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Underserved Communities Through Government 
 
To Whom It May Concern:  

We write to offer public comment on the request for information published on May 5, 2021 (Document 
2021-09109). We are employed by the Urban Institute—a nonprofit research and policy organization based 
in Washington, DC—but we are presenting our own views and, in doing so, sharing a portion of the tools, 
resources, and analyses available from our colleagues that agencies can use to advance the aims of 
Executive Order 13985.   

Urban’s policy experts study a range of issues, including housing, employment, financial health and 
wealth, the safety net, health care, and safety and justice. This submission does not cover the full breadth of 
equity-related tools, resources, and evidence that Urban’s experts have available to inform agencies, but it 
features some of our key data assets from which agency staff can either conduct racial equity analyses on 
their own or request analyses from some of our surveys or microsimulation models.   

This submission contains responses to questions in sections 1. Equity Assessments and Strategies; 2. 
Barrier and Burden Reduction; 4. Financial Assistance; and 5. Stakeholder and Community Engagement.  

For questions or to request a follow-up dialogue, discussion, event, or competitive opportunity based on 
this response, please contact Shena Ashley, vice president for nonprofits and philanthropy and director of 
the Racial Equity Analytics Lab, and Amy Elsbree, senior director for external affairs, at 
externalaffairs@urban.org.  
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Area 1: Equity Assessments and Strategies 

Q: What are some promising methods and strategies for identifying systemic inequities to be 
addressed by agency policy? 
 
Relevant tools for equity analysis. Equity analysis can help agencies identify measurable and meaningful 
steps toward more equitable policy outcomes. Current localized data, disaggregated by race, are essential 
for identifying systemic inequities. While agencies have long produced and consumed analysis of disparities 
by race, the executive order takes an unprecedented step by committing the federal government to 
pursuing more equitable outcomes across all agencies and policy areas and to build the analytic capacity to 
support that pursuit. Below, we provide a set of interactive tools that agencies can use to determine 
whether existing services are equitably distributed and to anticipate whether new initiatives are likely to 
have equitable impact. There is no repository for these types of data tools that can strengthen the capacity 
of agencies and stakeholders to assess equity in their programs, but we hope this foundational list 
contributes to the development of a comprehensive and annotated repository that is widely accessible 
across government agencies.   

Spatial Equity Tool. Released in September 2020 by a team of Urban Institute data experts, the freely 
available Spatial Equity Tool has been featured by the National League of Cities, the Harvard Kennedy 
School’s Data-Smart City Solutions project, the American Planning Association’s podcast, and many others. 
The tool has been used by experts and nonexperts alike to assess the equity impacts of traffic cameras in 
Chicago, 911 requests for service in Denver, Amazon facilities in Chicago, new construction building permits 
in Chicago, and child care centers in Marin County. Several public agencies, such as the Bloomington 
Pedestrian and Bicycle Safety Commission and the Washington Joint Legislative Audit and Review 
Committee, have used it to inform decisions and recommendations.  

This tool, illustrated here in an example using Wi-Fi hotspot locations in New York City, allows users to 
upload their own city-level data and quickly assess spatial and demographic disparities, provided the data 
have geographic identifiers in the form of latitude and longitude columns. The tool uses census tract–level 
data from the five-year American Community Survey and allows users to select from a precompiled list of 
“baseline” datasets to compare their uploaded data against. When users upload their data, the tool 
automatically determines the dataset’s source city, pulls in the relevant census data, computes specific 
measures of geographic and demographic representativeness, and visualizes them on a dashboard. One of 
the tool’s innovations is that it constructs standardized metrics of equity and representativeness to 
systematically measure disparities in user-uploaded data against a set of precompiled baseline variables. This 
means that users can easily and quickly make comparisons across time, across policy domains, and even 
across cities. This opens the door to many types of analyses that would previously have been prohibitively 
time consuming for busy agency leaders and stakeholders. All users have to do is upload two datasets and 
compare the results. 

In its current form, the tool can be used to analyze equity only within a particular city. By the end of 
summer 2021, we will enhance the tool so that it can compare data across multiple geographies at once, 
work with data at state and national levels, and use a greater variety of built-in datasets. This would enable 
federal agencies to easily analyze equity in the distribution of federal programs and resources at the 
geography of their choice and quickly compare results over time and across jurisdictions. For example, users 
would be able to analyze the distribution of resources across an entire state or the entire nation, with 
findings available for small geographies—typically at the neighborhood level—across urban, rural, and 
suburban areas. We will also add capacity to do spatial equity analysis at the county level, regardless of 
county size, and expect this functionality to be ready by the end of the year.  

The following tools are attuned to providing timely data, disaggregated by race, to assist leaders who are 
seeking to understand trends during the COVID-19 response and recovery period to develop policies and solutions 
that resolve inequities, rather than exacerbate them. 

https://apps.urban.org/features/equity-data-tool/
https://apps.urban.org/features/equity-data-tool/#hotspots
https://apps.urban.org/features/equity-data-tool/spatial_equity_faq.pdf


 

 

Job Loss Tracker. Urban Institute researchers developed this tool to help decisionmakers identify and 
target resources to neighborhoods where low-income jobs have been lost by workers living in each census 
tract. The estimates are updated monthly using Bureau of Labor Statistics national and state employment 
numbers as well as five-year American Community Survey IPUMS microdata. The data track losses of low-
income jobs by the neighborhoods and counties where workers live (not where the jobs are located). Low-
income jobs are defined as jobs with annual earnings below $40,000, and the tool excludes some workers, 
such as independent contractors and those working in the gig economy.  

People’s Health, Housing, and Livelihoods throughout the COVID-19 Period Tracker. Urban 
researchers in the Racial Equity Analytics Lab developed this tool to make it easier for decisionmakers to 
track the pandemic’s effects, by race and ethnicity, on people’s health, housing, and livelihoods. This tool, 
which is updated biweekly as new data are released, draws from the federal Household Pulse Survey to 
reveal how different communities are faring. From the data, we see that across trends and levels of 
geography, racial and ethnic disparities have remained, and in some cases worsened, amid the recovery.     

Emergency Rental Assistance Tool. This dynamic decision-assist tool draws from an index that 
estimates the level of need in a census tract by measuring the prevalence of low-income renters who are at 
risk of experiencing housing instability and homelessness. The index emphasizes an equitable approach, 
accounting for risk factors that are higher for certain groups, particularly Black, Indigenous, and Latinx1 
renters. The tool is designed for local decisionmakers who want to prioritize an equitable COVID-19 
response, and agency leaders can use it to identify areas where resources for residents and nonprofit 
organizations are likely to have the greatest impact on reducing housing instability and homelessness. 

Credit Health Tool. This tool uses credit bureau data beginning in February 2020 to provide a timeline 
of various credit health measures and to show how the pandemic has affected residents’ credit health at the 
county, state, and national levels. The tool highlights racial disparities in credit health caused by historical 
inequities that reduced wealth and limited economic choices for communities of color. As many continue to 
face financial challenges related to the pandemic’s economic fallout, agencies can use this tool to make 
decisions about additional supports to help struggling families and communities.  

Unequal Commute. To inform stakeholders making transportation decisions, Urban Institute experts 
created metrics for analyzing transportation equity for neighborhoods—which are approximated with 
census block groups—within four metropolitan regions: Baltimore, Lansing, Nashville, and Seattle. The 
analysis shows evidence of a mismatch between where low-wage workers live and which jobs they have 
access to via transportation, making it difficult for job seekers to find jobs and for employers to find 
employees. These data can help agencies target resources to neighborhoods with the greatest need and 
identify which transit lines to reopen first to maximize equity as we recover from the pandemic. 

The following tools offer equity analysis capabilities specific to programs and policies related to financial health 
and wealth, the safety net, education, and community development. 

Capital Flows. This tool was developed to explore how much capital is flowing to cities, counties, and 
states and how evenly investment is distributed across census tracts within them. This tool uses average 
funding per capita from private, federal, and mission financing sources between 2005 and 2019. Users can 
see how cities, counties, or states compare with their peers in how much investment they receive and how 
equitably capital is distributed across neighborhoods with different racial and income demographics. 
Agencies can use this tool to understand the need for equitable investments in a wide range of communities. 

 

 
1 Note: We’ve chosen to use “Latinx” because it may be more inclusive of the way members of this population self-
identify, but we also recognize that not every member of this population identifies with the term. We know that 
language is constantly evolving—and so will we. 
 

https://www.urban.org/features/where-low-income-jobs-are-being-lost-covid-19
https://www.urban.org/features/tracking-covid-19s-effects-race-and-ethnicity-questionnaire-two
https://www.urban.org/features/where-prioritize-emergency-rental-assistance-keep-renters-their-homes
https://www.housingequityframework.org/
https://www.housingequityframework.org/
https://apps.urban.org/features/credit-health-during-pandemic/
https://www.urban.org/features/unequal-commute
https://apps.urban.org/features/capital-investment-flows/


 

 

Debt in America Tool. This interactive map displays the geography of debt in America, including maps 
for overall debt, medical debt, student debt, and auto debt. The tool focuses on debt differences between 
white communities and communities of color, which can be used to assess the relationship between debt 
and wealth inequality in America.  

Pell Grant Simulator. With this tool, users can simulate the effects of modifications to the Pell program 
to see how program costs and grant amounts would change and which students would be affected. Users 
can change the program’s generosity within the current formula or experiment with a simplified system. 
Higher education decisionmakers can use this to better understand the Pell program’s impact on the college 
students’ financial aid. 

Opportunity Zone Tool. The Opportunity Zone Community Impact Assessment Tool assesses the 
potential social impact of a local development project using evidence-based indicators. The tool is available 
for any stakeholder interested in the social impact of an eligible investment in an Opportunity Zone, 
whether an operating business; a residential, commercial, or industrial development; or some combination 
of these types. Public-sector and community leaders can use the tool to identify projects that risk harming 
communities and negotiate with project sponsors to make improvements. 

Food Distribution Sites. This case study provides access to methods and code that programs focused on 
food distribution can use to make equity-focused decisions about the location of food distribution sites 
across communities. The method in this case was community informed, integrating food distribution 
priorities for residents into a map for ideal sites.  

Using microsimulation modeling to help federal agencies assess the future impacts of policies and 
programs. Agencies can request and support analysis drawing from Urban’s field-leading expertise in policy-
oriented microsimulation modeling to assess the racial equity impacts of policies and proposals. Below, we 
describe some of the microsimulation capabilities at the Urban Institute currently being deployed and 
adapted to estimate equity impacts of different policy designs.  

Social Genome Model. The Social Genome Model uses large longitudinal datasets to show how 
circumstances and policy interventions at developmental milestones from birth to early adulthood affect 
income and well-being at age 30 for different racial and ethnic groups. Urban recently updated the model 
and gave it the capacity to analyze mobility pathways for states and many localities. The Social Genome 
Model can be a quick and inexpensive laboratory in which to investigate ideas about the effects of early life 
interventions on later life outcomes. For example, if we could reduce the number of children born below a 
healthy weight, what improvements would we see in school performance, high school graduation rates, and 
adult incomes? Similarly, if we could improve reading scores in elementary school, how much improvement 
might we see in high school grade point averages and graduation rates? 

Health Insurance Policy Simulation Model (HIPSM). The HIPSM microsimulation model of the health 
care system is drawn from American Community Survey data and is designed to estimate the costs and 
coverage effects of proposed health care policy options. HIPSM has been used to investigate racial and 
ethnic disparities in coverage and other outcomes and can be used to assess the equity-improving effects of 
policy proposals through equity scoring. Recently, HIPSM demonstrated that the Affordable Care Act (ACA) 
reduced income inequality between racial and ethnic groups. The model’s ability to produce estimates at the 
state and local levels also allows for studying important local variation in the race and ethnicity of the 
uninsured, including, where sample size allows, investigating Hispanic and Asian and Pacific Islander 
populations in greater detail and addressing health coverage disparities involving American Indians and 
Alaska Natives. Analyses from HIPSM have been influential in most of the major health policy issues of the 
ACA era. HIPSM results were cited in the majority opinion in the Supreme Court case King v. Burwell and 
were quoted by the plaintiff and several amicus briefs in the recently decided California v. Texas. 

Analysis of Transfers, Taxes, and Income Support (ATTIS). The ATTIS model, which draws from 
American Community Survey data, can provide critical information for agencies to explore policy choices to 
advance equity and upward mobility. ATTIS can simulate the effects not just of one policy change in a safety 

https://apps.urban.org/features/debt-interactive-map/?type=overall&variable=pct_debt_collections
https://apps.urban.org/features/pell-simulator/
https://www.urban.org/oztool
https://urban-institute.medium.com/how-to-select-food-distribution-sites-during-the-covid-19-crisis-54e37edfaaa4
https://www.urban.org/research/data-methods/data-analysis/quantitative-data-analysis/microsimulation/social-genome-project#:~:text=The%20Social%20Genome%20Model%20is%20a%20model%20of%20social%20mobility,childhood%20through%20adolescence%20and%20adulthood.
https://www.urban.org/research/data-methods/data-analysis/quantitative-data-analysis/microsimulation/health-insurance-policy-simulation-model-hipsm
https://www.urban.org/research/publication/affordable-care-act-reduced-income-inequality-us
https://www.urban.org/research/publication/uninsured-texas
https://www.urban.org/research/publication/uninsured-new-mexico
https://www.urban.org/research/publication/racialethnic-differences-uninsurance-rates-under-aca
https://www.urban.org/research/publication/medicaid-alaska-under-aca
https://www.urban.org/research/publication/medicaid-alaska-under-aca
https://www.urban.org/sites/default/files/publication/102503/the-analysis-of-transfers-taxes-and-income-security-attis-model_2.pdf


 

 

net program but of several policy changes in a single program or across programs, as well as their 
interactions. The model estimates eligibility, enrollment, and benefits for the Supplemental Nutrition 
Assistance Program (SNAP, formerly known as Food Stamps); Temporary Assistance for Needy Families; 
child care subsidies through the Child Care and Development Fund; the Low-Income Home Energy 
Assistance Program; the Special Supplemental Nutrition Program for Women, Infants, and Children; public 
and subsidized housing; and Supplemental Security Income. In particular, the results broken down by race 
and ethnicity can highlight important racial equity issues in safety net programs. 

Q: How might agencies collect data and build evidence in appropriate and protected ways to 
reflect underserved individuals and communities and support greater attention to equity in 
future policymaking? 
 
Ethical imputation. Many sources of data vital for understanding the health and well-being of individuals 
and communities do not include information on race and ethnicity, limiting their usefulness in efforts to 
identify and remedy patterns of structural racism. This includes a wide range of public data, such as tax 
records, and private data, such as medical or financial records. Data scientists and analysts have developed 
techniques for combining data that lack racial identifiers with other data in ways that can shed light on the 
causes of racial disparities. Urban’s Racial Equity Analytics Lab has developed an Ethics and Empathy 
platform to help establish widely accepted ethical principles and practices for combining data with racial 
and ethnic identifiers with other public and private data sources to inform race-conscious policies and 
practices in ways that avoid reinforcing oppressive structures or causing unintended harms.  

The following resources can be shared across agencies to provide a foundational understanding of practices and 
standards to approach data imputation methods in ways that center ethics and empathy considerations.  

Do No Harm Guide. In this guide, featured on the Racial Equity Data Hub from the Tableau Foundation, 
Urban researchers focus on how data practitioners can approach their work through a lens of diversity, 
equity, and inclusion. To develop the guide, researchers conducted more than a dozen interviews with 
nearly 20 people who work with data to hear how they approach inclusivity in their work. The guide does 
not aim to prescribe what to do or not do; rather, it is intended to encourage thoughtfulness in how analysts 
work with and present their data. Some recommendations in the guide are as follows: 

◼ Use people-first language. Data labels and framing should start with the people behind the data, 
not their characteristics. Using labels such as “Black people” rather than “Black” is more inclusive 
and centers people, not their skin color. And a label such as “Percentage of people in poverty” refers 
to an experience rather than using a static description like “more poverty.” 

◼ Order labels and responses purposefully. Often, surveys and other data collection methods will 
order responses in ways that reflect historical biases. Rather than using orders that reinforce 
“white” and “male” categories as norms, consider ordering labels by sample size or magnitude of 
results. 

◼ Carefully consider colors, icons, and shapes. In many visualizations, colors can be associated with 
stereotypes (e.g., pink for women, blue for men) that can reinforce biased perceptions in readers. 
Similarly, images or icons can reinforce stereotypes (e.g., a woman as a nurse but a man as a doctor). 
In visualizations, images and colors can help readers connect with the data, but researchers should 
be mindful of their capacity to exacerbate stereotypes. 

Ethical Imputation Standards Guide. This report proposes principles and standards for ethical 
imputation and data matching. The standards offer guidance for considering the following: 

◼ Whether, and for which types of data, imputation techniques are appropriate. 
◼ What alternatives exist to imputation, given the research needs and relevant ethical barriers. 
◼ How and to whom researchers release data, if to anyone. 
◼ How and to what extent existing and emerging standards for ethical work in data science can inform 

questions about appending race and ethnicity data. For example, the National Institute of Standards 

https://www.urban.org/racial-equity-analytics-lab
https://www.urban.org/research/publication/five-ethical-risks-consider-filling-missing-race-and-ethnicity-data
https://www.urban.org/research/publication/do-no-harm-guide-applying-equity-awareness-data-visualization
https://www.tableau.com/foundation/data-equity
https://www.urban.org/research/publication/ethics-and-empathy-using-imputation-disaggregate-data-racial-equity


 

 

and Technology always factors in the risk for bias in its algorithmic training datasets and considers 
the potential for damage to populations. Are these standards applicable to data linkages and 
imputation work? In another example, the US Department of the Interior has a standard for 
maintaining, collecting, and presenting federal data on race and ethnicity but has nothing on linking 
federal race and ethnicity data to other federal data sources. Which standards are applicable to 
such linkage efforts? 

A case study in navigating the ethical issues of imputing race and ethnicity (attachment). This 
forthcoming case study focuses on the application of the Bayesian Indirect Surname Geocoding (BISG) tool, 
used by the Consumer Financial Protection Bureau and other federal agencies, to develop an innovative 
method for imputing race onto real-time credit bureau data using Census Bureau data. With these data, 
Urban researchers are looking to monitor and build tools throughout the economic recovery that will help 
policymakers and practitioners identify spikes in credit risk, especially in communities of color, and develop 
race-conscious interventions that will allow them to prevent massive numbers of families from experiencing 
a destabilizing crisis. Although there is great potential for using these data to inform public and 
philanthropic responses, this application of the BISG tool should be examined for potential risks related to 
consent, privacy, and small geographies. In this use case, we grapple with options for mitigating potential 
ethical dilemmas while undertaking the technically and analytically rigorous work of imputing race and 
ethnicity onto credit bureau data through discussions among the analysts and in consultation with data 
leaders and advocates in the field. 

