placed in foster care. The initial qual-
itative interviews helped explain county varia-
tion in the application of the policy. Although 
these analyses supported identification of the 
policy problem, developing an appropriate solu-
tion and an implementation strategy again re-
quired information well beyond that available 
from administrative data analysis. To support 
that effort, sixty child welfare staff from eleven 
counties were interviewed. Counties were in-
vited to participate based on their geographical 

location, population size, poverty levels, rela-
tionship with child support staff, and—here, 
leveraging the analysis of administrative data—
the frequency of out-of-home placement cases 
referred to child support. A flowchart developed 
by IRP researchers in consultation with DCF 
staff was used as a tool to assist county staff in 
thinking about what the best interests of the 
child may mean as well as the potential timing 
of a referral.

The flowchart, reflected in figure 2, asked 
child welfare workers to think about two ques-
tions as they worked through a figurative case 
in which the out-of-home placement is ex-
pected to be longer than six months or reunifi-
cation with the preplacement resident parent 
is the primary goal: 

Figure 2. Chart of Preplacement Resident Parent Referral Questions

Source: Authors, in collaboration with Wisconsin Department of Children and Families staff and lead-
ership.

Start Here:

YES

YES

NO

NO

For cases where the out-of-home placement is expected to be longer than six months and/or 
reunification with the preplacement resident parent is the primary goal.

Question 1: Would pursuing
child support make it difficult

for the resident parent to
maintain a household for the 

child(ren) to return to?

Question 2: As part of the
reunification plan, is the parent

required to participate in
activities which make it difficult

to obtain or maintain
employment (consider
participation in drug 

rehabilitation, mental health
counseling, incarceration, etc.)?

Referral to child support
(with the option to refer the 

mother, father, or both parents)

No referral to child support
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Would pursuing child support make it dif-
ficult for the resident parent to maintain a 
household for the child(ren) to return to?

As part of the reunification plan, is the par-
ent required to participate in activities that 
make it difficult to obtain or maintain em-
ployment (consider participation in drug 
rehabilitation, mental health counseling, 
incarceration)?

In many instances, child welfare workers 
were able to identify cases for which such a 
decision-making structure would have been 
useful, given that paying child support did se-
verely affect the families and may have inter-
fered with reunification. In considering the first 
question, for example, child welfare workers 
noted that charging parents child support after 
their child is removed from their home only 
adds to the distress of the family, because do-
ing so decreases the resources available to be-
ing able to maintain housing and access ser-
vices necessary prior to allowing the child to 
return to the home. Further, charging child sup-
port may undermine the ability for a parent to 
continue a relationship with a child who is 
placed out of home. One worker noted, for in-
stance, that although the agency encourages 
parents to visit their children and still purchase 
items for them, such as their winter coat or fa-
vorite food, it becomes increasingly difficult for 
parents to continue to do so if they are paying 
child support. Another worker noted a particu-
lar case in which, after receiving a child support 
order, a mother stopped visiting her child, who 
was placed in a residential treatment facility far 
from her home, because she could not afford 
the costs of such visits while also paying child 
support.

However, despite recognizing the challenges 
that charging child support may create for fam-
ilies, many workers expressed concern about 
being able to distinguish between parents who 

have a hard time paying child support because 
of poor money management, or some other per-
sonal action, versus those parents who truly 
cannot afford child support, despite their best 
efforts. Underlying these concerns was the is-
sue of the timing of the referral to child sup-
port, given the need to determine the best in-
terests of the child. Over the course of the 
interviews, child welfare workers identified 
three key sets of concerns.

Developing adequate information. In counties 
where intake is separated from ongoing case 
management within child welfare, intake work-
ers were uncomfortable with thinking about 
what might be in the best interests of the child 
in determining whether parents should be re-
ferred to child support based on their ability to 
pay.5 These workers felt that they did not know 
the families well enough and did not want to 
get into questions related to income at the time 
of removal. Ongoing child welfare workers 
seemed much more willing to think about the 
best interests question because they felt better 
able to assess the financial situation of the fam-
ily. They felt that after working with the family 
for a time, they would know whether a family 
could afford to pay child support.

Assessing potential length of removal. Most 
workers did not feel able to determine the 
length of a placement during the initial re-
moval of a child. Workers reported not knowing 
whether a case was going to last more than six 
months when a child was initially removed. 
Others remarked that they felt answering yes 
went against their programmatic goal to reunify 
children as quickly as possible.

Establishing reunification activities. Some 
workers stated that they try to think about the 
parent’s ability to maintain employment when 
assigning reunification activities. Those who 
said that they did not consider reunification 
requirements when making referrals were still 
able to give examples of cases where it was im-

5. In some counties, child welfare services are provided by two different staff members: intake and ongoing child 
welfare workers. In these cases, intake staff assess allegations of child abuse and neglect and determine whether 
the allegations are substantiated. An intake worker who determines that maltreatment has occurred is respon-
sible for removing the child from the home and locating an out-of-home placement. Once this occurs, the case 
is transferred to an ongoing child welfare worker who has oversight of out-of-home placement cases. The ongo-
ing worker is responsible for conducting a family assessment, creating a permanency plan, assisting with reuni-
fication efforts, and evaluating the parent’s progress toward the goals outlined in the permanency plan. 
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possible for parents to maintain employment 
and follow the permanency plan activities. 
Many child welfare workers ultimately agreed 
that it is important to know what the reunifica-
tion activities will require before referring par-
ents to child support.

The interviews highlighted the importance 
of the timing of referrals for determining what 
is in the best interests of the child. The process 
of discussing the flowchart in figure 2 yielded 
important information to be considered in po-
tentially modifying state policy and providing 
guidance regarding its implementation to 
county child welfare workers. However, al-
though workers indicated that delaying refer-
rals has a number of potential advantages, 
many child welfare workers contested changes 
in the timing of referrals due to concerns re-
lated to cost recovery and parental responsi
bility.

Informing Policy Development 
and Implementation
Proponents of the researcher-practitioner 
model argue that research-practice partner-
ships facilitate greater use of research in agency 
decision making (Tseng 2012). Developing re-
search with implications for policy and pro-
gram improvement is a central goal of the 
IRP-DCF collaboration. In many cases, the Wis-
consin Data Core and access to its integrated 
administrative data make it possible for the 
partnership to thrive and be successful. This is 
the case for the policy problem discussed here. 
Without the integrated administrative data, we 
would not have been able to identify and exam-
ine patterns of cross-system program participa-
tion. Even though DCF staff noted an area of 
concern, without statewide data for a large sam-
ple, our ability to find a potential instrument 
and identify the causal relationship between 
child support orders and time in care would 
have been quite limited. In the absence of the 
analysis of state administrative data and county 
fiscal data, the child support recovered from 
parents was easily quantified, but the delay in 
reunification, and associated costs, were invis-
ible. The administrative data analysis provided 
DCF with an opportunity to better understand 
their child support referral policy and its impli-
cations. Moreover, these findings, in combina-

tion with the qualitative studies of county child 
support referral practices, allowed researchers 
at IRP to not only analyze current practice, but 
also help inform the discussion of options for 
change.

Seeding Collaboration
IRP researchers discussed the findings with 
DCF officials in a variety of settings. After con-
sideration, the DCF Division of Economic Se-
curity, which has responsibility for the child 
support enforcement system, and the DCF Di-
vision of Safety and Permanence, which has re-
sponsibility for the child welfare system, made 
the joint decision to work with IRP researchers 
to begin to develop alternatives to current pol-
icy and practice. This collaboration not only 
represents a promising and novel approach to 
addressing an unintended policy consequence, 
but also constitutes a major milestone in efforts 
for the two systems to work jointly to coordi-
nate policy and practice.

This collaborative endeavor was made pos-
sible by a number of factors (Howard 2018). The 
following are the four most prominent:

A new administrative structure established 
in 2008 brought the administrations of 
child welfare and child support, along with 
other human service programs, into a sin-
gle department, the Wisconsin Department 
of Children and Families. In theory, having 
the two systems under the same adminis-
trative structure increased opportunities for 
coordination.

Guidance at the federal level encouraged 
collaboration between child welfare and 
child support systems. For instance, even 
though federal policy states it is the state 
child welfare agency’s responsibility to de-
termine which cases to refer based on a de-
termination of the best interests of the 
child, the federal government issued guid-
ance in 2012 encouraging child welfare and 
child support agencies “to work together to 
develop criteria for appropriate referrals in 
the best interests of the child involved” (Of-
fice of Child Support Enforcement 2012).

The cross-program analysis conducted by 
IRP, through its partnership with DCF, 
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showed how policies and practices in the 
child welfare system affect clients served by 
the child support system and vice versa. 

Strong leadership, with endorsement of the 
value of research to inform policy and prac-
tice by DCF’s leadership, specifically the de-
partment’s secretary, greatly facilitated the 
collaborative project.

Developing Policy Alternatives
Building on the administrative data analysis, 
cost-benefit analysis, and qualitative studies, 
the two DCF divisions and IRP staff developed 
a framework for modifying the Wisconsin child 
support policy and delaying referrals to child 
support from the initial foster care placement 
to six months after the initial placement. This 
time frame was selected because, at the six-
month mark, child welfare workers are required 
to establish a permanency plan for children in 
out-of-home care. The plan outlines the activi-
ties parents are required to complete to be re-
unified with their children. During interviews 
conducted as part of the qualitative research 
components, child welfare workers noted that 
at this point they have a better sense of the fam-
ily’s lifestyle, their likely cooperation with the 
permanency plan and reunification activities, 
and their connection with their children. That 
allows them to assess whether a family is mov-
ing toward reunification, what the parents’ pri-
orities are, and whether charging child support 
would be in the best interests of the child. This 
understanding of child welfare practice was 
central to the development of the policy recom-
mendations. Other factors in support of the de-
lay emerged more clearly from the analysis of 
caseload dynamics. In particular, many entries 
into foster care are short term; cases that re-
main open at six months are less likely to close 
in the time it will take to establish an order. By 
contrast, if cases are immediately referred to 
child support, the order may go into effect after 
a child and the parents already reunited. Once 
a child support order is initiated, it can be 
costly and time consuming to stop the order, 
and if the order remains in place after reunifi-
cation, it may increase the risk of the child re-
entering the child welfare system.

The plan received immediate support from 

DCF’s senior leadership. The modified policy 
framework was approved, and DCF assembled 
a workgroup to flesh out the details of the pol-
icy modifications and determine how best to 
implement it. The workgroup, which com-
prised county and state child welfare and child 
support representatives, drew on research from 
IRP and on additional agency analysis of ad-
ministrative data. The final recommendations 
from the workgroup, which are currently under 
review, call for referrals to child support to be 
delayed for at least six months, and indefinitely 
if the parents are actively working toward re-
unification.

Importance of Research
During the summer and fall of 2017, we con-
ducted semi-structured interviews with mem-
bers of the policy implementation workgroup. 
The interview sample included all twenty-eight 
workgroup members. Four members of the 
workgroup had left their position either before 
the start of the research study or during the 
data collection phase. Eighty-five percent of the 
potential sample of all workgroup members 
participated in an interview. One of the pri-
mary themes explored during the interviews 
was the role of research during the policy de-
velopment, modification, and implementation 
phases. The workgroup facilitators under-
scored the significance of the research for both 
identifying possible innovations and engaging 
workgroup members. One staff member ex-
plained that it is “rare [for DCF] to look at the 
data before jump[ing] in and work[ing] on [a] 
policy change.” Instead, the department usually 
makes policy decisions based on practice expe-
rience. However, the staff member noted that 
having Wisconsin-based research that shows 
that pursuing child support delays reunifica-
tion efforts allowed the agency to use “actual 
research as the basis for making a policy deci-
sion.” Moreover, when describing how they 
used the research to obtain buy-in and motivate 
workgroup members, one of the facilitators 
noted, “I always start the conversation with the 
research. Every conversation I have had about 
this policy, I [have] start[ed] with the research.” 
For this facilitator, the research represented an 
objective middle ground. Understanding the 
strong convictions some child welfare workers 
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and counties have about the role of child sup-
port in both holding parents responsible for 
their children and offsetting the costs of out-
of-home placements, the facilitator used the 
research to focus policy discussions on the em-
pirical evidence of the impact of current prac-
tice. Further, another workgroup leader ex-
plained that DCF used the research as a tool to 
facilitate engagement with stakeholders and 
obtain buy-in from child welfare and child sup-
port staff. She explained, “Our counties have 
asked, ‘Where did this data come from?’ And 
when we say, ‘It’s Wisconsin data, it’s eWiSAC-
WIS data, it’s like our families’ data,’ they’re 
like, ‘Oh,’ and it suddenly means something. 
And, when we say we’re going to keep studying 
it, people are very interested in that. People 
clearly feel like the research is going to show 
them something.” The responses from the 
workgroup leaders suggest that having research 
on the very population served by practitioners 
helped to establish credibility among case-
worker staff and other stakeholders.

In addition to workgroup leaders, work-
group members have indicated that grounding 
the policy change in research has been helpful 
for building momentum around the new policy. 
For instance, one explained, “I think it’s a really 
smart policy and then if you can get buy-in from 
different stakeholders by showing them the re-
search and appealing to people’s sense of not 
wanting kids to stay in out-of-home care longer 
than they need to, then you can build consen-
sus and build good will about the policy. And, 
then you can move forward. Any time we have 
an opportunity to create policy that’s grounded 
in research, we should because it’s smart. It’s a 
really, really smart thing to do.” Further, despite 
the range of beliefs around the use and need 
for child support orders, another workgroup 
member noted, “I think that everyone who was 
in the workgroup was genuinely interested in 
hearing the research and working together to 
create a policy that would work and to share the 
expertise that they had.” The research therefore 

provided leaders with a vehicle not only for 
launching discussions on the research findings, 
but also for engaging practitioners in a dialogue 
about the implications of implementing a pol-
icy based on their experiences working with cli-
ents.

Preparing for Implementation
Regardless of the evidence base for a policy 
change, understanding stakeholders’ perspec-
tives is critical to assessing potential barriers 
and facilitators to implementation. In the case 
of the modified child support referral policy, 
county child welfare agencies will be respon-
sible for implementing the policy redesign. 
Therefore, their view of the policy is important 
because their buy-in is likely to shape how well, 
and to what extent, they implement the modi-
fied policy (Bartlett and Vavrus 2017; Lipsky 
1980; Zacka 2017). Moreover, our early inter-
views suggested that some child welfare work-
ers strongly believe that they need to refer par-
ents to child support in order to recover costs 
associated with out-of-home care (Howard, 
Noyes, and Cancian 2013). This tension may 
lead some counties to find a work-around, 
which would interfere with the fidelity of policy 
implementation and be expected to compro-
mise effectiveness (Durlak and DuPre 2008).

To assess stakeholders’ perceptions of the 
appropriateness and usefulness of the modified 
policy, and their beliefs on the causes of poverty 
and child maltreatment, we administered a sur-
vey to child welfare workers statewide.6 The sur-
vey was sent to all child welfare intake and on-
going staff, as well as to supervisors, throughout 
Wisconsin. Individuals in these roles were se-
lected as the sample population because they 
are usually responsible for determining if a 
child should be removed from their home, if a 
child support order should be made, and reuni-
fication goals. Ultimately 1,159 individuals par-
ticipated in the survey, for a response rate of 58 
percent. Most of the questions in the survey 
were based on the Consolidated Framework for 

6. This survey, known as the Wisconsin Child Support Policy Redesign Implementation Survey was a web based, 
Qualtrics survey, administered by the University of Wisconsin Survey Center during the summer of 2017 ap-
proximately six months before the scheduled statewide implementation of the modified child support policy. 
The instrument underwent two rounds of pilot testing to ensure face-validity and ease of use before it entered 
the field. The survey was in the field for four weeks.
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Implementation Research, and were devoted to 
either understanding the respondents’ percep-
tions on the validity of the evidence for the pol-
icy redesign or their perceptions on the appro-
priateness and usefulness of the modified 
policy (Damschroder et al. 2009).7

Only one in four survey respondents (24.7 
percent) indicated that they were aware of the 
child support policy redesign prior to taking 
part in the survey. Of those who were aware, 
36.4 percent specified that they understood the 
purpose of the redesign somewhat well, and 
about 20.0 percent indicated that they under-
stood very or extremely well.

Perceptions on the Evidence That  
Led to the Redesign
Relatively few of all survey respondents (15.3 
percent) indicated that they were aware of the 
research from IRP on the relationship between 
child support referrals and the amount of time 
children spend in foster care prior to taking the 
survey.8 The respondents who were aware of the 
research conducted by IRP were asked how well 
they remember the research; if they were sur-
prised by the research findings, based on their 
previous experiences making child support re-
ferrals for families involved in the child welfare 
system; and the extent to which the research 
findings changed their perspective. As shown 
in table 1, about one in four (27.1 percent) of 
these respondents indicated that they remem-
bered the research somewhat well and about 10 
percent noted that they remembered it very or 
extremely well. Additionally, 11 percent of re-
spondents reported that they were either very 
or extremely surprised by the research findings. 
Many respondents (38.4 percent) were at least 
somewhat surprised by the research results, 
and about half (47.2 percent) reported that their 
perspective was at least somewhat changed by 
the research. 

All respondents, regardless of their familiar-
ity with the IRP research, were asked two gen-
eral questions about the role of economic re-
sources on the risk of child maltreatment. As 

shown in table 1, more than 85 percent of re-
spondents believe that economic resources 
affect a child’s risk of maltreatment at least 
somewhat, and more than half indicate that 
economic resources affect it quite a bit or a very 
great deal. The same percentage believe eco-
nomic resources affect a family’s involvement 
in the child welfare system.

In sum, relatively few respondents were 
aware of the original research that contributed 
to the policy redesign, and six months prior to 
the proposed implementation only about one 
in four were aware of the modified policy. Yet, 
more than 85 percent believe that economic re-
sources affect a child’s risk of maltreatment 
and a family’s involvement in the child welfare 
system at least somewhat, and more than half 
believe that economic resources affect both sit-
uations quite a bit or a very great deal. These 
results indicate that the majority of child wel-
fare workers agree that there is a connection 
between economic resources and child mal-
treatment and child welfare involvement, even 
though relatively few were aware of the child 
support policy redesign, its purpose, and the 
evidence base. 

Conclusion
High-quality data are in great demand as 
policymakers seek to make decisions about 
programs and funding using evidence-based 
strategies. As a result, universities and other 
research organizations have invested substan-
tial effort, time, and financial resources in cre-
ating systems and analyzing data in such a way 
that meets these needs. In Wisconsin, compre-
hensive administrative data is the cornerstone 
of the researcher-practitioner model. IRP and 
Wisconsin state agencies, particularly DCF, 
have supported this model through investment 
in and sustained maintenance of the Wisconsin 
Data Core in the context of a long-standing col-
laborative partnership.

The child support referral policy analysis de-
scribed in this article illustrates the advantages 
of a joint effort that brings together linked ad-

7. The Consolidated Framework for Implementation Research (CFIR) provides a framework of constructs that 
are associated with effective implementation. Each of the child support policy redesign-specific questions were 
mapped to a CFIR construct. 

8. The respondents who were aware of the redesign were more likely to be aware of the research from IRP.
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ministrative data and related qualitative re-
search to support the efforts of those establish-
ing as well as implementing the policy. An 
important lesson to be drawn is that, although 
the Wisconsin Data Core played a crucial role 
in facilitating policy-relevant research, its cre-
ation was just a first step toward evidence-based 

policymaking. Using the research to inform 
policy and practice changes required an addi-
tional investment in understanding the policy 
context—an effort that required a substantial 
investment in qualitative research drawing on 
field work. Efforts to assist with policy develop-
ment also involved assessing and taking into 

Table 1. Staff Perceptions of Child Welfare Practice, Economic Resources, and Child Outcomes

Relationship Between Child Support Referrals and the Length of Time in Foster Carea

Question Response Categories and Responses

How well do you remember  
the research shared by the 
Institute for Research on 
Poverty or DCF about the 
relationship between child 
support referrals and the 
amount of time children 
spend in foster care?  
(N = 177)

Not at all  
well

A little bit 
well

Somewhat 
well Very well

Extremely 
well

16.9% 45.8% 27.1% 9.6%

Based on your previous 
experience, how surprised 
were you by the research 
findings? (N = 171)

Not at all 
surprised

A little bit 
surprised

Somewhat 
surprised

Very 
surprised

Extremely 
surprised

30.4% 30.9% 27.4% 7.0% 4.0%

To what extent did the research 
findings change your 
perspective? (N = 169)

None A little Somewhat Quite a bit
A very great 

deal

28.9% 23.6% 29.5% 17.7% 0%

Relationship Between Economic Resources and Child Maltreatmentb

Question Response Categories and Responses

How much does a family’s 
income and other economic 
resources affect a child’s risk 
for maltreatment? (N = 995)

None A little Somewhat Quite a bit
A very great 

deal

1.6% 9.5% 29.3% 42.1% 17.3%

How much does a family’s 
income and other economic 
resources affect a family’s 
involvement in the child 
welfare system? (N = 994)

None A little Somewhat Quite a bit
A very great 

deal

3.1% 8.7% 27.8% 44.8% 15.3%

Source: Authors’ calculations.
aAll survey respondents were asked if they were aware of any research shared by the Institute for 
Research on Poverty or DCF about the relationship between child support referrals and the amount of 
time children spend in foster care. Survey respondents who selected “yes” (n = 177) were then asked 
questions about the relationship between child support referrals and the length of time in foster care. 
bAll respondents, regardless of if they were aware of the policy redesign or the research from IRP, were 
asked these questions.
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account the perspectives of local agency staff 
who are most directly responsible for imple-
menting policy revisions. These types of invest-
ments may be essential to the success of initia-
tives designed to promote data-driven decision 
making.
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mative roles. Having a deeper understanding 
of families’ circumstances is critical to any 
community’s approach to using the scarce re-
sources available to address the needs of vul-
nerable families. We aspire to characterize the 
involvement of multiple systems in families’ 
lives as a way to understand overall need of fam-
ilies as well as to quantify the share of the total 
government effort and funding spent on mul-
tisystem families.

Understanding Vulnerable 
Families in Multiple  
Service Systems
Robert M. Goerge a nd Emily R.  W iega nd

We analyze Illinois families facing multiple barriers and their interactions with public-sector services. Using 
administrative data from five state agencies to identify families’ receipt of child welfare, mental health, and 
substance abuse services as well as adult and juvenile incarcerations, we identify individuals across systems 
using probabilistic record-linkage techniques, defining family clusters based on networks of individuals who 
share child welfare and food stamp cases. We show that 23 percent receive services in two or more of these 
areas. This concentration accounts for 86 percent of the funding for these services used by the entire sample. 
They experience more and more severe problems. This population is otherwise heterogeneous, engaging with 
different types of services and clustered in certain parts of the state.

Keywords: multiproblem families, multisystem families, human services, government programs,  
public policy

Understanding Vulnerable Families

The public system that has developed over the 
past half century to address social issues such 
as criminal behavior, juvenile delinquency, 
child maltreatment, mental illness, and sub-
stance abuse is a set of fragmented funding 
mechanisms, services, and programs (Wilkins 
2012). These problems affect both the individ-
ual and their family members. Multiple family 
members with these problems are likely to in-
creasingly challenge a family’s most basic nor-
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Understanding the number and character-
istics of multisystem families requires multiple 
sources of data because primary data collection 
from a general population or even a targeted 
one would not be feasible from either a cost or 
data quality perspective. Simply the question 
of who in a household would be able to report 
reliably on the participation of each family 
member in the government programs listed al-
ready takes addressing this question to a higher 
degree of difficulty. Multiple household mem-
bers would have to recall their participation in 
these programs. It has been shown that house-
hold members cannot accurately recall partici-
pation in the food stamp program, and the par-
ticipation of vulnerable individuals, often with 
disabilities, in these five programs makes col-
lecting the data needed for this study an even 
more difficult task (Meyer and Goerge 2011).

Therefore, we rely on state agency adminis-
trative data. Just as Andrew Penner and Ken-
neth Dodge write that “it is difficult to imagine 
survey data tracking all of the classmates that 
a student had” (2019), it is difficult to imagine 
survey data tracking all of the service experi-
ences of multiple household members. Begin-
ning with more than three million Supplemen-
tal Nutrition Assistance Program (SNAP) and 
child protective services participants, we are 
able to connect their experiences in the juvenile 
and adult criminal justice systems, publicly 
funded treatment for mental health and sub-
stance abuse problems, and the child welfare 
system. Moreover, that connections among in-
dividuals are captured in these datasets allows 
us to identify individuals who constitute fami-
lies in various combinations over a period of 
time. This, too, would be a challenge for survey 
research. 

The administrative data allow us to provide 
detailed analyses of experiences as well as cost 
estimates. We show that, for low-income fami-
lies participating in government programs, 
these five publicly provided services are con-
centrated in a fraction—23 percent—of fami-
lies, and those families use 86 percent of the 
fiscal resources that are spent on these services 
for these families. This indicates a dispropor-
tionate concentration of resources and inter-
ventions. Given that too few resources are avail-
able to address the problems, additional clarity 

about these families’ experiences is necessary 
to develop appropriate public responses to 
avoid the ongoing cumulative effects of the con-
ditions as well as policy and programmatic frag-
mentation. In this study, we only begin to tap 
the richness of the administrative data and pro-
vide a set of analyses that would guide addi-
tional policy and programmatic interventions 
for this large, vulnerable group.

Background
Although health and human services systems 
are designed to address specific problems, in-
dividuals often experience co-occurring chal-
lenges and conditions that complicate attempts 
to address any single problem. For example, the 
parent of a child in foster care may also be re-
ceiving substance abuse services and another 
family member may be incarcerated or newly 
unemployed. These individuals live in the con-
text of a family and a community, which deter-
mine, to a large extent, their current and future 
well-being. A premise of this article is that U.S. 
family policy, as operationalized in what gov-
ernment does for individual and families, does 
not incorporate the fact that families have mul-
tiple challenges as well as multiple assets.

Interventions designed to serve families with 
more holistic approaches can address these 
kinds of complex and interrelated concerns. 
“The family as a unit should be one of the basic 
foci of all interventions . . . individual services 
will be more effective when viewed in this con-
text,” Andrew Selig argues (1976, 527). It is cru-
cial to recognize families’ complex needs be-
cause these families require services that run 
both horizontally, across a variety of service do-
mains, and vertically, across generations (Spratt 
2011).

Just as familial and environmental factors 
can make it difficult to address an individual’s 
problem in a vacuum, so too improving family 
circumstances and dynamics can improve in-
dividual challenges. Family members can be 
positive influences on one another (Selig 1976). 
Qualitative work shows how a history of trauma 
or mental illness for a parent can adversely af-
fect other family members and how therapeu-
tic interventions that address adults’ histories 
can mitigate these adverse impacts (Krumer-
Nevo 1998; Sacco, Twemlow, and Fonagy 2008). 
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Families facing pressures from multiple direc-
tions are particularly important places to in-
tervene because, left unassisted, they set the 
stage for children to grow up with “fewer 
chances to permanently fend off in a construc-
tive way the negative consequences of life 
events that put pressure on them” (Tausend-
freund et al. 2016, 9).

This article measures and characterizes the 
population of families that face multiple barri-
ers and the ways those families interact with 
public-sector services. We present the results 
of a rigorous descriptive analysis using admin-
istrative data from several public agencies in 
Illinois—the Department of Human Services, 
the Department of Healthcare and Family Ser-
vices, the Department of Children and Family 
Services, the Department of Corrections, and 
the Department of Juvenile Justice—to identify 
families that interact with two or more of those 
systems and to characterize those families and 
their needs.

