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Abstract: We discuss two studies that utilize administrative tax data for poverty and mobility 
research in Washington, DC. As cities and states continue to vary in the level and type of social 
policy interventions, administrative data can provide unique opportunities to assess the efficacy 
of these local policy reforms. For state and local social policy research questions, we contend 
that administrative data are oftentimes favorable to survey data along the criteria of sample size, 
accuracy of both income and program participation, and the opportunity to use panel data 
econometric methods. Such administrative data can be supplemented in a variety of ways to 
further strengthen it. Overall, both survey and administrative data have unique features and 
should be viewed as complements to one another, not substitutes.   
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1. Introduction 

State and local government implementation of labor market and social policy in the 

United States has evolved since the 1980s, such that subnational governments are increasingly at 

the forefront of developing and implementing reforms for low-income residents (Gainsborough 

2003; Guzman et al. 2013; Watson & Gold 1997). As a result, researchers are increasingly 

turning their attention to local social policy evaluation. For example, compared to the 1970s and 

1980s when welfare spending on core services held relatively constant, spending on these 

services for the poor—mainly cash assistance—fell from roughly $19 billion to $9 billion 

between 1995 and 2000 as the 1996 welfare reform law further devolved program spending 

authority to states (Bitler & Hoynes 2016). In addition, 25 states and the District of Columbia 

now administer refundable earned income tax credit (EITC) programs for the working poor that 

supplement the federal EITC (CBPP 2016), and 29 states plus the District of Columbia currently 

have minimum wages above the federal level (US DOL 2016). In order to assess the 

effectiveness of these sub-national programs, administrative data sets can serve as useful tools to 

explore questions related to social policy and related socio-economic outcomes.  

Here, we discuss a set of research projects exploring economic well-being and the 

effectiveness of public policies in the District of Columbia (DC) using city-level administrative 

tax data—projects that each us have contributed to either directly as co-authors or indirectly via 

consultation and research assistance. The first study, Hardy et al. (2015), focuses on the EITC 

and its effect on poverty in DC; the second study, Brown-Robertson et al. (2016), focuses on the 

EITC as a policy to help households buffer against the budgetary pressures induced by 

gentrification. While this set of research studies focuses on Washington, D.C., a deeper 
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understanding of poverty, gentrification, and the effectiveness of local social policy responses 

are salient topics for cities and metropolitan areas throughout the U.S. 

 Many social welfare policy research questions are national in focus with an interest on 

the broad impacts of policy changes. As a consequence, researchers and policy analysts have 

generally relied upon nationally representative secondary panel data sets such as the Survey of 

Income and Program Participation (SIPP), National Longitudinal Surveys (NLSY), Panel Study 

of Income Dynamics (PSID), and large repeated cross-section data sets such as the Current 

Population Survey (CPS) and the American Community Survey (ACS).1 Panel data from surveys 

generally have limited capacity to be representative at the state or city level of analysis due to 

small samples, while cross-section data provide larger sample sizes at the state and local level. A 

serious concern surrounding cross-sectional analyses of local policies is that they may leave 

fixed, unobserved characteristics or heterogeneity—which we refer to as fixed effects—

unaccounted for. The PSID and NLSY allow the researcher to control for these effects, but at the 

national level. Thus, controls for tax filer fixed effects in the DC-based studies profiled here 

represent an important innovation in local policy analysis from many previous studies.  

 The gains from using administrative tax data for DC-based policy questions derive, in 

part, from larger sample sizes, detailed local-level income, programmatic, and geographic 

information nonexistent within the standard set of secondary data resources, and panel data 

econometric methods that account for unobserved heterogeneity. Finally, these studies may also 

overcome non-response bias (Bollinger et al. 2015) and underreporting of program participation 

(Meyer et al. 2015) thought to impact survey data sets. The studies we highlight demonstrate that 

administrative data are an appropriate option to answer social policy questions about 

                                                      
1 See Ziliak (2015) for an overview of national household panel survey data sets in the U.S. 
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Washington, D.C., but the lessons apply for metropolitan areas nationwide that are 

experimenting with social and labor market policies.  