Synthetic data. Federal programs cannot legally or ethically share confidential data that—absent 
privacy concerns—would provide a wealth of information for assessing equity impacts. The need for 
confidentiality inhibits the flow of disaggregated data within federal agencies and prevents the release of 
data and findings that would be of enormous value to researchers and advocates. This is particularly a 
barrier for data on rural geographies. Most economic data for rural communities are not publicly available 
because of privacy concerns surrounding the small counts of businesses and employees within certain 
industries. This means policymakers and researchers may lack the fundamental information needed to 
promote evidence-based economic development planning and investments for small rural economies. To 
address this problem, Urban researchers and data scientists applied modern data privacy methods to the 
Bureau of Labor Statistics Quarterly Census of Employment and Wages data to generate differentially 
private synthetic data by census tract. In the five nonmetropolitan counties we tested, these differentially 
private synthetic datasets reflect the true data well while maintaining privacy. 

  

https://www.doi.gov/pmb/eeo/directives/race-data
https://www.rand.org/pubs/periodicals/health-quarterly/issues/v6/n1/16.html
https://www.urban.org/research/publication/using-differential-privacy-advance-rural-economic-development


 

 

Area 2: Barrier and Burden Reduction 

Q. What data, tools, or evidence are available to show how particular underserved communities 
or populations disproportionately encounter these barriers? Which underserved communities 
experience multiple, cumulative barriers and are disproportionately burdened by specific 
administrative processes or requirements? 
 

Urban researchers have produced extensive studies on barriers related to a broad array of safety net and 
health programs. Below, we feature some of the recent health- and health care–related insights that provide 
evidence to reduce barriers and burdens for underserved communities.  

Barriers to immigrant families. Anti-immigrant rhetoric, executive actions, and proposals under the 
prior administration have led to the avoidance of safety net benefits among immigrant families because of 
fears of immigration-related consequences. The Urban Institute’s nationally representative Well-Being and 
Basic Needs Survey (WBNS), which has tracked individual and family well-being annually from 2017 to 2020 
and will continue, includes questions about benefits avoidance caused by immigration concerns (i.e., chilling 
effects) and questions about material hardship and well-being among adults in immigrant families.  

 Analysis of the WBNS finds that more than one in four adults in low-income immigrant families 
reported they or a family member avoided noncash benefits or other help with basic needs because of 
immigration concerns in December 2020, despite their families suffering serious employment impacts from 
the economic crisis, experiencing high rates of food insecurity in the past year, and being worried about 
meeting their basic needs in the next month. Adults in immigrant families with children were even more 
likely to report chilling effects than their counterparts without children. Moreover, the survey can assess 
variation by families’ immigration and citizenship statuses, and those in families with nonpermanent 
residents (who would have been more likely than other immigrant families to be affected by expansion of 
the public charge rule and are likelier to face risks of immigration enforcement) were most likely to report 
both chilling effects and hardships. This research builds on findings of chilling effects of the expansion of the 
public charge rule before the rule’s implementation in 2018 and 2019 and, together as a body of research, 
suggests effects of anti-immigrant actions persisted and may continue. It will be important to monitor 
whether and how fears of using benefits among immigrant families change in the future as well as effective 
messaging strategies to counteract immigration-related worries. The Urban Institute’s survey research 
program has also included follow-up in-depth interviews with adults in immigrant families to learn more 
about benefit avoidance and subsequent consequences. 

The nation’s maternal morbidity and mortality crisis among Black women, which has been further 
jeopardized by the COVID-19 pandemic, has underscored the importance of comprehensive health 
insurance coverage before conception, during pregnancy and delivery, and throughout the first year 
postpartum. Most births are covered by insurance (more than 4 in 10 by Medicaid). But Urban Institute 
analysis of new mothers with Medicaid-covered prenatal care in 2015–18 from 43 states participating in 
the Pregnancy Risk Assessment Monitoring System (PRAMS) recently found that 26.8 percent of new 
mothers with Medicaid-covered prenatal care were uninsured before pregnancy, 21.9 percent became 
uninsured two to six months postpartum, and 34.5 percent were uninsured in either period, with higher 
perinatal uninsurance rates in states not participating in the Affordable Care Act’s (ACA’s) Medicaid 
expansion and for Hispanic women who completed the survey in Spanish. Though more than half of 
maternal deaths occur after delivery, the postpartum public health insurance landscape leaves many 
uninsured, as eligibility for pregnancy-related Medicaid/Children’s Health Insurance Program (CHIP) 
coverage ends 60 days after the end of pregnancy. Urban Institute analysis of the American Community 
Survey found that the ACA’s Medicaid expansion reduced uninsurance and increased Medicaid coverage 
among new mothers living in poverty. Recent analysis of the National Health Interview Survey also found 
that postpartum uninsurance fell following implementation of the ACA and access and affordability of care 
improved, but many new mothers were uninsured and faced problems affording care, worried about medical 

https://www.migrationpolicy.org/research/us-immigration-system-changes-trump-presidency
https://www.urban.org/policy-centers/health-policy-center/projects/well-being-and-basic-needs-survey
https://www.urban.org/policy-centers/health-policy-center/projects/well-being-and-basic-needs-survey
https://www.urban.org/sites/default/files/2021/02/16/wbns_2020_questionnaire.pdf
https://www.urban.org/sites/default/files/publication/103565/immigrant-families-continued-avoiding-the-safety-net-during-the-covid-19-crisis.pdf
https://www.urban.org/policy-centers/health-policy-center/projects/well-being-and-basic-needs-survey
https://www.urban.org/research/publication/adults-low-income-immigrant-families-were-deeply-affected-covid-19-crisis-yet-avoided-safety-net-programs-2020
https://www.urban.org/research/publication/many-immigrant-families-children-continued-avoid-public-benefits-2020-despite-facing-hardships
https://www.urban.org/research/publication/many-immigrant-families-children-continued-avoid-public-benefits-2020-despite-facing-hardships
https://www.urban.org/research/publication/one-seven-adults-immigrant-families-reported-avoiding-public-benefit-programs-2018
https://www.urban.org/research/publication/amid-confusion-over-public-charge-rule-immigrant-families-continued-avoiding-public-benefits-2019
https://www.urban.org/research-area/immigrants-and-immigration
https://www.urban.org/research/publication/one-six-adults-california-immigrant-families-reported-avoiding-public-benefits-2019
https://www.urban.org/urban-wire/three-ways-covid-19-further-jeopardizing-black-maternal-health
https://www.macpac.gov/wp-content/uploads/2020/01/Medicaid’s-Role-in-Financing-Maternity-Care.pdf
https://www.healthaffairs.org/doi/full/10.1377/hlthaff.2020.01678
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&cad=rja&uact=8&ved=2ahUKEwi69sK0wbbxAhXyVTABHU6oAGgQFjABegQICxAD&url=https%3A%2F%2Fwww.cdc.gov%2Fprams%2Findex.htm&usg=AOvVaw1YMPbRudgZwK2Z676xjqKh
https://pubmed.ncbi.nlm.nih.gov/31071074/
https://www.urban.org/research/publication/public-health-insurance-landscape-pregnant-and-postpartum-women
https://www.census.gov/programs-surveys/acs
https://www.census.gov/programs-surveys/acs
https://pediatrics.aappublications.org/content/145/5/e20193178
https://www.google.com/url?sa=t&rct=j&q=&esrc=s&source=web&cd=&cad=rja&uact=8&ved=2ahUKEwi39uHHwbbxAhWlsDEKHSCTAOIQFjABegQICxAD&url=https%3A%2F%2Fwww.cdc.gov%2Fnchs%2Fnhis%2Findex.htm&usg=AOvVaw3ZJ3qokIXro-MNTmaqVW33
https://www.urban.org/research/publication/changes-new-mothers-health-care-access-and-affordability-under-affordable-care-act
https://www.urban.org/research/publication/uninsured-new-mothers-health-and-health-care-challenges-highlight-benefits-increasing-postpartum-medicaid-coverage


 

 

bills, and experienced negative health conditions. Even after coverage gains following the ACA, racial and 
ethnic disparities in postpartum insurance coverage remained in 2017, when uninsurance rates were 24.4 
percent for Hispanic new mothers, 12.1 percent for Black new mothers, and 7.0 percent for white new 
mothers. 

According to Urban Institute analysis of the American Community Survey using a Medicaid/CHIP 
Eligibility Simulation Model, 28 percent of the nation’s estimated 440,000 women uninsured during the first 
year postpartum, or 123,000 new mothers annually, would likely be newly eligible for coverage if all states 
adopted the American Rescue Plan’s option to extend pregnancy-related Medicaid/CHIP for 12 months 
postpartum, which could improve access to postpartum care. But because immigration-based eligibility 
rules for Medicaid/CHIP disproportionately exclude noncitizen new mothers from the program, noncitizens 
would have higher rates of uninsurance and lower rates of eligibility for Medicaid/CHIP under both current 
rules and a postpartum extension unless rules around the five-year waiting period before legally present 
noncitizens can obtain Medicaid/CHIP and federal rules barring undocumented immigrants from enrolling 
in Medicaid/CHIP were changed. Furthermore, though Black women would constitute about one in eight 
new mothers who could gain 12-month continuous eligibility under an extension, broader efforts to improve 
access and quality and eliminate structural disparities would also be needed to improve equity in maternal 
health. Additional work could also draw on vital records data. 

Publicly subsidized health insurance is intended to provide coverage for otherwise uninsured people 
and families with low incomes, who are disproportionately represented among racial and ethnic minorities. 
A substantial body of research has identified numerous barriers to enrollment in programs such as 
Medicaid, CHIP, and subsidized Marketplace plans, and eliminating those barriers can reduce coverage gaps 
for racial and ethnic minorities and other underserved communities. Moreover, the Families First 
Coronavirus Response Act’s continuous coverage requirement means that all Medicaid enrollees are 
provided continuous coverage until after the end of the public health emergency. But when the emergency 
ends and the requirement expires, it will be important to minimize coverage loss, which could have disparate 
effects on Black and Latinx populations, given their high rates of Medicaid/CHIP coverage. Among the 
strategies Urban Institute researchers have explored to reduce barriers to coverage are as follows: 

Raising awareness of eligibility for publicly subsidized coverage and of processes for enrolling. Many 
uninsured individuals do not know about, do not think they qualify for, or do not understand how to access 
publicly subsidized health insurance coverage. Cost is the main reason most people report for not seeking 
Marketplace coverage, but research using the Urban Institute’s Coronavirus Tracking Survey finds low 
awareness of the Marketplaces and especially of available financial assistance, providing evidence that 
affordability concerns could depress Marketplace take-up and that raising awareness of the recently lifted 
cap on eligibility for tax credits and larger subsidies is needed. Overall, nearly half of uninsured adults have 
neither looked for information on Marketplace coverage (most commonly because of cost concerns) nor 
tried to obtain Medicaid/CHIP coverage (most commonly because they thought they would not qualify), but 
most uninsured people would be willing to enroll in Medicaid if told they were eligible, indicating a need for 
broad and targeted outreach about publicly subsidized coverage options. 

Removing bias in enrollment and renewal processes and in the health care system. Some families, 
especially Black and Latinx adults or adults with low incomes, report unfair treatment when applying for 
social services and when using health care. The Urban Institute has a program of survey research that 
explores the experiences nonelderly adults have when applying for public assistance or trying to use the 
health care system that includes surveys fielded in September and December 2020 and April 2021 and 
surveys that will be fielded in December 2021 and in the first half of 2022. The Urban Institute’s research on 
this topic has also included follow-up interviews to probe the circumstances and consequences surrounding 
reports of unfair treatment. For instance, the Well-Being and Basic Needs Survey examines reports of unfair 
treatment or judgment based on race or ethnicity and explores the consequences of those experiences, 
including not getting public assistance or social services, which could have adverse consequences that 
undermine the health and well-being of the individuals who are directly affected, their families, and their 
communities. This research also considers steps that would build more accountability into enrollment and 

https://www.urban.org/sites/default/files/publication/100693/racial_disparities_in_uninsurance_among_new_mothers_following_the_affordable_care_act_0.pdf
https://www.urban.org/sites/default/files/publication/100693/racial_disparities_in_uninsurance_among_new_mothers_following_the_affordable_care_act_0.pdf
https://www.urban.org/sites/default/files/publication/100693/racial_disparities_in_uninsurance_among_new_mothers_following_the_affordable_care_act_0.pdf
https://www.census.gov/programs-surveys/acs
https://www.urban.org/research/publication/urban-institute-health-policy-centers-medicaidchip-eligibility-simulation-model
https://www.urban.org/research/publication/urban-institute-health-policy-centers-medicaidchip-eligibility-simulation-model
https://www.urban.org/research/publication/closing-postpartum-coverage-gaps-and-improving-continuity-and-affordability-care-through-postpartum-medicaidchip-extension
https://www.americanprogress.org/issues/women/reports/2019/05/02/469186/eliminating-racial-disparities-maternal-infant-mortality/
https://www.commonwealthfund.org/publications/issue-briefs/2019/aug/who-are-remaining-uninsured-and-why-do-they-lack-coverage
https://www.urban.org/research/publication/many-uninsured-adults-have-not-tried-enroll-medicaid-or-marketplace-coverage
https://www.urban.org/research/publication/many-uninsured-adults-have-not-tried-enroll-medicaid-or-marketplace-coverage
https://www.urban.org/research/publication/many-uninsured-adults-have-not-tried-enroll-medicaid-or-marketplace-coverage
https://www.kff.org/report-section/consumer-assistance-in-health-insurance-evidence-of-impact-and-unmet-need-issue-brief/
https://www.urban.org/research/publication/perceptions-discrimination-and-unfair-judgment-while-seeking-health-care
https://www.urban.org/policy-centers/health-policy-center/projects/well-being-and-basic-needs-survey


 

 

health care systems to reduce unfair treatment and increase the respect with which applicants are treated 
by enrollment staff and throughout the health care system. 

Using express lane eligibility (ELE) and related mechanisms for enrollment and renewal. Urban 
Institute research has shown that ELE increased Medicaid/CHIP enrollment among children and that 
children’s Medicaid/CHIP participation is higher among families also participating in the Supplemental 
Nutrition Assistance Program. These findings suggest that improving participation in both programs could 
particularly benefit Black and Latinx families, given their higher poverty rates and higher rates of food 
insecurity. Another policy that could have equity implications is automatic enrollment; a recent 
Commonwealth Fund report uses the Urban Institute’s Health Insurance Policy Simulation Model to 
estimate coverage and cost implications of two autoenrollment strategies. 

Telehealth. Though virtual provision of care has been necessary during the pandemic, it has raised 
critical questions regarding how to ensure equitable access for vulnerable groups such as pregnant and 
postpartum women. Urban Institute research found that inequities in telehealth also likely exacerbated 
long-standing maternal health inequities during the pandemic. The Urban Institute’s survey program has 
been examining equity considerations associated with telehealth and found that in September 2020, though 
Black and Latinx adults were more likely to have used telehealth than white adults, Latinx adults were more 
likely to have wanted a telehealth visit but not received one than white adults. Ongoing Urban Institute 
research is further examining such topics using new data from April 2021.  

 

 

  

https://www.urban.org/sites/default/files/publication/92766/2001473_whats_it_like_to_apply_for_snap_and_other_work_supports.pdf
https://tcf.org/content/report/racism-inequality-health-care-african-americans/?session=1&agreed=1
https://onlinelibrary.wiley.com/doi/full/10.1111/1475-6773.12157
https://www.urban.org/research/publication/progress-childrens-coverage-continued-stall-out-2018
https://www.urban.org/research/publication/forty-percent-black-and-hispanic-parents-school-age-children-are-food-insecure
https://www.urban.org/research/publication/forty-percent-black-and-hispanic-parents-school-age-children-are-food-insecure
https://www.commonwealthfund.org/publications/issue-briefs/2021/jun/how-auto-enrollment-can-achieve-near-universal-coverage
https://www.urban.org/sites/default/files/publication/103126/maternal-telehealth-has-expanded-dramatically-during-the-covid-19-pandemic_5.pdf
https://www.urban.org/sites/default/files/publication/103126/maternal-telehealth-has-expanded-dramatically-during-the-covid-19-pandemic_5.pdf
https://www.urban.org/research/publication/maternal-health-inequities-during-covid-19-pandemic
https://www.urban.org/research/publication/one-three-adults-used-telehealth-during-first-six-months-pandemic-unmet-needs-care-persisted
https://www.urban.org/research/publication/one-three-adults-used-telehealth-during-first-six-months-pandemic-unmet-needs-care-persisted


 

 

Area 4: Financial Assistance  

Q: What are promising practices for equitable grantmaking and the administration of financial 
assistance programs that agencies should consider in their equity assessments? 
 

Strategies to Fund Organizations Led by and for People of Color. Urban researchers have identified 
promising practices that decisionmakers in grant programs can use to include equity principles in 
grantmaking. Insights from a recent publication include the following recommendations:  

◼ Develop new request for proposal and grant guidelines: To reach a more diverse set of grantees, 
grant applications should be manageable without a multimillion-dollar development office; they 
should be easy to fill out and accepted online or in the mail. 

◼ Develop new grant management strategies: Once awarded, grant reports should fund the 
collection and inclusion of outcomes relevant to both communities and governments. Reporting 
requirements need to be achievable for small, effective organizations. Finally, there must be a clear 
understanding and guidelines for when and why grants may be terminated. 

◼ Develop and support smaller organizational infrastructure: Government agencies could bid on 
contracts to support fiscal sponsorship organizations that understand their community’s needs and 
can support infrastructure development for smaller organizations that provide culturally and 
linguistically effective, equity-oriented health care.  

◼ Develop evaluation and impact assessment strategies: Grants could include the ability for all 
organizations, including smaller, less-resourced ones, to evaluate their impact. Ideally, grants should 
include resources to help build evaluation capacity and fund data collection and analysis. 
Organizations led by and for communities of color are often less resourced because of historical 
wealth development and funding patterns. Government, partnered with private foundations, could 
fund technical assistance and staff to help organizations develop the information technology and 
infrastructure to collect, analyze, and act on any disparities or inequities identified using 
disaggregated data. This would allow projects to assess impact and outcomes and evaluate whether 
they are achieving equitable outcomes. It could also help organizations secure funding from other 
private and public entities, which could lead to greater scale, impact, and sustainability. 