Ultimately, we show that nearly 25 percent 
of families served by the state programs that 
address households and families have mem-
bers involved in at least two of the costliest pro-
grams of the state, a group of families that ac-
counts for 86 percent of the funding for these 
programs used by all the families in our study 
population. These families experience more 
and more severe problems than the other fam-
ilies served by these systems. But apart from 
the scale of their service use, these families are 
a diverse group; they are clustered in a few areas 
around the state and they engage with different 
combinations of the five programs we analyze.

In the nearly ten years since this work began, 
we have found that these findings are of sig-
nificant interest to Illinois state leadership. Ac-
tionable applications of these results have been 
limited, however. The nature of federal financ-
ing, privacy concerns, information sharing, and 
the siloed structure of the public sector makes 
integrated operations at the scale necessary to 
address the multiple problems of family mem-
bers out of reach (Potter et al. 2005).

This research was an important first step in 
quantifying at a systemic level the extent of 
cross-system overlap at the family level. Recog-
nizing the heterogeneity of this population, 
however, we believe that additional analysis is 

needed to unpack patterns and subpopulations 
in these results for it to have a direct impact on 
policymakers’ decisions. In particular, the re-
cent introduction of network analysis applica-
tions in the social sciences suggests promising 
new methods to uncover additional insights 
into this population. It is our hope that apply-
ing translational data science to explore the 
underlying patterns will suggest targeted op-
portunities for the public sector to integrate re-
sources, data, and expertise across systems in 
specific applications, reaching families where 
these methods can make the biggest difference.

Understanding Multiple  
System Involvement
The concept of families that face multiple areas 
of challenge and engage with public services 
through a variety of means has a rich basis in 
literature from psychology, social work, sociol-
ogy, and public policy. Various terms have been 
used to describe these families, but the most 
frequently used is multiproblem families.

The early literature on what would later be 
called multiproblem families developed in the 
1950s and focused on the social deviance and 
isolation of these families, and particularly on 
chaos, disorganization, and dysfunction as 
their primary characteristics (Matos and Sousa 
2004; Sousa, Ribeiro, and Rodrigues 2007). In 
child maltreatment literature, scholars devel-
oped the concept of multiproblem families 
when they began to focus on parental charac-
teristics that increased the risks of harm to chil-
dren, leading to an increasing awareness that 
child abuse could be a seen as a product of pa-
rental circumstances, experiences, and particu-
larly traumas (Spratt 2011). Frack Sacco, Stuart 
Twemlow, and Peter Fonagy describe this as 
“transgenerational transmission of trauma” 
(2008, 34).

The multiproblem family label comes most 
directly from literature that classifies families 
with a certain number of defined barriers or 
challenges, such as mental and physical health 
conditions, problems in school, problems in 
the family, and legal problems (Mazer 1972; 
Sharlin and Shamai 1995). Different articles 
have considered the necessary quantity, variety, 
complexity, severity, and persistence of prob-
lems necessary to merit inclusion in the multi-
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problem family definition (Tausendfreund et 
al. 2016). The phrase multiproblem family does 
not have an agreed upon definition, making it 
difficult to compare descriptive research on 
these families across studies or to quantify in-
cidence in the general population.

In particular, scholars disagree on whether 
poverty is part of defining multiproblem fami-
lies. Ana Matos and Liliana Sousa argue that 
the interplay of problems within a family tran-
scends class (2004). Shlomo Sharlin and Michal 
Shamai assert that the concept of multiprob-
lem families is rooted in “poverty culture”—the 
dysfunction that is inherited across generations 
in these families represents “poverty personal-
ity.” Sharlin and Shamai agree that middle-class 
families can be multiple problem families, but 
only when they “have not managed to overcome 
the values and habits that characterize lower-
class multiproblem families” (1995, 94). Some 
researchers take a middle approach, using 
household poverty and related characteristics 
(such as housing instability) as contributing 
problems in their definition of multiproblem.

In more recent years, the traditional multi-
problem family concept as defined through a 
set of barriers and challenges has been criti-
cized as a deficit view, focusing on what families 
lack and where they struggle rather than their 
strengths and opportunities. Instead, research-
ers are beginning to move toward language that 
focuses on the external circumstances and en-
vironments that affect these families—using 
terms such as stress, trauma, and recurring cri-
ses (Sousa, Ribeiro, and Rodrigues 2007). Simi-
larly, Tim Tausendfreund and his coauthors 
point out that in the German context, scholars 
avoid the concept of multiproblem families be-
cause they think this label situates the problem 
at the family level and ignores the role the 
broader environment and systemic factors have 
to play, both in creating the problems the fami-
lies face and in helping address them. Tausend-
freund and his colleagues opt to use the phrase 
“families in multiproblem situations” as a com-
promise between respecting that environmental 
factors create multiproblem families and recog-
nizing “the complexity of interactions between 
socioeconomic and psychosocial problems”—
the interplay of systemic and familial factors 
that characterizes these families (2016, 5).

Another way of viewing multiproblem fami-
lies, and an approach that is closely related to 
our work, is to define the families in the context 
of the systems they engage. Milton Mazer char-
acterizes this as the conventional approach to 
defining multiproblem family: “[a family] that 
becomes known to social and welfare agencies 
because of the multiple and long-term services 
it requires” (1972, 792). Defining multiproblem 
families as those that engage with multiple sys-
tems emphasizes the need for, and correspond-
ing lack of, coordinated care for these families 
(Sousa, Ribeiro, and Rodrigues 2007). However, 
it also runs the risk of defining problems based 
not on families’ true circumstances but instead 
on bureaucratic distinctions in service delivery 
(Spratt 2011). To the extent that systems engage-
ment is used to define multiproblem families, 
they can be defined not only in the breadth of 
systems they engage, but also by the extent and 
complexity of support that they need, and the 
corresponding difficulty siloed agencies have 
in providing that support (Tausendfreund et al. 
2016).

Some scholars have articulated that in ad
dition to engaging a breadth of systems, mul-
tiproblem families have particular ways of 
interacting with those systems. They may be 
particularly likely to be referred to service sys-
tems by alerts from other systems, rather than 
by directly reaching out and seeking support 
(Matos and Sousa 2004). They also often fall 
into one of two groups, either resisting inter-
ventions and exiting systems quickly, or receiv-
ing steadily increasing and diverse services, 
public agencies becoming enmeshed in the life 
and network of the family (Matos and Sousa 
2004; Tausendfreund et al. 2016).

A precise operationalization of the construct 
of participation in multiple programs is prob-
lematic because of how many ways it might be 
conceptualized. Ultimately, any particular char-
acterization of multiprogram participation de-
pends on the research question or policy issues 
at hand. However, across disciplines and defi-
nitions, the core idea that some portion of the 
population with a given challenge is struggling 
on multiple fronts at the same time remains 
clear.

For this analysis, we concentrate on the type, 
breadth, and relative cost of public-sector ser-
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vices received by the family. Our analysis is tar-
geted specifically toward policymakers at the 
state and federal levels and is intended to help 
policymakers and public-sector managers un-
derstand overlaps in service provision and op-
portunities to design interventions around a 
high need portion of the population. We cap-
ture only a set of the problems and challenges 
families face and for which they have engaged 
assistance. To clearly distinguish between this 
approach and a traditional multiproblem fam-
ily classification, we use the term multisystem 
family.

We characterize multisystem participation 
at the family rather than at the individual level 
because the family or household is the case, or 
the entire family is affected by any member par-
ticipating in any of the programs.

However, literature is minimal on the defini-
tion of family in these multiple problem or mul-
tiple system engagement circumstances. The 
family or household unit is discussed as dis-
crete and static although we know that is not 
the case, particularly for this population. As 
noted, there is no single way to operationalize 
this concept so there are no studies that char-
acterize the incidence of multiproblem families 
in the general population (Spratt 2011).

Data Sources
We use administrative data, data collected for 
administrative purposes (that is, service provi-
sion) by public agencies, for this analysis. These 
data include the universe of individuals and 
families at a point in time that engage with 
these public-sector services, the key population 
for our research goal. Survey data on public 
benefit receipt and engagement with social ser-
vice systems is prone to underreporting (Meyer 
and Goerge 2011) and likely subject to social 
desirability bias. And, to identify the multiplic-
ity of combinations, a population-based sample 
survey would be infeasible because of cost and 
complexity.

Cross-system analyses like this one require 
access to data from multiple agencies. Access-
ing the data from the relevant state agencies 
involves challenges (Goerge 2018). Also, linking 
data from disparate sources, which range from 
data manipulation to implementing record-
linkage algorithms, entails technical chal-

lenges. The work described here was made fea-
sible by Chapin Hall’s Integrated Database on 
Child and Family Programs in Illinois (IDB), 
which compiles microdata from Illinois, Cook 
County, and Chicago government agency 
sources over three decades (Goerge, van Voor-
his, and Lee 1994; Kitzmiller 2013). Chapin Hall 
stewards and manages data for the agencies, 
and Chapin Hall researchers use the data to ad-
dress questions approved by the data providers 
(government agencies) under strict conditions 
specified in data-sharing agreements. The mul-
tisystem families project was funded in part by 
the state of Illinois.

The database is a linked set of files (tables) 
rather than an online transactional system that 
would lend itself to rigorous in-depth explora-
tion of an individual or family. Our focus for 
this analysis is to generally understand the pro-
gram participation of individuals in families 
rather than the specific trajectories that indi-
vidual or families might have within particular 
programs, which is also possible with the data 
in the integrated database. 

One frequently mentioned limitation of ad-
ministrative data for use for research purposes 
is that data quality may be inconsistent or poor, 
with duplicate records and fields left blank or 
entered incorrectly (Hotz et al. 1998). However, 
researchers generally agree that administrative 
data are most reliable for fields that are directly 
applied to the work for which the data were 
originally collected. This study analyzes pro-
gram participation and benefit receipt. These 
topics are fundamental to program operations. 
As a result, we have confidence in the quality 
and validity of the relevant data points—a con-
fidence shared by our agency partners, who use 
the same fields in their regular reporting. We 
do believe that the data include duplicate re-
cords, particularly when a person is engaged 
with the program, leaves, and subsequently re-
turns. We address this limitation with our 
record-linkage methods, which include logic to 
de-duplicate individuals within the same pro-
gram, as well as identifying the same individual 
in multiple programs.

We selected five areas of treatment or pro-
gram participation (mental health treatment, 
substance abuse treatment, juvenile incarcera-
tion, adult incarceration, and child welfare) be-
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cause together these services represent Illinois’ 
costliest areas of targeted social service expen-
diture. In fiscal year 2008, 29.5 percent of Illinois 
state expenditures were for Medicaid. A report 
from the U.S. Department of Health and Human 
Services’ Substance Abuse and Mental Health 
Services Administration noted that, in 2009, 
10.4 percent of national Medicaid spending 
was for mental health treatment and 1.4 per-
cent for treating substance use disorders (Sub-
stance Abuse and Mental Health Services Ad-
ministration 2014). In fiscal year 2008, 3 percent 
of Illinois’ budget went to corrections (Na-
tional Association of State Budget Officers 
2009).

A general principle of our study is that once 
an individual is associated with another who 
has been in one of our five systems, the effects 
of that experience last a lifetime (Metzler et al. 
2017; Shonkoff et al. 2012). The trauma experi-
enced with one of the problems that led to the 
system involvement can clearly last a lifetime 
and lead to the need for additional services 
provided by the public sector, be they one of 
the five we examined or others, such as the 
need for workforce training, disability ser-
vices, special education, or other such pro-
grams. Clearly, incarceration has lifetime ef-
fects on family members (Wakefield, Lee, and 
Wildeman 2016). Foster care has effects on 
both children and parents for a lifetime (Pecora 
et al. 2006). Substance abuse and mental ill-
ness similarly are challenges for an extensive 
duration, even if treated (Jordan et al. 2002; 
Teplin 1994).

The following data sources were combined 
for use in this research. For each source, we de-
scribe the population and time frame included.

SNAP participation. One of the primary driv-
ers of our study population was the universe of 
households participating in the Supplemental 
Nutrition Assistance Program in Illinois from 
1989 to 2008. We received this data as monthly 
extracts from the Illinois Department of Hu-
man Services, which administers food and cash 
assistance programs in the state.

Because SNAP assistance is provided at the 
household level (the assistance unit for SNAP 
is defined as the group of individuals in the 
home who shop and prepare food together), it 
is a good source, albeit not without error, of in-

formation about which individuals share a 
household. Case-level records are linked to the 
individuals who are current or former partici-
pants in the assistance case.

The SNAP data also contain monthly records 
of household addresses and their changes 
through time. We geocoded these records and 
used them to locate families spatially. Histori-
cally, mailing addresses were where program 
recipients received their benefits, so the quality 
of these addresses was considered very high. 
Since the introduction of an electronic benefit 
transfer system in 1997, that quality is less cer-
tain, although initial addresses are verified. 
However, because we use addresses largely to 
characterize patterns at regional and county 
levels, we do not think quality concerns about 
these data are so significant as to undermine 
the validity of conclusions.

Child welfare involvement. Child welfare ser-
vice records from the Illinois Department on 
Child and Family Services (DCFS) were another 
source of data for our sample population, and 
these data also provided information about 
problems in the family represented by involve-
ment with DCFS. DCFS tracks children and 
families receiving services. Child welfare ser-
vice data were included from 1977 to 2008. 
These data included both cases where children 
were removed from the home and records 
about services provided to intact families, 
where the children remain in the home of their 
parent or parents and DCFS provides supports 
to the household. We also looked at substanti-
ated allegations of abuse and neglect as re-
corded by DCFS. Abuse and neglect records 
were included from the early 1980s.

Incarceration. Incarceration records were in-
cluded from both the Illinois Department of 
Corrections (adult incarcerations) and the Illi-
nois Department of Juvenile Justice ( juvenile 
incarcerations). Records were pulled from data 
on admissions and exits from 1990 to 2008—
anyone who began or ended a spell of incar-
ceration during those years would be included 
in the sample. These data sources reflect only 
confinement in state prisons, not time spent in 
county jails or detention centers or on proba-
tion. Including less severe measures of involve-
ment with the criminal justice system would 
likely only increase the number of connections 
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found between family involvement with crimi-
nal justice and involvement in other service sys-
tems.

Medicaid claims. We identified individuals 
receiving publicly funded mental health and 
substance abuse treatments through Medicaid 
claims records from 1994 to 2008. We also used 
claims data to look at intentional injuries.

Record linkage. One of the significant techni-
cal challenges involved in creating an inte-
grated longitudinal database to conduct this 
research is accurately linking the records of in-
dividual clients across agencies and over time. 
This process is complicated by the fact that no 
single identifier, even social security number 
(SSN), can be completely relied upon to estab-
lish the identity of a client across the records 
of all agencies, although Social Security Act Ti-
tle programs like SNAP do typically verify and 
validate SSNs. Probabilistic record-matching, 
first developed by researchers in the fields of 
demography and epidemiology, allows such 
linkages to be made reliably (Fellegi and Sunter 
1969; Newcombe et al. 1959).

Probabilistic record-matching is based on 
the assumption that no single match between 
variables common to the source databases will 
identify a client with complete reliability. In-
stead, this approach calculates the probability 
that two records belong to the same client using 
multiple pieces of identifying information. 
Such identifying data may include name, social 
security number, birth date, gender, race-
ethnicity, and residential address. When mul-
tiple pieces of identifying information from two 
databases are comparable, the probability of a 
correct match is increased.

Once a match has been determined, a unique 
number is assigned to the matched record so 
that each record can be uniquely identified. The 
end result of a record-matching exercise is a 
series of crosswalk files between each agency’s 
client identification number and a multisystem 

identifier (the new unique number assigned to 
the entity).

Chapin Hall routinely uses record linkage to 
create the IDB, which was used for this project 
(Goerge, van Voorhis, and Lee 1994). In the de-
sign of the IDB, each component dataset is un-
duplicated against itself, and then datasets are 
matched against each other. In the cross-system 
matches, one and only one match is allowed for 
each unique individual to reduce the chances 
of multiplying error.

Methodology for  
Defining Families
We began with two groups of individuals from 
which to build our population of households.

One population was drawn from the uni-
verse of SNAP families. However, to limit this 
to families that had received SNAP in a recent 
year, we chose an index population of all women 
in the SNAP population during fiscal year 2007–
2008 who were eighteen to forty-five years of 
age. We included everyone in the index popula-
tion and everyone who ever shared a case with 
an index person.1 The women who served as 
index individuals did not have to be on SNAP 
for the entire time, but needed to appear active 
at some point during that window. We chose 
these women because we believed they were 
most likely to have belonged to families with 
children. This selection also included nearly all 
families who received Temporary Assistance for 
Needy Families and nearly all families who re-
ceived Medicaid with an income of below 130 
percent of the federal poverty level, given that 
these families were highly likely to have re-
ceived SNAP.2 This process yielded a pool of 
318,927 families.

The second population was all families re-
ceiving child welfare services at any point from 
1977 to 2008, a population that has been shown 
in the literature to have many additional prob-
lems other that the placement of children in 

1. This index approach allowed us to limit the study to families that had received SNAP in a recent year while 
still taking advantage of the rich historical SNAP data allowing us to identify the extended family networks of 
the index participants.

2. An alternative was to choose all families in Medicaid, but because Medicaid eligibility is at the individual, 
rather than household, level, this would have reduced the number of poor nonparent-nonchild individuals in-
cluded in our populations. Using SNAP allowed us to represent the universe of extended family members who 
live together.
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the foster care system, and the effects of the 
maltreatment and foster care, in most cases, 
have an impact on their future well-being and 
service use (Metzler et al. 2017). This process 
yielded 286,408 families.

The key analytic unit is the family network. 
This family is defined through the analytic con-
cept of a supercase, a connected component of 
the graph of all individuals in these two popu-
lations where edges represent shared member-
ship in a case. All individuals who share a case 
are grouped in the same supercase and indi-
viduals in a supercase do not share cases with 
individuals in any other supercase.

Figure 1 demonstrates this process at the in-
dividual level with two example cases:

Betty is an index individual from the SNAP 
data (a woman between the ages of eighteen 
and forty-five who received SNAP during fis-
cal year 2007–2008). We find all public as-
sistance cases associated with Betty going 
back to 1989. She was a child in 1995 on a 

case with her mother (Alice) and siblings 
(Joe and Mary); they all become part of her 
SNAP supercase. Similarly, all individuals 
on her SNAP case during 2007–2008 are part 
of her SNAP supercase. Finally, her brother 
Joe has a SNAP case in the early 2000s with 
his family—because Betty and Joe were on 
the same SNAP case in 1995, this case is also 
considered a part of the same family net-
work.

Nancy is a second index individual from the 
SNAP data. She is on a SNAP case in 2008 
with her children, Michael and Joan. That 
case is the only public assistance case any 
of them have been on in Illinois since 1989, 
so the three people on this case form a dis-
crete family network.

We completed a similar process with child 
welfare cases and then combined the two 
groups of supercases into a single, unified set 
of supercases, representing our ultimate sam-
ple of families. Altogether, we identified 502,165 

Figure 1. Identifying Families

Source: Authors’ rendition.
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discrete family networks in our sample—the 
union of the SNAP and child welfare case popu-
lations. The result of this process was a dataset 
containing the unique cross-system identifiers 
of all the people associated with these families 
in either public assistance or child welfare data, 
along with their corresponding assigned super-
case or family identifier. We linked information 
about the five problem domains (child welfare, 
adult incarceration, juvenile incarceration, 
mental health services, and substance abuse 
services) at the individual level. This informa-
tion was easily aggregated to the family level for 
our primary results.

Limitations. We believe that our results both 
are representative of the families engaging with 
public services in Illinois and are useful for in-
forming human services policy and practice, 
but we highlight a few limitations stemming 
from our data and approach.

Ideally, we would use either the full popula-
tion of Illinois families or the full population 
that encountered any of the five systems as the 
base population. The nature of the administra-
tive data available to our analysis significantly 
limited our opportunities on this point, how-
ever. In particular, because our research ques-
tion is about families rather than individuals, 
we needed to form our base population from 
datasets that captured populations of families. 
Without access to vital records, tax returns, or 
decennial census records, there is no compre-
hensive population-level database of families. 
David Grusky, Michael Hout, Timothy Smeed-
ing, and Matthew Snipp’s proposed American 
Opportunity Survey would provide exactly the 
kind of base dataset needed for this work in the 
future (2019). The next best option would be a 
base population of all families who touched any 
of the five systems, but only the child welfare 
system captures relationships among family 
members in its participation data. We thus 
used the universe of child welfare families com-
bined with the universe of food stamp families 
(to provide a broad sample of Illinois families) 
to comprise our base population.

The limited nature of our base population 
limits the interpretation of population-level sta-

tistics. However, a primary goal of our work is 
to provide policymakers and program admin-
istrators with evidence about the populations 
they encounter across systems. For this pur-
pose, being able to characterize the rate of mul-
tiple system involvement within a group of fam-
ilies that routinely interact with the state 
through two of its largest human service sys-
tems is of great value. Although using our re-
sults to define the prevalence of multisystem 
families in the general population is difficult, 
the results demonstrate the high rates of mul-
tiple system involvement among the very fam-
ilies with whom the state already works.

To contextualize the extent to which our 
population is representative of the state of Il-
linois, we can compare our total count of fam-
ilies (502,165) with the estimates from the 2008 
American Community Survey (ACS). The 2008 
ACS counted 3,138,757 family households in Il-
linois (households containing at least two peo-
ple related by marriage, birth, or adoption), of 
which fewer than half are families with children 
younger than eighteen. Our sample included 
households from the child welfare system and 
the households of women of childbearing age 
from the SNAP population, so the number of 
families with children is probably a better proxy 
than the overall population of families. When 
we compare with the population of low-income 
families, the numbers are much closer: 400,751 
families were under 130 percent of the federal 
poverty line in 2008 in Illinois, including 311,900 
families with children younger than eighteen. 
Although it is difficult to compare too precisely 
our universe of families derived from decades 
of administrative data to point-in-time popula-
tions, it is evident that our sample captures less 
than one-third of Illinois families overall but 
likely represents an extremely high proportion 
of low-income families.3

Although the proportion of the overall Illi-
nois population represented in our universe is 
small, that our population is centered on house-
holds living in poverty means that the count of 
families in our sample in certain communities 
is very close to the population-level count. This 
allows us to infer some community-level con-

3. All numbers are from the Census Bureau’s American FactFinder based on the results of the 2008 ACS one-
year estimates (https://factfinder.census.gov).
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clusions about the percentage of all families 
that are multiple system involved, even though 
we cannot make those conclusions for the full 
state.

We think using networks to capture families 
appropriately represents the concept of a fam-
ily unit. The median supercase (family) size was 
four family members; the mean was 5.9. How-
ever, opportunities exist to further refine this 
approach in subsequent analyses—in particu-
lar, by incorporating temporal information 
more granularly, to better distinguish close 
family relationships (that is, people who lived 
together at more time points). As family size 
increases, families are more likely to include 
individuals with various points of system con-
tact. It would strengthen the findings to con-
firm that these additional contacts are not from 
individuals who were only tangentially con-
nected with the family.

Another limitation that derives from the use 
of administrative data is that the sources of 
data that identify biological relationships 
among family members frequently omit fa-
thers. Birth certificate data is the single most 
important source of information needed to ob-
tain a more accurate construction of family 
units. Although our method for identifying 
families attempted to include as many adult 
males as possible, we do not believe that we 
identified them particularly well. One indicator 
for that is that only 33 percent of the adults in 
the corrections population were connected to 
the families we identified. We believe that this 
is our largest source of error and that it artifi-
cially decreases both the number and percent 
of multisystem families in our sample and the 
costs attributed to them.

Methodology for Me asuring 
Systems Engagement
For the group of families described, we tracked 
receipt of five areas of service, each of which 
represented a problem facing the family: child 
welfare, adult incarceration, juvenile incarcera-
tion, mental health services, and substance 
abuse services. Family members are exposed to 
individual mental illness, alcohol or substance 
abuse problems, incarcerated adults or juve-
niles, and child maltreatment serious enough 
to require out-of-home placement or are them-

selves beset with these problems. We defined 
multisystem families as those that engaged 
with two or more of these areas of service.

We estimated costs for each service differ-
ently depending on data availability. Our goal 
was not to arrive at a precise accounting of all 
costs, but to have an estimate consistent across 
family service and program participation com-
binations that would allow for relative compar-
isons. For the Departments of Corrections and 
Juvenile Justice, we began with the yearly cost 
of incarceration per individual across all facili-
ties, reported by those departments, and calcu-
lated a per diem amount. We multiplied that 
amount by the numbers of days incarcerated 
for each individual and summed that over all 
of the individuals in the family. For youth 
served by the Department of Juvenile Justice, 
we also calculated the cost of after-care simi-
larly. For substance abuse, mental health ser-
vices, and other Medicaid-reimbursed services, 
we used the paid claim amount for each service 
received, summing all paid claims for an indi-
vidual and then for the family. For child welfare 
costs, we calculated the cost of substitute care 
per day and applied that to the number of days 
experienced by each child in the family. For 
Medicaid and child welfare costs, we do not in-
clude administrative costs, which are included 
in the Corrections and Juvenile Justice esti-
mates. Estimates of Medicaid administrative 
costs range from 2 to 5 percent (Yong, Saun-
ders, and Olsen 2010). Estimate of administra-
tive costs for foster care is 35 percent (Stoltzfus, 
Stohl, and Seibold 2011). Given other sources 
of error described in the limitations section, 
these would not change the nature of our re-
sults greatly.

Results
Of the 502,165 families in our sample, 23 per-
cent were multisystem families, and these fam-
ilies accounted for 86 percent of the funding for 
health, mental health, criminal and juvenile, 
and child welfare needs for the full sample of 
families. Another 34 percent of families re-
ceived services in one of the five areas and ac-
counted for the remaining funds. Table 1 pre
sents these populations in more detail.

Table 2 presents the five most prevalent 
combinations of the programs studied. These 
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combinations account for 75 percent of all mul-
tisystem families. The most common is mental 
health services and substance abuse treatment 
(25.0 percent of multisystem families). The sec-
ond most common is child welfare involvement 
and mental health services (18.2 percent). The 
third most common is child welfare involve-
ment, mental health services, and substance 
abuse treatment (11.6 percent). This is not sur-
prising given that most families in the child 
welfare system have challenges related to men-
tal illness and substance abuse; these condi-
tions often motivate entry into the system. The 
fourth most common is child welfare involve-
ment, adult incarceration, mental health ser-
vices, and substance abuse treatment (9.8 per-
cent). The size and relative intensity of services 
received by this group presents opportunities 
for a particularly targeted focus on them, as 
their cross-system penetration is quite signifi-
cant and suggests multiple health, psychologi-
cal, and social challenges.

Of the funding that supported the participa-
tion of the multisystem families in these pro-
grams, 34 percent was for child welfare service 
costs, 23 percent for mental health services, 21 
percent for adult corrections, 9 percent for sub-
stance abuse treatment, and 7 percent for juve-
nile incarcerations. We also tracked expenses 
for long-term care paid for by Medicaid since 
mental health services and substance abuse 
treatment account for a significant portion of 
diagnoses of individuals using long-term care. 
It accounted for 5 percent of the costs for mul-
tisystem families (Simon, Lipson, and Stone 
2010).

These findings cannot be interpreted as the 
prevalence of families with multiple challenges 
in the general population. Our base population 
was SNAP- and DCFS-involved families, so we 
assume the rate to which multisystem families 
are reflected in our sample is significantly 
higher than it would be in the general popula-
tion. Furthermore, we measured rates of system 

Table 1. Total Engagement by Families in Sample

Number Percentage

Total families in sample 502,165 100
No systems 216,443 43
One system 171,367 34

Multisystem families 114,355 23
Two systems 67,443 59
Three systems 30,987 27
Four systems 13,803 12
Five systems 2,122 2

Source: Authors’ tabulation.