2.  “Cleaning the Data”: From Annual Revenue Forecasting to Multi-Year Analyses 

The data for the Hardy et al. (2015) and Brown-Robertson et al. (2016) studies come 

from the individual income tax (IIT) records for the District of Columbia. The annual tax data 

are housed within the city’s Office of the Chief Financial Officer and includes information 

regarding income, taxes, exemptions, and other tax-related variables. The tax data are primarily 

used to help administer the city’s tax code and verify that all liable citizens are remitting taxes 

owed. Additionally, the tax data help agency analysts analyze and evaluate tax related outcomes, 

assist in forecasting annual tax receipts and revenues, and help monitor and evaluate the city’s 

economic performance. Because of this, the annual tax data are not naturally designed for 

longitudinal analysis, and the resulting data cleaning exercise requires harmonization of variables 

across years so that the yearly data can ultimately be appended. The annual data are reshaped 

into a longitudinal panel data set of IIT filers, spanning 2001-2011 in Hardy et al. (2015) and 

2001-2013 in Brown-Robertson et al. (2016). To do so, tax filing units—individuals and 

families—are linked using unique identification numbers across years. Given that these data 

constitute the tax filing universe for DC, the variable selection process must be as parsimonious 

as possible to keep the final data set manageable in terms of size—in any given year there are 

over 300,000 tax records.  

 The tax panel data set are geocoded for tax filing units, so that when possible records 

include the address, census block, census tract, neighborhood and ward (there are 8 wards, which 

contain multiple neighborhoods) of the tax filing unit. Such detailed information about the tax 

filer helps inform on the distribution of poverty and income within DC, and to assess how policy 
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interventions like the EITC affect different wards. For example, wards 7 and 8 have relatively 

higher poverty rates historically, and a prior hypothesis confirmed via Figure 1 holds that EITC 

use is highest in these wards. Given the design of the EITC, low-income individuals out of work 

altogether for a year would not receive any EITC; if wards 7 and 8 have sufficiently high 

joblessness, then there could be less EITC use in these wards. The geocoded data are also 

instrumental for defining and assessing neighborhood change, the focal outcome of interest in 

Brown-Robertson et al. (2016).  

[Figure 1 here] 

 This geocoding of the tax data allows for augmentation of the panel data with 

neighborhood demographic information from the ACS and city-level economic indicators from 

the University of Kentucky Center for Poverty Research.2 The ACS produces period estimates of 

socio-economic characteristics for small areas over a specific time period. They collect 

information continuously nearly every day of the year and then aggregate the results over a 

specific period of time such as 1,3, or 5 years. Beginning in 2010, the Census Bureau released 

ACS 5-year estimates (2005-2009) for all geographic areas down to census tract and block 

levels. ACS information on age, education, marital status, race and ethnicity and poverty status 

for each census tract in DC from 2005 onward are merged onto the tax data, facilitating tract-

based summary statistics for age, education, marital status, race and ethnicity, and poverty. The 

ACS data can be used to control for local demographics, or as a technique to better understand 

the context in which the policy is operating within the city. Table 1 summarizes the results of our 

ACS merge to the tax file, where we find that EITC recipients are more likely to reside in census 

                                                      
2 Data on state level economic performance, policy, demographics from 1980-2014 can be found at 
http://www.ukcpr.org/data  



5 
 

tracts with a higher poverty concentration, more black residents, lower educational attainment, 

and lower rates of marriage. 

[Table 1 here] 

 Our efforts to supplement the administrative tax panel data at once call attention to the 

possibilities and limitations of administrative tax data for social policy research. For example, 

the ACS provides tract-level information on educational attainment, age, gender, and race—

information that is central to studying the effectiveness of public administration and policy for 

different subgroups. Unfortunately, such information is unavailable within administrative tax 

data. This is but one important reason that administrative data should, in our view, be looked 

upon as a complement to the overall body of research on social policy, not a substitute (Ziliak 

2015).  

3. Refundable Tax Credits, Poverty, and Neighborhood Transition in the District of 

Columbia 

a. Background 

Across the two studies profiled here, the policy lever of interest is the DC supplemental 

EITC. This supplement is distributed as a proportion of the federal EITC, the primary refundable 

tax credit for low income working families.3 The federal EITC was established in 1975 with the 

purpose of offsetting tax liabilities for the working poor. Several expansions to the credit 

throughout the 1980s, 1990s, and the 2009 American Recovery and Reinvestment Act expanded 

the size and scope of the program, to the point that it now stands as the largest cash transfer to 

the poor. Extensive research on the federal EITC finds that it increases employment (e.g. 