Some of these practices are already being modeled in federal programs like the Institute for Museum 
and Library Sciences (IMLS) grants to African American museums and historically Black colleges and 
universities. Recently, at the request of the IMLS, researchers in the Urban Institute’s Center on Nonprofits 
and Philanthropy completed the first retrospective evaluation of the African American History and Culture 
(AAHC) museum grant program. Created by federal legislation in 2003, IMLS’s AAHC program has, over its 
15-year grantmaking history, awarded 215 grants totaling $22 million to nurture and build the capacity of 
African American museums, cultural institutes, and historically Black colleges and universities. 

Applicant experiences and perceptions affirmed the value of many of these equity-enhancing practices 
and informed new directions for strengthening the AAHC program’s administrative practices, including 
broadening program goals, rethinking the program’s cost-sharing requirements, and increasing funding, 
outreach, webinars, and engagement. 

  

  

https://www.urban.org/urban-wire/advance-racial-health-equity-fund-organizations-led-and-people-color
https://www.vox.com/future-perfect/2019/7/1/18715513/philanthropy-people-of-color-racial-wealth-gap-edgar-villanueva
https://www.vox.com/future-perfect/2019/7/1/18715513/philanthropy-people-of-color-racial-wealth-gap-edgar-villanueva
https://www.urban.org/node/103571


 

 

Area 5: Stakeholder and Community Engagement 

Q: What tools and best practices might agencies deploy to establish advisory boards, task forces, 
and commissions that are inclusive of underserved communities? 
 

Researchers at the Urban Institute have conducted several studies that employ community engaged 
methods work and, through these experiences, have documented best practices for ensuring that advisory 
boards, task forces, and commissions are inclusive of underserved populations. Engaging people with lived 
experience can happen on a spectrum (see graphic below) from input to empowerment, sometimes 
fluctuating between different levels of engagement in a single initiative, depending on the task at hand. 
Considering where agency efforts will fall on this spectrum, it is important to communicate clear 
expectations and to decide which approaches to use. 

 
Best practices include the following:  

◼ Ensure agencies have permanent staff who can accurately and respectfully capture input and 
demands of community representatives, serving as a bridge between people with lived experience 
and those with professional experience.  

◼ Provide fair compensation that values lived experience as you would value academic degrees or 
professional experience. 

◼ Develop a robust onboarding process and provide support throughout. 
◼ Offer transparency on goals, resources, and the parameters of what will be accomplished through 

their work. Do not overpromise.  
◼ Share all progress, decisions, and next steps clearly and transparently. 
◼ Offer times, locations, transportation, and other logistics that make meetings accessible and 

welcoming to underserved populations. 

In addition to these best practices, we highlight a toolkit and worksheet that agencies can use to inform 
more equitable engagement through community advisory boards.  

CEM toolkit and worksheet for fostering community voice and sharing power. Practitioners often face 
questions about what they can do to start and sustain the activities and processes needed to authentically 
engage communities: 

◼ What are the goals of community engagement for my given project? 
◼ What do I have to offer the community in return for their efforts? 
◼ Who are the community members that could contribute the most? What subcommunities need to 

be included? 
◼ How can I ensure community members feel heard and valued across project stages? 

 

https://www.urban.org/research/data-methods/community-engagement-methods-urban
https://www.urban.org/research/data-methods/community-engagement-methods-urban
https://www.urban.org/urban-wire/community-voice-expertise#:~:text=To%20us%2C%20community%20engaged%20methods,lived%20experience%20is%20valuable%20expertise.
https://www.urban.org/urban-wire/community-voice-expertise#:~:text=To%20us%2C%20community%20engaged%20methods,lived%20experience%20is%20valuable%20expertise.


 

 

To answer these questions and many more, Urban Institute researchers have produced toolkits and 
worksheets to advance the community engaged methods (CEM) dialogue from the “what” to the “how.” 
These comprehensive practitioner’s tools support the practical, real-world application of CEM among local 
community members and other stakeholders. One of the toolkits is featured below.  

The Project-Based Community Advisory Board (CAB) Toolkit and Resources (attachment). This 
toolkit is a key element of CEM with the aim of bringing community voices to the table. A CAB is a diverse 
group of local community members who are selected to voice community perspectives as project coleaders, 
advisers, or decisionmakers as part of the project team. This component provides key tools and resources 
for planning, forming, and operating a CAB, including a considerations checklist, selected profiles of Urban’s 
project-based CAB, an institutional review board tool, and a budget tool. This component also provides a 
shortened CAB checklist with tips and tools as a quick fingertip resource for CAB planning.  

Data Walks are another tool that agencies can use to facilitate information sharing and dialogue. This 
method allows agencies to include community members as co-analysts of data and decisionmakers who help 
highlight key takeaways and set recommendations and next steps. This method was developed as a means of 
returning data to the communities they are collected from and engaging the community to provide their own 
interpretation of the data and thoughts on how policy and practice should change. This methodology has 
been used by Urban researchers in several projects, including the Housing Opportunities and Services 
Together Initiative in Action and the Promoting Adolescent Sexual Health and Safety demonstration.  

A recent Urban Institute publication offers guidance for using these techniques and others for engaging 
Child Care and Development Fund stakeholders in research. This brief provides useful guidance, drawing 
from examples of stakeholder engagement, for agencies seeking stakeholder voices to shape operational and 
policy decisions.  

Leveraging Community Expertise to Advance Health Equity. In the context of advancing health equity, 
Urban Institute researchers drew on interviews with representatives from national organizations, health 
equity experts, and stakeholders in four states, including representatives from state agencies, community-
based organizations, consumer advocacy groups, and foundations, to investigate ways community 
engagement is being used to advance health equity and factors that promote or hinder community 
engagement. Key guidance from the brief includes the following:  

Community engagement requires sufficient and flexible funding and cross-sector support.  

◼ Secure flexible and sustainable financial resources.  
◼ Adequately compensate staff and community members.  
◼ Collaborate across public health, health care, and social service sectors.  

Community engagement should be continuous and sustained.  

◼ Allocate considerable time and patience.  
◼ Provide infrastructure, technical assistance, and support.  
◼ Follow through and “close the loop.”  

Community engagement should pay explicit attention to eliminating structural racism.  

◼ Hire from the community.  
◼ Address participation barriers.  
◼ Address racism inside and outside governments and organizations.  

In sum, we recognize the Executive Order on Advancing Racial Equity and Support for Underserved 
Community’s potential to transform agency practice and policymaking. We and other researchers across 
the Urban Institute are prepared to provide tools, resources, and expertise to agencies as they prepare their 
equity assessments. The resources provided in this response only scratch the surface of the breadth and 
depth of insights we and our colleagues are prepared to share with agency staff. Urban’s Racial Equity 

https://www.urban.org/research/publication/data-walks-innovative-way-share-data-communities
https://www.urban.org/policy-centers/metropolitan-housing-and-communities-policy-center/projects/host-initiative-action
https://www.urban.org/policy-centers/metropolitan-housing-and-communities-policy-center/projects/host-initiative-action
https://www.urban.org/features/making-their-voices-heard-improving-research-through-community-collaboration
https://www.urban.org/sites/default/files/publication/104285/engaging-stakeholders-in-research-tips-for-ccdf-lead-agencies_0.pdf
https://www.urban.org/sites/default/files/publication/104285/engaging-stakeholders-in-research-tips-for-ccdf-lead-agencies_0.pdf
https://www.urban.org/sites/default/files/publication/104492/leveraging-community-expertise-to-advance-health-equity_1.pdf
https://www.urban.org/racial-equity-analytics-lab


 

 

Analytics Lab will continue to catalyze and lead efforts that draw on Urban’s senior leadership and experts 
across disciplines to meet the intense demand within the federal government and across the broader policy 
ecosystem (including many city and state governments) for advice and information about how best to fulfill 
the executive order’s vision.  

As the work of equity assessment continues throughout the federal government, we welcome any 
future opportunities to work with agencies to offer analyses, analytic tools, resources, and guidance as they 
examine their practices and report progress to the Office of Management and Budget. Thank you for your 
review and consideration of these comments.  

Shena R. Ashley 
Vice President, Nonprofits and Philanthropy  
Director, Racial Equity Analytics Lab  
Urban Institute 
 
Steven Brown  
Senior Research Associate 
Associate Director, Racial Equity Analytics Lab  
Urban Institute 
 
Graham MacDonald 
Chief Data Officer 
Urban Institute 
 
Elsa Falkenburger 
Principal Research Associate 
Community Engaged Methods Group 
Urban Institute 

https://www.urban.org/racial-equity-analytics-lab
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7 Key Considerations When Forming a Community 

Advisory Board 

Community advisory boards (CABs) are composed of community members who share an identity, 

geography, history, language, culture, or other characteristic or experience and convene to contribute 

community voice to an initiative, program, policy, or project. (For the purposes of this document, we 

will refer to CABs that are part of a larger “project team” that includes members who are both internal 

and external to the defined community.) CABs were originally developed in the medical research field 

to ensure a deeper level of informed consent.1 While CABs were born out of research practices, they 

are also commonly used in policymaking, direct service provision, and the private sector. It is 

challenging for a CAB to represent all facets of a chosen “community,” but the group should aim to be 

as diverse and representative as possible. CAB members are expected to voice community 

perspectives and priorities to protect communities from harm and optimize community benefit from 

the work at hand. Among CABs, the degree of power may vary from playing an informing or advisory 

role to serving as coleaders and directors with decisionmaking ability. 

A CAB can be both autonomous and an integral part of any project team, providing an essential link 

between team members who are external stakeholders and the internal members of the community. 

The CAB ensures that local priorities and concerns are reflected—and, ideally, prioritized—in the 

project’s goals, processes, and activities. This community engagement tool can be an essential 

component of the trust-building process in a new partnership and can help ensure that community 

engagement is maintained for the duration of a project or initiative. Fundamentally, the CAB is the 

primary vehicle through which the community shares local knowledge and lived experience, ensuring 

that the work is guided by a robust understanding of the community and by relevant data that can 

lead to more effective research, programming, and policymaking. 

The project team should explore seven key considerations when forming a CAB. This exploration is 

crucial to understanding when a CAB is the appropriate community engagement tool for the team’s 

work. These considerations are applicable to any stage of the project (e.g., concept design, proposal 

development, implementation). 

1. Objectives 

 How can a CAB help improve the project’s quality and impact? What contextual, historical, 

structural, and/or cultural factors might a CAB be able to lift up that are currently missing? 

 What experiences, skills, or voices are missing from the project that a CAB could fulfill? 

 
1 Ronald P. Strauss, Sohini Sengupta, Sandra Crouse Quinn, Jean Goeppinger, Cora Spaulding, Susan M. Kegeles, 

and Greg Millett, “The Role of Community Advisory Boards: Involving Communities in the Informed Consent 

Process,” American Journal of Public Health 91, no. 12 (December 2001): 1938–43, 

https://doi.org/10.2105/AJPH.91.12.1938. 

https://doi.org/10.2105/AJPH.91.12.1938
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 Is there a logical connection between the project goals and the intended activities of a CAB? 

 Have you explored other community engagement structures/mechanisms (e.g., steering 

committees, focus groups, community survey)? What does a CAB provide that these options 

do not? 

 Will the CAB serve only the purposes of the project, or will it also support other initiatives or 

community priorities? Could the CAB help identify ways it could be a sustainable resource in 

other areas? 

2. CAB Readiness 

 Does the project have a community engagement strategy that identifies the role of the CAB 

in the research/project design?  

 Are personnel and financial resources (e.g., staff time, incentives and compensation, travel) 

assigned to support the formation and implementation of the CAB? 

 Are there local partners or community-based organizations that the project team will partner 

with in the formation, recruitment, and hosting of the CAB? 

 Are there clear steps or actions to take to build trust between the project team and CAB 

members? 

3. Research and Program Design 

 What level of transparency will the project team have with the CAB (e.g., proposal, budget, 

IRB, draft materials)? 

 Will the project team incorporate feedback from CAB members into the research design (e.g., 

methods, approach, feasibility, practicality)? 

 Is the project team soliciting guidance from CAB members on the risks or the viability of the 

proposed research? 

 Will CAB members support the interpretation and analysis of research findings? 

 Will CAB members support the dissemination and implementation of research findings? 

 If the project is further along in its life span, how can a CAB serve a purpose that is not 

superficial? 

4. Membership Composition 

 Does the project have a preferred resourcing composition for CAB membership (e.g., cultural 

insight, technical expertise, access, leadership)? 

 Does the project require a specific type of demographic representation (e.g., age, geography, 

race/ethnicity, gender)? 

 Do members need to have past experience with research or the topic at hand? 

 Has the project team considered additional implications for certain groups (e.g., young 

people)? 
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5. Membership Recruitment 

 Is there a clear set of selection criteria that reflect project goals and the intended function of 

the CAB? 

 Who is involved in the CAB member selection process (e.g., PI, research team, community 

partners, funder)? 

 How will the project team ensure that the CAB membership invitation is widely disseminated? 

 How will the project team ensure that the CAB represents the broader community (not just 

the conventional leaders and most vocal community members)? 

 Have conflicts of interest—perceived or actual—been considered, addressed, or mitigated? 

 Has the project team consulted with community members in selecting an accessible and 

comfortable process for interviewing CAB members? 

6. CAB Formation and Operations 

 Have the roles and expectations for CAB members been developed with them and clearly 

communicated?  

 Has the project team established by-laws, procedures, and decisionmaking processes with 

and for the CAB? 

 Is there a training plan and timeline for CAB members? 

 Has the team discussed and decided how CAB input will affect project processes and 

outcomes? Have you told CAB members how their decisions and advice will affect project 

outcomes? 

 Have funds been allocated for CAB member compensation and support? 

 Is there a defined letter of agreement specifying responsibilities and compensation for CAB 

members? 

7. Membership Engagement 

 Is there a reliable and mutually agreed upon way to communicate with CAB members? 

 Is there a set frequency, time, location for CAB meetings? 

 Are child care, transportation, internet connectivity, translation services, venue security, or any 

other logistical resources under consideration to accommodate CAB members’ needs? 

 Are there any accountability mechanisms (such as internal check-ins and deadlines) for CAB 

members to complete activities/work outside of meetings? 
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Tips, Tools, and Other Resources Related to CABs 

 

This section provides additional sources of information (including links to external resources) and 

guidance on CABs. 

General Guidance 

 CAB overview resources: 

» Community Advisory Boards in Community-Based Participatory Research: A Synthesis of 

Best Processes 

» Best Practices for Convening a Consumer Advisory Board 

» Tennessee Department of Children’s Services Community Advisory Board Toolkit 

» Tips for Developing a Community Advisory Board 

 Examples of Urban projects that included CABs (more information in next section) 

» Promoting Adolescent Sexual Health and Safety 

» Transforming Health and Health Care Systems 

 

 CAB Readiness 

 Building a community engagement strategy 

» It can be helpful to create a timeline of the project that includes all of the tasks and steps 

needed for community engagement. This can be by creating a “Community Engagement 

Strategy/Timeline” part of the timeline, which maps out exactly when all community 

engagement activities will occur and how long they are anticipated to take.  

» International AIDS Vaccine Initiative Guidance Tool for Community Advisory Boards 

 Choosing community partners 

» One step in the CAB process is choosing community partners that align with the mission 

of your project, as well as doing the work of sustaining and maintaining those 

partnerships.  

» Many communities have an existing set of leaders who are active in local initiatives. It is 

important to include active leaders, but also to reach other areas or subgroups of a 

community who may not feel they are well-represented by the existing leadership.  

» Community Tool Box Creating and Maintaining Coalitions and Partnerships 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3103575/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3103575/
https://urbanorg.box.com/s/1vi2aq6wjbnedzudebz4fvtorwuulizg
https://urbanorg.box.com/s/pnh8rfjpb31g55746efizmki56i8e42u
https://www.urban.org/policy-centers/metropolitan-housing-and-communities-policy-center/projects/promoting-adolescent-sexual-health-and-safety-pass
http://hrms.urban.org/
https://ctb.ku.edu/en/creating-and-maintaining-coalitions-and-partnerships
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 Role of CAB in project and staffing 

» It is important that the role of the CAB within the larger project is clearly laid out, as well 

as who on the project team will be in charge of interacting with and coordinating the CAB 

» Inspiring Change manual 

» The Community Advisory Board from the Empowerment Project 

Research and Program Design 

 The team should have a sense of what role the CAB will play in research and program design 

and the level of transparency the team will have with the CAB overall. If it is a research 

project, this could include how much feedback from the CAB is incorporated on design, 

perceived risk, and interpretation and analysis of findings. For other projects, it could be how 

much insight from the CAB is incorporated on program design and disseminating project 

information to important stakeholders.  

 Resource for Integrating Community Voices into a Research Study: Community Advisory 

Board Toolkit 

  Vanderbilt Institute for Clinical and Translational Research Community Engagement Studio 

Toolkit 2.0 

 

CAB Formation and Operations 

 The team should ensure that roles and expectations for CAB members are clearly laid out and 

communicated, as well as by-laws and decision-making processes established. The team and 

the CAB should work together on ensuring that there are internal processes and structures to 

make the CAB run smoothly.   

 Tennessee Department of Children’s Services Community Advisory Board Toolkit 

Membership Engagement 

 It is important that the team engages with the CAB in an intentional way and structures the 

CAB to fit the needs and requirements of its members. This includes ensuring CAB members 

are adequately compensated for their time and given resources they need to meet their 

commitments (such as childcare or a transportation stipend), establishing a way to 

communicate with CAB members and determining the frequency of meetings. 

 Resource for Integrating Community Voices into a Research Study: Community Advisory 

Board Toolkit 

 Vanderbilt Institute for Clinical and Translational Research Community Review Board Toolkit 

   

https://www.pcori.org/sites/default/files/IIT-Inspiring-Change-CBPR-Manual.pdf
http://mpowerment.org/wp-content/uploads/2017/01/mp-manual-module11.pdf
https://urbanorg.box.com/s/juco0yg20uff1ecfde3qjzls1a32eou9
https://urbanorg.box.com/s/juco0yg20uff1ecfde3qjzls1a32eou9
https://urbanorg.box.com/s/juco0yg20uff1ecfde3qjzls1a32eou9
https://www.meharry-vanderbilt.org/sites/vumc.org.meharry-vanderbilt/files/public_files/CESToolkit%25202.0.pdf
https://www.meharry-vanderbilt.org/sites/vumc.org.meharry-vanderbilt/files/public_files/CESToolkit%25202.0.pdf
/Users/shenaashley/Downloads/tn.gov/content/dam/tn/dcs/documents/in-home-tn/volservices/TN_DCS_CAB_Toolkit_InHomeTN.pdf
https://sc-ctsi.org/uploads/resources/CommunityAdvisoryBoard_Toolkit.pdf
https://sc-ctsi.org/uploads/resources/CommunityAdvisoryBoard_Toolkit.pdf
https://www.meharry-vanderbilt.org/sites/vumc.org.meharry-vanderbilt/files/public_files/CESToolkit%202.0.pdf
https://www.meharry-vanderbilt.org/sites/vumc.org.meharry-vanderbilt/files/public_files/CESToolkit%202.0.pdf
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Urban Project-Based CAB Profiles 

1. Promoting Adolescent Sexual Health and Safety (PASS) 

 Funder: W.K. Kellogg Foundation, National Institutes of Health, DC Department of Health 

 Project summary: PASS is a community-based participatory research collaboration to 

develop a response to teen sexual health and safety needs outside a school or health setting. 