Table 2. Top Five Combinations of Program Use by Multisystem Families

Percentage All 
Families

Percentage 
Multisystem 

Families

Mental health services and substance abuse treatment 5.7 25.0
Mental health services and child welfare 4.1 18.2
Mental health services, substance abuse treatment, and  

child welfare
2.6 11.6

Mental health services, substance abuse treatment, adult 
incarceration, and child welfare

2.2 9.8

Mental health services and adult incarceration 2.2 9.7

Source: Authors’ tabulation.
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involvement for treatment and services, not the 
prevalence of mental illness, drug abuse, child 
abuse and neglect, and so on in the population. 
An uncertain number of other families in the 
state with the same problems have not received 
state services.

However, these findings clearly demonstrate 
that a significant minority of the families that 
engage with the state through large human ser-
vice programs are engaging in multiple areas—
and they are major cost drivers within those 
areas. Their cumulative use of these programs 
greatly exceeds that of the one-system families 
because the duration of participation is built 
into the cost calculation. It certainly could be 
the case that this could not be so dispropor-
tionate if the one-system family members were 
participating in the one system in a more in-
tensive way than members of the multisystem 
families.

We believe our method of defining super-
cases effectively captures familial networks, but 
recognize that it is unlikely that some of the 
larger “families” constructed from the admin-
istrative records are groups that live in the same 
household at one time. To test the sensitivity 
of our results to this definition, we restricted 
family size to a maximum of ten. Looking only 
at this universe of more traditionally sized fam-
ilies, the percentages do not change substan-
tially. Where 23 percent of all families are mul-
tisystem families, 17 percent of the traditionally 
sized families are multisystem families. We ex-
pect this rate to be a little lower because larger 
families are more likely to be engaged in mul-
tiple ways.

Multisystem families experience more and 
more severe problems than the other families 
these systems serve. When we compare the 
multisystem families with other families on 
problems that go beyond the components of 
our definition, including inpatient mental 
health and substance abuse services, substan-
tiated allegations of abuse or neglect, and cases 
of intentional injury, we find these problems 
are more frequent and severe for the multisys-
tem families.

More than 56 percent of the multisystem 
families have experienced an inpatient hospi-

talization for either mental illness or substance 
abuse treatment. In fact, 25 percent of all mul-
tisystem families have experienced inpatient 
hospitalization for both reasons.

Although not one of our five primary pro-
grams, we analyzed data on family violence and 
found 73 percent of the multisystem families 
had had a substantiated investigation of abuse 
or neglect. This is not just a product of the fam-
ilies with child welfare cases; 63 percent of the 
families that did not receive child welfare ser-
vices have had a substantiated investigation of 
abuse or neglect. Finally, nearly 49 percent of 
multisystem families have a member who has 
experienced an injury diagnosed as intentional 
(according to International Classification of 
Diseases) for which they received health care 
reimbursed by Medicaid. Altogether, nearly 82 
percent of multisystem families have either a 
substantiated report of abuse or neglect or an 
injury due to violence.

The multisystem families are geographically 
concentrated. Figure 2 shows the percentage of 
children living in multisystem families by cen-
sus tract in Cook County.4 We see that a relative 
few areas of Chicago exhibit extremely high per-
centage of children living in families who par-
ticipate in multiple systems. In a dozen census 
tracts in Chicago, more than 60 percent of the 
children, those seventeen years old and 
younger, live in multisystem families. In a 
smaller number of tracts, which we do not iden-
tify, more than 90 percent of the children live 
in multisystem families. 

To understand the variation across the state, 
we calculate the percent of households that are 
multisystem families by county (figure 3). This 
is a crude measure (see earlier discussion of 
comparison with census data), but it does show 
that proportionately more multisystem families 
are in counties with smaller urban areas and 
some of the poorer urban counties. This infor-
mation provides insight for where policymakers 
might concentrate efforts. Given the effects of 
living in these households on children, the im-
pact on schools, the health-care system, public 
safety, and law enforcement in the areas where 
these families cluster is significant. 

The geographic clustering of multisystem 

4. Figures 2 and 3 reflect where families lived in 2008.
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families suggests the possibility of using ge-
ography to target interventions toward these 
families. It also highlights the variation within 
multisystem families; these families are con-
centrated in Chicago and in southern Illinois, 
but given the very different geographic context 
it is likely that the specific barriers those fami-
lies face and the interventions needed will vary. 
This relates closely to our next finding.

Multisystem families are heterogeneous. As 
we explore underlying trends around service 
provision, we must recognize the significant 
diversity in the quantity, type, and severity 	
of challenges multisystem families face. Table 
3 shows the size and percentage of the multi-
system population engaged with each service 
area.

Nearly 94 percent of all multisystem fami-

Figure 2. Distribution of Children in Multisystem Families by Census Tract, 2008

Source: Authors’ tabulation.
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lies have received mental health services, and 
about 60 percent have engaged with services 
in just two of the five areas, so more than half 
of multisystem families are multisystem be-
cause they receive treatment for mental illness 
and one of the other five. The most common 
combination is mental health and substance 
abuse services, which characterizes 25 percent 
of multisystem families. Another 18 percent are 
engaged with both mental health and child 
welfare systems.

The other 40 percent engaged with three or 
more of the five service areas. In particular, 
juvenile justice, adult corrections, and sub-

stance abuse are unlikely to exist in isolation. 
Of families with juvenile justice engagement, 
96 percent are multisystem. Of those with adult 
corrections engagement, 85 percent are. For 
substance abuse, the corresponding rate is 95 
percent. By contrast, smaller proportions of the 
child welfare–involved population of families 
(57 percent) and the population of families re-
ceiving any mental health services (49 percent) 
were multisystem families.

Although the juvenile justice-involved pop-
ulation is much smaller than the groups en-
gaged with the other service areas, these fami-
lies overlap, particularly the group engaged 

Figure 3. Distribution of Multisystem Families by County, 2008

Source: Authors’ tabulation.
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with adult corrections. Specifically, 68 percent 
of multisystem families with members who 
have experienced juvenile corrections also ex-
perienced adult corrections, whereas about 40 
percent of families without juvenile correction 
experience have had adult correctional experi-
ence. Conversely, 11 percent of multisystem 
families with adult correctional experience 
have juvenile correctional experience, and 4 
percent of families without adult correctional 
experience have juvenile correctional experi-
ence. The correlation is therefore clear of ado-
lescents and adults being incarcerated in these 
families, either from one individual (perhaps 
a parent) who was incarcerated and another 
(perhaps a child) being incarcerated, or from 
the same individuals being incarcerated as 
both a child and an adult.

Multisystem families that have members 
who have been in adult corrections are less 
likely to have family members who have re-
ceived mental health services or substance 
abuse treatment of any kind. For example, 40 
percent of families with adult corrections expe-
rience also experienced outpatient mental 
health care, relative to 74 percent of those with-
out adult corrections experience. This may 
show that families excluded from particular 
services, such as substance abuse or mental 
health services, may be the most likely to be 
involved in the criminal justice system.

Just as the concept of a multiproblem or 
multisystem family is difficult to isolate across 
studies, our results demonstrate that the lived 
situations of these families can be highly vari-
able, even within a single definition.

Discussion
Many families with multiple system involve-
ment live in Illinois, and providing services to 
those families consumes a significant amount 
of state resources. Although policymakers and 
researchers often analyze a single problem, it 
is obvious that many families at risk must si-
multaneously address the challenges of eco-
nomic support, parenting, childcare, health 
care, handicapping conditions, violence, and 
substance abuse. It is also clear that all of these 
issues are related in various ways. Until we can 
adequately describe the needs of families 
across these areas, we will not know whether 
family policy and service programs are meeting 
the needs of the population.

These findings were shared with policymak-
ers and program administrators shortly after 
the initial data analysis was concluded in the 
late 2000s and have sparked conversations and 
interest across the intervening years through 
multiple administrations. However, it has 
proven difficult to implement programs and 
strategies to address the needs of these fami-
lies.

Existing solutions are not simple and per-
haps more local than at the state or national 
level (Corbett et al. 2005), although federal rules 
and regulations are often blamed for the prob-
lem at the local level. The problem in part stems 
from the continued operation of multiple pro-
grammatic and agency silos in government de-
signed to deal with a limited set of problems 
and the inability of these agencies and pro-
grams to coordinate efforts, resulting in prac-
titioners often not having the service resources 

Table 3. Areas of Systems Engagement

All Families (502,165)
Families, One System 

(171,368)
Families, Multiple 
Systems (114,355)

Number Percent Number Percent Number Percent

Adult incarceration 56,649 11 8,406 5 48,243 42
Juvenile incarceration 8,564 2 366 <1 8,198 7
Mental health 220,878 44 113,321 66 107,557 94
Substance abuse 72,161 14 3,675 2 68,468 60
Child welfare 106,784 21 45,599 27 61,185 54

Source: Authors’ tabulation.
Note: Percentages may not total 100 because families with multiple areas of engagement are counted 
once for each area of engagement they have.
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or skills to access the array of interventions a 
family and its members might need.

As the demand for services changes and the 
perceived need for services has increased, con-
siderable discussion and effort have focused on 
the notion of comprehensive service systems 
for children and families. Service providers of-
ten talk about how their cases are becoming 
more severe and how they lack the service ar-
mature to address child and family needs. This 
perception has led to many attempts at service 
reform, often without testing the magnitude  
of the population’s needs. The goals of coordi-
nated or integrated service systems are to weave 
together the programs and services that cut 
across service sectors and address the multiple 
needs that children and their families may pre
sent. Integration can occur at the financing, ad-
ministrative, or casework level, but regardless 
of the particular strategies, the goals are to ad-
dress the multiple problems of children and 
families in a comprehensive manner that in-
creases the likelihood of improved well-being 
for the entire family.

The term silo has perhaps become overused, 
but probably because it is so apropos when talk-
ing about government services. The use of the 
term reflects a desire to make “the inability to 
share information and integrate system activ-
ity” more concrete (Roberts 2011, 677). The silo-
ing begins with the federal government and the 
multitude of programs with similar goals across 
multiple agencies. These silos reflect and fur-
ther reinforce federal policy in their own ways 
at the state and local levels through the separa-
tion of programs into separate agencies. They 
reflect the fragmentation that results from 
spreading the authority for programs across 
levels of government and across agencies 
within government (Farhang and Yaver 2016). 
Given what we have found, why would all re-
sources related to the problems addressed in 
this study not be housed and integrated under 
one agency? Although some states do bring 
together multiple federal programs into a sin-
gle agency, they often must still be managed 
separately and reported on separately, and the 
data belonging to each can often not be shared 
across these programs. For example, sub-
stance abuse and mental health professionals, 
child welfare caseworkers, counselors for ex-

offenders, and parole officers all sit in separate 
agencies, often at different levels of govern-
ment. Therefore, programmatic silos exist at 
all levels of government and these levels them-
selves are silos, preventing effective communi-
cation and collaboration across levels of gov-
ernment. To be sure, the private and advocacy 
sectors have their own silos (Civic Caucus 
2009). Each condition or diagnosis has a special 
interest group devoted to competing with oth-
ers to gather greater shares of the scarce re-
sources.

Unfortunately, as mentioned, the data are 
also siloed, often under the rubric of privacy or 
confidentiality. Even with twenty-first-century 
technology, decades-old rules and regulations 
restrict data-sharing within the public sector, 
across agencies and levels of government, not 
to mention with researchers who are attempting 
to create better evidence on what works or sim-
ply a better understanding of what the problems 
are. Although computational advances have 
made it easier to do this work, significant chal-
lenges to anything approaching real-time imple-
mentation remain, including the resource in-
vestments necessary to build the infrastructure, 
the challenge of maintaining data quality, and 
the intensiveness of the required calculations. 
There are better ways to spend the resources 
involved than in building these large systems, 
especially given the challenge of implementing 
interventions to address these findings.

In short, integrated service delivery on a 
large scale is quite difficult. The technology and 
data needs to continually inform this work are 
complex, and the systems that manage these 
programs are not designed for integrated prac-
tice.

Recommendations for  
Rese arch and Pr actice
Now that we better understand the scope and 
scale of the problem at a systemic level, we be-
lieve that further research can convert these 
findings into more actionable insights with a 
specific focus on unpacking patterns and sub-
populations in the results. Our hope is that sub-
sequent work will yield more tangible results 
that can help bridge the gap between data and 
action. The following list includes suggested 
areas of inquiry.
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Timing of engagements. The results include 
engagements with the systems from as far back 
as 1990, and we do not consider temporal pat-
terns in systems engagement—which engage-
ments overlap or occur in close succession. We 
believe that each of the areas explored (mental 
health, substance abuse, incarceration, or child 
abuse or neglect) has a lasting impact on the 
family and the individuals in it. However, fur-
ther analysis that looked at the relationships in 
these engagements over time could provide 
more insights about how and when challenges 
cluster. As mentioned, looking at timing more 
closely in the context of refining family defini-
tions could also provide more detail about the 
types of families included in this analysis.

Individual versus family problems. This study 
aggregated engagements to the family level. 
Multisystem families in this study could have 
one individual in the family who engaged with 
services in all five areas or five individuals with 
one point of engagement each. More investiga-
tion could illuminate whether a few individuals 
within families account for a large number of 
the system engagements. 

Magnitude of problems. The study counted 
multiple instances of engagement with the 
same system as a single engagement. For ex-
ample, in a family with ten members, each fam-
ily member could have received mental health 
treatment. In another family of ten, one mem-
ber might have received mental health treat-
ment. In this study, both examples would count 
as one point of engagement within a family. 
Similarly, one individual may have received a 
service once and another person may have re-
ceived multiple services for the same problem 
over the course of years. Further research could 
discriminate among these cases. 

Characterization of individual problems. Data 
are available that would allow for a more de-
tailed picture of problems. For example, within 
records of mental health treatment are records 
of different diagnoses. The policy and program 
response to a family with an instance of clinical 
depression may be different than one with a 
schizophrenia diagnosis. 

Networked service delivery. This research 
used familial networks rather than individuals 
as the unit of analysis. Are there implications 
for intervention design to consider service de-

livery via networks as well? Recognizing that 
families are themselves nodes within broad 
community networks, is it possible to move 
from serving even multisystem families to de-
signing interventions for multisystem commu-
nities?

Technical Recommendations
Throughout this article, we note both the 
unique opportunities to conduct an analysis of 
this nature using administrative data and the 
unique challenges, resources, and limitations 
needed to do that analysis. We close with a few 
technical recommendations for improving the 
accessibility of administrative data and creat-
ing opportunities for further analyses of this 
type (see also Goerge 2018).

Develop secure data collections and the infra-
structure to manage them. The kind of data prep-
aration and record-linkage work that went into 
the development of our dataset was a high ini-
tial investment. Updating and expanding the 
data continues to be resource intensive, but the 
cost of maintaining and updating these kind of 
collections is much lower than the initial devel-
opment. Developing infrastructure that allows 
data to be securely collected, integrated, and 
responsibly managed for research and analytic 
purposes will mean that the benefits to this sort 
of data preparation can be shared more broadly. 
This would also create opportunities to expand 
the rigor and complexity of data preparation. 
For example, having worked with these data as 
families, we now hypothesize that using family 
relationship to inform our record linkage might 
improve the original data integration process.

Train public-sector personnel in evaluation, re-
search, and analysis. The effective use of data in 
the public sector, and the availability of data for 
ethical research, requires agency leaders who 
understand the value of evaluation and re-
search. It also requires staff who are comfort-
able using and interpreting the results of re-
search and comfortable using data in simple 
analyses to better understand programs.

Familiarize researchers with state information 
systems and databases. Many of the limitations 
and challenges of administrative data stem di-
rectly from the way data are collected and 
stored over time. Researchers who understand 
these systems can better interpret findings.
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Encourage ongoing collaborations among state 
and local agencies and researchers. For invest-
ment value in administrative data to be maxi-
mized, program staff and researchers need to 
partner to bring a depth of understanding and 
interpretation to the data. Such a partnership 
will promote both better research and the trans-
lation of the research into better services to vul-
nerable families.
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The hardships faced by poor children are often 
compounded because they are more likely than 
their advantaged counterparts to live in eco-
nomically disadvantaged, chaotic, and under-
resourced communities (Bischoff and Reardon 
2014), and community disadvantage is linked 
to lower academic achievement (Sastry and Pe-
bley 2010). Boosting poor children’s achieve-

Poverty and Academic 
Achievement Across the  
Urban to Rural Landscape: 
Associations with Community 
Resources and Stressors
Porti a Miller,  Eliz abeth Votruba-Drz al,  
a nd Rebeka h Lev ine Coley

Poor children begin school with fewer academic skills than their nonpoor peers, and these disparities trans-
late into lower achievement, educational attainment, and economic stability in adulthood. Child poverty 
research traditionally focuses on urban or rural poor, but a shifting spatial orientation of poverty necessi-
tates a richer examination of how urbanicity intersects with economic disadvantage. Combining geospatial 
administrative data with longitudinal survey data on poor children from kindergarten through second grade 
(N ≈ 2,950), this project explored how differences in community-level resources and stressors across urbanic-
ity explain variation in achievement. Resources and stressors increased in more urbanized communities and 
were associated with academic achievement. Both mediated differences in poor children’s achievement. Me-
diation was both direct and indirect, operating through cognitive stimulation and parental warmth.

Keywords: urbanicity, poverty, community context, achievement 

Poverty and Academic Achievement 

Almost thirteen million children in the United 
States live in poverty according to the most re-
cent estimates (Fontenot, Semega, and Kollar 
2018). Poor children begin school almost a full 
school year behind their high-income peers on 
core academic skills (Garcia 2015). These dis-
parities persist as they progress through school 
(Duncan and Magnuson 2011; Reardon 2011). 
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ment is critical because gaps translate into di-
minished school success, lower educational 
attainment, and less economic stability in 
adulthood (Duncan et al. 2007; Magnuson and 
Votruba-Drzal 2009). 

In addressing inequalities in poor children’s 
development, it is important to consider the 
changing geography of poverty. Research on 
child poverty traditionally focuses on the urban 
poor, and a small literature considers the rural 
poor, but in recent years the spatial location of 
poor families has shifted dramatically (Allard 
2017). Economically disadvantaged families 
have moved away from rural areas and inner 
cities toward suburbs and smaller towns. From 
2000 to 2010, suburban poverty rose by 50 per-
cent and grew at twice the rate of that in central 
cities. Suburbs are now home to the largest 
number of poor people (Kneebone and Berube 
2013). Research finds that economic disparities 
in achievement differ for children living in ur-
ban, suburban, and rural communities, yet the 
contextual forces driving such disparities have 
not been systematically examined (Miller, 
Votruba-Drzal, and Setodji 2013). 

One major reason researchers have not yet 
examined the intersection between poverty and 
place, and its implication for children and fam-
ilies, is that comprehensive data on community 
contexts are rarely included in longitudinal 
studies following children. Until recently, ad-
ministrative data on community context have 
not been readily available at a national scale to 
combine with rich, longitudinal studies of chil-
dren and families. Yet, with technological ad-
vances and the advent of geographic informa-
tion systems (GIS) software, a wealth of 
administrative data is now publicly available at 
the zip code, census tract, and block level. 
These data can be used to create measures of 
key neighborhood and community processes, 
which can then be appended to longitudinal 
studies of children and families. This study 
uses these new methods and the burgeoning of 
publicly available geocoded administrative 
data, providing a unique example of how, even 
in the absence of data on community context 
at the individual level, researchers can leverage 
administrative data at the community level to 
study the lives of children and families. 

This article attends to current gaps in the 

literature by combining administrative data 
with nationally representative longitudinal 
data on the well-being of children and families 
to examine whether community resources and 
stressors explain differences in poor children’s 
achievement across urban, suburban, and rural 
areas. Using data from a broad array of publicly 
available administrative data sources on com-
munities, geocoded and matched to children’s 
addresses, we show that both resources and 
stressors were heightened in more urbanized 
communities. Moreover, differences in commu-
nity context were pathways through which ur-
banicity was indirectly linked to children’s 
achievement. Together, these results enhance 
understanding of how poverty and place inter-
sect to predict children’s early development 
(Galster and Sharkey 2017). 

Urbanicit y Differences in 
Economic Disparities in 
Development
Recent evidence suggests that links between 
family income and child development may vary 
across urban, suburban, and rural areas. Study-
ing a nationally representative sample of young 
children, Portia Miller, Elizabeth Votruba-Drzal, 
and Claude Messan Setodji find that for disad-
vantaged children, economic disparities in kin-
dergarten reading and math skills were greatest 
in large urban cities, roughly 0.15 standard de-
viations (SD) per $10,000 increase in income, 
and smallest in rural areas, 0.05 SD (2013). In 
another study using parallel methods with na-
tionally representative data on older children, 
family income had stronger relations with 
eighth-grade achievement in urban cities and 
weaker links in suburban and rural communi-
ties (Miller and Votruba-Drzal 2015). Although 
these studies provided evidence of urbanicity 
differences in income-achievement gaps, they 
did not identify the processes through which 
differences in children’s development across 
urbanicity may be shaped.

Theoretical Framework
To understand how poverty shapes child devel-
opment, we rely on two theories—resource and 
investment theory and stress theory. In brief, 
resource and investment theory posits that in-
come dictates the resources available for invest-
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ment in children, with poor children receiving 
fewer family and community investments, 
which hinders their early development (Becker 
1981; Duncan and Brooks-Gunn 2000). Parents 
make a range of important investments in chil-
dren by providing cognitive stimulation, edu-
cational activities, and warm and sensitive care-
giving that promote young children’s early 
cognitive development (Bassok et al. 2016; Kalil 
and Mayer 2016). Community contexts also pro-
vide opportunities for investments in children 
such as quality educational and cultural re-
sources, social and health services, and recre-
ational facilities that in turn provide enrich-
ment directly to children and may also enhance 
parents’ in-home investment behaviors. For ex-
ample, access to nature and green spaces are 
linked to better attention skills (Wells and Ev-
ans 2003). Similarly, educational resources im-
prove parenting (Brotman et al. 2011; Gutman 
and McLoyd 2000). Community-level socioeco-
nomic advantage is another resource that has 
been tied to parental investments in children 
and to children’s achievement (Kohen et al. 
2008; Leventhal, Dupéré, and Shuey 2015). 

The family and environmental stress model 
posits that poverty contributes to disparities in 
achievement by exposing children to stressors 
that impede healthy development. Within the 
home, economic pressure, coupled with other 
life stressors more commonly experienced by 
poor families, may lead to increased psycho-
logical distress and interparental conflict (Con-
ger et al. 2002; McLoyd 1990). Financial stress 
also leads to harsher and less responsive par-
enting, in turn predicting numerous maladap-
tive outcomes for children like decreased cog-
nitive and language skills (Chazan-Cohen et al. 
2009; Farah et al. 2008). Beyond the family sys-
tem, poor families face greater environmental 
stress at the community level in the forms of 
pollution, substandard housing, noise, lack of 
green space, and dangerous, dilapidated, and 
impoverished neighborhoods (Evans 2004). 
Such stressors hinder young children’s cogni-
tive development by triggering stress response 
systems and impeding children’s self-regulatory 
skills (Kim et al. 2013; Shonkoff 2010). These in 
turn have implications for multiple domains of 
development including academic functioning 
(Evans and Kim 2013; Persico, Figlio, and Roth 

2016). In addition to affecting children directly, 
neighborhood stressors shape children’s devel-
opment indirectly via parental functioning 
(Chung and Steinberg 2006; Coley, Lynch, and 
Kull 2015; Sharkey et al. 2012). 

Last, bioecological theory also informs our 
conceptual framework. Bioecological theory 
argues that the processes that drive children’s 
development transpire at multiple contextual 
levels, including the family and broader com-
munity level (Bronfenbrenner and Morris 2006). 
More specifically, it asserts that more distal 
contexts may shape children by influencing 
the quality of proximal processes within chil-
dren’s most immediate settings. Reflecting this 
framework, we assert that urbanicity is a macro-
context that may affect the proximal processes, 
such as access to resources and exposure to 
stressors, that drive children’s development. 
This study tests how community resources and 
stressors vary across urban, suburban, and ru-
ral communities, and whether such variation 
is systematically associated with differences  
in parenting and, ultimately, poor children’s 
achievement. 

Differences in Resource and Stress 
Processes Across Urbanicity
Differences in resources and stressors across 
urbanicity may alter the way poverty shapes ac-
ademic development. First, community re-
sources such as museums, hospitals, libraries, 
and recreational centers are often more plenti-
ful in urban cities than in suburbs and rural 
areas (Allard 2008; Gordon and Chase-Lansdale 
2001; Lichter 2012). Beyond these broadly pro-
motive community resources, the availability 
of resources that are particularly salient to dis-
advantaged populations, such as food banks 
and welfare offices, also appear lower in rural 
and suburban communities than in urban ones 
(Allard 2004, 2008; Murphy and Wallace 2010). 
That said, some research has shown that a 
strong sense of community in rural places may 
enhance access to limited resources for those 
in need (Tieken 2014). Breaking with this pat-
tern, however, access to socioeconomically ad-
vantaged neighbors is limited in urban inner 
cities, where concentrated poverty and isola-
tion of the poor are pervasive problems (Massey 
1996; Wilson 1987). Suburban and rural areas, 
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on the other hand, are generally more socioeco-
nomically integrated (Evans and Kutcher 2011; 
Massey 1996). 

Limited availability and accessibility of im-
portant resources in rural areas, and to a lesser 
extent suburban areas, may in turn impede the 
early development of poor rural and suburban 
children relative to urban peers. Rural and sub-
urban children living in poverty may have fewer 
academic skills than their more urban counter-
parts because they receive fewer experiences, 
such as trips to cultural attractions and librar-
ies, that have been linked to academic growth 
(Guo and Harris 2000; Duncan and Brooks-
Gunn 2000). Lack of resources in rural and sub-
urban areas may indirectly inhibit poor chil-
dren’s achievement if their parents are unable 
to draw from resources like libraries and social 
service organizations and hence are less able 
to provide stimulating, warm, and responsive 
parenting that enhances academic outcomes 
(Gutman and McLoyd 2000; Yeung, Linver, and 
Brooks-Gunn 2002). 

Community stressors may also differ across 
urbanicity. Poor children in large cities and ru-
ral areas often experience chronic environmen-
tal risks that may be less prevalent in suburbs 
(see Evans 2004). Poor children are dispropor-
tionately exposed to environmental toxins and 
pollutants, though environmental justice re-
search has not carefully compared differences 
in pollution exposure across the urban-rural 
continuum (Evans 2004). Urban areas have 
heightened prevalence of dangerous and dilap-
idated neighborhoods with relatively high rates 
of concentrated disadvantage (Amato and Zuo 
1992). Heightened exposure to crime and vio-
lence has also been documented in large, inner-
city communities (Amato and Zuo 1992; 
Burdick-Will 2016). These environmental risks 
may produce maladaptive physiological and 
psychological responses in urban children liv-
ing in poverty (Evans and Kutcher 2011; Persico, 
Figlio, and Roth 2016; Shonkoff 2010). They may 
also inhibit disadvantaged urban children’s ac-
ademic functioning by increasing parental dis-
tress and, in turn, decreasing parenting quality 
(Evans and Saegert 2000; Linares et al. 2001; 
Wachs and Camli 1991). Although environmen-
tal risks are present in rural areas, rural chil-
dren may enjoy relatively greater proximity to 

nature than their urban peers, which may buf-
fer them from other sources of stress (Wells and 
Evans 2003). Consequently, the physical stress-
sors of inner cities likely put poor urban chil-
dren at a disadvantage relative to suburban and, 
to a lesser extent, rural peers. 