Cancian & Levinson 2006; Hotz, & Scholtz 2003; Meyer 2002; Meyer & Rosenbaum 2001), net-

                                                      
3 Nichols and Rothstein 2015 provide a comprehensive overview of the EITC’s history and structure.  
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income (Bitler, Kuka, & Hoynes 2014; LaLumia 2013; Smeeding, Ross Phillips, & O’Connor 

2000), while lowering poverty nationally (Gundersen & Ziliak 2004; Neumark & Wascher 

2001). Given the popularity of this policy, states and local jurisdictions have adopted 

supplements to the EITC (Hotz & Scholtz, 2003); 25 states and DC currently supplement the 

EITC with their own credit. In DC, the supplemental EITC was adopted in 2001, and has been 

steadily increased over the 2000s (see Table 2). At 40 percent of the federal EITC, the DC EITC 

is the largest supplement among all states and local jurisdictions. For example, a working single-

parent family with two dependent children in DC would qualify for a maximum federal EITC of 

$5,548 plus a DC EITC of $2,219. Over this time period, the city has experienced rapid 

development economically and commercially, with large increases in both median income and 

housing prices. It is within an environment of rapid policy change and economic development 

that the EITC is assessed.  

[Table 2 here] 

b. Poverty and Neighborhood Transition in DC 

We aim to describe how administrative tax data facilitate the assessment of EITC policy 

and economic well-being in DC, and why such data are well-suited to answering social policy 

questions at the sub-national level. We describe two studies in this effort using administrative tax 

data from DC. The first, Hardy et al. (2015), examines whether larger EITCs yield antipoverty 

benefits, and the second, Robertson-Brown et al. (2016), assesses EITCs as a buffer against 

gentrification for households with limited budgets. To do so, the identification strategy in these 

studies relies in part upon within-city variation in the size of the supplemental EITC, shown in 

Table 2. Hardy et al. (2015) examines poverty using data on income, earnings, and EITC policy 

in DC from 2001 to 2011, finding that the EITC in DC raises the chance of income above 
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poverty and near-poverty from 2 to 9 percent, particularly among single-parent families. The 

Hardy et al. (2015) study combined city-level tax data with weighted average poverty thresholds 

from the U.S. Census Bureau based on family size, which was estimated based upon filing status 

and the number of dependents.4 The data are further augmented with EITC thresholds using data 

from the Internal Revenue Service and supplied by the Urban-Brookings Tax Policy Center.5 

Although the study utilizes external IRS parameters to check the robustness of reported EITC 

receipt, the strengths of the study are the accuracy of income and tax receipt data. Hardy et al. 

(2015) is not the first to assess the anti-poverty effects of the EITC (e.g., Gundersen & Ziliak 

2004; Neumark & Wascher 2001), but it is the first to do so exploiting within-city changes to the 

supplemental credit using city-level administrative data.   

Brown-Robertson et al. (2016) exploits the same variation in the EITC to estimate the 

likelihood of married and single families residing in a gentrifying neighborhood between 2001 

and 2013. They find different policy implications for married versus single filers, such that larger 

EITCs appear to provide some buffer for married families against gentrification, versus no 

consistent effect among head of household filers in the tax data sample. The Brown-Robertson et 

al. (2016) study was centrally about movements within and potentially outside of specific 

neighborhoods—lending itself directly to a city-level data set with controls for location within 

the city limits. Following the literature on gentrification, this study adopts the relative-income 

approach to define changes in neighborhoods (e.g. Ellen & O’Regan 2011). This approach 

defines a neighborhood as experiencing transition, or “gentrification,” if it (1) has median 

income below the citywide median in 2001 and (2) has a faster increase in median income over 

                                                      
4 Poverty thresholds by size of family and number of children can be found at 
http://www.census.gov/hhes/www/poverty/data/threshld/index.html  
5 EITC Thresholds can be found at http://www.taxpolicycenter.org/statistics/eitc-parameters  
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the entire period than the city as a whole over the same period. Thus, the IIT geo-coded data 

facilitated neighborhood level analysis of the 73 assessment neighborhoods defined by the city’s 

Real Property Tax Administration as the geographic unit of analysis.  