 Role of CAB: Provided input on needs and preferences in programming approach and service 

provider partners, analyzed data, and provided input and feedback to the steering committee 

(decision making body composed of external stakeholders and community members). The 

youth CAB piloted the program, provided feedback, and presented data in  a Data Walk.  

 Budget/compensation structure: Members of the steering committee received $1,500 

quarterly for their participation (weekly meetings, decisionmaking). Adult CAB members 

received $50 per meeting (monthly). Youth CAB members received $25 per meeting.  

2. East Baltimore Research Project 

 Funder: Annie E. Casey Foundation 

 Project summary: The East Baltimore Research Project is a community-led effort to equip 

residents with data about their neighborhood. Urban provides training and assistance to build 

residents’ ability to collect and interpret data that can be used to inform community change.  

 Role of CAB: The board created the foundation and goals for the project. The CAB has played 

a lead role in selecting and onboarding outside organizations to implement the project 

objectives. The CAB oversees most decisions to ensure activities remain on task and respectful 

to the community and keeps the community informed through regular newsletter updates. 

 Budget/compensation structure: The Annie E. Casey Foundation provided the CAB with its 

own funding ($150,000 per year for six CAB members). 

3. Robert Wood Johnson Foundation Transforming Health and Health Care Systems 

 Funder: Robert Wood Johnson Foundation 

 Project summary: The goal of the Transforming Health and Health Care Systems team is to 

improve access and affordability of health care and coverage, promoting health equity, and 

supporting the provision of integrated, high-quality, whole person health care. The research 

focuses on efforts that seek to address both medical and nonmedical health needs through 

collaboration with other sectors. A key objective is to ensure efforts are responsive to 

consumer and community preferences.  

 Role of CAB: The CAB, established by the Urban Institute, will be composed of individuals 

who represent diverse and underserved communities, including current and former Medicaid 

beneficiaries and those who advocate and care for them. CAB members will share insights 

and provide input into framing research questions and interpreting findings and will support 

dissemination of the findings. 



 

  8 

 Budget/compensation structure: CAB members will receive stipends of up to $1,000 based 

on the time required. CAB members are not research subjects. They are community members 

who are paid as consultants to give input and guidance on the design of the research 

projects. 
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CAB Budgeting Tool 

The success of a CAB depends in part on having sufficient personnel and financial resources to 

support the board’s formation and implementation throughout the project. This tool can help the 

project team sufficiently budget for a CAB and addresses member compensation or incentives, staff 

time, travel or meal reimbursements, and other projected costs. 

Considerations and Approach 

 

 Does the funding source for the work offer flexibility in timeline, allocation of resources, 

substantive focus, and approach to the work so that you can align your efforts to CAB 

priorities and preferences? Have you noted and shared information about where there is 

flexibility and where there are hard requirements or deadlines? 

 What is the project leader’s interest, ability and commitment level in dedicating adequate 

human resources to managing the CAB? 

 Have staff been allocated hours to support the formation and maintenance of the CAB? 

 Have funds been allocated to community partners or community-based organizations in the 

form of an honorarium or consultant agreement to compensate them for their time and 

support?   

 Have funds been made available to compensate CAB members in the form of stipends, 

incentives, food, etc.?  

 Have expenses such as meetings space, supplies, and trainings been considered? 

 Are child care, transportation, internet connectivity, or other barriers to participation being 

considered to accommodate CAB members’ needs in exchange for participation? 

 Does the CAB have a set time frame, or will it be sustained after the project ends? 

Developing Your Budget 

These tips will help you account for CAB-related costs at the beginning of the project or at the 

proposal development stage.  

1. Create a separate column for CAB formation and maintenance in proposal development (if 

applicable) or the project budget template.  

2. Allocate hours to staff hours needed to support the formation and maintenance of the CAB.  

a. Tip: Consider the full cost and time required across each stage of a CAB. 

3. Include compensation (e.g., honoraria, consultant agreements, subgrants/subcontracts) for 

community partners or community-based organizations. 

a. Tip: Be sure to consider the cost of meeting space, partners’ staff time, recruitment, etc.  
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4. Include compensation for CAB members, either in the form of incentives or a more formalized 

agreement (such as hiring each of the CAB members as a consultant, depending on the 

structure and practices of your organization), for the length of the project. 

a. Tip: If a community-based organization is identified as a partner, think through if it would 

be easier to compensate them through your organization directly or through their 

organization. 

5. Estimate travel-related expenses for CAB members and the project team.  

6. Estimate what supplies such as food or printed materials will be required and what other 

miscellaneous costs or expenses will be needed. 

Member Compensation  

Compensation for CAB members should be offered to offset legitimate costs of participation in the 

advisory process (e.g., meals, payments for time, and reimbursements for transportation costs). 

Traditional methods for determining hourly rates my not translate to the CAB.  

 Time: Funds should be allocated to compensate members for each meeting, related 

preparation or review of materials, training, and other CAB activities. The project team, in 

partnership with community partners, should identify a rate that reflects the level of 

community expertise offered by each CAB member. The project team might have to go 

through internal processes that might not align as clearly with nontraditional hires. A human 

resources department might require that a consultant or someone who comes onto the 

project in a formalized way have a rate that is “justified” by their prior experience and 

education. If this is the case, it can be difficult to justify an hourly rate for individuals who 

have not worked as consultants in the past and whose expertise is often undervalued in the 

labor market, which does not mean that they should be paid at a rate lower than they 

deserve. Create an equivalent measure of technical and substantive experience that 

recognizes the depth of community knowledge that CAB members will offer.  An alternative 

compensation approach to for CAB members could be through monthly or quarterly 

payments or honoraria, depending on the practices of the organization. This approach 

ensures a community member can block off a certain percentage of their time, knowing the 

guaranteed income, and the expectation for their work can be flexible from month to month 

or between various tasks. A third approach, for shorter-term engagements, can be to use 

incentive payments or honoraria, which may be more flexible and less labor-intensive.  

 Meals: The project team should consider providing food at each CAB meeting and account 

for the cost in the project budget, reflecting the number of members and in-person meetings 

during the project. It is critical to ensure that your funding source or project structure allows 

for the purchase of food. 

 Travel: The project team should account for the cost of travel for CAB members. The cost is 

dependent on the number of members, the number of in-person meetings, members’ general 

proximity to the meeting location, and the mode of transportation. The cost can also be 
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reflected in stipends or incentives. It is also critical to ensure that your funding source or 

project structure allows for transportation costs.  

 Other expenses: The project team should account for additional costs, such as paper 

supplies or materials, meeting space, child care, trainings, or facilitators. 
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CAB Institutional Review Board Considerations Tool 

An institutional review board (IRB) is a group formally designated to review and monitor research 

activities to protect human subjects. In addition to providing community perspectives and input to the 

project team, CABs can help ensure that community members participating in a research study are 

protected, if applicable to the specific project. A CAB can help project staff anticipate and address the 

context in which communities understand risks, benefits, and informed consent. 

Examples of How CABs Can Contribute to Community Protections 

■ Bring up alternative considerations related to 

benefits and risks that the team might not consider, 

and help mitigate those risks  

■ Inform research priorities based on local needs. 

■ Advise researchers on community norms and 

expectations. 

■ Contribute to an effective informed consent 

process by providing input. 

■ Review forms and questionnaires. 

■ Engage in protocol development and review. 

■ Help build trust with the local community. 

■ Provide oversight of the research processes. 

■ Convey information about the research to the 

community, and field questions. 

■ Assist in responding to any breaches to IRB. 

 

Depending on the CAB’s role in the research study or design, there are several things to consider in 

determining the project’s IRB implications. Below are some ideas for how a CAB can engage in the IRB 

process and content, some guiding questions to consider, and the names of some Urban projects that 

can provide examples of IRB packages that include community engaged methods. The CAB can 

provide input on the following components of an IRB package: 

 CAB purpose, goals, and role 

 interaction with human subjects  

 human subjects and community risk and benefits  

 protections and safeguards  

 informed consent or consent procedures  

When a team is deciding whether to incorporate a CAB into its project, the following are IRB-related 

questions to consider: 

 What role will the CAB members have in the research study?  

 Will the study involve young people, older adults, or other people who will need additional 

protections?  

 Will CAB members be asked to analyze any data that might be confidential or sensitive? 

 Do CAB members need to sign off on a confidentiality pledge?  



 

  13 

 How will the project team account for privacy, both for CAB members and study participants?  

 How will the project team determine the risks and benefits for CAB members? How will risks 

be mitigated? 

 Has the project team assessed whether any proposed incentives may be coercive? 

 If the work with the CAB will be long term (longer than a year), has the project team created a 

quarterly or biannual process for reporting plans to the IRB? 
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Full Project Team Readiness Checklist 

The project team should review the CAB Readiness Checklist before launching or proposing a CAB for your work. Make 

selections to the best of your ability and based on where your team is in the process (concept design, proposal 

development, implementation, etc.). Feel free to leave additional comments or questions in the corresponding notes 

sections. 

CAB Ideation and Planning 

General Yes 

Does the proposed project have a community engagement requirement?  

Is a CAB being considered to specifically meet this requirement?   

Have other engagement structures/mechanisms been explored (e.g., steering committees, focus groups, a 

community survey)? 

 

Has the project team hosted an internal meeting to discuss the reason for forming a CAB (e.g., leadership/input, practicality of 

research design, guidance on participant burden, predefined goals)? 

 

Does the project have a community engagement strategy that identifies the role of the CAB in the research design?  

Has the project team identified local community partners or community-based organizations to partner with?  

Are all team members and partners in agreement with predefined goals guiding the scope of work and 

formation of a CAB? 

 

Will CAB members serve independently or as representatives of an organization?  

Will CAB members serve in an advisory role?  

Will CAB members have decisionmaking power?  

Notes: 
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Research Design Considerations Yes 

Is there a logical connection between the research design, activities, and intended goals of the CAB?   

Will the project team incorporate feedback from CAB members into the research design (e.g., methods, 

approach, feasibility, practicality)?  

 

Is the project team soliciting guidance from CAB members on the risks of the proposed research?   

Will CAB members work on the interpretation and analysis of the research findings?   

Will CAB members work on the dissemination and implementation of research findings?   

Is the project team willing to commit to a predetermined level of transparency with the CAB (related to, for example, the 

proposal, budget, IRB, or draft materials)? 

 

Leadership and Infrastructure Support Yes 

Has leadership committed to supporting and maintaining the CAB over the length of the project?   

Does the funder demonstrate interest in dedicating adequate human resources to managing the CAB?   

Has the project team considered the time that a CAB may require of the entire project team (e.g., PI, 

researchers, support staff)? 

 

Are personnel and financial resources assigned in the project budget to support the formation and implementation of the 

CAB? 

 

Have Urban staff been allocated hours to support the formation and maintenance of the CAB?  

Are funds allocated to community partners or community-based organizations in the form of an honorarium 

or consultant agreement to compensate for their time and support?   

 

Are funds available to compensate CAB members for participation in the form of incentives, food, and more?   
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Have other expenses such as meeting space, supplies, and trainings been considered?  

Are travel funds available for the project team to engage with the CAB in person?   

Will the project team need to ensure the sustainability of the CAB after the project ends?  

If not, does the CAB have a clearly defined time frame?   

Notes: 

 

Capacity Yes 

Is there a designated staff member responsible for the formation, training, maintenance, and sustainability of the CAB?  

If so, will there be a single point of contact for the CAB to ensure consistency in communications?   

Is there a designated staff member to support meeting facilitation, meeting logistics, follow-up, payments, and more? Is there 

a clear plan for such logistical considerations? 

 

CAB Formation 

Membership Composition Yes 

Are there community partners or community-based organizations that the project team will collaborate with to facilitate 

recruitment, formation, or hosting of the CAB?  

 

Does the project have a preferred membership composition for the CAB (e.g., representation, cultural insight, technical 

expertise, access, leadership)?  

 

Is there a defined list of skills you are seeking in CAB members?   

Must members have experience with research or just expertise/experience on the topic or 

community/population being served? 

 

Are you seeking a specific demographic representation (e.g., geography, race/ethnicity, gender)?  
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Are young people or older adults being considered to serve as a part of the CAB?  

Membership Recruitment Yes 

Is there a clear set of selection criteria that reflect research goals and the function/purpose of the CAB?   

Is there an outlined approach for the CAB member selection process (e.g., what role will the project leader, research team, 

community partners, and/or funder play?)?  

 

Can local partners and community-based organizations nominate or endorse people to serve on the CAB?  

Is the project team conducting interviews of nominees?   

Have possible conflicts of interest been considered, addressed, or mitigated?   

Has a threshold been set for the total number of community members being recruited to serve on the CAB?  

Are there clearly defined roles and expectations for CAB members?   

Have the benefits of the CAB been clearly communicated to the community?   

Is there a defined list of commitments for CAB members?  

Has a length of term for CAB members been set?  

How will the team recruit members for the CAB?   

Notes 

 

CAB Operations and Maintenance 

Governance and Leadership Yes 

Have the members and project team established by-laws, procedures, and decisionmaking processes for the CAB?  

Is there a defined letter of agreement stipulating responsibilities and compensation for CAB members?   
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Will the CAB have equal decisionmaking power with the project team?  

If so, are there clear guidelines on how the CAB’s decisionmaking power will affect the scope or design of the 

research? 

 

Is it clear to CAB members how their decisions and advice affect the research?   

Operating Procedures Yes 

Is there a set frequency for how often CAB members will meet?  

Is there an established location for CAB meetings?  

Are child care, transportation, internet connectivity, and other logistical resources under consideration to 

accommodate CAB members’ needs? 

 

Is there a reliable and mutually agreed upon way to communicate with CAB members?  

Is there a clear action plan provided for the CAB?  

If not, will you give the CAB the responsibility of developing a list of tasks/activities that reflect their mission 

statement and goals? 

 

Membership Engagement Yes 

Is there a training plan and timeline for CAB members?  

Is it necessary to assess CAB members’ knowledge of or familiarity with the research topic?  

Will the CAB decide what trainings are wanted/needed?  

Depending on the length of the project, will additional trainings be necessary?  

Are there clear events or actions to take to build trust between the research team and CAB members?  

If you will be working with communities that have had negative experiences with research and/or researchers, 

do you have a plan for recovering or establishing trust? 

 

Are there activities that CAB members will need to complete outside of meetings?  

If so, will you develop a reward system or system of accountability?  
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Notes: 
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[NOTE: The contents of this draft are preliminary and subject to revision prior to final publication 

on www.urban.org at a forthcoming date. Please do not distribute or cite. If you have questions, 

please contact Alena Stern at astern@urban.org.] 

Introduction 
Disaggregating data by race and ethnicity is a critical tool to shine light on racialized systems of 

privilege and oppression. 1 As City of Austin Chief Equity Officer Brion Oaks told the Urban Institute, 

“Only when the city can segment data can we see what is truly happening. Aggregates can conceal 

reality.” However, many high-value datasets don’t collect and/or report race or ethnicity information. 

For example, the lack of race and ethnicity information in credit bureau data has inhibited efforts to 

examine how credit scores affect racial homeownership gaps or to challenge the use of credit screens in 

hiring.2 

Imputation is a powerful tool to create disaggregated data by appending racial and ethnic 

identifiers onto datasets that do not include this information. Although failing to disaggregate data by 

race and ethnicity poses considerable potential risk of harm to Black, Indigenous, and other people of 

color, it is also possible that efforts to fill these gaps using imputation can risk the same or even greater 

harm, particularly if done without a proactive focus on equity.  

In this report we describe our experience and lessons learned on how to proactively incorporate 

equity in imputation efforts through our case study of imputing race and ethnicity onto a nationally 

representative sample of credit bureau data. We organize our learnings around three main “ethics 

checkpoints” where we examined our source datasets, our imputation methodology, and the resulting 

race/ethnicity imputations for potential racial bias and inaccuracy. At each checkpoint, we share how 

we approached mitigating the bias where possible, transparently communicating any bias that could not 

be mitigated, and determining when the unmitigated risk is unacceptably high and therefore warrants 

terminating the production or use of the imputed data.  

 

 

1 See “Making the Case for Data Disaggregation to Advance a Culture of 

Health,” PolicyLink, https://www.policylink.org/our-work/community/health-equity/data-disaggregation; and 

“Why Disaggregating Data by Race Is Important for Racial Equity,” Annie E. Casey Foundation blog, August 18, 

2020, https://www.aecf.org/blog/taking-data-apart-why-a-data-driven-approach-matters-to-race-equity/. 

2 For more on the racial homeownership gap, see Choi et al. (2019). For a discussion on the lack of race and 

ethnicity in tax data, see Bearer-Friend (2019). For more problems with employer credit checks, see Traub and 

McElwee (2016).  

http://www.urban.org/
mailto:astern@urban.org
https://apps.urban.org/features/how-to-create-equitable-technology-programs/#impact
https://www.policylink.org/our-work/community/health-equity/data-disaggregation
https://www.aecf.org/blog/taking-data-apart-why-a-data-driven-approach-matters-to-race-equity/
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This case study focuses on how to implement these ethics checkpoints, but we acknowledge that 

who is involved in the process and the institutional structures that hold teams accountable to the 

results are equally as important. It is vital for researchers to engage impacted communities from the 

very beginning of the research process and collaborate with them at each checkpoint in identifying 

potential risks and weighing those risks against the potential benefits of disaggregated data for their 

communities. And researchers should create institutional structures at the outset – such as community 

advisory boards – that give community members power to affect the imputation process and hold 

researchers accountable to following the conclusions of the ethics checkpoints. We recommend that 

researchers consult our Ethics and Empathy Standards Guide before beginning any imputation process 

for guidance on creating the diverse teams and accountability structures to ensure that the ethics 

checkpoints outlined in this case study yield equitable results. 