Rese arch Aims
This study adds to the child poverty literature 
by examining differences in poor children’s 
achievement across urban cities, suburbs, and 
rural areas. Second, it uses a range of adminis-
trative data to test whether poverty is differen-
tially linked to children’s achievement across 
urbanicity through differences in resources and 
stressors experienced by poor urban, suburban, 
and rural children. In so doing, it provides a 
comprehensive assessment of the mechanisms 
underlying urbanicity-related differences in 
poor children’s academic development. Al-
though pieces of the frameworks on which this 
article is based have been tested, extant work 
has not comprehensively compared the re-
sources to which poor children have access or 
the stressors to which they are exposed across 
diverse urban, suburban, and rural communi-
ties. Research has drawn from contextual data 
such as the decennial census and American 
Community Survey (ACS) (Sastry and Pebley 
2010) or data collected at a local level (Sharkey 
et al. 2012). It has not, however, fully exploited 
the rich array of national publicly available 
administrative data sources to compare and 
contrast the role of urbanicity in the lives of chil-
dren living in poverty. This study is an excep-
tional example of how administrative data and 
rich, longitudinal data on children and families 
can be merged to create a fuller picture of the 
contexts in which child development unfolds.

Method
Data on children and families were drawn from 
the Early Childhood Longitudinal Study, Kin-
dergarten Class of 2010–2011 (ECLS-K:2011), 
which followed a nationally representative co-
hort of more than eighteen thousand children 
entering kindergarten in the fall of 2010. This 
study analyzed data from the restricted use data 
files, which contain children’s zip codes and 
census tracts of residence. Data were collected 
twice a year during the fall and spring of kin-
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dergarten, first grade, and second grade and 
annually thereafter from parents, teachers, 
school administrators, and direct child assess-
ments.1 The analytic sample includes the ap-
proximately 2,950 children who remained in the 
study through second grade and lived in fami-
lies whose income to needs ratio was less than 
100 percent of the federal poverty level at kin-
dergarten or first grade.2 Sampling weights were 
applied in all analyses to adjust for attrition and 
allow results to be generalized to a nationally 
representative kindergarten cohort. Missing 
data were imputed using multiple imputation 
in Mplus 6 to create ten imputed datasets (Asp-
arouhov and Muthén 2010). Parameter esti-
mates were averaged over the ten fitted models, 
and standard errors were computed using the 
average of the standard errors over the set of 
analyses and the between-imputation variation 
of parameter estimates (Rubin 1987). 

Measures
Achievement. Children’s knowledge and skills 
in reading, math, and science were measured 
with direct assessments at wave 6 (spring of sec-
ond grade). The assessments drew items from 
several well-validated, standardized instru-
ments to create highly reliable, age-appropriate 
composites of reading (α = 0.91), math (α = 
0.94), and science (α = 0.83) skills scored using 
item response theory procedures (Tourangeau 
et al. 2017). An achievement composite was cre-
ated by standardizing and averaging the read-
ing, math, and science scores (α = 0.87).

Urbanicity. Urbanicity was delineated using 
rural-urban commuting area codes created by 
the Economic Research Service of the U.S. De-
partment of Agriculture, which uses measures 
of population density, urbanization, and daily 
commuting. Urbanicity was categorized as large 
urban city (areas within the incorporated city 
limits of urbanized areas with populations of 
at least 750,000); small urban city (areas within 
incorporated city limits anchoring an area with 
between fifty thousand and 749,999 people); 
suburb (places inside urbanized areas but out-
side principal city limits); or rural area (places 

with fewer than fifty thousand residents). Chil-
dren’s urbanicity was measured at each wave, 
and more than 97 percent of children in the 
ECLS-K:2011 remained in the same urbanicity 
across all waves. Children who moved to a dif-
ferent urbanicity during the study were coded 
to the urbanicity where they lived a majority of 
waves. In the full sample, fewer than one hun-
dred children spent equal time in different ur-
banicity categories and were excluded from our 
analytic sample. 

Community characteristics. Seven measures 
of community resources and stressors were de-
rived from national administrative data sources 
available at the zip code or census tract level. 
Using GIS software, we aggregated community 
measures to an appropriate geographic area de-
termined on the basis of research and valida-
tion checks. This aggregation was done for two 
reasons. First, many community resources and 
stressors affect families beyond the specific zip 
code or census tract in which they live. For in-
stance, families often access health care that is 
in a census tract and zip code outside their own 
(Wing and Reynolds 1988). Second, census 
tracts and zip codes vary widely in size across 
the United States, and aggregation by radius 
(such as a three-mile radius from the centroid 
of a zip or tract) helps make our community 
measures more uniform. We created and tested 
community measures at several different radii 
based on research, then used regression mod-
els to predict child or family measures to assess 
predictive validity in this sample (Miller et al. 
2014). The radii tested ranged from the smallest 
geographic area measured, which was the cen-
sus tract or zip code alone, to much larger areas, 
the largest being twenty-five miles from the zip 
or tract centroid. It is important to note that 
prior work by the authors showed that the most 
predictive radii does not differ across urbanic-
ity (Votruba-Drzal et al. 2018). After the best 
measures were established, they were merged 
into the ECLS-K:2011 data via children’s census 
tracts or zip codes of residence and averaged 
over the kindergarten and first grade waves.

Resources. Drawn from the 2010 U.S. Eco-

1. Response rates for waves 1 through 6 were 87 percent, 85 percent, 89 percent, 88 percent, 84 percent, and 
87 percent, respectively. 

2. The National Center for Education Statistics requires that all Ns be rounded to the nearest fifty.
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nomic Census, cultural resources included 
counts of the number of important enriching 
resources such as museums, libraries, zoos, bo-
tanical gardens, and performing arts attrac-
tions within a twenty-mile radius of children’s 
home zip codes, logged to increase normality. 
Social service resources, including services such 
as food banks, child and youth services, shel-
ters, and family services drawn from the same 
data were also summed within a twenty-mile 
radius: because such services typically have 
limited capacity, the total was divided by the 
number of residents. A measure of parks was 
created using current data on the location of 
public parks and gardens from TomTom North 
America, Inc. published by ESRI. We used a di-
chotomous indicator for whether at least one 
park was available within a one-mile radius of 
children’s home census tracts. This is a mea-
sure of public parks, not green space. Last, a 
measure of socioeconomic advantage was created 
with ACS data (2010–2014 five-year estimates) 
by standardizing and averaging the percentage 
of residents with college degrees, professional 
or managerial jobs, high incomes (greater than 
$100,000), and median income within a three-
mile radius of children’s census tracts (α = .95). 

Stressors. The Federal Bureau of Investiga-
tion’s Uniform Crime Reporting database, 
which provides monthly reports on known 
criminal offenses and arrests by precinct zip 
code, was used to assess violent crime. Counts 
of murder, manslaughter, assault, rape, and 
robbery in 2010 were summed across a five-mile 
radius of each child’s zip code. Pollution was 
assessed using data from the 2011 Environmen-
tal Protection Agency’s (EPA) Toxic Release 
Inventory (TRI), aggregating the amount of 
chemicals hazardous to human development 
as designated by the EPA, released within a  
one-mile radius of children’s home zip code. 
Neighborhood disadvantage was assessed with a 
composite of ACS data (2010–2014 five-year es-
timates) delineating percentage of individuals 
in poverty, receiving public assistance, unem-
ployed, without a high school degree, and in 
female-headed households within three miles 
of children’s census tracts (α = 0.92).

Parenting. Parenting measures were drawn 
from the ECLS-K:2011. Cognitive stimulation in 
the home environment was reported by parents 

at waves 1 through 4, capturing activities such 
as reading books, participating in lessons or 
programs, and taking trips to the zoo or mu-
seum, with kindergarten (sixteen items; α = 
0.80) and first grade (ten items; α = 0.56) mea-
sures averaged. Parental warmth was assessed 
at wave 2 via parent report (for example, parent 
and child “have warm, close times together”; 
parent “shows child love even when in bad 
mood”; parent expresses affection by “hugging, 
kissing, and holding”; 8 items; α = .56). Parental 
harshness was also assessed via wave 2 parent 
reports of corporal punishment which, due to 
skewedness was dichotomized to indicate 
whether the parent spanked the child in the 
past week. 

Child and family demographic characteristics. 
Numerous child and family demographic fac-
tors were included as covariates. Child charac-
teristics include age in months at assessment, 
child gender, race-ethnicity (white, African 
American, Hispanic, Asian, Native American, 
or multiracial), and primary language. We also 
included measures of children’s language 
skills, twenty items, α = 0.91 (PreLAS) (Duncan 
and DeAvila 2000) and executive functioning 
skills, the average of dimensional change card 
sort (Zelazo 2006) and numbers reversed sub-
test of the Woodcock-Johnson III Tests of Cog-
nitive Abilities (Woodcock, McGrew, and 
Mather 2001), assessed at kindergarten entry. 
These measures were included to control for 
unmeasured, time-invariant differences in chil-
dren and families that affect children’s achieve-
ment and behavior (Duncan and NICHD SECC 
2003), thus helping reduce concerns of omitted 
variable bias.

Family characteristics that are correlated 
with family income, urbanicity, and child de-
velopment also served as covariates, including 
highest level of parental education (less than a 
high school degree, high school degree or GED, 
some college or vocational school, or a bache-
lor’s degree or greater), stable marital status, 
stable maternal employment, and the number 
of children under the age of eighteen in the 
household (averaged across wave). 

Data Analysis
Structural equation models (SEM) were run in 
Mplus Version 6 software using maximum like-
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lihood estimation (Muthén and Muthén 2008). 
Several community characteristics were re
scaled so that their variances were of similar 
scale to other variable variances, which is nec-
essary when using maximum likelihood esti-
mation. Specifically, social service availability 
was multiplied by a factor of ten, toxic releases 
divided by one hundred, and crime divided by 
one thousand. 

Three sets of models were estimated. First, 
to test the hypothesis of urbanicity-related dif-
ferences in the achievement of poor children, 
we predicted achievement with urbanicity, con-
trolling for all demographic covariates includ-
ing kindergarten language and executive func-
tioning skills. Next, we tested urbanicity-related 
differences in community characteristics in a 
similar manner, using freely estimated covari-
ances among community characteristics. Fi-
nally, we assessed whether community and par-
enting characteristics mediated associations 
between urbanicity and children’s functioning, 
testing the full model presented in figure 1 and 
allowing freely estimated covariances between 
community characteristics and between par-
enting measures. To account for nesting of chil-
dren within schools and communities, cluster 
adjustments were made at the school level for 
all analyses (Preacher, Zyphur, and Zhang 2010). 

Overall fit of each model was assessed using 
chi-square values, the root mean square error 
of approximation (RMSEA), a measure of rela-
tive fit better suited for larger sample sizes, the 
comparative fit index (CFI), and the Tucker-
Lewis index (TLI). RMSEA values below 0.06 and 
CFI and TLI values above 0.95 support good 
model fit (Hu and Bentler 1999). Nonsignificant 
paths were eliminated from the models (with 
the exception of covariates) to improve model 
fit. Once the most parsimonious model was es-
tablished, estimates of indirect effects were cal-
culated using the model indirect command in 
Mplus to test whether community and family 
characteristics mediated links between urban-
icity and child outcomes (Preacher, Zyphur, and 
Zhang 2010). Throughout this article, we use 
the term effect in the statistical sense to de-
scribe indirect effects (associations between 
predictor and outcome operating through an-
other variable), direct effects (associations 
between predictor and outcome without a me-

diating variable), and effect sizes (size of asso-
ciations). These terms do not imply causality.

Results
Descriptive statistics for the analytic sample 
and for each urbanicity group separately are 
presented in the online appendix (table A). To 
understand the context of poverty across urba-
nicity, it is vital to consider the varying demo-
graphic profiles of poor families living in dif-
ferent urbanicities. For instance, low-income 
African American families disproportionally 
resided in urban areas, and the majority of poor 
families in rural areas were white. Conversely, 
poor Latino families tended to live in large cit-
ies or suburbs, and these places had relatively 
more English-language learners. Parental edu-
cation was also lower in more urbanized com-
munities. 

After adjusting for these differences in child 
and family demographics as well as for chil-
dren’s skills in kindergarten, we found that 
poor children in suburbs had 0.13 of a standard 
deviation higher academic skills than those in 
rural areas (table 1). Notably, although few dif-
ferences in child achievement across urbanicity 
emerged, urbanicity may operate through con-
trasting resource and stress processes to shape 
children’s development, a hypothesis tested 
through our second research aim.

Indeed, as standardized estimates show in 
table 2, differences in community resources 
and stressors across urbanicity were stark. Con-
sidering community resources, poor children 
living in large urban cities had the most cul-
tural resources and park availability in their 
communities and poor rural children had the 
fewest. Small city and suburban children living 
in poverty fell in the middle, with suburbs hav-
ing more cultural resources. Poor children liv-
ing in large urban settings also had the greatest 
social service availability, significantly greater 
than poor children in small cities and suburbs. 
In contrast, suburban children had the highest 
levels of neighborhood socioeconomic advan-
tage and rural children had the lowest.

Differences were marked in community 
stressors as well. Violent crime and neighbor-
hood disadvantage both showed the highest 
rates in large urban settings and lowest in rural 
areas. On the other hand, children in small ur-
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Table 1. Relations Between Urbanicity and Child 
Achievement 

Unadjusted 
Coefficient

Adjusted 
Coefficient

Small urban 0.10 –0.03
(0.07) (0.06)

Suburban 0.09 0.04a

(0.06) (0.05)
Rural 0.07 –0.08a

(0.07) (0.06)

Source: Authors’ calculations.
Note: N ≈ 2,950. Standard errors in parentheses. 
Urbanicity groups are compared with large urban 
areas. Post hoc analyses tested the significance 
of differences between other urbanicity groups. 
Within each column, coefficients with shared 
superscript letters are different from each other at 
the p < .05 level. Adjusted models controlled for 
the following covariates: race, gender, age, 
English language status, kindergarten language 
skills, kindergarten executive functioning, highest 
level of parental education, number of children in 
the house, maternal employment, and maternal 
marital status.

Table 2. Adjusted Differences in Community Characteristics 

Resources Stressors

Cultural 
Resources

β

Social 
Services 

Availability
β

Park 
Availability

β

Neighborhood 
Advantage

β

Violent 
Crimes

β

Toxic 
Releases

β

Neighborhood 
Disadvantage

β

Small urban –1.17***ab –0.23* –0.51***a –0.06ab –0.59***a 0.43**a –0.27*ab

(0.07) (0.11) (0.08) (0.10) (0.12) (0.13) (0.11)
Suburban –0.50***ac –0.26*** –0.54***b 0.32**ac –0.68***b 0.11* –0.55***a

(0.07) (0.08) (0.07) (0.09) (0.10) (0.06) (0.09)
Rural –1.84***bc –0.10 –1.44***ab –0.33**bc –0.91***ab 0.03a –0.64***b

(0.06) (0.16) (0.08) (0.10) (0.10) (0.04) (0.11)

Source: Authors’ calculations.
Note: N ≈ 2,950. Standard errors in parentheses. Urbanicity groups are compared with large urban areas. Post hoc 
analyses tested the significance of differences between other urbanicity groups. Within each column, coefficients 
with shared superscript letters are different from each other at the p < .05 level. Controls included in models are 
race, gender, age, English language status, kindergarten language skills, kindergarten executive functioning, 
highest level of parental education, number of children in the house, maternal employment, and maternal marital 
status.
*p < .05; **p < .01; ***p < .001

ban cities were exposed to the most pollutants, 
followed by suburban children; pollution rates 
were lower in large urban and rural communi-
ties.

Resource and Stress Processes 
Mediating Urbanicit y Differences 
in Achievement
Figure 1 presents the standardized coefficients 
in the final path model testing mediation of 
urbanicity’s links to poor children’s achieve-
ment, with small urban, suburban, and rural 
children relative to their large urban counter-
parts. Arrows represent significant paths, with 
dashed arrows signaling associations signifi-
cant at p < .10. In initial model specifications, 
we freely estimated all paths from urbanicity to 
community variables, parenting, and child out-
comes. Notably, urbanicity did not have direct 
effects on parenting or child achievement. Non-
significant paths were eliminated from the 
model, resulting in excellent fit: χ2(30) = 61.22, 
RMSEA = 0.02, CFI = 1.00, TLI = 0.96.

Holding all else constant, including kinder-
garten language and executive functioning skills, 
parental cognitive stimulation and warmth were 
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associated with greater child achievement, both 
with small effect sizes (0.06 SD units). Consider-
ing community contexts, cultural resources were 
directly positively associated with children’s 
achievement, whereas neighborhood disadvan-
tage showed a direct negative relation, again with 
small effect sizes (0.06 and 0.05 SD, respectively). 
Park availability and neighborhood advantage 
were positively associated with achievement 
through parental cognitive stimulation. In con-
trast, violent crime in the neighborhood was in-
directly associated with achievement through 
lower levels of parental warmth. Although several 
community resources and stressors (social ser-
vice availability, parks, and neighborhood disad-
vantage) were associated with parental spanking, 
spanking did not show significant associations 
with children’s achievement. All highlighted as-
sociations were small in size, averaging less than 
0.10 of a standard deviation after a broad array of 
covariates and children’s earlier skills were taken 
into account.

Community and family processes helped ex-

plain associations between urbanicity contexts 
and children’s achievement. Figure 2 highlights 
numerous significant indirect effects from ur-
banicity to poor children’s achievement. Rela-
tive to residence in a large city, living in a small 
city, suburb, or rural area was negatively associ-
ated with achievement through decreased cul-
tural resources (–0.5 SD, –0.02 SD, –0.08 SD, per 
urbanicity, respectively) as well as through de-
creased park availability (–0.002 SD, –0.002 SD, 
–0.01 SD, respectively) and in turn lower home 
cognitive stimulation. However, there were pos-
itive indirect effects of residence in small cities, 
suburbs, or rural areas, relative to large cities 
operating through lower neighborhood disad-
vantage (0.01 SD, 0.03 SD, 0.03 SD, respectively) 
as well as through less violent crime and in turn 
greater parental warmth (0.003 SD, 0.003 SD, 
0.004 SD, respectively).

Urbanicity also had indirect effects on poor 
children’s achievement when comparing small 
cities, suburbs, and rural areas (see online ap-
pendix, figures A and B). The suburbs where 

Figure 1. Full Path Model of Urbanicity’s Links to Achievement 

Source: Authors’ calculations.
Note: N ≈ 2,950. Arrows illustrate significant paths in model (p < .05 or p < .10 if dashed line). Stan-
dardized path coefficients presented within figure. Urbanicity groups are compared with large urban 
cities. χ2(30) = 61.22, RMSEA = 0.02, CFI = 1.00, TLI = 0.96.
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poor children lived had more cultural resources 
and less concentrated disadvantage than small 
cities, which resulted in significant positive in-
direct effects (0.03 SD and 0.01 SD, respectively) 
on suburban children’s achievement. Relative 
to their peers in small cities, poor rural chil-
dren had fewer cultural resources (–0.03 SD) 
and parks (–0.003 SD), but also less violent 
crime (0.002 SD) and disadvantage (0.02 SD), 
resulting in counteracting indirect effects of 
rural residence. Last, living in a rural area had 
negative indirect effects compared to a subur-
ban area that stemmed from reduced access to 
cultural resources (–0.06 SD), parks (–0.003), 
and socioeconomically advantaged neighbors 
(–0.002). This was only partially counteracted 
by a positive indirect effect stemming from de-
creased violent crime in the rural areas (0.001 
SD). 

Discussion
The academic skills that children have in their 
early school years set the stage for future suc-

cess in life. Research has consistently shown 
that children living in poverty tend to have def-
icits in these early skills (Duncan and Magnu-
son 2011). Yet studies have not explored whether 
poor children’s early skills differ across urban, 
suburban, and rural areas, despite increasing 
evidence that urbanicity is an important devel-
opmental context (Miller, Votruba-Drzal, and 
Setodji 2013; Rudolph et al. 2014). Using a na-
tionally representative sample of poor children 
starting kindergarten in 2010 linked with a 
broad array of administrative data on both re-
sources and stressors within communities, this 
study finds that although children’s levels of 
achievement look mostly similar across large 
urban cities, small urban cities, suburbs, and 
rural areas, the processes by which economic 
disadvantage is associated with poor children’s 
development vary notably depending on place. 
These identified processes have important im-
plications for efforts to improve contextual 
supports for disadvantaged children and target 
scarce public resources.

Figure 2. Indirect Effects of Urbanicity on Achievement

Source: Authors’ calculations.
Note: N ≈ 2,950. Arrows illustrate significant indirect effects (p < .05 or p < .10 if dashed line). Stan-
dardized path coefficients presented within figure. Urbanicity groups are compared with large urban 
cities. χ2(30) = 61.22, RMSEA = 0.02, CFI = 1.00, TLI = 0.96.
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Differences in Community Context Across 
Urbanicity and Their Links to Achievement
Using a wealth of data characterizing various 
aspects of communities, this study uncovered 
several systematic differences in the neighbor-
hoods of poor children across urbanicity. Much 
as hypothesized, the urban inner-city neighbor-
hoods that disadvantaged children resided in 
tended to be flush with both resources (cultural 
and natural) and stressors (crime and concen-
trated poverty); rural areas tended to have fewer 
resources but also fewer stressors; and small 
cities and suburbs tended to fall in between. 
There were some exceptions to this general pat-
tern. Social service availability was lowest in 
small cities and suburban communities, and 
neighborhood socioeconomic advantage was 
highest in suburbs. These findings are consis-
tent with the literature on suburbs (Massey 
1996; Murphy and Wallace 2010). Another excep-
tion was surprising. Pollution in small cities 
and suburbs was, on average, greater than in 
large cities or rural areas. This is probably due 
to the measure of pollution used, which cap-
tures toxic releases from businesses and indus-
tries but misses other sources of pollution, 
such as automobiles or residential buildings. 
Because this measure taps into pollution most 
associated with manufacturing, our results are 
consistent with where manufacturing is cur-
rently taking place in the United States—small 
Rust Belt cities and suburbs (Hollander et al. 
2009; Lewis 2008). To our knowledge, these 
findings are the first attempt to characterize the 
differences in community contexts of poor chil-
dren across the urban-rural continuum using 
multiple indicators and nationally representa-
tive data. 

Further, as hypothesized, these community 
characteristics were related to poor children’s 
academic development. The quantity of com-
munity cultural resources such as zoos, li
braries, and museums were directly and posi-
tively related to achievement. Meanwhile, the 
level of concentrated disadvantage in neigh-
borhoods had direct negative links to achieve-
ment. Community resources and stressors also 
related to poor children’s achievement through 
their links with several aspects of parenting; 
resources such as social services, parks, and 
socioeconomically advantaged neighbors were 

associated with more stimulating and warm 
parenting and less harsh parenting, and stress-
ors such as violent crime and concentrated 
disadvantage were linked to less warm parent-
ing and more physical punishment, respec-
tively.

These results may have implications for im-
proving academic outcomes for disadvantaged 
children. Policies targeted to community type 
may be most effective at narrowing achieve-
ment disparities. Our results suggest that in 
urban inner cities it is important to focus on 
strategies that reduce or buffer children from 
neighborhood stressors. For instance, in high 
crime communities, successful policies may 
include programs that decrease school vio-
lence and foster feelings of safety in school 
(Astor, Benbenishty, and Estrada 2009). For ex-
ample, evidence from a study in this issue in-
dicates that safe schools buffer the negative 
effects of neighborhood violence on achieve-
ment (Laurito et al. 2019). Similarly, programs 
like Chicago’s Safe Passage Program, which 
employs community members to watch streets 
and routes children use to travel to and from 
school, has been linked to decreased crime 
and increased school attendance (Chicago 
Public Schools 2018). On the other hand, ef
fective policies to improve poor children’s 
achievement in underresourced suburbs and 
rural areas may involve providing important 
resources to children and families. For in-
stance, library outreach programs such as 
bookmobiles have been successfully used to 
provide services to rural populations (Boyce 
and Boyce 1995). Expanding these programs, 
as well as using this model to deliver other cul-
tural resources to poor rural families could 
have positive impacts on the academic devel-
opment of poor rural children. Similarly, in-
creasing social service availability in suburbs 
where poverty is burgeoning may help de-
crease parental stress and improve parenting 
quality, leading to improvements in poor chil-
dren’s achievement.

Implications for Research on Children, 
Families, and Communities
A striking lesson from this research is that the 
adequate and complete study of the macrosys-
tems in which children develop requires a si-
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multaneous examination of multiple forces 
shaping development. Simply looking at mean 
differences by urbanicity or differences ad-
justed by demographic characteristics ob-
scured a more complex picture of the role of 
urbanicity in children’s achievement, in which 
neighborhood processes can be simultaneously 
supportive of and detrimental for children’s de-
velopment. For instance, positive links between 
increased cultural and natural resources and 
child achievement in large cities were coun-
tered by negative associations between violence 
and disadvantage and achievement. Moreover, 
the community context measures were inter-
correlated. This further highlights the impor-
tance of accounting for various aspects of chil-
dren’s communities and the biases likely to 
underlie studies assessing the effect of one 
characteristic in isolation. 

What does this imply for existing research 
on neighborhood effects? Extant studies of 
links between community characteristics and 
child development have generally assessed a 
single aspect or a group of similar indicators 
of community in isolation. For instance, sev-
eral studies examining neighborhood socio-
economic disadvantage or advantage do not 
consider these factors in conjunction (Sastry 
and Pebley 2010; Xue et al. 2005). Results of this 
study suggest that neighborhood advantage 
and disadvantage may play distinct roles, 
through different mechanisms, in the develop-
ment of children’s academic skills. Moreover, 
given that these aspects of neighborhoods are 
correlated with other community characteris-
tics such as pollution, violence, and cultural 
resources, it is hard to know whether prior 
studies were identifying true associations be-
tween neighborhood socioeconomic status 
and outcomes, or whether results are biased 
due to the failure to consider other key neigh-
borhood characteristics. In this respect, this 
study improves on past literature by examining 
several aspects of communities simultaneously 
to reveal which features of children’s neigh
borhoods are most predictive of subsequent 
development. Future research using methods 
allowing causal conclusions is necessary to ex-
pand knowledge on the causal roles of indi-
vidual community resource and stress charac-
teristics.

Role of Administrative Data in Studies of 
Children and Families
This study is a prime example of how admin-
istrative geospatial data from various agencies 
can be leveraged to create measures of com-
munity characteristics that can inform and ex-
pand studies of children’s development. Stud-
ies of neighborhood effects on children and 
families often use data on neighborhoods re-
ported by the families, and studies that use in-
dependent administrative data have over-
whelmingly been limited to the use of data 
from the decennial census (Chung and Stein-
berg 2006; Sastry and Pebley 2010). Although 
census data have several strengths, many as-
pects of community context—such as crime 
rates, pollution, and resource availability—are 
not available via decennial censuses. This 
study provides a unique example of how ad-
ministrative data from a variety of sources can 
be combined with nationally representative 
data on children and families to gain a more 
complete understanding of how multiple as-
pects of communities simultaneously operate 
in relation to parenting practices and chil-
dren’s achievement. 