4. Empirical Methods: What We Gain from Administrative Data 

The two studies summarized here estimate models for the probability (a) net-income 

inclusive of the EITC above the federal poverty line (Hardy et al. 2015); or (b) residing in a 

gentrifying neighborhood (Brown-Robertson et al. 2016),  𝑂𝑂𝑖𝑖𝑖𝑖𝑗𝑗 :  

(1) 𝑂𝑂𝑖𝑖𝑖𝑖𝑗𝑗 = 𝛼𝛼 + 𝛾𝛾𝐸𝐸𝑖𝑖𝑖𝑖 + ∑ 𝛿𝛿𝑘𝑘𝑘𝑘 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑘𝑘 +  ∑ 𝜇𝜇𝑘𝑘𝑘𝑘 𝐸𝐸𝑖𝑖𝑖𝑖  ×  𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑘𝑘 + 𝜏𝜏𝑋𝑋𝑖𝑖 +  𝜓𝜓𝑖𝑖 +  𝜖𝜖𝑖𝑖𝑖𝑖. 

Tax filing units i are organized by their filing status j (married or head of household) by year t. 

Tax filing units qualify for the EITC based upon their eligibility 𝐸𝐸𝑖𝑖𝑖𝑖, which is determined by IRS 

parameters and based upon the filer’s adjusted gross income, marital status, and number of 

dependent children. The empirical approach controls for the city EITC credit rate, which was 10-

25 percent of the federal EITC from 2001-2005, 35 percent from 2006-2008, and 40 percent 

from 2009 onward. These are denoted by the 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑡𝑡𝑘𝑘 terms and are coded as time-period 

dichotomous variables. The omitted category is the 2001-2005 credit that spans 10 to 25 percent.  

a. Panel Data Econometric Methods 

As discussed above, one of the three key advantages to using administrative tax data to 

answer social policy questions for DC hinges upon the capacity to control for fixed, unobserved 

heterogeneity—a by-product of constructing a longitudinal panel of tax filers. This “fixed effect” 

𝜓𝜓𝑖𝑖 that each filing unit carries along captures fixed, unobserved, time-invariant characteristics of 

the individual tax filing unit; controlling for this is a panel data technique that is appropriate for 

this type of question, and an underlying motivation for constructing a longitudinal panel. For 

social policy research, the fixed effects estimator captures hard-to-observe factors such as 
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family-specific attitudes and preferences that may be relatively time-invariant. See Wooldridge 

(2006, chapter 14) for a discussion of fixed effects estimators for policy research. For policy 

evaluation, unobserved heterogeneity is a major concern and can otherwise end up the error term 

𝜖𝜖𝑖𝑖𝑖𝑖. Left unaddressed, such omitted variables confound estimation of the policy effect—the 

EITC—in subsequent evaluations. This approach unfortunately comes at the cost of removing 

other fixed, time-invariant controls such as individual educational attainment, gender, and race—

which do not generally change over time, so we lose the ability to evaluate their relationship to 

the outcomes 𝑂𝑂𝑖𝑖𝑖𝑖𝑗𝑗  of interest. For example, does the EITC mitigate the displacement effects of 

gentrification or lower poverty more for the young or for black workers? These are important 

questions driven by demographic characteristics that are left unanswered in the administrative 

tax data. However, what can be gained relative to cross-section based studies should not be 

underestimated; panel data methods including fixed effects, difference-in-differences techniques, 

and lagged values of key policy parameters represent important advances in modern 

econometrics (Kniesner & Ziliak 2014). Related to this, longitudinal data sets such as the PSID 

and the NLSY are popular in part because they allow for the use of such methods, albeit largely 

in national-level contexts. 

For the researcher tasked with evaluating the effectiveness of city-level policy 

interventions like the EITC, data sets such as the ACS, CPS, NLSY, PSID, and SIPP present 

trade-offs based upon the small size of the local sample (CPS, PSID, SIPP, NLSY) or cross-

sectional data design (ACS), or both (CPS). Thus, the DC administrative tax data, with its large   

sample size and panel data structure, provides the researcher with the advantages of both types of 

secondary data sets while avoiding some key tradeoffs. The salience of such an approach is that 
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many recent social policies and labor market policies are being designed and implemented on a 

sub-national basis.  