  

https://www.urban.org/research/publication/ethics-and-empathy-using-imputation-disaggregate-data-racial-equity
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Background 
Although there are many different approaches to imputing race and ethnicity data, in this case study we 

focus on the use of imputation to generate an entirely new race and ethnicity variable on datasets that 

do not contain this information.  Imputation is also widely used to fill in missing race and ethnicity values 

on datasets that do contain this information, though that is not our focus.  

The most widely used technique for imputing race and ethnicity on administrative data is the 

Bayesian Improved Surname Geocoding (BISG) tool, developed by RAND for HHS, and also in use by the 

Equal Opportunity Employment Commission (EEOC) and Consumer Financial Protection Bureau 

(CFPB). The latest MBISG 2.0 method combines name, administrative data, and Census data based on 

address in a calibrated Bayesian framework (multinomial logistic regression model) to estimate 

probabilities by race and ethnicity for each record in the dataset. 

Multiple imputation, which creates multiple copies, or implicates, of the imputed race and ethnicity 

variable, is another standard procedure used in many public data products – such as the SIPP Synthetic 

Beta, National Survey of Children’s Health, and the Survey of Consumer Finances, to name just a few. 

Multiple imputation allows researchers to analyze variation resulting from both the uncertainty in the 

input data sources and the imputation process when assessing the robustness of results.   

  

https://ww2.amstat.org/meetings/jsm/2020/onlineprogram/AbstractDetails.cfm?abstractid=311006
https://files.consumerfinance.gov/f/201409_cfpb_report_proxy-methodology.pdf
https://files.consumerfinance.gov/f/201409_cfpb_report_proxy-methodology.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6338295/pdf/HESR-54-13.pdf
https://www.census.gov/content/dam/Census/programs-surveys/sipp/methodology/SSBdescribe_nontechnical.pdf
https://www.census.gov/content/dam/Census/programs-surveys/sipp/methodology/SSBdescribe_nontechnical.pdf
https://www.census.gov/content/dam/Census/programs-surveys/nsch/tech-documentation/Guide_to_Multi-Year_Estimates.pdf
https://www.jstor.org/stable/23860056?seq=1
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Methodology 
We used multiple imputation to add a combined race and ethnicity variable onto a 2013 credit bureau 

data set that represents a 2 percent random sample of adults with credit records in the United States. 

Our methodology first uses a random sample from the 2011-2015 five-year American Community 

Survey (ACS) data to calculate probabilities of belonging to each race/ethnicity group for every 

individual in the data based on their ZIP code and age, drawing upon the geospatial imputation 

component of the BISG method. With those probabilities, we randomly assign a race/ethnicity group 

value. We then repeat the entire imputation process multiple times to produce multiple copies, or 

implicates, of the assigned race/ethnicity variable. Our approach accounts for the uncertainty in the 

ACS population count estimates and the inherent uncertainty of randomly assigning a race/ethnicity 

value based on a set of probabilities. The specific steps of this process are outlined in figure 1, and a 

detailed version of our methodology can be found in Appendix A. 
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FIGURE 1  

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 
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Ethical Imputation Checkpoints 
This case study outlines three checkpoints that we used before, during, and after the data imputation 

process. We used these checkpoints to identify and address areas where our methodology could 

introduce bias and assess whether the resulting imputed race/ethnicity variables are fit to use for 

equity analyses. These checkpoints and the risks we will be discussing below are not unique to 

imputation; some amount of bias is unavoidable in any data analysis given the realities of imperfect data 

and constrained analytical choices.  

Making policy decisions without these analyses – in our case, without creating disaggregated race 

and ethnicity data through imputation – is also prone to considerable bias, which often harms 

communities of color and other historically marginalized groups whose realities are concealed by 

aggregates. When making decisions about whether to proceed with or terminate the imputation 

process, we encourage researchers to weigh the potential harms of any unmitigated bias against the 

potential harms of not having imputed disaggregated data. 

Our aim in this case study is not to deter potential producers and users of imputed race and 

ethnicity data, but to empower them to confidently impute race and ethnicity onto data armed with 

tools to identify potential sources of bias, mitigate the bias where possible, and transparently 

communicate how any remaining bias limits ethical uses of the resulting data.  

Checkpoint 1: Before imputation, audit input data for 

bias  

Data ethics advocates have produced considerable evidence of the potential for data analysis to encode 

racial biases present in the input data sources. This risk can be harder to detect in complex 

methodologies, like machine learning or imputation, due to the layers of transformation between the 

input data and the analytical output – in our case the imputed race/ethnicity variable.  Accordingly, 

when gathering datasets prior to imputation, we audit each of the following input data sources for bias: 

 

◼ Credit bureau data: A 2 percent random sample of all individuals with credit records in the 

United States in 2013, provided by a major credit bureau. We use the ZIP code (or county when 

ZIP code is missing) and age variables for imputation. 
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◼ American Community Survey (ACS) data:3 2011-2015 five-year ACS estimates of population 

counts by race/ethnicity and age by geography.4 

◼ Consumer Finance Protection Bureau (CFPB) credit invisibility data: Data from the CFPB on 

the percentage of individuals without a credit record (“credit invisible”) in the US by race and 

age (Brevoort, Grimm, and Kambara 2015).  

We examined these datasets for potential bias using the following questions: 
 

1. Does the dataset accurately represent the underlying population that it aims to measure? 

How might structural racism drive unrepresentativeness? 

One potential source of bias is that certain subgroups of the population of interest may be over or 

underrepresented in a given dataset. And, in many cases, structural racism may result in data that are 

systematically unrepresentative for communities of color. For example, over-policing of communities of 

color can result in arrest data that overrepresent these communities rather than accurately 

representing the true prevalence of crime committed in the underlying population.   

We reviewed each dataset’s documentation and methodology and discussed the potential for bias 

with expert users of the dataset. We concluded that this type of bias was unlikely to be a significant 

issue in each of our datasets. While undercounting communities of color is a known issue in the 

decennial census, the Census Bureau takes extensive measures to mitigate the potential effects of non-

response and maintain representativeness in the ACS – making it the data source of record for 

demographic population estimates. The credit data are a nationally representative 2 percent random 

sample of adults with credit records provided by a major nationwide credit reporting agency (NCRA). 

And the CFPB data compare population counts in the ACS and their own representative sample from a 

NCRA to calculate the percent of the national population by age group and race/ethnicity group that 

are credit invisible. While we determined that these datasets are all adequately representative for use, 

it is important to acknowledge the considerable role of structural racism in accessing credit and driving 

 

 

3 See “American Community Survey (ACS),” US Census Bureau, accessed July 2, 2021, 

https://www.census.gov/programs-surveys/acs. 

4 Many of the ACS variables we use (such as counts by race and age) are reported disaggregated by gender. We had 

to combine these to calculate an estimate and margins of error for the total population as the credit bureau data do 

not include gender.  

https://www.urban.org/research/publication/assessing-miscounts-2020-census
https://www.theguardian.com/us-news/datablog/2020/feb/27/2020-us-census-black-people-mistakes-count
https://www.census.gov/programs-surveys/acs/technical-documentation/code-lists.2015.html
https://www.census.gov/programs-surveys/acs
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higher rates of credit invisibility among people of color,5 therefore inherently limiting the usefulness of 

credit records to understand financial well-being in communities of color.  

Another dimension of unrepresentativeness is whether the datasets used in imputation accurately 

reflect the lived experience of the individuals represented by that data. For example, we acknowledge 

that the race/ethnicity categories available in the ACS data – which we accordingly used as our 

race/ethnicity categories for imputation – may not accurately reflect the self-identity of individuals in 

the credit bureau data and may conceal important differences within groups.6 Although we cannot 

mitigate this unrepresentativeness due to limitations in the ACS data, we can document and 

communicate this concern to potential data users. 

 
2. Do all datasets being used in imputation represent the same population?   
 

Even if each of the input datasets are perfectly representative of their target population, if these target 

populations differ across datasets, imputation will likely be less accurate. In our case study, for example, 

we took several steps to align the populations of our input datasets. First, we had to exclude 4,302 

records in the credit bureau data from US territories that are not included in the ACS data.7  Second, we 

identified that the ACS data measure the total population of adults in the US, while the credit bureau 

data represent the population of adults with a credit record. The disparities between these populations 

vary by race and ethnicity: the CFPB data on credit invisibility find that 9.4 percent of white adults are 

credit invisible while 14.8 percent of Black adults and 15.8 percent of Hispanic adults are credit 

invisible. We used the CFPB data by race/ethnicity and age to adjust the ACS population counts to 

reflect the population with a credit record, discussed further in checkpoint 2 below. Without this 

mitigation step, we would have likely overrepresented Black and Hispanic groups in the imputed 

 

 

5For more information, see Aaron Glantz and Emmanuel Martinez, “Modern-Day Redlining: Banks Discriminate in 

Lending,” Reveal, February 15, 2018, http://revealnews.org/article/for-people-of-color-banks-are-shutting-the-

door-to-homeownership/; and Michelle Singletary, “Credit Scores Are Supposed to Be Race-Neutral. That’s 

Impossible,” Washington Post, October 16, 2020, https://www.washingtonpost.com/business/2020/10/16/how-

race-affects-your-credit-score/.  

6 ACS race and categories include Non-Hispanic White alone, Non-Hispanic Black or African American alone, Non-

Hispanic American Indian and Alaska Native alone, Non-Hispanic Asian alone, Non-Hispanic Native Hawaiian and 

Other Pacific Islander, Non-Hispanic Some Other Race, Non-Hispanic Two or More Races, and Hispanic. 

7 These territories include Palau, the Marshall Islands, the Federated States of Micronesia, Guam, American Samoa, 

Northern Mariana Islands, and the Virgin Islands. 

https://www.urban.org/urban-wire/combining-racial-groups-data-analysis-can-mask-important-differences-communities
http://revealnews.org/article/for-people-of-color-banks-are-shutting-the-door-to-homeownership/
http://revealnews.org/article/for-people-of-color-banks-are-shutting-the-door-to-homeownership/
https://www.washingtonpost.com/business/2020/10/16/how-race-affects-your-credit-score/
https://www.washingtonpost.com/business/2020/10/16/how-race-affects-your-credit-score/
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race/ethnicity variable, though we endeavor to transparently communicate the limitations of this step 

below. 

We also considered using the 2013 Survey of Consumer Finances (SCF) estimates of the proportion 

of households with student, vehicle, and other installment debt by race and ethnicity at the national 

level to benchmark the accuracy of our imputations by comparing statistics calculated using our 

imputed data against published statistics in the SCF.8 Because the SCF publishes estimates at the 

household level based on the race/ethnicity of the respondent, while the credit bureau data are at the 

individual level, we concluded that these datasets were not comparable and decided to terminate use of 

the SCF.9 Subsequent analyses may want to explore the use of the SCF and other datasets for 

benchmarking.  

 
3. Are there missing data? If so, does that missingness disproportionately affect certain 

race/ethnicity groups? Is it correlated with other variables of interest? 
 

Missing values in the variables used for imputation can reduce overall accuracy and inject bias if that 

missingness disproportionately affects some race/ethnicity groups. We used the age and ZIP code fields 

of the credit bureau data in our imputation methodology, as considerable research has shown that 

location and age are important predictors of race.10  Because the ACS reports data at the ZIP Code 

Tabulation Area (ZCTA) level, we used a ZIP-code-to-ZCTA crosswalk file to translate between the 

 

 

8 See “2013 Survey of Consumer Finances,” Board of Governors of the Federal Reserve System, May 20, 2021, 

https://www.federalreserve.gov/econres/scf_2013.htm. 

9 The SCF also represents the population of all households, so would require an adjustment for credit invisibility, 

which is complicated by the fact that our CFPB credit invisibility data are at the individual level rather than the 

household level. Additionally, the comparability of the SCF statistics and the credit bureau data is uncertain as the 

questions about holding debt are subject to the respondent’s interpretation of what types of debt to include (e.g., 

whether to include a deferred student loan as debt held by the household). 

10 See, for example, John Powell, “Race, Place, and Opportunity,” American Prospect, September 21, 2008, 

https://prospect.org/special-report/race-place-opportunity/; and Katherine Schaeffer, “The Most Common Age 

among Whites in U.S. Is 58 – More than Double That of Racial and Ethnic Minorities,” Pew Research Center, July 

30, 2019, https://www.pewresearch.org/fact-tank/2019/07/30/most-common-age-among-us-racial-ethnic-

groups/. 

https://www.federalreserve.gov/econres/scf_2013.htm
https://prospect.org/special-report/race-place-opportunity/
https://www.pewresearch.org/fact-tank/2019/07/30/most-common-age-among-us-racial-ethnic-groups/
https://www.pewresearch.org/fact-tank/2019/07/30/most-common-age-among-us-racial-ethnic-groups/
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credit bureau and ACS data.11 After completing this crosswalk, the location and age fields in the credit 

bureau data were missing at the rates shown in table 1 below.12 

TABLE 1  

Proportion of Credit Records with Missing Value by Variable 

ZCTA County Age 

0.04% 4.45% 15.44% 

Source: Authors’ analysis. 

Notes: Nearly all records where the ZIP code field was missing also had county missing. In the cases where county was missing 

and ZIP code was present, we used the ZIP code to impute the county based on the proportions of the ZIP code population that 

fell in each overlapping county. This imputed county variable was only used in the analysis of the imputed data, not in the 

imputation process. 

In the cases where an individual’s ZCTA was missing, we used the race/ethnicity data of the 

individual’s age group (if present) for the county – or nation, if county was also missing. If an individual’s 

age group was missing, we used the race/ethnicity data for all adults at the smallest available 

geography. If the most precise age and location data are disproportionately missing for people of color, 

this missingness could inject racial bias into the imputations. We used a logistic regression to assess 

whether the missingness of the age variable (which we focused on, given how rarely ZIP code was 

missing) was correlated with the racial composition of the individual’s ZCTA and other credit variables 

that may be correlated with race.13  

We find that, holding all the variables equal, individuals living in majority non-white ZCTAs are 37 

percent more likely to have missing age data than individuals not living in majority non-white ZCTAs, 

while subprime consumers and individuals with auto debt are 162 percent and 59 percent more likely to 

have missing age data than their counterparts, respectively. Although this raises concern about the 

 

 

11 We used a historical version of the Uniform Data Systems (UDS) Mapper crosswalk generated in 2015 (which 
was the closest to 2013 we could find). If the ZIP code or ZCTA definitions had changed between those two years, 
the ZCTAs we used may be inaccurate. See “ZIP Code to ZCTA Crosswalk,” UDS Mapper, accessed July 2, 2021. 
https://udsmapper.org/zip-code-to-zcta-crosswalk/. 

12 This crosswalk file could not match the ZIP codes of 2,066 records in the credit bureau data, effectively forcing us 

to encode the individual’s ZCTA as missing. 

13 We also considered including variables on whether the individual‘s ZCTA had no dominant racial category which 

represented over 50% of the population and whether the individual had any debt in collections, but we dropped 

these variables because they were highly positively correlated with a majority non-white ZCTA population and 

subprime credit score variables, respectively, and those variables were in turn more highly correlated with 

missingness of the age variable. 

https://udsmapper.org/zip-code-to-zcta-crosswalk/
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potential for bias, we know, given high levels of segregation across neighborhoods, that location – ZIP 

code or county in our case – is likely to be a much better predictor of race than age. We therefore felt 

comfortable that our mitigation strategy of using the race/ethnicity proportions of all adults in the 

individual’s geography where age is missing was sufficient to continue the imputation while 

communicating this concern. With additional time, we could confirm this by testing the impact of the 

missing age data in checkpoint 2 and communicate our findings to users.14 Table 2 summarizes 

checkpoint 1 recommendations for when to take steps to mitigate bias and risk, communicate about the 

risks to other analysts or end users, or terminate the imputation process. 

TABLE 2  

Checkpoint 1 Summary 

Mitigate… Communicate… Terminate… 
◼ Bias by using datasets that 

most accurately represent 
the target population of 
interest. 
 

◼ Data population 
mismatches (e.g., credit 
visible versus total 
population) by adjusting 
estimates to match. 
 

◼ Missingness by using 
consistent rules to impute 
with the most accurate 
available data. 

◼ Cases where datasets may 
not fully represent the 
target population, including 
in race and ethnicity 
categories. 
 

◼ Adjustments performed 
and limitations of those 
adjustments (e.g., dropping 
geographies not included in 
all data). 
 

◼ Prevalence of missing data 
and imputation strategy 
used. 
 

◼ Magnitude and direction of 
potential unmitigated bias 
where possible. 

◼ If the focus population is 
not adequately 
represented in data (e.g., 
analysis focused on UD 
territories). 
 

◼ If populations cannot be 
adequately adjusted, 
especially if using 
unadjusted populations 
adversely impacts 
estimates for communities 
of color. 

 

 

14 We could test the impact of missing age data by removing the age information for a random sample of rows 

where that information is present, and testing if and how the imputation results differ. 
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Checkpoint 2: During imputation, examine where bias 

could be introduced at each step 

Input data are not the only potential source of bias in data analysis; every methodological decision has 

the potential to bias the outcome. In imputing race and ethnicity, it is critical to both think about bias in 

a statistical sense (divergence from the “true” outcome) as well as racial bias, especially in cases where a 

decision may not harm – or may even improve – overall accuracy (reducing overall statistical bias), while 

differentially reducing accuracy of imputations for smaller race and ethnicity groups. For each step of 

the imputation process, we discuss how we incorporated equity into our methodological decisions. 

Sample Data 

In the randomly sample step, we sampled the ACS population estimates from a normal distribution 

based on the reported estimate and margin of error to account for uncertainty in the reported 

estimates. One concern we encountered was that, for the larger racial categories (non-Hispanic white 

and Hispanic), the ACS provides population counts broken down by race (e.g., non-Hispanic white 

population aged 18 -19, aged 20-25, etc. in a ZCTA), so we could randomly sample these estimates 

directly. However, for smaller racial categories, those population counts were only available by race 

alone or age range alone (e.g., total non-Hispanic Asian population in a ZCTA and the total population 

aged 18 – 19 in a ZCTA).15  

For these smaller racial groups, we randomly sampled these race and age totals and used an 

additional raking step to “fill in the blanks” to generate counts broken down by race/ethnicity and age 

range. We recognize that the availability of more precise ACS data for the Hispanic and non-Hispanic 

white groups likely yields more precise imputations for these groups. By accounting for the uncertainty 

of the ACS estimates in our analysis in checkpoint 3, we can effectively capture and communicate this 

uncertainty to data users. 