Other research has richly studied targeted 
aspects of communities at local levels. For in-
stance, using data from the Chicago School 
Readiness Project and the Chicago Police De-
partment, Patrick Sharkey and his colleagues 
geocoded all homicides in the city of Chicago 
to pinpoint the exact date and location and 
then determined whether a homicide occurred 
close to children’s homes prior to children’s as-
sessment (2012). This study is an excellent ex-
amination of considering both the spatial and 
temporal aspects of children’s contexts. Future 
research of this nature in other cities and com-
munities across the United States is needed to 
explore the generalizability of findings. To do 
so, we need more data of this richness to be col-
lected at a national level to expand the breadth 
of our research on neighborhood contexts. 

This study makes clear that, although addi-
tional work is needed to create valid and com-
prehensive data on children’s communities, 
currently available administrative data serve a 
useful purpose in the study of child develop-
ment. All community resources and stressors 
explored here, with the exception of pollution, 
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relate to child and family functioning in some 
way. Moreover, these indicators generally oper-
ated in accordance with research and our hy-
potheses, which lends credence to their worth. 
For instance, having a park within a mile of 
children’s homes positively predicted cognitive 
stimulation—a variable that includes activities 
such as playing outside, discussing nature, and 
exercising that we may expect to increase when 
parks are easily accessible (Wells and Evans 
2003). Neighborhood violent crime was linked 
to decreased parental warmth, as documented 
in smaller studies (Pinderhughes et al. 2001), 
though this study replicates the association 
using administrative as opposed to parent-
reported data on neighborhood danger. The 
presence of cultural resources such as libraries, 
museums, and zoos had a direct relation to chil-
dren’s learning; the availability of social ser-
vices that are often vital to poor families pre-
dicted better parenting. These associations 
between community factors and children and 
families have long been conjectured but not un-
til now empirically demonstrated on a national 
scale. 

Although administrative data were im-
mensely useful for characterizing differences 
in poor children’s communities, this study 
would not be possible without rich, longitudi-
nal data with measures of child and family pro-
cesses and information (through secure data 
agreements) on children’s census tract or zip 
code. Administrative data are unlikely to in-
clude measures of processes occurring within 
children’s microsystem, such as parenting qual-
ity or home learning environment, or validated 
measures of children’s physical, behavioral, or 
cognitive development (Bronfenbrenner and 
Morris 2006). To the extent that researchers can 
use administrative data in conjunction with 
survey and observational data containing mea-
sures of processes and individual functioning, 
we can propose and test more contextually rich 
conceptual models of multiple forces affecting 
child development. Indeed, efforts currently 
under way in the American Opportunity Study 
will make such linkages between administra-
tive data and rich longitudinal data on children 
and families much easier and, it stands to rea-
son, more common in the literature (Grusky et 
al. 2019).

Limitations
Limitations to this study must be acknowl-
edged. First, these results are correlational and, 
hence, must be interpreted with caution. Ac-
cordingly, although the correlational design of 
this study provides a rich description of the 
community and family contexts of poor chil-
dren across urbanicity, it is possible that the ob-
served associations between urbanicity, com-
munity characteristics, parenting, and 
achievement were caused by some unmeasured 
features of the parents or children in our sam-
ple. Notably, attempts were made to limit en-
dogeneity bias by controlling for children’s kin-
dergarten language and executive functioning 
skills, as well as for characteristics of parents 
and families when predicting children’s second-
grade achievement scores. Nonetheless, future 
work in this area should try to leverage experi-
mental and quasi-experimental designs to bet-
ter address selection effects. 

Second, despite the overall strengths and 
comprehensiveness of data used in this study, 
measurement weaknesses were also apparent. 
For instance, the pollution variable did not 
capture sources of pollution other than that 
associated with business. Moreover, the TRI  
is not a direct measure but instead is self-
reported by businesses, which could certainly 
lead to underreporting. Similarly, the FBI’s 
Uniform Crime Reporting is a voluntary pro-
gram, and many jurisdictions do not make 
these reports. This leads to a great deal of 
missing data on crime, which had to be im-
puted. In addition, these data are reported at 
the precinct level and do not pinpoint the pre-
cise location of the crimes that were commit-
ted. Last, the administrative data varied in 
terms of the geographic level available, and 
though census tract data are preferable be-
cause tracts are smaller than zip codes, several 
indicators were available only at the zip code 
level. Thus, our community measures created 
using zip code data—cultural resources, social 
service availability, pollution, and crime—were 
less precise than the other measures available 
at the tract level. Given these notable measure-
ment limitations, it is somewhat remarkable 
that the majority of our community measures 
showed reliable associations with child and 
family functioning and their use marks an ad-
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vancement to prior literature on poverty and 
place. 

We must also note that the effect sizes ob-
tained from our results were consistently small. 
Although moderate to large differences emerged 
in community resources and stressors across 
urbanicity contexts, links with family processes 
and child achievement were small. We argue 
that results still have practical importance. 
First, estimates may be deflated because of high 
levels of measurement error, particularly in 
community characteristics. As noted, adminis-
trative data on communities currently available 
at a national scale have drawbacks that may 
weaken the signal when examining links to 
child and family functioning. Second, estimates 
may be conservative because we controlled for 
language skills and executive functioning in kin-
dergarten when predicting second-grade skills. 
To the extent that urbanicity’s associations with 
achievement stem from connections with cog-
nitive and behavioral skills that children acquire 
prior to school entry, our estimates will be 
downwardly biased. 

Conclusion
Research is beginning to explore how the lived 
experiences of economic disadvantage differ 
depending on place. Links between poverty and 
children’s development differ depending on 
whether they live in cities, suburbs, or rural ar-
eas, but no studies had examined what aspects 
of communities contribute to these differences. 
This study contributes to the literature by sys-
tematically exploring differences in community 
processes across the large urban cities, small 
urban cities, suburbs, and rural areas in which 
poor children reside, and by assessing whether 
such differences explain variation in children’s 
achievement. Results show that children in 
poverty experience very different community 
contexts depending on urbanicity, which are as-
sociated with differences in children’s achieve-
ment both directly and through parenting. 
Moreover, results suggest that the most effec-
tive policies aimed at improving poor children’s 
academic skills may differ across the rural-
urban continuum. Policies buffering poor chil-
dren and families from neighborhood stressors 
may be the best way to narrow achievement 
gaps in large inner cities, and increasing re-

sources in resource-deprived rural areas may 
be most helpful in improving the achievement 
of disadvantaged rural children. 
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1. H.R. 10—Financial CHOICE Act of 2017, 115th Congress, 1st session.

Dodd-Frank Wall Street Reform were imple-
mented, establishing regulatory entities, in-
cluding the Consumer Financial Protection Bu-
reau. Yet, in June 2017, the House passed the 
Financial CHOICE Act, which is designed to 
repeal certain provisions of Dodd-Frank and 
loosen regulatory policies.1 Given the contem-
poraneous nature of this policy and the ongo-
ing debate about financial regulatory policies, 
the period in our recent history prior to the fi-
nancial regulatory reform—the subprime mort-

Subprime Babies: The 
Foreclosure Crisis and Initial 
Health Endowments
Ja nelle Dow ning a nd Tim Bruck ner

The subprime mortgage crisis was a devastating financial shock for many homeowners. This research uses a 
probabilistic matching strategy to link foreclosure records with birth certificate records from 2006 to 2010 
in California to identify birth parents who experienced a foreclosure. Among mothers who did, those issued 
a loan during the peak of subprime lending from 2005 to 2007 were more Hispanic and socioeconomically 
disadvantaged than mothers with loans originating before 2005. We use a mother fixed-effects analyses of 
ever-foreclosed mothers issued a loan during 2006 and 2007 and find that infants in gestation during or 
after the foreclosure had a lower birth weight for gestational age than those born earlier, suggesting that the 
foreclosure crisis was a plausible contributor to disparities in initial health endowments.

Keywords: foreclosure, perinatal epidemiology, birth certificate, stress, administrative

Subprime Babies

The subprime mortgage crisis was character-
ized by an unprecedented rise in mortgage de-
linquencies and foreclosures (Duca 2013). At the 
national peak month of the crisis in January of 
2011, foreclosures numbered 1.56 million (Core-
Logic 2017). Between 2007 and 2010, homeown-
ership rates fell most dramatically for minori-
ties and households with incomes of $20,000 
or less (CoreLogic 2017). In response to the cri-
sis and to protect Americans from predatory 
lending practices in the future, policies such as 
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gage crisis—can help us to predict how a less 
regulated financial environment might affect 
society in the future.

The economic causes and consequences of 
the subprime crisis have been well studied 
(Been et al. 2011; Financial Crisis Inquiry Com-
mission 2011; Foote, Gerardi, and Willen 2012). 
The financial regulatory environment and cas-
cade of events influenced a set of complex adap-
tive responses which included not only banks 
and government entities—but also communi-
ties, households, and individuals. Less is known 
about the unintended (spillover) effects of the 
subprime crisis.

Some evidence indicates that the foreclosure 
crisis contributed to increased racial segrega-
tion (Hall, Crowder, and Spring 2015a; Rugh and 
Massey 2010) and neighborhood crime (Ellen, 
Lacoe, and Sharygin 2013), and had negative ef-
fects on education (Bradbury, Burke, and Triest 
2014). More recently, scholars have explored the 
effect of the foreclosure crisis on health (Down-
ing 2016; Downing et al. 2017, 2016; Currie and 
Tekin 2015). Evidence from a small set of stud-
ies suggests that homeowners who experienced 
a foreclosure had more anxiety and depression, 
whereas population-level studies—which mea-
sure, for example, the relationship between 
health and the foreclosure rate in a given cen-
sus tract—showed an increase in violent behav-
ior and urgent unscheduled health-care visits 
(Downing 2016; Currie and Tekin 2015).

Research on the foreclosure crisis and 
health, though distinct from other work on the 
health effects of financial shocks, shares an 
underlying aim of quantifying unintentional ef-
fects of a phenomenon that plausibly served  
as an unexpected population-level stressor. A 
vast body of work has been undertaken on  
the effects of a coincident financial shock—the 
Great Recession—on health and health behav-
iors (Margerison-Zilko et al. 2016; Catalano et 
al. 2011; Margerison-Zilko, Li, and Luo 2017). Al-
though the evidence does not converge across 
all areas of health, studies on the effect of eco-
nomic shocks on a highly sensitive period of 
development—pregnancy—have shown par-
ticularly compelling evidence that fetal expo-
sure to unexpected job loss reduced birth 
weight for gestational age and increased male 

fetal death (Margerison-Zilko et al. 2011; Cata-
lano and Bruckner 2005). Although both the 
foreclosure crisis and the Great Recession serve 
as population-level stressors, we know of no re-
search that examines whether the sensitive pe-
riod of pregnancy responded to the foreclosure 
crisis.

Merit of Linking  
Administr ative Data
Use of administrative data to answer policy-
relevant questions has become increasingly im-
portant (Harris-Kojetin and Groves 2017). De-
spite technical, legal, and perceptual challenges 
associated with its use, administrative data en-
able researchers to answer questions that were 
previously unanswerable (Penner and Dodge 
2019). One type of administrative data, vital 
statistics, has been collected since the early 
1900s, although use of birth certificates for 
population-level perinatal research was not fea-
sible until the 1990s, when some states began 
to keep these in digital format (Buescher et al. 
1993). The advantages of these data, such as 
their comprehensiveness (all births in a state), 
large sample sizes, and wealth of birth-related 
and socioeconomic variables, have made vital 
records increasingly attractive for research in 
the last decade (Schoendorf and Branum 2006). 
Although birth certificate data were collected 
for administrative rather than research pur-
poses, their reuse for research has been benefi-
cial because it allows a minimum set of ques-
tions to be answered without placing additional 
burdens of further data collection on vulnera-
ble populations, pregnant women, and infants.

Linkage of birth certificate data with other 
sources of administrative data is the next fron-
tier of perinatal epidemiology. The United 
States lags behind other countries in linking 
data for perinatal health (Delnord et al. 2016). 
For example, Denmark maintains a civil regis-
tration system that has allowed researchers to 
link all administrative data with birth certifi-
cate data by unique identifiers (Pedersen 2011). 
Although several studies in the United States 
have demonstrated feasibility of linking birth 
certificate records with hospital records 
(Barfield et al. 2008; Herrchen, Gould, and Nes-
bitt 1997; Hall et al. 2014), far fewer have linked 



r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

	 s u bp  r i m e  bab   i e s 	 1 2 5

birth certificate records with other sources  
of administrative data at the individual level 
(Autor et al. 2016; Coulton et al. 2016; Putnam-
Hornstein et al. 2013).

This article fills an important gap by dem-
onstrating feasibility of linking birth certifi-
cates with another source of public administra-
tive data, foreclosure deed records. In the 
absence of unique identifiers, we use a proba-
bilistic matching technique (Gliklich, Dreyer, 
and Leavy 2014). The linkage of the data allows 
us to answer two policy-relevant questions un-
answerable without this approach. We describe 
each of these questions and how we leveraged 
this unique source of linked data to address key 
content and methodological gaps in the litera-
ture.

What are the demographics of families af-
fected by the foreclosure crisis?

Family formation and homeownership are im-
portant goals of many Americans, and the tran-
sition to either tenet can be delayed or dis-
rupted by changes in lending policies. The 
demographics of who was affected by the fore
closure crisis is still not yet well understood 
(Reid et al. 2017). The majority of studies have 
focused on specific cities or types of loans, or 
showed the impact on neighborhoods of vary-
ing demographics (Hall, Crowder, and Spring 
2015a, 2015b; Bocian et al. 2011). Even one of the 
most comprehensive studies on demographics 
of lending during the subprime crisis was un-
able to include the complete universe of lenders 
because of data limitations (Reid et al. 2017). 
The Home Mortgage Disclosure Act data are 
considered one of the most comprehensive 
sources of mortgage and demographic data, yet 
do not cover all home loans nationwide.

Research on California finds that African 
American and Hispanic borrowers were more 
likely to have a subprime loan and more likely 
to default during the crisis, even after account-
ing for underwriting risk factors and neigh
borhood characteristics (Reid and Laderman  
2009). These findings are troubling because the 
unequal distribution of foreclosures can con-
tribute to social stratification by widening the 
racial wealth gap (Reid et al. 2017). It is then 

critical to understand its impact on young fam-
ilies, who are often in the process of transition-
ing to homeownership.

Young families often access family wealth to 
transition to homeownership, yet discrimina-
tory institutional polices have reproduced ra-
cial differences in wealth and increased barriers 
for Hispanic and black young families to pur-
chase a first home (Krivo and Kaufman 2004). 
Subprime loans provided an opportunity for 
households with less wealth to purchase their 
first home. Hispanic and black young families 
are then most at risk to be affected by the sub-
prime mortgage crisis.

This is the first study we are aware of to ex-
amine population-level characteristics of fami-
lies who went through foreclosure during the 
crisis. Differential responses to foreclosure, for 
instance, may affect the sociodemographic 
composition of who selects into, or postpones, 
fertility.

How might exposure to foreclosure affect 
birth outcomes?

Through this data linkage, we also investigate 
the repercussion on fetal development of expe-
riencing a foreclosure during pregnancy. The 
maternal stress response, when activated by an 
external stressor such as job loss or another 
catastrophic event, reportedly perturbs timing 
of parturition, fetal growth, or both processes 
(Hobel, Goldstein, and Barrett 2008). This study 
investigates whether in utero exposure to fore-
closure affected gestations by examining differ-
ences in birth weight for gestational age, which 
is sensitive to the maternal stress response and 
precedes adverse health and lower human cap-
ital development over the life course.

Acute and chronic psychosocial stressors 
have reportedly slowed fetal growth or acceler-
ated the timing of delivery. Stress, smoking, 
and low socioeconomic status over the life 
course have been shown to increase risk of pre-
term birth (delivery before thirty-seven weeks) 
and reduced birth weight (Lu and Halfon 2003). 
Although some of the consequences of these 
risk factors are observable at birth, others are 
latent and appear much later in life. Adults who 
showed preterm delivery or slower fetal growth 
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had increased morbidity, lower educational at-
tainment, and even lower labor market out-
comes (Almond and Currie 2011; Strauss 2000; 
Currie and Moretti 2007; Hack, Klein, and Tay-
lor 1995; Black, Devereux, and Salvanes 2007; 
Goldenberg et al. 2008).

Homeownership has been portrayed as the 
American Dream and ideologically as a political 
right (Flood et al. 2015). Many who defaulted on 
their loans during the subprime crisis experi-
enced feelings of anxiety, stress, and personal 
failure (Ross and Squires 2011). Mothers who 
defaulted on their loan and were undergoing 
foreclosure may also increase maladaptive cop-
ing behaviors such as smoking and alcohol use. 
Any of these exposures may adversely affect fe-
tal growth and development.

A foreclosure can lead to a loss in time, 
wealth, and energy of a household. Mothers who 
manage paperwork and the cognitive burden of 
the foreclosure process may inadvertently place 
a lower priority or less time on receiving ante-
natal care and engaging in health-promoting 
behaviors (Mullainathan and Shafir 2013; Bruck-
ner 2008). In addition, a foreclosure can reduce 
wealth and the amount of resources available 
to purchase healthy food and pay for health 
care. Finally, some households who lost a home 
to foreclosure experienced high levels of fear, 
shame, and guilt, which could reduce the de-
gree to which mothers rely on others for social 
support (Ross and Squires 2011). Prior studies 
have found strong social support to be a con-
tributor to normal fetal growth and term birth 
(Feldman et al. 2000). 

Methodological Concerns and 
Innovations
Pregnancy responses to adverse events are typ-
ically reported only among those that end in a 
live birth. Research, however, finds that stress-
ful events may also increase the likelihood of 
fetal mortality. Specifically, stressful experi-
ences reduce the chances that pregnant women 
will deliver males (Hansen, Møller, and Olsen 
1999). A decline in the human secondary sex 
ratio (of male to female live births) has been 
reported following population stressors such 
as man-made disasters (Bruckner, Catalano, 
and Ahern 2010; Fukuda et al. 1998) and eco-

nomic recessions (Catalano et al. 2011; Catalano 
and Bruckner 2005). Therefore, mothers who 
have the most stressful foreclosure may experi-
ence an early spontaneous loss, such that only 
“hardier” births are positively selected to live 
birth.

Furthermore, another concern is that there 
might be selection into treatment (being in 
utero during the foreclosure process). People 
with loans in default may be more likely to  
delay fertility. We suspect that only couples  
who were aware that a foreclosure was immi-
nent would be able to delay fertility. However, 
individual decisions to take out a mortgage, 
refinance, or default implicitly reflect knowl-
edge about current and future expectations of 
health, fertility, and economic status. For ex-
ample, individuals who are sick might lose their 
job or take out a lien on their house to pay for 
medical bills, which could lead to foreclosure. 
In addition, relatively healthier persons who ex-
perienced an economic setback in advance of 
a foreclosure may have chosen to delay fertility 
until prospects improve.

The issue of selection into treatment is mit-
igated in part when studying the effect of fore-
closure on health during the height of the fore-
closure crisis. A majority of foreclosures during 
this period were caused by the loan character-
istics (that is, the subprime structure) or de-
clines in home equity rather than individual 
job loss or medical bills (Palmer 2015). The in-
crease in the default rate of subprime mort-
gages during the crisis accounted for more than 
half of all the foreclosures at its peak (Palmer 
2015). The year in which the mortgage origi-
nated plays a role in the likelihood of default. 
Subprime mortgages originating in 2006 and 
2007 were more likely to default within three 
years than those originating in 2003 and 2004 
(Palmer 2015). Therefore, borrowers with loans 
originating between 2006 and 2007 were less 
likely to be subject to selection into treatment 
than those borrowing at other times because 
of their lack of knowledge about riskiness of 
the loan.

To further address the issue of selection 
into treatment, we compare outcomes of sib-
lings born to the same mother. Linkage of sib-
ling births for the entire population base of live 
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births in a state is relatively novel in perinatal 
epidemiology (Kramer, Dunlop, and Hogue 
2014). Increasingly, scholars have recognized 
that mothers experience a dynamic socioeco-
nomic trajectory during adulthood. This dyna-
mism calls for innovative data linkage ap-
proaches to capture information about mothers 
and their pregnancies over a longer life course.

Our research aims to understand how fetal 
exposure to a loan that results in foreclosure 
relates to poor birth outcomes. To address this 
question while minimizing the risk of selection 
into pregnancy during stressful times, we com-
pare birth outcomes within mothers (that is, 
across siblings) who ultimately experienced a 
foreclosure. In addition, consistent with the no-
tion that loans in 2006 and 2007 are a plausibly 
exogenous stressor, we assess whether results 
appear stronger among those who took out a 
loan during 2006 and 2007 rather than before 
or after this period.

Methods
We obtained birth certificate records for all live 
births in California (2005 to 2010, n = 3,278,847) 
from the California Department of Health Ser-
vices. We selected California as our study pop-
ulation because it was one of the hardest hit 
states by the foreclosure crisis (CoreLogic 2017). 
California also shows substantial within-state 
geographic variation in the foreclosure rate and 
yielded the highest number of live annual 
births of any state in the country (Martin et al. 
2017). Mother’s address was geocoded using 
ArcGIS and a census tract was assigned to each 
record. Births to mothers with at least one mul-
tiple birth between 2005 and 2010 were ex-
cluded (n = 106,755) because birth outcomes for 
singleton and multiple births have different eti-
ologies. 

We retrieved foreclosure records on all resi-
dential properties in California that were sub-
ject to at least one completed foreclosure be-
tween 2006 and 2015 (n = 1,058,311). These 
records are publicly available from the clerk in 
each county. Because of the time cost of con-
tacting each of the fifty-eight counties, we pur-
chased the assembled and cleaned data of  
all records in California from CoreLogic. The 
foreclosure records were then geocoded using 

ArcGIS, and census tracts were assigned to each 
record.

Matching
To match foreclosure records to the birth file, 
we preprocessed all address and name data to 
ensure consistency in formatting across the two 
sources of data (Wasi and Flaaen 2015). Of 
these, 0.25 percent of birth records (n = 8,130) 
had missing addresses and thus were excluded. 
Given that some mothers had multiple births 
at the same address, we allowed for multiple 
matches as the father name might vary over 
time. Of the foreclosure data, 0.3 percent (n = 
3,300) did not have an address and 2.1 percent 
(n = 22,143) did not list the mortgage-holder 
name and were therefore excluded. We refor-
matted the foreclosure data to include one 
unique address and lender for each row by col-
lapsing multiple loans at the same property to 
the same borrower and retaining the earliest 
notice of default date and summing the loan 
amount and balance for each.

We used a deterministic matching tech-
nique in Stata to link foreclosure record data 
to the master birth certificate data by moth-
er’s address. Because we wanted exact matches 
only and data were preprocessed, this method 
optimized speed without compromising ac-
curacy. Next, we used a probabilistic matching 
technique in Stata (reclink) to link foreclosure 
record data to the master birth certificate data 
by first and last names of parents listed on the 
birth certificate. This technique used a big-
ram string comparator to assess imperfect 
string matches. We reviewed the output for 
quality of match and separated falsely matched 
files.

We created a variable, exact match, which 
was defined as matching on address and 
mother or father full name. Next, we reran the 
matching procedure with an exact match of an 
address and last name of mother or father us-
ing the same procedure. We created two partial 
match variables. First, relative match, which 
was defined as matching on address and 
mother and father last name (excluding exact 
matches). Second, address match, which was 
defined as matching on address only and not 
name (not exact match or relative match).
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We link births for the same mother, creating 
a unique identifier based on her first name,  
last name, birthdate, and mother’s birthplace. 
A categorical variable, match type (0 = not 
matched, 1 = exact, 2 = relative, and 3 = address), 
and a binary variable, matched, (0 = not 
matched, 1 = exact, relative, or address) were 
developed from the above measures for each 
mother. Next, we created variables based on 
timing of the foreclosure process and gesta-
tional period. The variable, match timing, was 
a categorical variable (0 = not matched, 1 (before 
loan) = birth date < mortgage start date, 2 (dur-
ing loan) = birth date > = mortgage start date & 
conception date < = foreclosure date, 3 (after 
foreclosure) = foreclosure date < conception 
date). For a visual explanation, see figure 1.

Because we matched administrative records 
that likely contained legal last names (and 
maiden names for mothers on the birth certifi-
cates), we might have classified some mortgage-
holders as address-only matches if they changed 
their last names or had variations in spellings 
of their name. Common reasons for changing 
one’s name include divorce or simplification. 
Therefore, we likely underestimated foreign-
born mortgage holders and women, particu-
larly those in unstable partnerships. In addi-
tion, our matching process relied on exact 
matching of addresses because a substantial 
number of foreclosures were condominiums or 
apartment buildings with multiple units. Al-
though we preprocessed these addresses to 
standardize them, we likely did not match some 
people living in condominiums or apartment 
buildings if the number or letter of the unit was 
different or missing. Our matching process was 
conservative, and thus we avoided falsely 

matching at the cost of excluding some true 
matches.

Key Variables
Birth-related
Our dependent variable of interest is birth 
weight for gestational age percentile (BWGA). 
BWGA measures fetal growth and, unlike birth 
weight (in grams), separates being born light 
from being born early. Fetal growth and timing 
of delivery reportedly have distinct causes, and 
for this reason BWGA is preferred in perinatal 
epidemiology over the general measure of 
birth weight (Kramer et al. 2001; Oken et al. 
2003). BWGA takes into account continuous 
birth weight conditional on gestational age. 
We calculated BWGA using the Oken method 
from the sex-specific birth tables after using 
the Alexander method to remove implausible 
birth weight for gestational age combinations 
(Oken et al. 2003; Alexander et al. 1996). We ex-
cluded all births that were missing BWGA (n = 
141,099). In addition, we included sex of neo-
nate (1 = female, 0 = male), and parity (1 = first 
birth, 2 = 1 or more prior births) as control vari-
ables.

Mother-related
The mother-related variables of interest include 
age at delivery, race-ethnicity (non-Hispanic 
white, non-Hispanic black, non-Hispanic Asian, 
Hispanic, non-Hispanic other), educational at-
tainment, health insurance (Medicaid, private 
or self-pay, no insurance, other), and no father 
(had at least one birth with no father listed). We 
also used body mass index (BMI) (continuous 
kg/m2) and smoking status (never smoker, 
smoked prior to pregnancy only, smoked before 

Figure 1. Illustration of Gestations in Utero

Source: Authors’ calculations. 
Note: Based on the conception, delivery, and foreclosure dates, we created a match timing variable for 
each pregnancy according to whether it occurred before, during, or after the foreclosure process. 

Mortgage 
Start Delinquent

DuringBefore A
er

Default Foreclosure
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and during pregnancy) for 2007 through 2010; 
data for 2005 and 2006 on BMI and smoking 
were not collected on the birth file.

Foreclosure-related
The foreclosure-related variables of interest in-
clude property address, mortgage-holder 
names, mortgage issue date, notice of default 
date, and deed transfer date (when the foreclo-
sure was completed). We created a categorical 
variable for all matched births, borrower co-
hort, which was set to the calendar year in 
which the loan was originated (1 = before 2005, 
2 = 2005, 3 = 2006, 4 = 2007, and 5 = after 2007).

Statistical Approach
We summarized the mean characteristics of all 
unique mothers (table 1) from 2005 to 2010 who 
had at least one birth. Mothers were separated 
into four groups based on the match type, 
which include exact, relative, address, and not 
matched.

Next, we restricted our sample to exact 
match only (mothers who have ever experi-

enced a foreclosure, for example). We created 
a descriptive table of mothers ever foreclosed 
with within- and between-mother standard de-
viations for each of our key variables (see table 
2). Mother-invariant characteristics included 
race-ethnicity, educational attainment, bor-
rower cohort, and borrower type. Characteris-
tics that varied within-mother (for mothers 
with more than one birth during the test pe-
riod) included BWGA, infant sex, parity, health 
insurance, and mother’s age. In addition, we 
summarized the mean characteristics of all 
unique mothers ever foreclosed by loan cohort 
(table 3).