5. Conclusion: Local Data for Local Social Policy Research  

What options are there for the researcher seeking the methodological advantages of panel 

data while also seeking sufficient sample sizes and statistical power to posit questions of 

importance—in a local context? Local government agencies collect administrative data pursuant 

to their stated function for the citizens they serve (Hotz et al. 1998; Schwandt et al. 2012). Local 

tax administrators, police departments, and registrars of deeds have core goals related to revenue 

estimation, public safety, and property ownership record-keeping. The data generated in the act 

and process of conducting these functions can, however, serve a dual use by enabling internal 

and external researchers to research an array of social phenomenon.  

Administrative data often appear favorable to survey data along the criteria of sample 

size and accuracy of both income and program participation (Meyer et al. 2015). Crucially, data 

that allow for panel data econometric techniques, as is the case with the DC administrative tax 

data, can bring advantages methodologically relative to cross-section studies of the same 

research question. Yet, neither of the two DC-based studies highlighted here shed light on the 

specific demographic groups that experience changes in poverty or the adverse consequences 

from displacement beyond marital or filing status. This is still one area in which survey data 

offer distinct advantages. Moreover, survey data are adaptable to changing economic and social 

conditions. For this reason, we agree with the perspective that administrative and survey data 

should be viewed as complements to one another (Ziliak 2015).  

Non-governmental and academic researchers can make valuable contributions to the body 

of knowledge for academia as well as local administrators and policymakers by posing relevant 
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questions and partnering with government researchers, many of whom share topical interests. In 

the process of doing so, these same researchers stand to gain a practical, policy-oriented 

knowledge base—in this instance regarding the tax system, demographics, and economic 

policies of Washington, D.C. that would otherwise not occur absent the collaboration.  

Public administrators and the policy research they rely upon will benefit from an array of 

data sources that provide accurate information on the interplay of policy, demographics, and 

economic well-being. While they should not replace secondary data, administrative data are 

well-positioned to answer an array of local and state social policy questions where sample size 

limitations and cross-sectional designs in surveys otherwise place limits on the conclusions 

researchers can make. In such instances, local administrative panel data can be deployed with 

sound research designs to further our understanding of complex local social policy interventions 

and associated outcomes. This complexity is part and parcel to the state of America’s 

metropolitan areas, which are experiencing growth and change economically and socially. As 

cities and states continue to vary in the level and type of social policy interventions, including, 

but not limited to, paid parental leave, minimum wages, supplemental EITCs, and TANF, 

administrative data can provide unique opportunities to assess the efficacy of these local policy 

reforms. 
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Table 1. Summary Statistics from Administrative Tax Data, 2001 - 2011 
Variables All Filers EITC Recipients 

 Mean SD Mean SD 
 
Tax Filer Characteristics 
 
Wages, Salaries, Tips (Wages) 72,136.84 475,800.67 22,051.34 21,781.35 
FAGI 124,919.30 1,076,240.67 22,844.00 9,392.15 
     
ACS Tract-Level Characteristics, 2006-2011 
     
Below Poverty 0.15 0.11 0.24 0.13 
Married 0.54 0.20 0.40 0.15 
Black 0.51 0.38 0.77 0.26 
Hispanic 0.09 0.09 0.09 0.12 
Under 35 Years Old  0.48 0.10 0.52 0.10 
High School or Less 0.23 0.15 0.35 0.10 
Female 0.53 0.05 0.54 0.05 

 
 
Table 2. DC Refundable Earned Income Credit Policy Changes, 2000-2011 

Year Match Rate/Policy Change 

2000 Legislative approval of refundable DC EITC 
2001 DC EITC initiated; Level at 10% of federal credit 
2002 DC EITC Level at 25% of federal credit 
2006 Expansion of EITC to non-custodial parents 
2006 DC EITC Level at 35% of federal credit 
2009 DC EITC Level at 40% of federal credit 
Source:    DC Tax Facts 2012 
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