For some cases with small estimates and/or large margins of errors, our samples returned negative 

values. We replaced these negative values with zero, as we determined it was the best way to satisfy the 

 

 

15 We used these reported estimates to calculate the total non-Hispanic, non-white population in each age range by 

subtracting the non-Hispanic white and Hispanic population totals in age range X from the total population in age 

range X, and using formulas reported by Census to calculate the margin of error for this derived estimate. These 

calculated totals served as the row totals for the raking step.  



 

 1 8  
E T H I C S  A N D  E M P A T H Y  I N  U S I N G  I M P U T A T I O N  T O  D I S A G G R E G A T E  D A T A  F O R  R A C I A L  

E Q U I T Y :  A  C A S E  S T U D Y  I M P U T I N G  C R E D I T  B U R E A U  D A T A  [ D R A F T ]  
 

requirement of positive counts while mitigating the potential bias of over-representing the populations 

of groups with ACS population estimates of zero. We are, at the same time, communicating the 

potential for this to slightly overestimate small population counts across implicates. 

Raking 

Raking, or iterative proportional fitting, is a procedure that allows us to fill in table cells when the row 

and column totals are known (See Appendix B for an in-depth explanation). In our case, we knew the 

totals by race (column totals) and the totals by age range (row totals) and we used raking to generate 

the counts by race and age range together. As mentioned above, we only performed raking for smaller 

racial categories – all besides non-Hispanic white and Hispanic – where we needed to “fill in the blanks.”  

We were concerned that this selective application of raking could lead to less accurate results for 

the smaller racial categories. So we considered an alternate approach of performing raking for all race 

categories. However, early tests comparing the raking procedure at the national level against the 

Integrated Public Use Microdata Series (IPUMS) ACS microdata (which can be used to directly calculate 

estimates of counts by age and race at the national level) found that including all the race categories in 

raking yielded less accurate results overall, and particularly underestimated counts for the smaller race 

groups. Therefore, we concluded that our approach of applying raking to just the smaller racial groups 

was the most effective path forward to mitigate this bias.  

Another challenge we encountered is that the raking procedure requires the sum of the row totals 

(i.e., age counts) to equal the sum of the column totals (i.e., race counts). However, since we sampled the 

race and age counts independently from different ACS tables, this was almost never true. In order to 

satisfy this constraint, we treated the race totals (which ACS reports directly) as the “ground truth” and 

re-adjusted the age totals (which we calculated from multiple ACS estimates) to match.16 This means 

that the actual counts by age range within a sample may often be incorrect. We also tested a “rolling 

sampling” procedure, in which each sample is constrained by the results of the previous sample(s) to 

ensure that the row and column totals sum to the same value. However, we found that this forced many 

of the later-sampled totals to zero, especially in smaller geographies with higher margins of error for the 

 

 

16 We did this because we generated the sampled race totals from a single ACS variable, whereas the sampled age totals 

were generated from three different ACS variable (i.e., (Non-Hispanic, non-White population) = (Total Population) – (Non-

Hispanic White population) – (Hispanic population)). In other words, we trusted the sampled race totals more than we 

trusted the age totals. 
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age and race estimates. We therefore concluded that reweighting was the most effective route to 

satisfy the requirements of raking while mitigating potential bias. Though our testing concluded that 

our approach to each of these raking challenges was the best option, neither is a perfect solution and we 

therefore communicate the limitations to data users.  

Credit Invisibility Adjustment  

We adjusted the counts produced in the raking step downward to exclude the credit invisible 

population so that the adjusted counts represented the population with a credit record, matching the 

population represented in the credit bureau data. We made these adjustments using estimates from a 

CFPB report breaking down credit invisibility rates by age group and race/ethnicity. These data have 

several limitations that could introduce bias into our methodology:  

◼ The CFPB estimates are at the national level. We therefore must assume that these rates hold 

within age and race/ethnicity groups across the entire United States, which is likely untrue and 

may be particularly so for some geographic subgroups, such as rural areas or areas with large 

immigrant populations.  

◼ The CFPB estimates are from 2010, while the credit data are from 2013. If credit invisibility has 

changed differentially by race and ethnicity in that period, this could be a source of bias. 

◼ The CFPB aggregates data for multiple smaller race/ethnicity groups reported in the ACS into a 

single “other” category,17 which we apply to all the constituent groups. This masks potential 

heterogeneity in credit invisibility among these groups and is likely more accurate for the larger 

race/ethnicity groups within this “other” category. 

◼ The age ranges in the CFPB report don’t exactly match the age ranges present in the ACS data. 

For all groups older than 35, the CFPB data report smaller age ranges than the ACS data. For 

example, the ACS includes the range of 35 – 44, whereas the CFPB data report credit 

invisibility rates for both 35 – 39 and 40 – 44. To mitigate this mismatch, we took a simple 

average across the two age ranges, but this means that older individuals, especially those in 

geographies where there is an uneven mix of age ranges will likely have less accurate credit 

invisibility rates. 

 

 

17 These groups include Non-Hispanic American Indian and Alaska Native, Non-Hispanic Native Hawaiian and 

Other Pacific Islander, Non-Hispanic Some Other Race, and Non-Hispanic Two or More Races. 
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Unfortunately, we cannot mitigate these concerns without access to more timely and granular 

credit invisibility figures, which do not exist as of this writing. We ultimately concluded that failing to 

adjust for credit invisibility would introduce more bias than is likely to be introduced by using the 

available CFPB data – even with the issues outlined above. One limitation in our ability to accurately 

communicate these concerns is that the CFPB does not provide margins of error for the credit 

invisibility estimates, which means we cannot account for uncertainty in those estimates in our 

imputation process. 

Calculating Probabilities and Assigning Race/Ethnicity 

From the adjusted population counts, we calculated probabilities (i.e., proportions) by race/ethnicity 

group for each age range in the given geography. We then used the probability vector corresponding to 

the individual’s age and ZIP code to randomly assign the imputed race/ethnicity value. As discussed in 

checkpoint 1, the age and ZIP code variables are sometimes missing in the credit bureau data, in which 

case we used the proportions for the age group in a coarser geography (county or nation), if ZIP code 

was missing, and/or a coarser age group (all adults), if age was missing.  If our raking and sampling 

procedure returned zero total population for an individual’s age group and ZIP code, we would also use 

the coarser geography or age group probabilities to assign race/ethnicity for that individual. Table 3 

summarizes checkpoint 2 recommendations for when to take steps to mitigate bias and risk, 

communicate about the risks to other analysts or end users, or terminate the imputation process. 

TABLE 3 

Checkpoint 2 Summary 

Mitigate… Communicate… Terminate… 
◼ Differential accuracy/bias by 

testing multiple methods for 
impact across race/ethnicity 
groups and geography when 
unsure of the best approach.  
 

◼ Variable mismatches by using 
the best information available 
to combine across datasets. 

◼ Potential impact of data 
limitations and methodological 
decisions on accuracy of 
imputation results. 
 

◼ How data users can derive 
estimates from multiple 
implicates to accurately 
capture uncertainty in both 
the data and imputation 
process. 

◼ If it becomes overwhelmingly 
apparent at any point that the 
data present too many 
potential sources of bias and 
cannot support an accurate 
imputation process – such that 
the opportunity costs of 
completing imputation and 
proceeding to determine 
fitness for purpose in 
checkpoint 3 outweigh the 
potential benefits from 
imputation. 
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Checkpoint 3: After imputation, assess whether imputed 

race/ethnicity data are accurate enough to be used 

ethically for your analytical purpose 

Even with efforts to mitigate bias before and during imputation, some amount of inaccuracy is 

inevitable – just as any prediction or estimation from data is unlikely to be perfect. The question when 

imputing race and ethnicity onto datasets is whether the resulting data are accurate enough – both in 

terms of overall accuracy and differential accuracy across race/ethnicity groups – to be responsibly 

used. The answer to this question will vary based on the intended use. We assessed the fitness-for-

purpose of our resulting imputations through two key questions, below. 

How “accurate” is the imputed race/ethnicity variable? 

To measure the accuracy of the imputed race/ethnicity variable, we benchmarked our imputations 

against trusted aggregate statistics on population counts and proportions by race and ethnicity from 

the ACS. To create the ACS benchmarks, we adjusted the ACS data to exclude the credit invisible 

population (as outlined in the credit invisibility adjustment step above) and residents under 18 (using 

ACS microdata).18 In both adjustments, the accuracy is limited by only having national-level data and 

coarser race/ethnicity categories. These adjustments ensured that the population represented by our 

imputations (credit visible adults) matched the population we are using for benchmarking.   

Figure 2 shows that the population composition by race/ethnicity calculated from the imputed data 

reasonably tracks the adjusted ACS benchmarks, with the key observation that the implicates 

underestimate Black and Asian populations by 1.4 percentage points and 0.8 percentage points, 

respectively, and overestimate Hispanic populations by 2.3 percentage points.  

 

 

18 IPUMS publishes the ACS microdata, which can be used to estimate the share of each race/ethnicity group’s 

population that is over 18. The ACS microdata do not include Native Hawaiian and Other Pacific Islander as a 

separate race option, so we used the rate for other races. For more detail, see Steven Ruggles, et al., IPUMS USA: 

Version 11.0 [dataset], IPUMS, 2021, https://doi.org/10.18128/D010.V11.0. 

https://doi.org/10.18128/D010.V11.0
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FIGURE 2 

Population Composition by Race/Ethnicity from Implicates and ACS Benchmark 

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 

 

Sources: Authors’ analysis of 2013 data from a major credit bureau and 2011-2015 5-year ACS estimates, adjusted using CFPB 

estimates of credit invisibility, and estimates of the adult population calculated from IPUMS’ 2011-2015 ACS microdata. 

Notes: The race and ethnicity values in the credit bureau implicates are estimated via multiple imputation. The major credit 

bureau does not collect this information. 

Although these disparities are small in absolute terms, when evaluated as a share of each 

race/ethnicity group’s original population proportion, the picture is quite different, as shown in Figure 3 

below. For example, while the estimates of the Native Hawaiian and Other Pacific Islander population 

shares from the implicates and ACS benchmarks are only 0.04 percentage points apart, a very small 

absolute percentage point difference, this corresponds to a 33.3 percent difference between the 

implicates and the benchmark – the largest discrepancy among all race/ethnicity groups. This example 

highlights the need to be careful and use multiple evaluation metrics so you can holistically evaluate 

accuracy, especially for smaller race and ethnicity categories.  
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FIGURE 3 

Percent Disparity from ACS as a Percentage of Race/Ethnicity Group Prevalence 

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 

 

Sources: Authors’ analysis of 2013 data from a major credit bureau and 2011-2015 5-year ACS estimates, adjusted using CFPB 

estimates of credit invisibility, and estimates of the adult population calculated from IPUMS’ 2011-2015 ACS microdata. 

Notes: The race and ethnicity values in the credit bureau implicates are estimated via multiple imputation. The major credit 

bureau does not collect this information. 

When we look at the average percentage point discrepancy between our implicates and the ACS 

benchmarks at the state, county, and ZCTA level in Figure 4, we see a similar directional trend of 

overestimating Hispanic and underestimating Black and Asian population shares. As we move to the 

smaller ZCTA-level estimates the discrepancies generally get larger and we also overestimate the white 

population share.  
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FIGURE 4 

Average Discrepancy from ACS Benchmarks by Race/Ethnicity  

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 

Sources: Authors’ analysis of 2013 data from a major credit bureau and 2011-2015 5-year ACS estimates, adjusted using CFPB 

estimates of credit invisibility, and estimates of the adult population calculated from IPUMS’ 2011-2015 ACS microdata. 

Notes: The race and ethnicity values in the credit bureau implicates are estimated via multiple imputation. The major credit 

bureau does not collect this information. 

We don’t know whether these disparities from the “true” population proportions are because of 

inaccuracies in our imputation process or inaccuracies in our coarse adjustments to create the ACS 

benchmark. Specifically, our adjusted ACS benchmarks rely on national estimates of the adult and credit 

visible populations, so inaccuracies in the adjustments could be driving observed disparities at 

subnational levels. But the consistency of over- or under-estimates for Hispanic, Black, and Asian 

populations are cause for concern. 

To understand the potential drivers of this differential accuracy by race/ethnicity group, we 

examined the differences between the top and bottom 10 percent of ZCTAs where our imputations 

most and least accurately matched the ACS benchmarks. We find that our imputations are least 

accurate in more racially diverse ZCTAs and most accurate in racially segregated ZCTAs. On average, 

the largest race/ethnicity group represented 93.2 percent of the population in the most accurate 

ZCTAs, while it represented 58.2 percent of the population in the least accurate ZCTAs. The largest 

race/ethnicity group in the most accurate ZCTAs is always white or Hispanic. In the least accurate 

ZCTAs, the largest race/ethnicity group is Black nine times more frequently, and Asian eight times more 

frequently, than in all ZCTAs.  
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These discrepancies are likely the result of the greater accuracy of the ACS data for the white and 

Hispanic groups. By having smaller margins of error, the sampling step produced more consistent 

results for these groups. And, by directly reporting estimates by age for white and Hispanic groups, we 

were able to directly sample these groups instead of using raking to derive them. More accurate 

disaggregated race and ethnicity data from reliable providers like the Census is key for more reliable 

imputations in the future. Future research could explore whether not using age in imputation or using 

more coarse race/ethnicity groups could improve accuracy – though this would come at the cost of 

granular disaggregation.19 

All of the estimates in this report are calculated using 50 implicates. Because we account for the 

uncertainty of the ACS estimates and imputation process through random sampling, it stands to reason 

that with more implicates, we would converge towards a more consistent estimate. But that raises the 

question, how many implicates do users need to create? Interestingly, we found that our estimates 

converged in relatively few estimates, though the number of implicates needed for convergence did 

increase for estimates at smaller geographies. The results of our testing can be found in Appendix A. 

Users of multiple imputed race/ethnicity data can use similar tests to identify the appropriate number 

of implicates for their specific analytical use case. For more granular estimates, we recommend using a 

greater number of implicates. 

Is this “accurate enough” to ethically use for my analytical purpose? 

After confirming that our imputations reasonably tracked the ACS benchmarks (though there were 

concerns about inaccuracy especially for Hispanic, Black, and Asian residents) we then asked whether 

the imputations were “accurate” enough to use for equity analyses. Or, in other words, given the 

inaccuracies we measured in our imputed data, could we ethically use them to answer a given analytical 

question, or should we terminate the process? Answering this question involves examining the ethical 

implications of using the imputed data relative to the potential next-best dataset. Calculating estimates 

using multiple implicates (we used 50) is key to determining fitness-for-purpose, as this improves the 

 

 

19 We ran an exploratory test of collapsing the Native Hawaiian and Pacific Islander, Alaska Native and American 

Indian, all other races, and two or more races groups into one “other” category prior to the sampling step to assess 

whether this improved results but found no accuracy improvement. We did not test the impact of using location 

alone for imputation. 



 

 2 6  
E T H I C S  A N D  E M P A T H Y  I N  U S I N G  I M P U T A T I O N  T O  D I S A G G R E G A T E  D A T A  F O R  R A C I A L  

E Q U I T Y :  A  C A S E  S T U D Y  I M P U T I N G  C R E D I T  B U R E A U  D A T A  [ D R A F T ]  
 

precision of estimates and critically allows for the accurate calculation of the uncertainty of those 

estimates – which enables evidence-based conversations about fitness for ethical use.20 

For example, imagine you are the director of research for a state advocacy group that is seeking to 

make the case for race-conscious programs to support individuals with debt in collections. Without 

access to imputed race and ethnicity data, you would likely use the common approach of analyzing 

disparities for communities of color versus white communities, where individuals are identified as living 

in a white community if most residents in their ZIP code are white (over 60%) and as living in a 

community of color if most residents in their ZIP code are people of color (over 60%).21  We see in 

Figure 5 that the research director for an organization in Arizona and an organization in Michigan would 

see very similar patterns of racial disparity using these data.  

FIGURE 5 

Proportion in White Communities and Communities of Color with Any Debt in Collections  

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 

 Sources: Authors’ analysis of 2013 data by a major credit bureau and 2011-2015 5-year ACS estimates. 

Notes: The community type is estimated based on the ACS data on population by race and ethnicity for the ZIP code tabulation 

area of each observation in the credit bureau data. The major credit bureau does not collect this information. 

This approach offers a few key drawbacks for the research director. First, this approach does not 

allow for disaggregation within the broad “communities of color” category to enable more precise 

 

 

20 For more information on how to calculate the uncertainty of estimates derived from multiple implicates, see 

Appendix A. 

21 We consider all of the race/ethnicity groups in our analysis besides white as people of color, following the 

example from “Debt in America: An Interactive Map,” Urban Institute, March 31, 2021, http://urbn.is/2AnVzHa. 

http://urbn.is/2AnVzHa
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targeting. Second, this approach excludes people in communities where neither the white population 

nor population of color has a greater than 60 percent population share – or 23 and 6 percent of the 

credit bureau data observations in Arizona and Michigan, respectively. Third, while the disparity is large 

in both states, this approach does not enable the research director to estimate the uncertainty of these 

estimates – that is, how confident they can be that the observed difference is the result of true 

differences in outcomes rather than sampling variability. 

When we compare these results with the analysis of our imputed data by race and ethnicity shown 

in figure 6, we see that using the broad category of “communities of color” conceals critical 

heterogeneity between race/ethnicity groups.  

FIGURE 6 

Proportion Adults with Any Debt in Collections by Race/Ethnicity Group and State 

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 

Sources: Authors’ analysis of 2013 data by a major credit bureau. 

Notes: The race and ethnicity values for the credit bureau implicates are estimated via multiple imputation. The major credit 

bureau does not collect this information. 

Increased visibility allows for greater awareness, more effective targeting of programs, and for 

communities to organize and advocate for resources. For example, understanding these differences will 

enable the community organization in Arizona to advocate for culturally sensitive programming focused 

in American Indian and Alaskan Native communities, while the organization in Michigan may focus their 

work in Black communities. The small margins of errors around the estimates for these communities in 

Arizona and Michigan, respectively, and the fact that the estimates include the full population unlike the 

coarser alternative approach in figure 5, can give the research director and their target audiences 

confidence in the significance of the observed disparities. Moreover, the large magnitude of the 



 

 2 8  
E T H I C S  A N D  E M P A T H Y  I N  U S I N G  I M P U T A T I O N  T O  D I S A G G R E G A T E  D A T A  F O R  R A C I A L  

E Q U I T Y :  A  C A S E  S T U D Y  I M P U T I N G  C R E D I T  B U R E A U  D A T A  [ D R A F T ]  
 

disparity indicates that the results will be robust to the undercount of Black adults identified in our 

benchmarking. 