To understand how foreclosure rates for var-
ious matched groups vary over time, we created 
a series of descriptive monthly time series 
plots. We used the total universe of foreclosures 
in California as our denominator. Figure 2 pre
sents the total monthly count of all foreclosures 
in California and the total monthly count of all 
foreclosures that matched at least one birth 
from 2005 to 2010 (foreclosures to exact or par-
tial matches). Figure 3 presents the proportion 

Table 1. Mean Characteristics of Mothers by Foreclosure Match Status

 Exact Match  Relative Address Only  Not Matched

Age thirty-five in 2010 0.43 0.17 0.22 0.34
Non-Hispanic white 0.32 0.14 0.21 0.27
Hispanic 0.49 0.66 0.62 0.53
Non-Hispanic black 0.04 0.04 0.06 0.05
Non-Hispanic Asian 0.13 0.13 0.08 0.13
Non-Hispanic other 0.03 0.03 0.03 0.03
Less than high school 0.16 0.31 0.35 0.28
High school graduate 0.26 0.34 0.28 0.25
Some college 0.32 0.26 0.22 0.22
Bachelor’s+ 0.26 0.09 0.15 0.25
Medicaid ever 0.26 0.63 0.60 0.49
Obese ever 0.23 0.24 0.23 0.20
Smoked ever 0.03 0.05 0.05 0.04
1+ prior birth 0.80 0.65 0.68 0.63
No father (1+ birth) 0.02 0.12 0.13 0.10
Total births 2005–2010 1.36 1.39 1.38 1.23

Observations 
60,611 31,374 155,611 2,179,690

Source: Authors’ calculations based on data from linked California foreclosure records and birth 
certificates.
Note: Mothers with 1+ single birth from 2005 to 2010 in California.



1 3 0 	 u s i n g  a d m i n i s t r a t i v e  d a t a  f o r  s c i e n c e  a n d  p o l i c y

r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

of all foreclosures in that month that were to 
exact, relative, and address, and figure 4 pre
sents the proportion of all exact match foreclo-
sures by race-ethnicity with all foreclosures as 
the denominator. Given that the foreclosures 
could have happened after the birth, the time 
axis extends through 2015. Next, to show how 
conception cohorts changed over time, we 
used the total universe of births in California 
as our denominator. Figure 5 presents trends 
in the proportion of conceptions resulting in 
a live birth to parents who experienced a fore-
closure.

Modeling Approach

All Births  We treat all births as statistically in-
dependent of one another and fit an ordinary 
least squares model to estimate the association 
between BWGA and match type (exact, relative, 
address) where the reference group is un-
matched, adjusting for infant sex, parity, and 
health insurance, mother’s age, mother’s race, 
mother’s educational attainment (model 1).

Births to Matched  Next, we keep only births to 
exact or partial (exact, relative, address) matches. 

Table 2. Descriptive Statistics of Mothers Ever Foreclosed, 2005–2010

Mean
Standard 
Deviation

Between-Person 
Standard 
Deviation

Within-Person 
Standard 
Deviation

BWGA percentile 48.32 28.40 27.26 10.44
Gestational age (weeks) 39.26 2.02 1.92 0.86
Mother’s age (years) 29.89 5.07 5.07 0.95
Before loana 0.24 0.43 0.39 0.23
Zero to two years of loana 0.57 0.50 0.43 0.29
Two years to enda 0.15 0.36 0.31 0.20
After foreclosurea 0.03 0.18 0.11 0.13
Less than high schoola 0.15 0.36 0.36 0.10
High school graduatea 0.26 0.44 0.42 0.15
Some collegea 0.32 0.47 0.45 0.15
Bachelor’s+a 0.26 0.44 0.43 0.09
Medicaida 0.23 0.42 0.41 0.14
Malea 0.51 0.50 0.46 0.25
First birtha 0.27 0.45 0.40 0.25
Non-Hispanic whitea 0.32 0.47 0.47 0.00
Hispanica 0.48 0.50 0.50 0.00
Non-Hispanic blacka 0.04 0.19 0.19 0.00
Non-Hispanic Asiana 0.13 0.34 0.34 0.00
Non-Hispanic othera 0.03 0.18 0.17 0.00
Before 2005a 0.08 0.27 0.27 0.00
2005a 0.30 0.46 0.46 0.00
2006a 0.38 0.49 0.48 0.00
2007a 0.21 0.40 0.40 0.00
After 2007a 0.04 0.21 0.20 0.00
Number of newborns 80,131
Number of mothers 60,354
Infants per mother 1.328

Source: Authors’ calculations based on data from linked California foreclosure records and birth 
certificates.
Note: Nonmissing observations only.
aExpressed as a proportion.
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Table 3. Mean Characteristics of Mothers with a Foreclosure by Loan Cohort

Before 2005 2005 2006 2007 After 2007

Mother’s age (years) 31.11 30.35 30.20 30.38 30.10
White 0.41 0.33 0.28 0.31 0.41
Black 0.04 0.04 0.04 0.04 0.03
Asian 0.16 0.15 0.12 0.12 0.12
Hispanic 0.37 0.46 0.53 0.50 0.42
Less than high school 0.11 0.15 0.18 0.17 0.10
High school graduate 0.23 0.26 0.27 0.26 0.25
Some college 0.34 0.33 0.32 0.31 0.35
Bachelor’s+ 0.32 0.26 0.23 0.26 0.29
Medicaid ever 0.18 0.22 0.28 0.25 0.22
Obese ever 0.23 0.23 0.24 0.22 0.23
Smoked ever 0.03 0.03 0.03 0.03 0.04
1+ prior birth 0.80 0.80 0.79 0.75 0.69
No father (1+ birth) 0.02 0.02 0.02 0.02 0.02

Observations 4,715 16,975 20,473 10,853 2,153

Source: Authors’ calculations based on data from linked California foreclosure records and birth 
certificates.

Figure 2. Total Foreclosures and Matched Foreclosures

Source: Authors’ calculations based on data from linked California foreclosure records and birth certifi-
cates.

0

10,000

20,000

30,000

2006m1 2008m1 2010m1 2012m1 2014m1 2016m1

Date of Foreclosure

Total Foreclosures
Foreclosures of homes with 1 or 
more births from 2005−2010

N
um

be
r o

f F
or

ec
lo

su
re

s



1 3 2 	 u s i n g  a d m i n i s t r a t i v e  d a t a  f o r  s c i e n c e  a n d  p o l i c y

r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

Figure 3. Proportion of All Foreclosures by Match Type

Source: Authors’ calculations based on data from linked California foreclosure records and birth certifi-
cates.
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Source: Authors’ calculations based on data from linked California foreclosure records and birth certifi-
cates.
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We compare the match timing across all groups 
(model 2). Given that higher order births are 
typically heavier than first births, we use the 
earliest period (before loan) as our reference 
group with the expectation that our results 
would be biased toward the null if foreclosure 
stress corresponded with lower BWGA. We then 
include a mother fixed effect (that is, sibling 
comparison) to compare differences in BWGA 
within each mother’s pair of singleton siblings 
(model 3).

The use of mother-fixed-effects strategy, 
though useful in minimizing unobserved con-
founding between mothers, may introduce se-
lection bias (Kaufman 2013). The strategy relies 
on observing only a select population of moth-
ers with a specific sequence of events—namely, 
she had an infant, later took out a loan that 
resulted in foreclosure, and then had yet an-
other infant. This approach likely biased our 
results toward the null, given that mothers who 
were able to detect that foreclosure was immi-
nent were likely to delay pregnancy. In addition, 
all second births in this sibling pair occurred 

to an older mother of higher parity, both of 
which tend to increase BWGA. The fixed-effects 
approach cannot statistically control for these 
influences on BWGA when estimating the fore-
closure–BWGA relation. Thus, we interpret the 
mother-fixed-effects coefficients as a lower 
bound estimate of the true effect.

Births to Mothers Ever-Foreclosed (Exact Match)  
In model 4, we restrict our sample to births to 
mothers who have ever been foreclosed (exact 
match) and apply the same approach as in 
model 2. Finally, we investigate how BWGA var-
ies within-mother (model 5). Given the in-
creased probability that foreclosures among 
those who took out a subprime loan in 2006 or 
2007 was plausibly exogenous, we then restrict 
the sample to parents who took out their loan 
in 2006 or 2007. This loan cohort group may 
have been less likely to delay foreclosure due 
to the nature of their loan, and therefore may 
have exhibited more acutely the stress of fore-
closure. All analyses were conducted using 
Stata 14. 

Figure 5. Proportion of Conceptions to Foreclosed Parents by Date of Foreclosure

Source: Authors’ calculations based on data from linked California foreclosure records and birth certifi-
cates.
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Results
Figure 6 shows the inclusion criteria and num-
ber of births (not unique mothers) classified by 
the foreclosure matching algorithm. Table 1 
shows the mean characteristics of unique 
mothers by match status: 60,611 mothers were 
classified as an exact match, 31,374 as a relative 
match, 155,611 as address-only match, and 
2,179,690 as not matched.

Compared with non–mortgage holders, 
mothers who were mortgage holders or had a 
child with a mortgage holder (exact match) 
were older, more likely to be non-Hispanic 
white, highly educated, had a prior birth, and 
listed the father on the birth certificate (table 
1). In addition, they were less likely to have ever 
used Medicaid for a birth. Mothers who were 
residing with a relative who experienced a fore-
closure (relative match) were younger and more 
likely to be Hispanic, less educated, use Medic-
aid, and be obese (BMI higher than 30) than the 
other groups.

Table 2 presents the mean characteristics  
of the mothers with nonmissing data who ex-
perienced a foreclosure and the within- and 
between-standard deviations of the key vari-
ables. Mean BWGA was 48.3 with a within-
mother standard deviation of 10.4. The mean 
BWGA is lower than 50 percent because Cali-
fornia has a greater proportion of Asian (lighter) 
births than the United States as a whole does.

Table 3 presents the mean characteristics by 
loan cohort of mothers who experienced a fore-
closure. More than a third of mothers were part 
of the 2006 cohort. Among mothers who were 
in the 2006 cohort, there was the lowest propor-
tion of non-Hispanic white mothers, highest 
proportion of black and Hispanic mothers, 
highest proportion of Medicaid ever mothers, 
highest proportion of no father, and lowest pro-
portion with a bachelor’s degree.

At the peak in late 2008, ten thousand homes 
where newborns lived were foreclosed (figure 
2), which represents roughly 35 percent of all 

Figure 6. Matching Birth Certificate and Foreclosure Records by Address and Parents’ Names

Source: Authors’ calculations based on data from linked California foreclosure records and birth certifi-
cates.

 Births  
2005–2010 
3,278,847 

All births  
N = 3,270,717 

Incomplete 
address 

N = 8,130 (0.2%) 

Multiples 
N = 106,755 (3.3%) 

Singletons  
N = 3,163,962 

Exact 
N = 86,369 

Partial-relative  
N = 46,128 

Partial-address 
only  

N = 226,039

Not matched  
N = 2,805,426 

Father only  
N = 38,827 

Both  
N = 28,781 

Mother only  
N = 18,761 
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foreclosures (figure 3). Yet the proportion of all 
foreclosures of parents (mortgage holders) 
peaked in 2012 at about 10 percent. The trend 
in proportion of foreclosures of parents varied 
widely by race-ethnicity (figure 4), the rate of 
foreclosed Hispanic parents rising earlier and 
faster than that of white parents.

Figure 5 plots the monthly proportion of 
conceptions resulting in live births of fore-
closed parents (exact matched). This propor-
tion rose from 1 percent in 2004 to more than 
3 percent in 2007, and then returned to its pre-
crisis rate.

Main Results
Table 4 presents the results for change in BWGA 
based on match type and foreclosure timing. 
Model 1 shows that births to parents with a 
mortgage that ultimately foreclosed have a 0.93 
percentage point higher BWGA than those not 
matched to a foreclosed home. There was no 
difference in the relative and address-only 
matches relative to the unmatched group.

Model 2 includes only those matched to a 
foreclosed property (n = 339,620). Despite the 
fact that advancing parity and maternal age is 
typically associated with heavier infants, births 
before the loan period are heavier for gesta-
tional age than those during and after the fore-
closure period. When we include mother fixed 
effects (model 3), our results cannot reject the 
null. We find no evidence of within-mother dif-
ference in BWGA across various timing of ex-
posure to the foreclosure process.

Model 4 includes only parents of exact 
matches (n = 82,058), and as in model 2, births 
before the loan period are heavier for gesta-
tional age compared to those before the loan. 
Inclusion of mother fixed effects attenuates 
these results and makes the coefficients statis-
tically insignificant (model 5). Restricting our 
sample further, only to mothers who took out 
their loan in 2006 and 2007 and including 
mother fixed effects, we find that relative to be-
fore the loan, BWGA was 1.3 percentage points 
less during the foreclosure and 6.9 points less 
after it (model 6). Given the within-mother stan-
dard deviation of BWGA percentile is 10.4 per-
centage points, these results represent 13 per-
cent and 66 percent of the average change in 
BWGA for each mother.

Discussion
Our study indicates strong feasibility of linking 
birth vital statistics records to foreclosure deed 
records to examine perinatal outcomes before, 
during, and after foreclosures. Using the uni-
verse of administrative data from both birth 
certificates and foreclosure records in Califor-
nia, we find that the proportion of foreclosures 
in California among parents increased from 2 
percent in 2006 to 10 percent in 2012. This sug-
gests that families with newborns—particularly 
Hispanic and white mothers—faced challenges 
to transitioning to homeownership during this 
period.

We find that a higher proportion of non-
Hispanic white and college-educated mothers 
had ever gone through foreclosure than those 
who had not. This finding is not surprising 
given that the population not exposed to fore-
closure contained—in addition to secure home-
owners—a large population of renters. How-
ever, among mothers who had ever gone 
through foreclosure, those who received their 
loan from 2005 to 2007 were more likely to be 
Hispanic, less educated, and to use Medicaid 
to pay for their birth than those who received 
their loans before 2005. Given that our study 
consists of all foreclosures and births in Cali-
fornia, these descriptive statistics provide com-
pelling evidence that the foreclosure crisis dis-
proportionately impacted more marginalized 
families. Our results are consistent with other 
work using a subpopulation of adult mortgage 
holders, demonstrating racial-ethnic dispari-
ties in lending and foreclosure in California 
(Reid and Laderman 2009).

Next, we find that—among all infants with a 
mother who had a birth while residing in fore-
closed home as the owner, relative, or renter—
those who were in gestation during the loan pe-
riod or resided in the home after the foreclosure 
were worse off than those who were born prior 
to the mortgage. It remains possible that unob-
served factors correlate with both BWGA and a 
mother’s decision to conceive before (rather 
than after) the initiation of a home loan that 
ultimately leads to foreclosure. We, however, 
controlled for maternal race-ethnicity, maternal 
age, and socioeconomic status in the full sam-
ple (model 2); rival explanations of confounding 
would have to invoke an unmeasured variable 
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not strongly correlated with these covariates but 
which strongly predicts later timing of fertility 
and causes a reduction BWGA. We know of no 
such variable in the perinatal epidemiology lit-
erature. When we compare sibling’s outcomes 

of each mother in the fixed-effects approach 
which controls for unobserved, time-invariant 
maternal characteristics (model 3), we cannot 
reject the null, although the direction of this 
foreclosure effect on BWGA remains negative.

Table 4. Differences in Birthweight for Gestational Age Percentile

Model 1
 Coef./SE 

Model 2
 Coef./SE 

Model 3
 Coef./SE 

Model 4
 Coef./SE 

Model 5
 Coef./SE 

Model 6
 Coef./SE 

During loan  –0.523*** –0.105  –0.475* –0.454  –1.331+ 
0.12 0.226 0.232 0.436 0.868

After foreclosure  –1.189*** –0.447 –0.287 –0.922  –6.960* 
0.159 0.376 0.569 0.853 2.881

Exact match  0.933***
0.0993

Relative 0.154
0.135

Address only 0.0644
0.0628

First birth  –6.109***  –5.735***  –4.333***  –6.422***  –4.686***  –4.464***
0.036 0.11 0.183 0.233 0.377 0.763

Male  –0.710***  –0.893***  –0.300*  –0.644*** –0.122 –0.315
0.0321 0.096 0.143 0.195 0.29 0.586

Age  0.207***  0.280***  0.515***  0.178***  0.634***  0.999***
0.00307 0.00945 0.0679 0.0206 0.132 0.286

Medicaid  –1.273***  –1.290*** –0.22  –1.361***  –1.202* –0.829
0.0399 0.113 0.239 0.258 0.533 1.218

High school graduate  0.567***  0.258+  –0.430+  –0.764* –0.458
0.0465 0.132 0.281 0.334 0.734

Some college  1.104***  0.902*** –0.439 –0.0957 –0.186
0.0518 0.147 0.354 0.338 0.835

Bachelor’s+  0.856***  0.988*** –0.64 –0.2 –0.828
0.06 0.183 0.544 0.37 1.078

Hispanic  –2.501***  –2.822***  –2.764***
0.0439 0.131 0.242

Non-Hispanic black  –9.933***  –10.54***  –7.910***
0.0786 0.233 0.54

Non-Hispanic Asian  –12.20***  –12.52***  –12.27***
0.0565 0.185 0.325

Non-Hispanic other  –2.194***  –2.164***  –3.171***
0.1 0.285 0.576

Observations 3,022,862 339,620 339,620 82,058 82,058 40,164
Fixed effects No No Yes No Yes Yes 
Sample All  Matched  Matched  Parent  Parent Parent 

(06/07) 

Source: Authors’ calculations based on data from linked California foreclosure records and birth 
certificates.
Note: Coef. (coefficent), SE (standard error). Adjusted for sex, parity, Medicaid, age, education, and race.
+p < .10; *p < .05; **p < .01; ***p < .001
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Infants with a mother who had a birth while 
residing in a foreclosed home as the mortgage 
holder show lower BWGA than infants who 
were born prior to the mortgage (model 4). As 
in the full test, these coefficients are attenuated 
in the mother-fixed-effects approach (model 5). 
We suspect that this pattern of results arises 
from a circumstance in which healthier moth-
ers who were aware of the upcoming foreclo-
sure delayed fertility, but those who were worse 
off (either unaware or faced other circum-
stances) gave birth during the loan period.

Finally, our results are particularly compel-
ling when we restrict our sample of all infants 
with a mother who took out a loan during the 
peak of the subprime boom (2006–2007) and 
later had a birth while living in a foreclosed 
home. In the maternal fixed-effects model, those 
who were born during the mortgage had a 1.3 
percentage point lower BWGA than their sib-
lings in gestation before the mortgage. Those 
conceived after the foreclosure showed a 7 per-
centage point lower BWGA than their siblings 
conceived before the mortgage. These coeffi-
cients are substantially large and statistically 
detectable, accounting for 10 to 70 percent of a 
within-mother standard deviation.

Our results go against the tide to show 
that—although advancing maternal age and in-
creasing parity correlate with higher BWGA—
infants born during the foreclosure process and 
after the foreclosure had a lower BWGA relative 
to their siblings born earlier (before the mort-
gage). The results, taken in combination with 
the finding that Hispanic, socioeconomically 
disadvantaged families were disproportionately 
represented in the loan cohorts of 2005–2007, 
suggest that the foreclosure crisis may have 
contributed to disparities in initial health en-
dowments.

This study has several limitations. Our find-
ings rest on the assumption that different pe-
riods of the loan elicited stress and anxiety, yet 
the magnitude and qualitative experience of 
this stress was not directly measured. Addition-
ally, we assume that those born prior to the loan 
are less likely to be exposed to the financial 
stress. This circumstance may not hold if par-
ents decide to take out a second lien on their 
home after the birth of their child because they 
are stressed. We suspect that additional admin-

istrative data on finances and loan characteris-
tics may elucidate a nuanced picture of finance-
related stress in this population. 

Finally, absent routinized data collection on 
pregnancy loss, we cannot know the extent to 
which pregnancy loss induced by foreclosure 
may affect our findings. It remains possible 
that, consistent with the literature, the most 
at-risk gestations may be less likely to survive 
until birth (Bruckner, Mortensen, and Cata
lano 2016). Such selection in utero may have 
attenuated the foreclosure coefficient toward 
the null.

The feasibility of linking public foreclosure 
records to individual-level vital statistics holds 
promise for future research applications. The 
literature examining social and economic 
stressors before and during the perinatal period 
tends to rely on mother’s self-report of stressors 
(Hogue et al. 2013), which can introduce strong 
measurement error (Kesmodel 2018). By con-
trast, linkage to administrative datasets which 
records key social and economic setbacks to a 
family have the potential to minimize measure-
ment error of these important exposures. In ad-
dition, the use of linked siblings for perinatal 
health studies remains an underused strategy 
to minimize confounding that arises from un-
measured differences in maternal health 
(Kramer, Dunlop, and Hogue 2014).

Population-level work such as this could 
complement existing small (and relatively ex-
pensive) cohort studies that rely on sampling. 
For instance, identification of economic (such 
as credit constraints) and neighborhood stress-
ors experienced at multiple time points among 
adults of childbearing age could inform basic 
research on fertility timing, family formation, 
and migration patterns. In addition, to the ex-
tent that the timing, dose, and duration of fam-
ily stressors can be measured from administra-
tive data, such work has the potential to identify 
economic and social antecedents of endow-
ments at birth.
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high crime neighborhoods (Burdick-Will et al. 
2011; Sharkey 2010; Sharkey et al. 2014; Schwartz 
et al. 2016). Whereas police, government offi-
cials, and civic organizations seek to reduce 
crime, schools can play a role in mitigating the 
negative effect of exposure to violence on stu-
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Does school climate ameliorate or exacerbate the impact of neighborhood violent crime on test scores? Using 
administrative data from the New York City Department of Education and the New York City Police Depart-
ment, we find that exposure to violence in the residential neighborhood and an unsafe climate at school lead 
to substantial test score losses in English language arts (ELA). Middle school students exposed to neighbor-
hood violent crime before the ELA exam who attend schools perceived to be less safe or to have a weak sense 
of community score 0.06 and 0.03 standard deviations lower, respectively. We find the largest negative ef-
fects for boys and Hispanic students in the least safe schools, and no effect of neighborhood crime for stu-
dents attending schools with better climates.
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dents. Schools vary along many dimensions, 
including academic quality, student body char-
acteristics, and school climate and environ-
ment. In some schools, disorder and conflict 
may contribute to feelings of fear and vulner-
ability among students; in other schools, stu-
dents feel safe and supported. As reported in 
an article about New York City schools in the 
New York Times, “[school name] is more than 
just a place to learn algebra and history. A pub-
lic middle school, it is seen by many families 
as a safe zone in a crime-plagued neighbor-
hood” (Hu 2014). School climate, including how 
safe, orderly, and welcoming a school is per-
ceived to be, may affect how youth are able to 
cope with traumatic events at home or in  
the residential community. Factors outside of 
school influence student success, yet little is 
known about whether school climate moder-
ates the effects of these external events. In this 
article, we focus on the relationship between 
school climate and neighborhood crime and 
answer the question of whether school climate 
ameliorates or exacerbates the impact of neigh-
borhood crime on academic performance.

To answer this question, we combine de-
tailed administrative and survey data on neigh-
borhood violent crime, student achievement, 
and student perceptions of school climate. Ad-
ministrative data are key to our analysis. First, 
student-level data from the New York City De-
partment of Education allow us to track test 
scores for the universe of public middle school 
students in New York City over time and ob-
serve their demographic characteristics and 
residential addresses. Second, incident-level 
crime data from the New York City Police De-
partment (NYPD), which we geocode to indi-
vidual street segments throughout the city, pro-
vide us with a daily measure of violence 
occurring on the blockfaces where those stu-
dents reside. Finally, we use responses to an 
annual survey that the New York City Depart-
ment of Education administers to all middle 
and high school students to construct mea-
sures of school climate that we link with stu-
dents’ school records. This linkage provides us 
a unique look at how the impact of violence 
varies depending on school climate.

Our empirical approach capitalizes on the 
exogenous exposure of students to violent 

events in their neighborhood relative to the tim-
ing of standardized exams to estimate the 
causal acute effect of exposure to neighborhood 
violence on student outcomes (see Sharkey 
2010; Sharkey et al. 2014). Within this frame-
work, we examine how the acute effect of neigh-
borhood crime varies with school climate, mea-
sured in different ways. We use factor analysis 
to combine middle school (grades six to eight) 
student responses to the New York City Learn-
ing Environment Survey and create three 
school-level scales that capture key constructs 
of school climate: school safety, disorder, and 
sense of community. We divide schools into 
quartiles for each of these dimensions, and es-
timate how the acute effect of neighborhood 
violence on English language arts (ELA) and 
mathematics test scores differs across schools 
with different climates.

To summarize our findings: students suffer 
declines in standardized test scores following 
exposure to a violent crime if they attend schools 
perceived as unsafe or having a weak sense of 
community. Specifically, middle school stu-
dents exposed to violent crime before the test 
who attend schools that are less safe or have a 
weak sense of community score 0.06 and 0.03 
standard deviations lower in the ELA exam, re-
spectively. Students attending the schools per-
ceived as being the safest, the least disorderly, 
or having the strongest sense of community suf-
fer no visible reduction in test performance 
when exposed to violent crime, suggesting that 
schools with stronger climates might insulate 
students from the negative effects of neighbor-
hood violence.

Liter ature Review 
Living in a disadvantaged and dangerous neigh-
borhood affects the lives of young people along 
multiple dimensions, including their health, 
education, and employment. A growing body 
of research highlights the effect of exposure to 
neighborhood violence on the academic attain-
ment and achievement of students (Burdick-
Will et al. 2011; Harding 2009; Rendón 2014; 
Sharkey 2010). In New York City, exposure to a 
violent assault or homicide in the week before 
a standardized exam decreases achievement in 
ELA relative to students who are exposed in the 
week after the exam (Sharkey et al. 2014).
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School climate may also affect the academic 
performance of students (Thapa et al. 2013). 
Exposure to violence at school reduces at
tendance, decreases test scores, increases mis-
behavior, and reduces the likelihood of high 
school graduation and college attendance 
(Bowen and Bowen 1999; Burdick-Will 2013; 
Grogger 1997). Being the victim of an attack at 
school is associated with increased student 
misbehavior and declines in grades (Patton, 
Woolley, and Hong 2012). Even witnessing vio-
lence at school has consequences for student 
conduct, attitudes about school, and atten-
dance (Janosz et al. 2008). School violence does 
not have to be extreme to have negative effects 
on students. Exposure to disorder in school, 
such as bullying, is negatively related to achieve-
ment and is also associated with more serious 
school violence (Arseneault, Bowes, and Sha-
koor 2006; Chen 2007; Juvonen, Wang, and Es-
pinoza 2011). Schools may also be able to insu-
late students from violent neighborhoods by 
becoming a safe haven from the surrounding 
violence and disorder (Patton, Woolley, and 
Hong 2012).

The evidence suggests that four primary 
dimensions of school climate are likely to 
influence student performance: school-based 
violence and disorder, school safety, school dis-
cipline, and sense of community within the 
school. Specifically, in New York City, feeling 
unsafe at school decreases the academic achieve-
ment of middle school students, and the largest 
effects are found in schools with the most 
school-based violence (Lacoe 2016).

School disciplinary policy and student per-
ceptions of the fairness of school discipline may 
also affect achievement. At the school level, the 
suspension rate is correlated with the share of 
students who pass competency exams (Raush 
and Skiba 2004). Youth who are suspended 
struggle to make academic progress over time 
and are more likely to drop out of high school 
than their peers who are not suspended (Arcia 
2006; Lacoe and Steinberg 2018). Research has 
yielded mixed evidence of the efficacy of school 
security measures, such as metal detectors or 
police in schools. Some studies find these mea-
sures improve perceptions of school climate 
(Bhatt and Davis 2016). Others find decreases 
in perceived safety among students and in-

creased involvement with the juvenile justice 
system (Theriot 2009). Therefore, school disci-
plinary policies that take zero tolerance ap-
proaches emphasizing out-of-school suspen-
sions, or school security measures, may also 
affect student achievement if they make stu-
dents feel less safe. Finally, the degree to which 
students feel connected to their school and a 
sense of belonging at school can affect their ac-
ademic achievement. For instance, character-
istics of the school environment influence stu-
dents’ level of engagement and participation in 
school, which in turn may affect their academic 
achievement (Wang and Holcombe 2010).

These dimensions of school climate may af-
fect youth differently depending on their racial 
and ethnic background or gender. Johanna 
Lacoe finds that African American and His-
panic middle school students are more likely 
to report feeling unsafe in the classroom and 
on school grounds than white and Asian peers 
who attend the same schools (2015). Patrick 
Sharkey and his colleagues find that neighbor-
hood violence has the most pronounced effect 
on the achievement of black students, with lit-
tle effect on Hispanic students, despite similar 
rates of exposure to neighborhood violence be-
tween the two groups (2014). Studies also sug-
gest that boys and girls respond differently to 
school climate and neighborhood violence as 
well (Harding 2009).

In sum, the literature shows that community 
violence can be detrimental to students’ aca-
demic success. Further, research also suggests 
that the climate within a school (including 
safety, disorder and support levels) can shape 
students’ academic performance. This article 
bridges these two literatures to investigate 
whether and to what extent school climate 
moderates the effect of neighborhood crime on 
middle school students’ test scores.

Theory
Several theorists have put forth models and 
frameworks to describe how multiple environ-
ments affect youth outcomes (Bronfenbrenner 
2004; Eccles and Roeser 2011; Kirk 2009). In par-
ticular, Jacquelynne Eccles and Robert Roeser 
describe schools as prime developmental con-
texts for youth during adolescence. Schools are 
organizations with customs, norms, and rules 
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that influence student interactions, learning, 
and development on a daily basis (Eccles and 
Roeser 2011). Schools, however, are not located 
in a vacuum, but instead are intimately con-
nected to the surrounding neighborhoods, which 
for most middle school students are where they 
live. “By attending to the social structure of 
community conflict, whatever its spatial form, 
schools can understand, and possibly antici-
pate, the development of violent confrontations 
and possibly intervene to redirect the conflict 
to some other outcome” (Mateu-Gelabert and 
Lune 2003, 366). School climate may dictate 
how successfully schools manage youth re-
sponses to violence, distinguishing some 
schools as safe havens.

Building on this literature, our theoretical 
model in figure 1 describes how schools may 
play a moderating role in the relationship be-
tween exposure to community violence and 
educational outcomes. Schools may moderate 
this relationship if school factors change the 
magnitude or direction of the impact of violent 
crime on test scores (that is, insulate students 
from the full effect of exposure, or exacerbate 
the response to violence).

The primary school climate factors that may 
affect the relationship between neighborhood 
violent crime and academic outcomes are 
school-based violence and disorder, perceptions 
of safety, discipline, and school supports. The 
direction of the relationship, however, is un-
known. Exposure to violence everywhere (at 
school and at home) may desensitize students 
and lessen the effects of neighborhood violence 
on outcomes. That is, for example, the effects of 
exposure to neighborhood crime on children at-
tending schools that are perceived as unsafe or 
disorderly may be smaller or nonexistent. Alter-
natively, exposure to violence or disorder at 
school may compound the effect of violence in 
students’ home neighborhoods, causing them 
to perform poorly on exams, so that we would 
observe the largest test score losses after expo-

sure to violent crime for children who feel unsafe 
at school. In contrast, if the school represents a 
safe haven from a violent home neighborhood, 
the effect of exposure to violence may be smaller.

Other aspects of the environment can also 
shape effects of neighborhood violence. If the 
disciplinary environment is strong and effec-
tive, it may support students who feel at risk in 
their home neighborhood. Likewise, a support-
ive, inclusive, and friendly school environment 
may insulate students from the negative effects 
of exposure to violence in their neighborhood. 
Conversely, if students feel little sense of com-
munity at the school or view the disciplinary 
environment as unfair or biased, then their ac-
ademic performance may be more affected by 
violence they observe or experience outside of 
the school.

Data and Me asures
We exploit three detailed sources of administra-
tive data. First, we use point-specific crime data 
from the NYPD on daily violent crime—homi-
cide and aggravated assault—occurrences in 
New York City from 2004 to 2010.1 The data con-
tain the spatial coordinates of the crimes that 
we geocode to the blockface, a street segment 
between the two closest cross streets (figure A1), 
using ArcGIS.

Second, we use longitudinal student admin-
istrative records from the city’s Department of 
Education. This dataset contains a wide range 
of student demographic characteristics includ-
ing student race-ethnicity, gender, participa-
tion in special education, and receipt of free or 
reduced-price meals. It includes test scores on 
the ELA and mathematics standardized tests, 
as well as the school students attend and their 
residential address in each academic year (as 
of October). Our measure of exposure to neigh-
borhood violence captures the number of vio-
lent crimes that occur on students’ residential 
blockface each year they remain enrolled in 
New York City public schools.2 Students who 

1. The data also have information about robberies (excluded from our measure), property crime including bur-
glary, larceny, motor vehicle theft, and arson. The data include other less serious crimes such as drug sales or 
use, weapons, simple assault, prostitution, gambling, graffiti, trespassing, disturbing the peace, and moving 
vehicle violations. 

2. Our annual address data allow us to track students’ exposure to violent crime even when they move. Ap-
proximately 85 percent of students never move. These numbers are similar if we use the high poverty sample 
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live on the same blockface are considered to be 
exposed to the same crimes. Note that we do 
not know if the child actually witnessed the 
crime. However, because the blockface is such 
a small geographic unit and homicides and vi-
olent assaults are serious offenses, it is likely 
that students will have either direct or indirect 
knowledge of the crime. 

Third, to obtain measures of school climate 
we use student answers to the Learning Envi-
ronment Survey collected by the New York City 
Department of Education. The survey is admin-
istered annually to students, parents and teach-

ers in grades six to twelve during the spring se-
mester (between mid-February and mid-March). 
In this article, we focus on all middle school 
students’ responses to the survey. The survey 
started in 2007, the first year of our panel.

Our analytic sample contains 16,146 stu-
dents in 533 schools in grades six to eight from 
academic years 2006–2007 to 2009–2010. We re-
strict the sample to students living in high pov-
erty census tracts who are exposed to violent 
crime within one week—seven days—of the 
ELA test.3 We focus on high poverty census 
tracts because it allows us to exclude sections 

Figure 1. Conceptual Model of the Role of School Climate

Source: Authors’ compilation.
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or the full sample of students. Of those who move, about 13 percent move only once, and 1.2 percent move more 
than once during the sample period. Results reported in the article are not sensitive to using a sample of non-
movers (table B8).

3. High poverty census tracts are those with a child poverty rate above the citywide median in 2000. We focus 
on this sample because most of the analyses that follow examine effects on ELA. Note that we also conduct 
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of the city that have high crime rates but that 
are relatively wealthy, such as midtown Manhat-
tan.4 Further, as prior work shows (Sharkey et 
al. 2014), exposure to violence has larger effects 
on these students, and thus understanding the 
role of school climate for these more vulnerable 
students seems especially important. We also 
exclude students in charter schools, in un-
graded special education, and those exposed to 
crime both before and after the test.

Constructing School Climate Measures 
To construct school climate measures we take 
both a theory- and data-driven approach simi-
lar to that of Matthew Kraft, William Marinell, 
and Darrick Yee (2016). First, we review ques-
tions in the Learning Environment Survey and 
select those that capture the four dimensions 
of school climate identified in the literature as 
important determinants of student outcomes: 
safety, disorder, sense of community, and dis-
ciplinary environment. We identify seventeen 
survey questions in these domains. For exam-
ple, we use questions about feelings of safety 
in classrooms, in hallways and locker rooms, 
and on school grounds outside the school 
building. We also select questions related to 
bullying, fighting, substance use, gangs, per-
ceptions of disciplinary fairness, conflict reso-
lution, and the presence of safety agents. Fi-
nally, we also use questions about whether 

students feel welcome at school, treat each 
other with respect, or just look out for them-
selves. All responses consist of a scale from one 
to four.5 We code all responses so that an an-
swer of one in the survey would be the best out-
come, an answer of two would be the second 
best outcome, an answer of three would be the 
third best outcome, and an answer of four 
would be the worst outcome. 

We use exploratory principal components 
factor analysis to identify whether student re-
sponses capture one overall measure of school 
climate or map into distinct climate dimen-
sions. We rotate the factor loadings using 
oblique rotation because it assumes correlation 
among the factors instead of treating them as 
exogenous, and we expect the different climate 
measures to be correlated with one another.6 
For example, a school that students perceive as 
highly disorderly is also likely to be perceived 
as unsafe. Rotating factor loadings maximizes 
the loadings for each factor, facilitating inter-
pretability. After rotation, we find that the re-
sponses to the survey questions map onto three 
factors that capture three dimensions of school 
climate: safety, sense of community, and disor-
der and conflict.7 Contrary to expectations, 
there is no separate dimension for the disci-
plinary environment. The first factor (safety) 
explains 28 percent of the item variance, the 
second factor (sense of community) approxi-

analyses using math test scores as the outcome. These analyses use a sample of students exposed within seven 
days of the mathematics test. This sample contains 16,676 student-year observations in 535 schools for students 
living in high poverty census tracts. Testing dates vary by year and grade. The ELA test was administered be-
tween January and early February from 2007 to 2009, and in April in 2010. The math test was administered later 
in the spring (between March and May depending on the year). 

4. Students in high poverty census tracts make up 67 percent of the overall sample of students in grades six 
through eight and thus are representative of a significant portion of the public school population in the city. This 
number is roughly 89 percent when we restrict the sample to students exposed within one week of the ELA test. 
By restricting the sample in this way we reduce the potential for results to be overly influenced by anomalous 
sections of New York City, such as midtown Manhattan, which is a very wealthy area but also contains a high 
crime rate because of its density of commercial and tourist activity and very high daytime population. That said, 
results are largely unchanged when estimating our models on the full sample of students.

5. Some questions include responses such as: all of the time, most of the time, some of the time, never. Other 
questions include responses: strongly agree, agree, disagree, and strongly disagree. 

6. We created climate scales using exogenous rotation as well. These measures are highly correlated with the 
ones used in this article. Exogenous rotation is preferred when measures are used as predictors in the same 
model to avoid multicollinearity (Kraft, Marinell, and Yee 2016). 

7. These three factors have eigenvalues greater than one (Kaiser-Guttman stopping criterion).
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mately 23 percent, and the third factor (disor-
der) 22 percent. Table 1 presents the relevant 
survey questions in each factor with the corre-
sponding factor loadings. Consistent with the 
literature, we show those with factor loadings 
of 0.4 or greater.8

To create school safety, disorder, and sense 

of community scales we compute factor scores 
for each student answering the surveys.9 To ob-
tain school-level measures we follow Kraft, 
Marinell, and Yee and average those scores for 
each school across years to obtain time invari-
ant school climate scales or indices (2016).10 The 
resulting scales are centered on zero. Higher 

Table 1. Rotated Factor Loadings, School Climate Measures

Factor 1:
Safety

Factor 2:
Sense of 

Community

Factor 3:
Disorder- 
Conflict

I am safe on school property outside my school. 0.65
I am safe in the hallways, bathrooms, and locker rooms at  

my school.
0.68

I am safe in my classes. 0.76
Discipline in my school is fair. 0.62
There is a person or program in my school that helps 

students resolve conflicts. 
0.71

The presence and actions of school safety agents help 
promote a safe and respectful learning environment.

0.50

I feel welcome at school. 0.58
Students threaten or bully other students at school. 0.51
Students get into physical fights at my school. 0.55
Most students in my school help and care about each other. 0.65
Most students in my school just look out for themselves. 0.66
Most students in my school treat each other with respect. 0.65
I stay home because I don’t feel safe at school. 0.67
Students use alcohol or illegal drugs while at school. 0.80
There is gang activity in my school. 0.71
Adults at my school yell at students. 0.51
There is conflict in my school based on race, culture, religion, 

sexual orientation, gender, or disabilities. 
    0.58

Source: Authors’ calculations using data from the New York City Learning Environment Survey. 
Note: Results from factor analyses. Table shows factor loadings after oblique rotation. Loadings less 
than 0.4 are omitted. 

8. To further check the robustness of these measures, we calculated Cronbach’s alpha for the three constructs 
separately, including all relevant questions we identified for each construct. Overall, we find that the three school 
climate measures are highly reliable, having a Cronbach’s alpha reliability value of 0.7 or greater. 

9. Weighted sums of standardized versions of the questions, with the factor loadings used as weights. 

10. Despite some variation over time in school climate measures, perceptions of school climate do not appear 
to change substantially over time. When we divide the three scales into quartiles, the majority of schools always 
stay in the same quartile (32 to 37 percent, depending on the measure) or experience small changes (move up 
or down one quartile, 35 to 38 percent of schools). Less than 2 percent of schools move three or more quartiles 
from one year to the next (for example, move from an unsafe (Q4) school to a safe (Q1) school). Thus, a minority 
of schools experience large changes in perceptions of school climate. Further, the direction of the changes in 
perceptions of school climate over time is not always consistent. In some schools, perceptions of climate improve 
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Figure 2. Distribution of School Climate Measures Across Schools 

Source: Authors’ calculations using data from the New York City Learning Environment Survey.
Note: Panel A sample consists of 593 schools. Panel B sample is restricted to 533 schools in the high 
poverty sample of students exposed to violent crime both before or after the ELA test.
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one year, but decline in the next. It is unclear if these movements reflect meaningful variations in the school 
environment students face each year. Exploiting this annual variation to estimate our effects may just leave 
measurement error as the source of variation. Using time invariant measures minimizes this problem while still 
allowing us to extract meaningful conclusions about the relationship between the school environment and 
neighborhood crime. Not all students answer the surveys. Table A1 shows the percentage of students who an-
swered all seventeen questions in our measures. Response rates are low on the first year of the survey but sig-
nificantly increase after that (reaching about 80 percent). 
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values indicate weaker climates and lower val-
ues indicate stronger climates. Panel A of figure 
2 plots the distribution of these scales across 
all the 593 schools in our data (including those 
not in high poverty census tracts). Overall, the 
disorder scale shows less variation: most values 
are concentrated around zero and below (less 
disorder) and no schools are perceived as hav-
ing either very high levels or very low levels of 
disorder. Variation is greater in the sense of 
community measure, and the distribution is 
more skewed. Most schools are perceived to 
have a lower than average sense of community 
(indicated by positive values on the scale), but 
more schools are perceived as having very 
strong sense of community than as having a 
very weak sense. We observe a similar pattern 
for the school safety scale.

The school climate in the schools the stu-
dents in our sample attend might differ from 
the full sample of schools, but we find they look 
fairly similar. Panel B of figure 2 shows the dis-
tribution of school climate measures for the 533 
schools in the analytical sample and demon-
strates that these distributions do not look sub-
stantially different from the full sample.11

Empirical Str ategy
Our empirical strategy compares students ex-
posed to violent crime within a one-week win-
dow around standardized testing dates. Specif-
ically, we compare the test performance of 
students exposed to violent crime in the week 
before a standardized test with that of other-
wise similar students exposed in the week after. 
The identifying assumption is that the occur-
rence of a violent crime on a student’s residen-
tial blockface one week before or after the test 
is conditionally random within this window. 
This strategy yields causal estimates of the 
acute effect of violent crime on test scores.

The empirical strategy relies on the assump-
tion that students exposed to violent crime 
within a week of the ELA or math exam are very 
similar to each other. Students exposed to vio-
lent crime one week before and after the tests 
are quite similar demographically (see table 

A2). Hispanics make up the majority of stu-
dents in all four samples (more than 50 per-
cent), and black students represent approxi-
mately 40 percent. The samples are all evenly 
distributed between male and female students, 
and students receiving free or reduced-price 
lunch are overrepresented, as are students 
whose language at home is not English. To fur-
ther test the assumption that students exposed 
to neighborhood crime before and after the test 
are similar, we estimate a regression model pre-
dicting exposure in the week before the ELA and 
math tests as a function of individual demo-
graphic characteristics. These models also in-
clude grade, year, and borough fixed effects. 
Results from a joint-F test on the demographic 
controls confirm that our sample is balanced, 
supporting the appropriateness of the identifi-
cation assumption (table A2).12

We begin by estimating a baseline specifica-
tion as shown in equation (1)

	 Test Crime Xit t it it g it= + + ′ + +a β θ γ e .	 (1)

In this model, Test represents student i’s test 
score on the ELA or math exam, measured as a 
z-score standardized for each grade citywide 
with a mean of zero and a standard deviation 
of one. Crime takes a value of one if a student 
was exposed to a homicide or aggravated as-
sault on their block in the week before the ELA 
test, and is zero if they were exposed in the week 
after the test. The coefficient of interest is β, 
and it can be interpreted as a causal estimate 
of the acute effect of exposure to violent crime. 
The model also includes a vector (X′) of student 
demographic controls: gender, race-ethnicity, 
eligibility for free or reduced-price lunch, spe-
cial education, limited English proficiency, for-
eign born, home language not English, and 
over age for grade. Grade fixed effects are γg, 
year fixed effects are at, and eit is the usual error 
term. We follow this baseline specification by 
adding student i’s test scores lagged one year, 
thus controlling for a student’s prior perfor-
mance.

To estimate whether school climate moder-

11. For additional details on these distributions see table B1 in the online appendix, available at https://www​ 
.rsfjournal.org/content/5/2/141/tab-supplemental.

12. Regression results of the balance test are available in table B2 of the online appendix. 

https://www.rsfjournal.org/doi/suppl/10.7758/RSF.2019.5.2.08
https://www.rsfjournal.org/doi/suppl/10.7758/RSF.2019.5.2.08
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ates the acute effect of neighborhood crime, we 
first divide schools into quartiles based on their 
scores on the three climate perception mea-
sures: safety, disorder, and sense of community. 
Schools in the first quartile are those with 
stronger climates (perceived as safe) and those 
in the fourth quartile are those with weaker cli-
mates (perceived as unsafe). Then, for each cli-
mate measure, we estimate our baseline model 
stratified by climate quartile. In this way, we 
compare the test performance of students ex-
posed to violent crime on their block in the 
week before the test with those exposed in the 
week after attending schools that have similar 
climates. Specifically, we estimate as follows:

Test Crime Climate
Climate

it t it i
q

i
q

it g itX
=

−

−
+
+ + ′ + +

a β
ρ θ γ e

* 1 4

1 4 ..

We extend our baseline specification by adding 
a set of interactions between the crime expo-
sure indicator and each of the four climate 
quartiles. In this model, β yields estimates of 
the acute effect for each climate quartile by 
comparing students exposed before the test 
with those exposed after attending schools in 
the same quartile. For example, we compare the 
test performance of a student exposed to vio-
lent crime in the week before the ELA test with 
a similar student exposed in the week after, who 
both attend schools perceived as being the least 
safe (quartile four). If schools that are perceived 
as safer, or less disorderly, or with a stronger 
sense of community act as safe havens for stu-
dents living in violent neighborhoods, we may 
see no difference in test performance between 
children exposed to homicides and violent as-
saults in the week before the test or after. Con-
versely, if schools with weaker climates (safety, 
disorder, and sense of community) exacerbate 
the effect of living in violent neighborhoods, 
we may see a decrease in performance after ex-
posure to violent crime. 

Schools with different climates may vary on 
a number of other characteristics that can in-
fluence both school climate and student per-
formance. We examine the robustness of our 
main results through a series of tests. First, we 
add school-level, time-varying spending data, 

teacher-pupil ratio, and reported incidents of 
school violence to control for other school 
characteristics that might be correlated with 
student achievement or contribute to school 
climate. Second, we also estimate models  
with school fixed effects to control for time-
invariant school characteristics that might  
be correlated both with perceptions of school 
climate and student achievement. Third, we 
conduct a falsification test using exposure to 
property crimes as our main crime exposure 
indicator. If students are, indeed, affected by 
neighborhood violent crime then we should see 
no effect of exposure to less serious property 
crimes on test scores. Finally, we test the ro-
bustness of our results using the full sample of 
students instead of the high poverty sample.

Results
We begin by examining the demographic com-
position of schools with stronger and weaker 
climates for the three climate measures: safety, 
disorder, and sense of community. The most 
striking differences across quartiles concern 
the racial-ethnic composition of the students 
(figure 3, panel A). Black students are overrep-
resented in schools with weak climates (quar-
tile four) across the three climate scales. In-
deed, more than 50 percent of black students 
attend schools in quartile four across the three 
climate dimensions. In contrast, schools in 
quartile one are more than 60 percent Hispanic. 
We observe a similar pattern in schools with 
more mixed climates (quartiles two and three). 
Students who are white or Asian are the small-
est group in the sample, and are also more 
likely to attend schools that are safer, less dis-
orderly, and more community-oriented. As for 
gender, differences across quartiles are rela-
tively small but girls are more likely to attend 
schools in the first quartile. This is a high pov-
erty sample, thus more than 90 percent of 
students are eligible for free or reduced-price 
lunch, however, the percentage of poor stu-
dents is slightly higher in quartile four schools 
than in the other three quartiles. Students 
whose home language is not English are less 
likely to attend schools with the weakest cli-
mates. In contrast, students who are over age 
for grade are overrepresented in quartile four 
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Figure 3. Student Characteristics, High Poverty Sample

Source: Authors’ calculations using data from the New York City Learning Environment Survey.  
Panel A: New York City public schools, student-level administrative data, provided to New York Univer-
sity and Syracuse University by the New York City Department of Education. Panel B: School-based 
expenditure reports, New York City Department of Education.
Note: Sample restricted to students living in high poverty census tracts and exposed to a violent crime 
on their block in the week before the ELA test or in the week after. Students exposed both before and 
after the test are excluded. Sample includes students in grades six to eight between academic years 
2006–2007 and 2009–2010. 
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schools across the three dimensions. Across all 
climate measures, schools are fairly similar in 
the percent of students with limited English 
proficiency, the share of foreign born, and 
those in special education.13

Panel B of figure 3 shows differences for 
school spending categories: counseling, drug 
prevention programs, attendance and out-
reach, and school safety.14 Climate quartiles 
show no large differences for these school re-
sources. In general, spending in counseling and 
attendance-outreach is lower in quartile one 
schools than in the other quartiles. As for other 
school resources (not shown), per pupil spend-
ing on classroom instruction is slightly higher 
in quartile three and four schools; pupil-teacher 
ratios and spending on school leadership are 
fairly similar across quartiles. Perhaps not sur-
prisingly, school violence increases as we move 
from quartile one to quartile four schools 
across all dimensions.15

Does the Acute Effect of Violent  
Crime on Test Scores Vary with the  
School Climate?
In the regression results that follow we show 
models with demographic controls, and with 
lagged test scores. In most cases these results 
are very similar to each other and we show all 
of them for completeness. In the discussion, 
however, we focus on those that account for a 
student’s prior performance as the preferred 
specification. Results from our baseline regres-
sion (table 2) show no overall average acute ef-
fect of exposure to violent crime on ELA test 
scores for middle school students (grades six 
and seven). That is, middle school students ex-
posed to violent crime in the week before the 
ELA test perform no differently on average than 
comparable students exposed after.16 This aver-
age effect, however, masks significant variation 
across schools as figure 4 shows, suggesting 
that school-level factors might play a role in 

13. This information is available in tabular form in the online appendix (panel A, tables B3–B5). 

14. These are selected budget items under the instructional support spending category. 

15. Detailed information in tabular form is available in the online appendix (panels B and C, tables B2–B4).

16. In prior work, the acute effect on ELA test scores is driven by students in elementary school grades (for more 
details, see Sharkey et al. 2014). 

Table 2. Regression Results: Exposure to Neighborhood Violent Crime and Test Scores, One-Week 
Window, High Poverty Sample 

  ELA Math

DV: z-score (1) (2) (3) (4)

Crime –0.015 –0.005 –0.015 –0.001
(0.014) (0.010) (0.017) (0.012)

Student controls Y Y Y Y
Lagged test scores N Y N Y
Observations 16,146 16,146 16,676 16,676
R2 0.229 0.459 0.193 0.532

Source: Authors’ calculations using NYPD complaint data and New York City public schools student-
level administrative data, provided to New York University and Syracuse University by the New York 
City Department of Education.
Note: Standard errors in parentheses (clustered at the school level). Student controls include female, 
black, Hispanic, Asian, free lunch, reduced-price lunch, special education, limited English proficiency, 
foreign born, home language not English, over age for grade. All models include grade, year, fixed 
effects, and an indicator for missing lagged test scores. Sample includes students in grades six to eight 
between 2006–2007 and 2009–2010. 
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17. Note that this quartile has the least number of observations (1,013) relative to quartile four for the other scales 
(2,550 for safety and 6,016 for sense of community). 

Figure 4. School-Specific Random Slopes, Violent Crime 

Source: Authors’ calculations using NYPD complaint data and New York City public schools student-
level administrative data, provided to New York University and Syracuse University by the New York 
City Department of Education.
Note: Results from estimating the baseline regression in our paper as an HLM model with school ran-
dom intercepts and slopes. Graph shows best linear unbiased predictions. 
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ameliorating or exacerbating the acute effect. 
Indeed, when we explore whether results vary 
across school climate quartiles, we find that the 
average estimate conceals significant heteroge-
neity by school climate.

Table 3 shows that exposure to violence af-
fects students in schools with the weakest cli-
mates (quartile four). Students attending 
schools deemed the least safe (quartile four) 
score 0.06 standard deviations lower as a result 
of exposure to violent crime one week before 
testing (column 2). Similarly, column 6 shows 
students in schools that have the weakest sense 
of community (quartile four) score 0.03 stan-
dard deviations lower after exposure to violent 
crime in the week before the test (significant at 
the 10 percent level). We do not find strong ev-
idence of an acute effect for students attending 

more disorderly schools. In models not ac-
counting for prior performance (column 3), stu-
dents exposed to violent crime prior to the ELA 
test attending schools perceived as the most 
disorderly (quartile four) score 0.08 standard 
deviations lower (significant at the 10 percent 
level). Once we control for prior performance, 
this coefficient drops to –0.04 and is no longer 
statistically significant.17

Results in this section indicate that safety 
and sense of community are the most critical 
elements of school climate in moderating the 
effects of violence. Our findings suggest that 
schools have the potential to insulate students 
from the negative effects of exposure to neigh-
borhood violence on academic performance, 
shown by the absence of any negative effect on 
test scores for students attending schools with 
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strong (quartile one) or mixed climates (quar-
tiles two and three).18

Subgroup Analyses
Of course, school climate may not matter 
equally for all students; some students may be 
more sensitive to the climate of their school. In 
this section, we explore whether the moderat-
ing effect of school climate varies by gender and 

race-ethnicity. Gender analyses are motivated 
by the fact that boys and girls may use different 
coping mechanisms to deal with traumatic 
events, and may respond differently within these 
varied school climates (Rasmussen, Aber, and 
Bhana 2004). As for race-ethnicity, research has 
shown significant racial differences in sensitiv-
ity to violence. In particular, Sharkey and his 
colleagues find that the school performance of 

18. We also estimate the probability that a student would pass the ELA test. We find that students in the least 
safe schools are 5 percentage points less likely to pass the test, and that those in the more disorderly schools 
are 3 percentage points less likely to pass. Students in schools with a weaker sense of community are also 5 
percentage points less likely to pass the ELA test, but this effect is significant at the 10 percent level (see online 
appendix table B6).