At smaller geographies, small numbers of observations and greater uncertainty in estimates from 

imputed data may limit its ethical use. For example, county-level data users in Michigan will quickly run 

into data limitations as only 15 of the 83 counties in Michigan have sufficient data to enable us to 

publish estimates for the Black population.22  

Wayne County, which houses the city of Detroit, has the largest Black credit visible population 

(563,171) of all counties in Michigan per our imputed data. Figure 7 shows that the imputed data can 

largely still support the identification of racial disparities in debt in collections at the county level in 

Wayne County, though notably there are insufficient data to estimate the proportion of the Native 

Hawaiian and Pacific Islander and all other races populations with debt in collections. Researchers using 

the imputed data to examine disparities in Wayne County may choose to procced and communicate its 

limitations or may choose to terminate the analysis if they feel that not having sufficient data to 

examine debt in collections for all race and ethnicity groups makes the data unfit for purpose.  

FIGURE 7  

Proportion Adults with Any Debt in Collections by Race/Ethnicity Group in Wayne County 

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 

Source: Authors’ analysis of 2013 data by a major credit bureau. 

 

 

22 We do not publish estimates based on less than 50 observations. It is responsible practice to suppress estimates 

based on small numbers of observations due to both data privacy and accuracy concerns at very small-n estimates. 

The precise number of estimates will vary based on your use case. 
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Notes: The race and ethnicity values for the credit bureau implicates are estimated via multiple imputation. The major credit 

bureau does not collect this information. 

Now imagine you are the Wayne County program director. Your task is to target grant funding to 

the neighborhoods that have the highest proportion of Black adults with debt in collections. Using our 

imputed data, you could easily calculate the proportion of Black adults with debt in collections in each 

ZCTA and choose the 10 percent of ZCTAs (roughly 7 of Wayne County’s 67) that have the highest 

values. But, you might ask yourself, how sure are you that these are “right” neighborhoods?  

Given the high uncertainty in the estimates at the ZCTA level, the answer is, “Not very.” In fact, to 

be confident that you have reached all neighborhoods that could be in the top 10 percent, you would 

have to provide funding to 18 neighborhoods – a roughly 260 percent expansion in the intended size of 

the program.23 And you know that the underrepresentation of Black adults in the imputed data revealed 

by benchmarking raises further concern about accuracy. For this geographic targeting purpose, the data 

precision needed is high and the ethical consequences of getting it wrong are considerable. One way to 

mitigate that risk is by expanding the program to account for uncertainty in targeting – but that is not 

always feasible. Another mitigation approach could be engaging community stakeholders to help gut 

check the estimates and provide additional information to complement the imputed data to inform 

targeting. Users should assess this risk against the risk associated with other data sources or program 

design approaches. If there is another approach that is lower risk (or even equal risk but easier to 

communicate to communities) such as using alternative data, the right choice may be to terminate use 

of imputed data for that analytical purpose. Table 4 summarizes checkpoint e recommendations for 

when to take steps to mitigate bias and risk, communicate about the risks to other analysts or end users, 

or terminate the imputation process. 

 

 

 

 

 

23 To calculate this, we identify the number of neighborhoods where any portion of the 95% confidence interval 

around the estimate of the proportion of Black adults with debt in collections is greater than or equal to the 90th 

percentile value for Wayne County of 74%. 18 ZCTAs in Wayne County met this condition.  
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TABLE 4 

Checkpoint 3 Summary 

Mitigate… Communicate… Terminate… 
◼ Skewed understanding of 

accuracy by using multiple 
evaluation metrics. 
 

◼ Inaccurate conclusions by 
using imputed data only for 
analyses where there are 
sufficient observations. 
 

◼ Ethical harms where 
uncertainty is higher by 
expanding policy coverage to 
account for uncertainty. 

◼ Uncertainty of estimates by 
accurately calculating margins 
of error and including in 
publications. 
 

◼ How imputed data were used 
to inform policy or 
programmatic decisions. 

◼ When uncertainty of 
estimates and consequences 
of that uncertainty (i.e., getting 
it wrong) are high – and there 
is another information source 
or decision-making approach 
that is lower risk. 
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Conclusion 
All data analysis carries some level of risk, and data imputation is no different. This includes some risks 

that we did not engage with in this case study, such as violating the personhood of individuals 

represented by the data, reidentification through disaggregation, and the potential use of these data by 

bad actors. For additional guidance on how to address those risks, we encourage producers and users of 

imputed data to read our Ethics and Empathy Standards Guide. 

Despite these many risks, data imputation can fil critical gaps in disaggregated data to give 

researchers, policymakers, and community leaders a chance to make more ethical and more equitable 

decisions. To realize the wide-ranging benefits that better, more granular data offer, producers and 

users of imputed data must mitigate the risks by proactively centering equity in their methodological 

decisions. This case study imputing race and ethnicity on credit bureau data surfaced the following key 

lessons for ethical imputation: 

◼ Equity must be considered in every decision: Discussions of racial bias in advanced analytics 

often focus on the risk of replicating racial bias in the input data. While the familiar adage 

“garbage in, garbage out” undoubtedly applies to imputation, it is important for analysts to 

check for bias in the input data and at every step of the process. Establishing ethics checkpoints 

before, during, and after analysis can help analysts mitigate bias at each step. Equally critical is 

ensuring that the background and experience of the key decisionmakers in every step of the 

imputation process reflect diverse perspectives – including from directly impacted 

communities – and establishing structures to hold researchers accountable to the checkpoint 

results. 

◼ Examine differential outcomes by race and ethnicity: Many of the potential sources of bias 

that we highlight in our checkpoints disproportionately impact smaller race and ethnicity 

groups and geographies due to smaller sample sizes and greater estimate uncertainty for these 

groups. It is therefore critical that each ethics checkpoint examine outcomes disaggregated by 

race. This includes both methodological decisions (e.g., selecting a sampling method) and 

evaluating fitness for purpose (e.g., benchmarking against race/ethnicity disaggregated 

statistics). Aggregate quality checks can conceal disparate accuracy across race/ethnicity 

groups that can serve to further reinforce racial disparities when those data are used. 

◼ Communication is key: Most of the risks that we highlight throughout this document are 

inherent to data analysis. The additional risk posed by imputation, like other advanced data 

https://www.urban.org/research/publication/ethics-and-empathy-using-imputation-disaggregate-data-racial-equity
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analysis methods, is that the layers of complexity between the input data sources and output 

imputations make it harder for end users to identify potential bias. Transparency about the 

analytical decisions and the resulting limitations for use of the imputed data is critical. This also 

includes accurately calculating the margins of error for estimates derived from multiple 

implicates and clearly communicating them to users. 

◼ Fitness for purpose must be examined in context: While producers of imputed data can 

broadly assess the accuracy of imputations by benchmarking against trusted statistics, users 

must determine fitness for purpose for each specific analytical case. They should evaluate 

whether the estimates are precise enough to draw accurate conclusions. Data producers can 

support these efforts by including as much information as possible in their data release, 

including using multiple imputation to provide measures of uncertainty of imputed statistics. If 

concerns about imprecision are identified, users should engage impacted communities to weigh 

potential risks of making decisions using imprecise imputed estimates against risks of using the 

next-best data available.  

In future work, we hope to test different changes to our imputation methodology to improve the 

results – including the concerning undercount of Black and Asian adults and overcount of Hispanic 

adults that we identified in our benchmarking. This includes testing using only the location to impute 

race and ethnicity, testing other sampling approaches, using alternate approaches to raking to produce 

the race/ethnicity-by-age counts, and incorporating other data sources alongside ACS and/or other 

modeling approaches to produce the probabilities of membership in each race/ethnicity group.  We 

would also like to implement the recommendations offered in our Standards Guide on models to 

effectively bring community voice into the imputation process, create accountability structures for 

researchers, and share lessons learned from that process with the field. 

  

https://www.urban.org/research/publication/ethics-and-empathy-using-imputation-disaggregate-data-racial-equity
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Appendix A. Detailed Methodology 
For this case study, we imputed a combined race and ethnicity variable on a dataset representing a 

random 2% sample of all adults with credit records in the United States from a major credit bureau. The 

credit data does not publish the race and ethnicity of the individuals in the data, but it does publish their 

age and ZIP code. We use these fields to impute race and ethnicity on the data in the following steps: 

Step 1. Gather Data 

We used the following key datasets in our imputation methodology: 

◼ Credit bureau data: A 2 percent random sample of all individuals with credit records in the 

United States in August 2013, provided by a major credit bureau. We use the ZIP code (or 

county, when ZIP code is missing) and age variables for imputation. We also use variables on 

the amount of internal debt and external debt in collections to calculate a binary variable 

indicating whether each individual has any debt in collections,24 which we use in our fitness for 

purpose analysis. The credit bureau data includes individuals in US territories that are not 

included in the ACS data.25 We had to drop these records (n = 4,302) from our analysis. 

◼ American Community Survey (ACS) data:26 2011-2015 five-year ACS estimates of population 

counts by race/ethnicity and age by geography. We use two different tables of 5-year ACS data 

at three levels of geography. We used table B01001, sub-tables A through I (Sex by Age) and 

table B03002 (Hispanic or Latino Origin by Race). For each table, we collected data at the 

ZCTA, county, and national level. The estimates in these tables are reported disaggregated by 

gender, but we collapsed the gender variable in these data and calculated estimates for the 

total population because gender is not available in the credit bureau file. 27  We determine the 

 

 

24 We followed the variable definition used in Urban’s Debt in America feature. See “Debt in America: An 

Interactive Map,” Urban Institute, March 31, 2021, http://urbn.is/2AnVzHa. 

25 These include Palau, the Marshall Islands, the Federated States of Micronesia, Guam, American Samoa, Northern 

Mariana Islands, and the Virgin Islands. 

26 See “American Community Survey (ACS),” US Census Bureau, accessed July 2, 2021, 

https://www.census.gov/programs-surveys/acs. 

27 We use formulas provided by Census to calculate an estimate and margins of error for the total population, as the 

credit bureau data do not include gender. The formulas provided by the Census to approximate margins of error in 

https://apps.urban.org/features/debt-interactive-map/?type=overall&variable=pct_debt_collections
http://urbn.is/2AnVzHa
https://www.census.gov/programs-surveys/acs


 

 3 4  
E T H I C S  A N D  E M P A T H Y  I N  U S I N G  I M P U T A T I O N  T O  D I S A G G R E G A T E  D A T A  F O R  R A C I A L  

E Q U I T Y :  A  C A S E  S T U D Y  I M P U T I N G  C R E D I T  B U R E A U  D A T A  [ D R A F T ]  
 

race/ethnicity categories that we would impute based on the available race/ethnicity 

categories in the ACS data: Non-Hispanic White alone, Non-Hispanic Black or African 

American alone, Non-Hispanic American Indian and Alaska Native alone, Non-Hispanic Asian 

alone, Non-Hispanic Native Hawaiian and Other Pacific Islander, Non-Hispanic Some Other 

Race, Non-Hispanic Two or More Races, and Hispanic. We used these categories because they 

are the race and ethnicity breakdowns available from the ACS, though we recognize that these 

categories may not accurately reflect the self-identity of individuals in the credit bureau data 

and may conceal important differences within groups.  

Our credit bureau data reports the ZIP code where each individual resides. But the ACS only 

makes available demographic data at the ZCTA level. ZIP codes and ZCTAs sometimes overlap 

perfectly, but not always. To account for this, we use a ZIP-code-to-ZCTA crosswalk to assign 

ZCTAs to the credit data. The crosswalk is sourced from the American Academy of Family 

Physicians Uniform Data System (UDS) for 2015, 28 and we simply join the file by ZIP code to 

the credit bureau data to add a ZCTA column. We used the Wayback Machine to find historical 

crosswalks but could not find the crosswalk for 2013. The 2015 crosswalk represents the 

closest in time and greatest degree of overlap among the crosswalks we could find. However, 

the slight time difference could introduce some error in our ZIP-to-ZCTA mapping. A small 

number (0.04%) of the ZIP codes in the credit bureau data could not be mapped to ZCTAs using 

our crosswalk. In these cases, we used the county data (or national, when both ZCTA and 

county were missing) from the ACS to perform the imputation. 

◼ CFPB credit invisibility data: Data from the CFPB on the percentage of individuals without a 

credit record (i.e., “credit invisible”) in the US by race and age (Brevoort, Grimm, and 

Kambara 2015). We used these data to adjust the ACS population estimates to reflect 

individuals with a credit record as described in the “randomly sample” step below. 

 

 

such cases are likely to be less accurate for small populations or groups with zero population. This means that, for 

small populations and smaller race/ethnicity groups, we likely underestimate the uncertainty. 

28 See “ZIP Code to ZCTA Crosswalk,” UDS Mapper, accessed July 2, 2021. https://udsmapper.org/zip-code-to-

zcta-crosswalk/. 

https://www.urban.org/urban-wire/combining-racial-groups-data-analysis-can-mask-important-differences-communities
https://udsmapper.org/zip-code-to-zcta-crosswalk/
https://udsmapper.org/zip-code-to-zcta-crosswalk/
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Step 2. Randomly Sample 

To accurately reflect the uncertainty associated with the ACS estimates in our imputation process, we 

first generated a copy of the data by sampling from a normal distribution with the count estimate as the 

mean and the standard deviation equal to the reported 90 percent margin of error of that count divided 

by 1.645 (i.e., the ACS reported standard error). We sampled the following estimates from the ACS: 

◼ Hispanic population by age and non-Hispanic white population by age: The ACS publishes the 

race/ethnicity by age range estimates for the Hispanic and non-Hispanic white populations, 

while it does not directly publish population counts by age-range for other race and ethnicity 

groups (e.g., non-Hispanic Black age 35-44). Therefore, we can directly sample the 

race/ethnicity by age range estimates for the Hispanic and non-Hispanic white populations, 

while we need to use the raking procedure described later in this appendix to produce the 

race/ethnicity-by-age-range estimates for other groups. It is possible that using these different 

procedures for different race and ethnicity groups could be a source of bias in our analysis. 

Since the raking procedure adds an additional layer of variability to our estimates of the count 

of non-Hispanic and non-white race/ethnicity groups, our imputations could be less accurate 

for those groups. We ultimately decided to use this approach for two reasons: first, we wanted 

to use the best information available to produce our estimates, which would mean using the 

available age-by-race-and-ethnicity estimates for the Hispanic and non-Hispanic white 

population; and, second, any additional variability caused by raking is unlikely to be consistently 

biased from the true value in a given direction, which means that producing enough implicates 

should produce a consistent estimate.  

◼ Total population by race/ethnicity group: We sampled the total population by race/ethnicity 

for each geography of interest. These estimates were used as the column constraints for our 

raking procedure in step 3. 

◼ Total non-Hispanic, non-white population by age range: Because the ACS does not directly 

publish these estimates, we calculated this ourselves by subtracting the total Hispanic 

population and total non-Hispanic white population for a given age range from the total 

population for that age range and then calculated the margin of error for this derived estimate 
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using the ACS formulas.29  We then used the calculated estimate and margin of error to sample 

the row constraints for our raking procedure in step 3. 

We performed this sampling for the ACS estimates at the ZCTA, county, and national level. Based 

on guidance from the Census, we truncated any negative counts produced using this sampling 

procedure (such as in cases of small-count estimates with large standard deviations) at 0. This may skew 

our samples to the right, as we are left with only positive or zero counts. However, this was necessary to 

satisfy the technical constraints for the rest of our imputation procedure.    

We also considered using a truncated normal distribution to perform the sampling but found that 

this more severely inflated the counts of race/ethnicity groups with zero-count estimates from the ACS, 

as the truncated normal distribution has a low probability mass for values near zero. And, since using a 

truncated normal distribution, wasn’t recommended by the Census, we accordingly decided to use the 

manual truncation at 0. We recognize that this may underrepresent the true uncertainty associated 

with zero-count estimates.  

The raking procedure we subsequently used in step 3 to calculate the counts by race/ethnicity and 

age for the non-Hispanic and non-white race/ethnicity groups required that the row constraints (count 

of non-Hispanic, non-white population by age) and column constraints (total population by 

race/ethnicity group) summed to the same total amount, representing the total non-Hispanic and non-

white population across all age and race/ethnicity groups. However, by independently sampling the row 

and column constraints, there was no guarantee that this would be the case (and it almost never was). 

To ensure that the row and column constraints summed to the same total, we took the sum of the 

column constraints and set it as the “ground truth” total population, which the row constraints must 

sum to. We then reweighted the row constraints as shown in the toy example with three race/ethnicity 

and age groups in Table A.1 below. 

 

 

 

29 We use formula (1) given in this document as described for aggregating across population subgroups on p54-55. 

https://www.census.gov/content/dam/Census/library/publications/2018/acs/acs_general_handbook_2018_ch08.p

df Note that in the case that multiple of the subgroups have zero count estimates, the Census recommends using 

only one of the zero-estimate variance terms in the MOE calculations. See p21 of this document for more 

details  https://www2.census.gov/programs-

surveys/acs/tech_docs/accuracy/MultiyearACSAccuracyofData2010.pdf. 

https://www.census.gov/content/dam/Census/library/publications/2018/acs/acs_general_handbook_2018_ch08.pdf
https://www.census.gov/content/dam/Census/library/publications/2018/acs/acs_general_handbook_2018_ch08.pdf
https://www2.census.gov/programs-surveys/acs/tech_docs/accuracy/MultiyearACSAccuracyofData2010.pdf
https://www2.census.gov/programs-surveys/acs/tech_docs/accuracy/MultiyearACSAccuracyofData2010.pdf
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TABLE A.1 

Originally sampled row and column constraints 

 
non-Hispanic Black count 

= 225 
non-Hispanic Asian count 

= 100 
Non-Hispanic Native 
Hawaiian count = 75 

Non-Hispanic, non-white 
18-21 population = 50 

   

Non-Hispanic, non-white 
21-25 population = 100 

   

Non-Hispanic, non-white 
26-30 population = 50 

   

Note: Grey cells to be filled in with raking procedure. 

We saw that the sampled column constraints summed to 400 and the sampled row constraints 

summed to 200. We reweighted the row constraints so the new totals summed to 400 while 

maintaining the relative population share of the sampled age groups as follows in Table A.2 

TABLE A.1 

Reweighted sampled row and column constraints 

 
non-Hispanic Black count 

= 225 
non-Hispanic Asian count 

= 100 
Non-Hispanic Native 
Hawaiian count = 75 

Non-Hispanic, non-white 
18-21 population = 400 * 

(50/200) = 100 
   

Non-Hispanic, non-white 
21-25 population = 400 * 

(100/200) = 200 
   

Non-Hispanic, non-white 
26-30 population = 400 * 

(50/200) = 100 
   

Note: Grey cells to be filled in with raking procedure. 