Table 3. Regression Results: ELA, Exposure to Neighborhood Violent Crime, and School Climate 
Quartile 

  Safety Disorder Sense of Community

DV: z-score ELA (1) (2) (3) (4) (5) (6)

Crime*Q1 –0.055 –0.032 –0.051 –0.002 –0.073 –0.019
(0.038) (0.029) (0.039) (0.031) (0.055) (0.050)

Crime*Q2 0.015 0.021 –0.006 –0.000 0.014 0.019
(0.025) (0.019) (0.026) (0.019) (0.031) (0.025)

Crime*Q3 –0.010 0.002 –0.009 –0.007 –0.005 0.007
(0.022) (0.016) (0.017) (0.014) (0.021) (0.016)

Crime*Q4 –0.070* –0.060* –0.080+ –0.042 –0.039+ –0.031+

(0.030) (0.024) (0.044) (0.036) (0.021) (0.016)
Q1 0.274** 0.156** 0.425** 0.211** 0.456** 0.216**

(0.058) (0.035) (0.061) (0.043) (0.083) (0.046)
Q2 0.057 0.019 0.189** 0.108** 0.121** 0.052+

(0.040) (0.026) (0.049) (0.037) (0.042) (0.027)
Q3 –0.020 –0.016 0.041 0.037 0.014 –0.006

(0.043) (0.028) (0.043) (0.034) (0.034) (0.022)

Student controls Y Y Y Y Y Y
Lagged test scores N Y N Y N Y
Observations 16,146 16,146 16,146 16,146 16,146 16,146
R2 0.241 0.463 0.252 0.465 0.245 0.463

Source: Authors’ calculations using NYPD complaint data and New York City public schools student-
level administrative data, provided to New York University and Syracuse University by the New York 
City Department of Education.
Note: Standard errors in parentheses (clustered at the school level). Student controls include: black, 
Asian, Hispanic, free and reduced-price lunch, special education, limited English proficiency, foreign 
born, home language not English, and over age for grade. All models include grade and year fixed 
effects, and an indicator for missing lagged test scores. Sample excludes students exposed both before 
and after the ELA test. Sample includes students in grades six through eight between academic year 
2006–2007 and 2009–2010. 
+p < .1; *p < .05; **p < .01
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black students is especially sensitive to violent 
environments, and that exposure to violence 
has little effect on the academic performance 
of Hispanic students (2014). It is possible that 
differences in the school environments experi-
enced by black and Hispanic students (and the 
concentration of black students in schools with 
weaker climates) explain these differences. In 
the analyses that follow, we focus on schools 
with weak climates (quartile four).19

Our results suggest that the negative effect 

of exposure to neighborhood crime is concen-
trated among boys attending weak climate 
schools. As panel A of table 4 shows, boys ex-
posed to violent crime in the week before the 
ELA exam score approximately 0.10 standard 
deviations lower when they attend the least safe 
schools. They score 0.08 standard deviations 
lower (significant at the 10 percent level) in the 
most disorderly schools, and 0.04 standard de-
viations lower in schools with weaker sense of 
community (also significant at the 10 percent 

19. Results reported for the weak climate schools in each category only because there are no effects of attendance 
at a strong or mixed climate school on test scores (tables available from authors on request). 

Table 4. Regression Results: ELA, Quartile 4 Schools by Subgroup 

  Safety Disorder Sense of Community

DV: z-score ELA (1) (2) (3) (4) (5) (6)

Panel A: Gender
Crime*female –0.043 –0.025 –0.064 0.000 –0.044 –0.023

(0.041) (0.030) (0.058) (0.053) (0.026) (0.019)
Crime*male –0.094* –0.100** –0.094 –0.082+ –0.036 –0.041+

(0.043) (0.036) (0.060) (0.046) (0.029) (0.021)
Female 0.062 0.019 0.104 0.040 0.109** 0.060**

(0.047) (0.036) (0.072) (0.055) (0.026) (0.020)
Observations 2,550 2,550 1,013 1,013 6,244 6,244
R2 0.174 0.448 0.193 0.423 0.190 0.433

Panel B: Race-ethnicity
Crime*black –0.066+ –0.054+ –0.047 0.014 –0.037 –0.026

(0.038) (0.030) (0.048) (0.036) (0.027) (0.021)
Crime*Hispanic –0.081 –0.091+ –0.105 –0.091 –0.037 –0.040

(0.059) (0.050) (0.092) (0.083) (0.031) (0.026)
Black 0.008 –0.025 –0.129 –0.132* 0.027 0.018

(0.060) (0.046) (0.079) (0.058) (0.037) (0.028)

Observations 2,470 2,470 969 969 6,016 6,016
R2 0.169 0.449 0.183 0.419 0.184 0.431

Student controls Y Y Y Y Y Y
Lagged test scores N Y N Y N Y

Source: Authors’ calculations using NYPD complaint data and New York City public schools student-
level administrative data, provided to New York University and Syracuse University by the New York 
City Department of Education.
Note: Standard errors in parentheses (clustered at the school level). Student controls include black, 
Asian, Hispanic, free or reduced-price lunch, special education, limited English proficiency, foreign 
born, home language not English, and over age for grade. All models include grade and year fixed 
effects, and an indicator for missing lagged tests scores. Sample includes students in grades six 
through eight between academic year 2006–2007 and 2009–2010. Panel B sample excludes students 
who are Asian or white. 
+p < .1; *p < .05; **p < .01
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level). There is no observed effect for girls, but 
these coefficients are not statistically different 
than those for boys.

Next, we explore differences by race and eth-
nicity. Due to sample size limitations, these 
models include only Hispanic and black stu-
dents.20 Black students exposed to violent crime 
before the ELA test attending schools perceived 
to be the least safe, score 0.05 standard devia-
tions lower on the ELA exam (table 4, panel B). 
The largest effect, however, is for Hispanic stu-
dents in the least safe schools. These students 
score 0.09 standard deviations lower. This find-
ing suggests that stronger school climates 
might offer some protective effect for Hispanic 
students. We observe no effect of exposure to 
violence on test scores among black and His-
panic students who attend more disorderly 
schools or schools with the weakest sense of 
community. Note that the samples in the dis-
order measure get very small, so we may be un-
derpowered to detect an effect. Coefficients for 
black and Hispanic students are not statisti-
cally different from each other and, in general, 
results in this table are only significant at the 
10 percent level.21

Robustness and Falsification Tests
The results so far show that school climate may 
play an important role in moderating the ef-
fects of neighborhood violence on student out-
comes. However, there may be school-level con-
founders that bias these results. School climate 
measures may reflect differences in other fac-
tors that are correlated with student percep-
tions and achievement. To address this issue, 
we add several additional sources of adminis-
trative data to construct time-varying school-
level controls. First, we combine our student-
level data with the school-based expenditure 
reports. These data provide detailed informa-

tion regarding school spending by budget item 
as well as pupil-teacher ratios. We select spend-
ing on classroom instruction, leadership, and 
relevant instructional support spending catego-
ries (counseling services, drug prevention pro-
grams, attendance-outreach, and school safety). 
Second, we add the rate of reported school vio-
lent incidents from the violent and disruptive 
incident reports data. As an additional test, we 
reestimate our models adding school fixed ef-
fects to control for time-invariant characteris-
tics of schools that may be correlated both with 
school climate and student achievement.

In these models, our results remain largely 
unchanged (table A3). Students in the least safe 
schools exposed to violent crime in the week 
before the ELA test score 0.056 standard devia-
tions lower than those exposed after. As for the 
other measures, results are not statistically sig-
nificant, but point estimates are similar as our 
main specifications (–0.035 for disorder and 
–0.021 for sense of community). Taken together, 
these results support our finding that school 
climate matters for children exposed to violent 
crime, but we cannot completely rule out that 
other unobserved school-level factors might 
still be at play.

If violent crimes are more salient and the 
key source of stress for students and not simply 
capturing other things happening in the neigh-
borhood, we should see little change in school 
performance after exposure to property crimes 
(for results of this falsification test, see table 
A4). Indeed, we find no evidence that exposure 
to property crime affects test scores, or that this 
effect varies with the climate of the school.

The primary results are estimated on a high 
poverty sample. To test the robustness of our 
findings we estimate the school climate speci-
fications on the full sample of students. Overall, 
our conclusions are unchanged (table A5). Ex-

20. When we stratify the sample by school climate quartiles and race-ethnicity we are left with a very small 
number of observations for white and Asian students: forty for students who are white in quartile four schools 
in the safety measure, and forty-five for students who are Asian. In the most disorderly schools (quartile four), 
observations number 105 for students who are white and 134 for students who are Asian. Numbers are even 
smaller in the schools with a weak sense of community (quartile four): nineteen and twenty-seven for whites 
and Asians, respectively. 

21. We find no statistically significant differences between students exposed to crime before the ELA exam at-
tending schools in quartiles one to three and those exposed after. Tables available from authors. 
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posure to violent crime before the ELA test low-
ers test scores of students in schools deemed 
least safe by 0.04 standard deviations. This co-
efficient is smaller but within the confidence 
interval of the estimate for the high poverty 
sample. We also find that children exposed to 
neighborhood crime who attend schools that 
have a weak sense of community score 0.03 
standard deviations lower in ELA (all significant 
at the 10 percent level).

Results by gender and race-ethnicity are also 
robust to using the full sample of students. 
Schools that are perceived as unsafe and having 
a weaker sense of community seem to exacer-
bate the negative effect of neighborhood crime 
on boys. Point estimates are smaller (–0.06 and 
–0.04, respectively) and significant at the 10 per-
cent level only. As for race-ethnicity, results on 
the full sample are also consistent with the high 
poverty sample (see table B7 of the online ap-
pendix).22

Mathematics 
So far we have only reported results for the ELA 
test because research shows the largest effects 
of community violence on reading and no ef-
fects on math (Sharkey et al. 2014; Schwartz et 
al. 2016). We also estimate our baseline model 
with math test scores as the outcome. The 
baseline specification—without stratifying the 
sample by school climate—shows no signifi-
cant impact of crime exposure on math perfor-
mance (table 2). Stratifying the sample by 
school climate quartile for each of the climate 
measures also yields no significant differences 
in test performance between students exposed 
to violent crime before the math test and stu-
dents exposed after. That is, school climate 
does not moderate the effect of neighborhood 
violence on students’ math test scores, provid-
ing further evidence that community violence 
tends to affect performance in reading but not 
math (table 5).

Discussion 
This article investigates the role of school cli-
mate on the relationship between exposure to 
neighborhood violence and academic achieve-
ment for middle school students (grades six 
through eight) in New York City public schools. 
To do so, we leverage several sources of admin-
istrative data that provide advantages for this 
kind of analysis. Most notably, by using data 
on the entire city public school system we are 
able to generate more precise estimates than 
most of the literature using survey data with 
much smaller samples. As a result, we are able 
to focus our attention on very specific windows 
of time around public school assessments, and 
to make comparisons among students living 
in individual blockfaces within the city. By 
combining multiple administrative datasets, 
including student records, incident records 
from the NYPD, and school climate surveys, we 
are able to make progress in understanding 
the mechanisms by which violence in the resi-
dential environment affects students’ perfor-
mance in school. Merging together multiple 
datasets that cover the entire city and all of its 
public schools allows for an analysis that 
would not be possible with any single source 
of data.

The results from our analysis provide a more 
nuanced picture of the impact of violence than 
shown by previous research. Overall, we find no 
significant acute effect of exposure to violence 
for the sample of sixth- to eighth-grade stu-
dents in high poverty neighborhoods. This 
finding, however, masks the substantial varia-
tion in effects found in schools with different 
levels of disorder, safety, and sense of commu-
nity. Schools with strong climates (across all 
dimensions—safety, disorder, and sense of 
community) and those with mixed climates 
(quartiles two and three) may insulate students 
from the negative effects of exposure to neigh-
borhood violence. It follows that students ex-

22. We also test the sensitivity of results reported in the paper to opening the window of exposure. We estimated 
all baseline and subgroup models on the high poverty sample using a two-week and a one-month window of 
exposure. These results are also consistent with findings for the one-week window, albeit smaller in magnitude. 
Specifically, students exposed to violent crime two weeks before the ELA test attending the least safe schools 
score 0.04 standard deviations lower and those exposed in the month before the test score 0.024 standard 
deviations lower and 0.022 standard deviations lower in schools with weaker sense of community. Tables avail-
able from authors.
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periencing decreases in ELA test scores after 
exposure to neighborhood violence are concen-
trated in schools with the weakest climates, par-
ticularly those perceived as the least safe. Spe-
cifically, students exposed to community 
violence before the test attending the least safe 
schools score 0.06 standard deviations lower, 
which amounts to 40 percent of the test score 
gap between poor and nonpoor students in our 
sample.23 For these students, attending a school 
with a weak climate further increases their aca-
demic disadvantage. 

The analyses by race-ethnicity and gender 
uncover that the effect of exposure to violence 
is particularly salient for boys and Hispanic stu-
dents in schools deemed the least safe. This last 
finding is interesting in light of previous re-
search that found no effect of neighborhood 
crime on the test performance of Hispanic stu-
dents (Sharkey et al. 2014). Indeed, it seems that 
although the majority of Hispanic students at-
tend schools with strong climates, those in 
schools with weak climates see large declines 
in achievement following exposure to violence. 

23. The estimated test score gap between poor and nonpoor students in the full sample is 0.15 standard devia-
tions. 

Table 5. Regression Results: MATH, Exposure to Neighborhood Violent Crime, and School Climate 
Quartile 

  Safety Disorder Sense of Community

DV: z-score MATH (1) (2) (3) (4) (5) (6)

Crime*Q1 0.005 0.006 –0.040 –0.034 –0.040 –0.037
(0.055) (0.049) (0.046) (0.042) (0.078) (0.069)

Crime*Q2 0.005 0.010 0.003 0.010 –0.026 –0.024
(0.026) (0.023) (0.028) (0.025) (0.042) (0.038)

Crime*Q3 –0.038 –0.017 –0.011 –0.000 0.018 0.032
(0.024) (0.022) (0.022) (0.022) (0.023) (0.022)

Crime*Q4 –0.004 –0.009 –0.027 –0.020 –0.033 –0.023
(0.043) (0.037) (0.041) (0.037) (0.025) (0.023)

Q1 0.349** 0.263** 0.565** 0.407** 0.568** 0.399**
(0.072) (0.057) (0.073) (0.063) (0.081) (0.063)

Q2 0.225** 0.175** 0.235** 0.167** 0.279** 0.226**
(0.050) (0.041) (0.062) (0.053) (0.057) (0.045)

Q3 0.068 0.046 0.056 0.043 0.129** 0.104**
(0.050) (0.040) (0.057) (0.050) (0.037) (0.029)

Student controls Y Y Y Y Y Y
Lagged test scores N Y N Y N Y
Observations 16,676 16,676 16,676 16,676 16,676 16,676
R2 0.210 0.339 0.226 0.345 0.217 0.342

Source: Authors’ calculations using NYPD complaint data and New York City public schools student-
level administrative data, provided to New York University and Syracuse University by the New York 
City Department of Education.
Note: Standard errors in parentheses (clustered at the school level). Student controls include black, 
Asian, Hispanic, free and reduced-price lunch, special education, limited English proficiency, foreign 
born, home language not English, and over age for grade. All models include year and grade fixed 
effects, and an indicator for missing lagged test scores. Sample exclude students exposed both before 
the math test. Sample includes students in grades six through eight between academic year 2006–
2007 and 2009–2010. 
+p < .1; *p < .05; **p < .01



r s f :  t h e  r u s s e l l  s a g e  f o u n d a t i o n  j o u r n a l  o f  t h e  s o c i a l  s c i e n c e s

	 s c h o o l  c l i ma  t e  a n d  n e i g h b o r h o o d  c r i m e 	 15 9

Thus, the null average effect from previous 
studies obscured the finding that students in 
schools with weak climates may be particularly 
affected by neighborhood violent crime.

The magnitudes of the effects are signifi-
cant. For example, a 0.10 standard deviation de-
crease in test scores for boys represents a 33 
percent decline relative to the mean for boys in 
the sample. To put these numbers in context, 
the magnitude of this effect is comparable to 
the positive gains from school-level interven-
tions such as class sizes (Chingos 2013).

We find no effects on math. This finding, 
while still puzzling, is not surprising. Previous 
work in New York City shows effects of neigh-
borhood violence are concentrated on ELA 
scores (Sharkey et al. 2014; Schwartz et al. 2016). 
Differing psychological and cognitive processes 
may be involved in learning reading and math 
concepts, and these may be differentially af-
fected by acute stress resulting from neigh
borhood violence. For example, Sharkey and  
his colleagues find that exposure to homicides 
is linked with lower attention and impulse 
control, which is especially important for read-
ing instruction (Sharkey et al. 2012; Liew et al. 
2008). Further, the development of language 
skills is more dependent on home factors, 
whereas math tends to be more influenced by 
school-level mechanisms (Bryk and Rauden-
busch 1988).

We note a few key limitations in the empiri-
cal work. First, the estimation strategy provides 
strong identification of the acute effect of ex-
posure to violence but does not provide evi-
dence of whether or not this is a testing effect 
of it has long-term consequences for learning. 
Further, this article does not speak to the effects 
of repeated or cumulative exposure to neigh-
borhood violence or how schools might re-
spond. Understanding these longer-term ef-
fects may illuminate potential interventions 
aimed at children experiencing chronic expo-
sure. That said, the acute effects are important, 
in and of themselves, due in part to the reliance 
on standardized tests for decisions about reten-
tion, high school admissions, or program par-
ticipation for middle school students. Second, 
although we find no effect of exposure to vio-

lence on test scores for students at schools with 
strong or mixed climates, this does not imply 
that exposure to violence has no effect on these 
students. Exposure to violence may manifest in 
the lives of children in other ways that are not 
captured by test scores in the short run. Further 
work should investigate the effect on other out-
comes, such as absenteeism, behavioral prob-
lems, or disciplinary referrals, to gain a broader 
perspective on how neighborhood violence af-
fects students. Examining such outcomes 
would also provide insight into the mecha-
nisms underlying the decreases in test scores 
for students in schools with weak climates.

Finally, more work could be done to unpack 
what is captured by our measures of school 
climate. For example, we are unable to say any-
thing in this article about teacher quality or 
teacher experiences in these schools, and how 
their views and actions might shape school cli-
mate. As other articles in this issue suggest, 
the school environment is complex and factors 
such as teacher’s views on issues like diversity 
and cultural competencies (Penner et al. 2019) 
or school organizations such as PTAs (Murray 
et al. 2019) might be important determinants 
of school climate. Further, although schools 
with weaker climates have more reported inci-
dents of violence, school climate is more than 
a reflection of violence in the school or in the 
neighborhood. Our climate constructs capture 
overall perceptions of school climate, but we 
cannot fully measure what particular factors 
contribute to a stronger (or weaker) school cli-
mate.

In sum, although schools are unable to con-
trol the experiences students have beyond their 
walls, the climate within each school can play 
a role in helping students cope with external 
forces. This article provides suggestive evidence 
that many schools are safe havens for young 
people who live in dangerous neighborhoods, 
insulating them from the acute effect of expo-
sure to violence on achievement. More research 
is needed to understand how schools success-
fully foster strong climates along multiple di-
mensions, to identify strategies to improving 
school climate, and to measure how changes in 
school climate affect other student outcomes.
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Source: Authors’ compilation.
Note: Students living in the shaded parts of adjacent census blocks are as residing on the same  
blockface and would be coded as exposed to the same crimes.
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Table A1. Response Rates, School Climate 
Questions

Year Students Mean

2007 141,897 0.52
2007 186,700 0.81
2009 181,936 0.79
2010 186,463 0.81

Source: Authors’ calculations using data from the 
New York City Learning Environment Survey.
Note: Mean response rate indicates share of 
students with no missing responses on all 
seventeen questions used in the school climate 
scales. 

Table A2. Student Characteristics by Exposure to Violent Crime, One-Week Window, High Poverty 
Sample

  ELA MATH

  Before After Before After

Race-ethnicity  
Black 39.3 38.4 38.9 38.7
Hispanic 54.0 52.1 52.0 52.1
Asian 4.4 6.0 6.1 6.2
White 2.2 3.5 3.0 3.0

Gender
 

Female 50.3 50.6 51.8 50.4

Poverty status  
Free or reduced-price lunch 94.9 93.9 94.7 94.6

Other demographics  
Foreign born 14.6 16.7 17.6 17.5
Special education 11.7 11.8 11.9 11.1
Limited English proficiency 11.5 11.6 13.3 14.1
Home language not English 43.8 46.0 45.9 46.0
Overage for grade 16.5 15.7 15.8 14.8

Observations 9,071 7,075 7,941 8,735
F-stat 1.40   0.77
Prob>F 0.17   0.67  

Source: Authors’ calculations using NYPD complaint data and New York City public schools student-
level administrative data, provided to New York University and Syracuse University by the New York 
City Department of Education.
Note: Table includes column percentages. Variables included in F-test: black, Hispanic, Asian, female, 
free and reduced-price lunch participation, foreign born, special education, home language not English, 
limited English proficiency, overage for grade. Models include borough, grade, and year fixed effects. 
Standard errors are clustered at the school level. Sample includes students in grades six through eight 
between academic years 2006–2007 and 2009–2010.
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Table A3. Robustness Test: ELA, School Climate Specification with School-Level Controls

  Safety Disorder Sense of Community

DV: z-score ELA (1) (2) (3) (4) (5) (6)

Crime*Q1 –0.026 –0.018 0.009 0.021 –0.024 0.007
(0.029) (0.032) (0.033) (0.034) (0.051) (0.055)

Crime*Q2 0.029 0.025 0.004 –0.007 0.038 0.033
(0.020) (0.020) (0.020) (0.021) (0.026) (0.028)

Crime*Q3 0.004 –0.001 –0.005 –0.007 0.007 –0.009
(0.016) (0.018) (0.014) (0.016) (0.016) (0.018)

Crime*Q4 –0.055* –0.056* –0.043 –0.035 –0.026 –0.021
(0.025) (0.026) (0.037) (0.040) (0.017) (0.017)

Q1 0.129** 0.178** 0.165**
(0.034) (0.043) (0.046)

Q2 0.011 0.093* 0.022
(0.027) (0.037) (0.028)

Q3 –0.010 0.043 –0.018
(0.028) (0.034) (0.023)

Student controls Y Y Y Y Y Y
Lagged test scores Y Y Y Y Y Y
School resources Y Y Y Y Y Y
School violence incidents Y Y Y Y Y Y
School FX N Y N Y N Y
Observations 15,032 15,032 15,032 15,032 15,032 15,032
R2 0.467 0.500 0.467 0.500 0.467 0.500

Source: Authors’ calculations using NYPD complaint data and New York City public schools student-
level administrative data, provided to New York University and Syracuse University by the New York 
City Department of Education.
Note: Standard errors in parentheses (clustered at the school level). Student controls include black, 
Asian, Hispanic, free and reduced-price lunch, special education, limited English proficiency, foreign 
born, home language not English, and over age for grade. All models include grade and year fixed 
effects and an indicator for missing lagged test scores. School controls include natural log of per pupil 
spending in classroom instruction, leadership, attendance/outreach, drug prevention programs, 
counseling, school safety, and pupil teacher ratio. School violence rate per 1,000 students. All spending 
variables are inflation adjusted using the 2010 CPI. Sample includes students in grades six through 
eight, academic years 2006–07 and 2009–10. 
+p < .1; *p < .05; **p < .01
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Table A4. Falsification Test: ELA, Exposure to Property Crime and School Climate Quartile 

  Safety Disorder
Sense of 

Community

DV: z-score ELA (1) (2) (3)

Crime*Q1 –0.001 –0.014 0.013
(0.016) (0.018) (0.029)

Crime*Q2 –0.000 0.005 –0.002
(0.008) (0.008) (0.011)

Crime*Q3 –0.002 –0.005 –0.007
(0.009) (0.008) (0.009)

Crime*Q4 0.001 0.024 0.003
(0.012) (0.015) (0.008)

Q1 0.185** 0.300** 0.250**
(0.027) (0.030) (0.041)

Q2 0.080** 0.145** 0.104**
(0.018) (0.025) (0.022)

Q3 0.022 0.069** 0.034*
(0.018) (0.023) (0.016)

Student controls Y Y Y
Lagged test scores Y Y Y
Observations 66,626 66,626 66,626
R2 0.482 0.485 0.483

Source: Authors’ calculations using NYPD complaint data and New York City public schools student-
level administrative data, provided to New York University and Syracuse University by the New York 
City Department of Education.
Note: Standard errors in parentheses (clustered at the school level). Student controls include: black, 
Asian, Hispanic, free and reduced-price lunch, special education, limited English proficiency, foreign 
born, home language not English, and over age for grade. All models include grade and year fixed 
effects, and an indicator for missing lagged test scores. Sample excludes students exposed both before 
and after the ELA test. Sample includes students in grades six through eight between academic years 
2006–2007 and 2009–2010. 
+p < .1; *p < .05; **p < .01
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Table A5. Robustness Test: ELA, Exposure to Neighborhood Violence and School Climate Quartile,  
Full Sample

  Safety Disorder Sense of Community

DV: z-score ELA (1) (2) (3) (4) (5) (6)

Crime*Q1 –0.053 –0.030 –0.033 0.003 –0.070 –0.032
(0.038) (0.028) (0.039) (0.030) (0.056) (0.048)

Crime*Q2 0.020 0.029 –0.009 0.004 0.011 0.022
(0.024) (0.018) (0.025) (0.018) (0.030) (0.022)

Crime*Q3 –0.013 –0.002 –0.007 –0.009 –0.003 0.011
(0.022) (0.016) (0.017) (0.013) (0.021) (0.016)

Crime*Q4 –0.046 –0.042+ –0.060 –0.020 –0.034+ –0.027+

(0.029) (0.022) (0.039) (0.031) (0.020) (0.015)
Q1 0.285** 0.157** 0.444** 0.229** 0.486** 0.243**

(0.055) (0.034) (0.057) (0.040) (0.081) (0.045)
Q2 0.067+ 0.020 0.203** 0.116** 0.128** 0.051*

(0.037) (0.024) (0.045) (0.032) (0.041) (0.025)
Q3 –0.002 –0.010 0.065+ 0.053+ 0.015 –0.007

(0.040) (0.026) (0.037) (0.029) (0.032) (0.021)

Student controls Y Y Y Y Y Y
Lagged test scores Y Y Y Y Y Y
Observations 18,254 18,254 18,254 18,254 18,254 18,254
R2 0.252 0.469 0.263 0.471 0.258 0.470

Source: Authors’ calculations using NYPD complaint data and New York City public schools student-
level administrative data, provided to New York University and Syracuse University by the New York 
City Department of Education. 
Note: Standard errors in parentheses (clustered at the school level). Student controls include black, 
Asian, Hispanic, free and reduced-price lunch, special education, limited English proficiency, foreign 
born, home language not English, and over age for grade. All models include grade and year fixed 
effects, and an indicator for missing lagged test scores. Sample excludes students exposed both before 
and after the ELA test. Sample includes students in grades six through eight, academic years 2006–
2007 and 2009–2010. 
+p < .1; *p < .05; **p < .01
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