Because we ultimately used the race/ethnicity proportions within each age group to perform the 

imputation, and not the counts, we felt that this approach would enable us to meet the requirements of 

the raking procedure while maintaining the key information from sampling. We decided to use the sum 

of the column constraints as our “true total” that we would reweight the row constraints to meet – 

versus reweighting the column constraints to equal the row constraints – because we directly sampled 

the column constraints from published ACS estimates and margins of error. On the other hand, we 

sampled each row constraint from a manually derived estimate which relied on three different ACS-

reported variables and therefore had higher margins of error.  

We considered using a chained sampling procedure to sample the row constraints instead of 

reweighting. This would have involved sampling each age group sequentially, where the first age group 

sampled has a truncated lower bound of 0 and a truncated upper bound of the sum of the column 

constraints (the total non-Hispanic, non-white population). The second age group would then have an 
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updated truncated upper bound of the sum of the column constraints minus the sampled estimate for 

the first age group, and so forth. However, our testing found that the order in which the age groups 

were sampled significantly influenced the outcome, with the first age groups largely using up the 

available population and forcing the later age groups to 0. This was especially true for smaller 

geographies (e.g., ZCTAs) which had larger margins of error for the age group estimates. We felt that 

this would likely skew the accuracy of our imputation results, so we decided to adopt the reweighting 

approach.  

One challenge that we encountered with the reweighting approach was how to handle situations 

where the sampled column constraints (i.e., race constraints) had a non-zero total, but all of the row 

constraints (i.e., age constraints) were sampled with zero estimates, and vice versa. In either case, it 

would be impossible to use reweighting to make the row and column constraints sum to the same total. 

In the former case, we decided to re-sample the age constraints until we had some non-zero results. 

This could potentially introduce upward bias in the relative population shares of the non-white and non-

Hispanic race groups by age range by requiring non-zero counts. In the latter case, we decided to set the 

age constraints and all of the raking cell values to zero. This could potentially introduce downward bias 

in the relative population shares of the non-white and non-Hispanic race groups by age range by forcing 

the counts to zero. We treated these cases differently, as we choose to regard the sum of the column 

constraints as the “true total” in our reweighting procedure above.  

Step 3. Rake Counts 

We used a technique called iterative proportional fitting, or “raking,” to estimate race-and-ethnicity-by-

age cross-tabulation estimates, essentially using the existing data on the population by age group and 

by race/ethnicity to estimate the full cross-tabulations. As mentioned in the first “gather data” step, 

because B01001 does report cross-tabulation estimates for non-Hispanic white by age and Hispanic by 

age, we only performed this procedure for the remaining Non-Hispanic racial categories (excluding 

Non-Hispanic white).  

To improve the performance of the raking process, we set initial seeds for the age-range by 

race/ethnicity cells, which were used as the starting point for the algorithm. To set the seeds, we 

multiplied the count by age group and race alone from B01001 (e.g., Black age 45-54) by the proportion 

of the overall race population that is non-Hispanic from B03002 (e.g., percent of Black population that is 

non-Hispanic) as shown in Table A.3 below, continuing our toy example with three race/ethnicity and 

age groups.  
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TABLE A.3 

Initial “seed” values 

 
Non-Hispanic Black 

count = 225 
Non-Hispanic Asian 

count = 100 
Non-Hispanic Native 
Hawaiian count = 75 

Non-Hispanic, non-white 
18-21 population = 100 

Initial seed = 80 (Black 
population 18-21) * 0.75 

(proportion of Black 
population that is non-

Hispanic) = 60 

Initial seed = 50 (Asian 
population 18-21) * 0.9 

(proportion of Asian 
population that is non-

Hispanic) = 45 

Initial seed = 40 (Native 
Hawaiian population 18-
21) * 0.8 (proportion of 

Native Hawaiian 
population that is non-

Hispanic) = 32 

Non-Hispanic, non-white 
22-25 population = 200 

Initial seed = 100 (Black 
population 22-25) * 0.75 

(proportion of Black 
population that is non-

Hispanic) = 75 

Initial seed = 40 (Asian 
population 22-25) * 0.9 

(proportion of Asian 
population that is non-

Hispanic) = 36 

Initial seed = 35 (Native 
Hawaiian population 22-
25) * 0.8 (proportion of 

Native Hawaiian 
population that is non-

Hispanic) = 28 

Non-Hispanic, non-white 
26-30 population = 100 

Initial seed = 120 (Black 
population 26-30) * 0.75 

(proportion of Black 
population that is non-

Hispanic) = 90 

Initial seed = 40 (Asian 
population 26-30) * 0.75 

(proportion of Asian 
population that is non-

Hispanic) = 36 

Initial seed = 25 (Native 
Hawaiian population 26-
30) * 0.8 (proportion of 

Native Hawaiian 
population that is non-

Hispanic) = 20 

While the assumption that the share of the total population that is non-Hispanic is constant across 

age groups is likely incorrect, this provided informed starting seeds for raking that improved the 

accuracy of the output relative to random seeds in our tests. However, if this assumption is truer for 

some race/ethnicity groups than others, this could yield results that are differentially accurate by 

race/ethnicity group.  

We see in table A.3 above that the seed values in each row and column do not sum to the row and 

column constraints, respectively. The raking procedure iteratively updates those seed values to identify 

the optimal cell values for the race/ethnicity-by-age group counts that sum to the row and column 

constraints (Lomax and Norman 2016). In brief, one step of the raking algorithm first scales the seed 

values to sum to the row constraints and then scales the updated values to sum to the column 

constraints. This step is repeated until the algorithm converges when the total absolute change in cell 



 

 4 0  
E T H I C S  A N D  E M P A T H Y  I N  U S I N G  I M P U T A T I O N  T O  D I S A G G R E G A T E  D A T A  F O R  R A C I A L  

E Q U I T Y :  A  C A S E  S T U D Y  I M P U T I N G  C R E D I T  B U R E A U  D A T A  [ D R A F T ]  
 

values between two steps is less than a specified tolerance value. For our analysis, we set this value at 

0.10.30 A possible result of the raking algorithm,31 using our toy example, is shown in table A.4 below.    

TABLE A.4 

Fitted values 

 
Non-Hispanic Black 

count = 225 
Non-Hispanic Asian 

count = 100 
Non-Hispanic Native 
Hawaiian count = 75 

Non-Hispanic, non-white 
18-21 population = 100 

65 20 
15 

 

Non-Hispanic, non-white 
22-25 population = 200 

100 65 35 

Non-Hispanic, non-white 
26-30 population = 100 

60 15 25 

Step 4. Adjust Counts 

Before we were ready to impute, we had to adjust our raked race/ethnicity-by-age group numbers to 

exclude the “credit invisible” population. We used nationally reported credit invisibility statistics 

reported by the CFPB to adjust the population counts downward. To calculate appropriate age-by-race-

and-ethnicity adjustments, we used Table 8 of the report’s appendix, calculating weighted averages to 

aggregate the more granular age groups in the CFPB report to the ACS age groups.32 We then reduced 

the counts in our ACS cells by the credit invisible percentage so that the remaining counts represented 

the credit visible population within each race/ethnicity and age range group and therefore were 

comparable to the credit bureau data. We show this adjustment using our toy example in table A.5 

below, but note that, in addition to performing this adjustment for the raked values, we also adjusted 

the directly sampled values for non-Hispanic white and Hispanic populations by age. 

 

 

30 It is also possible that the algorithm may never converge, in which case we specify for the algorithm to stop early 

after 1,000 iterations. While this happens fairly rarely, it is more common in cases where there are many zero 

values in the row or column constraints.  

31 These numbers are produced by the authors as an illustrative example, not by the raking algorithm.  

32 In all cases where the CFPB and ACS age groups did not align, the CFPB age group split the ACS age group in half. 

For example, the CFPB reports credit invisibility for age 35-39 and age 40-44 while the ACS reports population for 

age 35-44. To calculate credit invisibility for 35-44, we just took the average of the 35-39 and 40-44 figures. This 

assumes that the population is uniformly distributed between these two halves of the age range, but we do not 

have more granular population estimates to calculate a weighted average. 

https://files.consumerfinance.gov/f/201505_cfpb_data-point-credit-invisibles.pdf
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TABLE A.5 

Table of credit invisibility adjusted values 

 Non-Hispanic Black Non-Hispanic Asian 
Non-Hispanic Native 

Hawaiian 

Age 18-21 
65 * 60% credit visible = 

39 
20 * 70% credit visible = 

14 
15 * 60% credit visible = 9 

 

Age 22-25 
100 * 70% credit visible = 

70 
65 * 80% credit visible = 

52 
35 * 80% credit visible = 

28 

Age 26-30 
60 * 75% credit visible = 

45 
15 * 80% credit visible = 

12 
25 * 80% credit visible = 

20 

These data have several limitations that could introduce bias into our methodology:  

◼ The CFPB estimates are at the national level. We therefore must assume that these rates hold 

within age and race/ethnicity groups across the entire United States, which is likely untrue and 

may be particularly so for some geographic subgroups, such as rural areas or areas with large 

immigrant populations.  

◼ The CFPB estimates are from 2010, while the credit data are from 2013. If credit invisibility has 

changed differentially by race and ethnicity in that period, this could be a source of bias. 

◼ The CFPB aggregates data for multiple smaller race/ethnicity groups reported in the ACS into a 

single “other” category,33  which we apply to all the constituent groups. This aggregation masks 

potential heterogeneity in credit invisibility among these groups and is likely more accurate for 

the larger race/ethnicity groups within this “other” category. 

◼ The age ranges in the CFPB report don’t exactly match the age ranges present in the ACS data. 

For all groups older than 35, the CFPB data reports smaller age ranges than the ACS data. For 

example, the ACS includes the range of 35 – 44, whereas the CFPB data reports credit 

invisibility rates for both 35 – 39 and 40 – 44. To mitigate this mismatch, we took a simple 

average across the two age ranges, but this means that older individuals, especially those in 

geographies where there is an uneven mix of age ranges. will likely have less accurate credit 

invisibility rates. 

 

 

33 These include Non-Hispanic American Indian and Alaska Native, Non-Hispanic Native Hawaiian and Other 

Pacific Islander, Non-Hispanic Some Other Race, and Non-Hispanic Two or More Races groups. 
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Step 5. Calculate Probabilities and Assign Race 

We converted our raked and sampled counts by race/ethnicity, age group, and location (i.e., ZCTA, 

county, and nation) into proportions and created a vector of race/ethnicity probabilities for each 

combination of age group and location. We show this calculation for our toy example in table A.6 below. 

TABLE A.6 

Table of race/ethnicity probabilities by age 

 Non-Hispanic Black Non-Hispanic Asian 
Non-Hispanic Native 

Hawaiian 

Age 18-21 39 / 62 = 0.63 14 / 62 = 0.23 9 / 62 = 0.14 

Age 22-25 70 / 150 = 0.47 52 / 150 = 0.34 28 / 150 = 0.19 

Age 26-30 45 / 77 = 0.58 12 / 77 = 0.16 20 / 77 = 0.26 

We then merged these probabilities onto the credit bureau data by the age and location of each 

observation. In the cases where an individual’s ZCTA was missing in the credit bureau data, we used the 

race/ethnicity data of the individual’s age group (if present) for the county (or for the nation, if county 

was also missing). If an individual’s age group was missing in the credit bureau data, we used the 

race/ethnicity data for all adults at the smallest available geography. We also encountered the case 

where the individual’s age and location may be present in the credit bureau data, but the sampling and 

raking steps produced a total population of zero in the given age group and location. In that case, we 

first tried to use the probabilities for the population over 18 for that location, and if that was also 

missing we used the age range probabilities for that age range in the next coarser geography until we 

had non-missing data.  

At this point we had credit bureau data appended with a vector of race/ethnicity probabilities for 

each record. We then randomly assigned race/ethnicity to each observation in the credit bureau data 

based on the probabilities in this vector. For example, if an individual’s vector was 30 percent Hispanic, 

70 percent Non-Hispanic White and 0 percent for all other racial categories, then there would be a 30 

percent probability of assigning Hispanic and a 70 percent probability of assigning non-Hispanic white 

as the race/ethnicity for that observation. 

Step 6. Creating Multiple Implicates 

This process produces a single race and ethnicity variable. While a single implicate may be fairly 

accurate at the national level, the variation introduced by the input datasets and imputation process can 

yield inaccurate results for smaller sub-populations. However, when we repeat the process multiple 
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times and average across all the implicates, we should be able to obtain accurate estimates. Moreover, 

using multiple implicates to calculate estimates from the imputed data allows users to accurately 

estimate the variance, as we can account for the variation introduced by the imputation process and 

measurement error in the input data sources.  

For our analysis, we repeated each of the steps in the above process 50 times to create 50 different 

implicates. Each implicate uses a different set of randomly sampled ACS data as described in the 

“randomly sample” step as the basis for that specific imputation. Because the ACS datasets for each 

implicate were created by randomly drawing from the counts and standard errors reported, we ensured 

each implicate captures variation introduced by the margins of error reported in the ACS data. 

Additionally, by randomly assigning the final race/ethnicity variable based on the generated 

probabilities in the “calculate probabilities and assign race” step, we ensured that each implicate 

captures the variation introduced by the imputation process. 

Calculating Estimates and Variances Using Multiple 

Implicates 

We used the 50 implicates to calculate several estimates, and the margins of error of those estimates, 

used in checkpoint 3, as described in the body of this report. To accurately calculate estimates and 

margins of error using multiple implicates, we followed the methodology for calculating inferences from 

multiply-imputed, partially synthetic datasets in Reiter (2003) and Kim, Drechsler, and Thompson 

(2019). Reiter (2003) outlines four quantities needed to calculate estimates across m implicates  

Calculating the estimate: 

�̅�𝑚 =  ∑
𝑞𝑖

𝑚

𝑚

𝑖=1

 

Calculating variance between implicates: 

𝑏𝑚 =  ∑
(𝑞𝑖 −  �̅�𝑚)2

𝑚 − 1

𝑚

𝑖=1

 

Calculating average variance within each implicate: 

�̅�𝑚 =  ∑
𝑣𝑖

𝑚

𝑚

𝑖=1

 

Calculating the variance of the estimate: 

𝑇𝑚 =  
𝑏𝑚

𝑚
+  �̅�𝑚 
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Where qi is equal to the estimate in a single implicate, vi is equal to the variance of that estimate in a 

single implicate, and m is the number of implicates. The 95 percent confidence interval for the estimate 

�̅�𝑚 can be calculated by taking 1.645 * √𝑇𝑚  where 𝑇𝑚 is the variance of the estimate, √𝑇𝑚  is the 

standard error of the estimate, and 1.645 is the 95 percent critical value.  

We did encounter a few edge cases when implementing this methodology: 

◼ Calculating averages of a variable by imputed race/ethnicity and geography: It is possible that 

some implicates will assign some observations in a given geography (e.g., ZCTA X) to a given 

race/ethnicity (e.g., Hispanic), while other implicates assign no observations in that geography 

to the given race/ethnicity. To calculate, for example, the proportion of Hispanic individuals in 

ZCTA X with debt in collections, we decided based on consultations with experts in the field 

that the best approach is to drop the implicates where no individuals are assigned Hispanic in 

ZCTA X when calculating �̅�𝑚 and setting m in that equation to the number of non-missing 

implicates. As a best practice, we recommend analysts report the number of implicates used in 

the calculation in addition to the estimate and margin of error in any data releases.  

◼ Calculating population counts by imputed race and ethnicity and geography: Using the same 

example above, if we wanted to estimate the population counts by race/ethnicity in ZCTA X, we 

could use 0 as the implicate estimate 𝑞𝑖  of the Hispanic population count for those implicates 

that do not assign any observations in ZCTA X the Hispanic race/ethnicity. However, there is no 

clear guidance on how to calculate the sample variance 𝑣𝑖  of the 0-count estimates in those 

implicates in order to calculate �̅�𝑚. For the purposes of this analysis, we decided to impute the 

“missing” 𝑣𝑖  values with one half of the variance for a count estimate of one, which we felt was a 

reasonable value in this case. In future analyses, we would test different imputation strategies 

to verify that our results were robust to this choice.  

◼ Calculating estimates for very small sub-populations: When calculating estimates for small 

sub-populations, such as a single race/ethnicity group at the ZCTA or county level, one might 

find oneself using a very small number of observations to perform the calculation. As a best 

practice, we suppressed any estimate where the average number of observations used across 

implicates was less than 50.  
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Appendix B. Discrepancy from ACS 

Benchmark by Number of Implicates 
FIGURE B.1 

State Level 

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 
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Sources: 2013 data by a major credit bureau and 2011-2015 5-year American Community Survey (ACS) estimates adjusted using 

Consumer Financial Protection Bureau estimates of credit invisibility and estimates of the adult population calculated from the 

2011-2015 ACS microdata from IPUMS. 

Notes: The race and ethnicity values in the credit bureau implicates are estimated via multiple imputation. The major credit 

bureau does not collect this information. Shows only geography and race/ethnicity group combinations where all implicates 

include at least 50 observations. 

FIGURE B.2 

County Level for 20 Randomly Selected Counties 

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 

Sources: Authors’ analysis of 2013 data from a major credit bureau and 2011-2015 5-year ACS estimates, adjusted using CFPB 

estimates of credit invisibility, and estimates of the adult population calculated from IPUMS’ 2011-2015 ACS microdata. 

Notes: The race and ethnicity values in the credit bureau implicates are estimated via multiple imputation. The major credit 

bureau does not collect this information. Shows only geography and race/ethnicity group combinations where all implicates 

include at least 50 observations. 
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FIGURE B.3 

ZCTA Level for Ten Randomly Selected ZCTAs  

[Preliminary results, to be revised, updated, and published on www.urban.org pending final review.] 

Sources: Authors’ analysis of 2013 data from a major credit bureau and 2011-2015 5-year ACS estimates, adjusted using CFPB 

estimates of credit invisibility, and estimates of the adult population calculated from IPUMS’ 2011-2015 ACS microdata. 

Notes: The race and ethnicity values in the credit bureau implicates are estimated via multiple imputation. The major credit 

bureau does not collect this information. Shows only geography and race/ethnicity group combinations where all implicates 

include at least 50 observations. 
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