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Abstract
National statistical offices typically rely on census population counts and surveys to
estimate social, demographic, and economic changes, as well as program use and other
indicators crucial for funding allocation and effective decision-making. These same data
are foundational to social science research. However, declining response rates, increasing
costs, and societal change outpacing field data collection challenges survey quality. This
timely topic lays the groundwork for a new way of thinking about information about our
country —people, places, and the economy. To address these issues, statistical offices,
state and local governments, and social scientists have been exploring the use of
government and private sector-generated administrative data to provide estimates that are
timelier, more geographically granular, and less costly.



Technical Report: Using Administrative Records in
Official Statistics and Social Science Research

Introduction

National statistical offices typically rely on census population counts and surveys to
estimate social, demographic, and economic changes, as well as program use, and other
indicators crucial for funding allocation and effective decision-making. These same data
are foundational to social science research. However, declining response rates, increasing
costs, and societal change outpacing field data collection pose challenges to survey
quality (Miller, 2017). This is a timely topic that lays the groundwork for a new way of
thinking about information about our country —people, places, and the economy.

To address these issues, statistical offices, state and local governments, and social
scientists have been exploring the use of government and private sector-generated
administrative data to provide estimates that are timelier, more geographically granular,
and less costly (Allard et al., 2018; Groves & Schoeffel, 2018; NASEM, 2017a; NASEM
2017B; Playford et al., 2016). In the last two decades, the potential for administrative
data to supplement or replace designed surveys has continued to grow (Auerbach et al.,
2019). For example, administrative records capture increasingly larger population shares
(Bauder & Judson, 2003; Rastogi & O'Hara, 2012), and technical advances in record
linkage and entity resolution have improved our ability to follow individuals, businesses,
and processes across time (Harron et al., 2017). The Evidence-Based Policymaking
Commission spurred further interest in the potential value of integrating federal survey
and administrative data and making those data available to researchers for program
evaluation (US House of Representatives 2019). The foundation for implementing the
Commission’s recommendations has been passed in recent legislation (US House of
Representatives, 2019).

In light of these advancements, work is underway to reconceptualize how survey,
administrative and private sector data may be integrated to provide more timely, accurate
and granular information to policy makers and the public. Toward that end, this report
reviews the proliferation, challenges, and future directions of using administrative data
sources in national statistical offices and social science research. We first document the
growing success and accelerated progress of using and linking administrative records to
survey and private sector data to provide estimates and official statistics at local, state,
and federal levels. We then summarize both the current technical and societal challenges
that will need to be overcome for administrative data to become a common source of
such estimates. Finally, we conclude with best practices, recommendations, and future
directions for expanding administrative data applications in official statistics and social
science research.



The Proliferation of Administrative Data Use as a Response to Survey Challenges,
Societal Transformation, and Policy Environment Changes
Surveys have long been the primary data source for official statistics and research

studies in social sciences. However, rapid societal and technological changes present
opportunities for monitoring and measuring demographic, economic, and other aspects of
social life beyond traditional data collection methods like surveys. Statistical agencies
that rely on such data must increasingly address the need for more complex and timely
data in producing their estimates while facing falling response rates and increased
fielding costs coupled with restricted budgets (Bostic et al., 2016). In addition, statistical
agencies and other actors exist in a changing policy environment that now emphasizes
efficient data use. These three trends—societal change giving rise to new data
opportunities, challenges to survey data quality, and new data-related policies—provided
grounds for increasing the use of administrative sources in official statistics and social
science research.

First, the quick pace of societal change in the past two decades gave rise to new
technologies, increased digitization, and new data sources and types (World Economic
Forum, 2011). Techniques like rapid scanning, text recognition, user-friendly uploads, and
new devices, sensors, and systems can now record and transcribe data in real time. Using
these techniques, governments and corporations now routinely and instantaneously collect
and store data on behaviors and states as varied as purchases and transactions, climate or
road conditions, health care plan utilization, or land use and zoning. Extensive digitization
and recording, better system connectedness and interactivity, and increased human-
computer interaction also result in faster data accumulation (Brady, 2019). These processes
facilitate the creation of digitized administrative data sources that can provide valuable and
timely insights increasingly hard to capture using surveys. These changes and opportunities
creates the need to pay active attention to data security that is discussed later in this report.
There is also a cadre of people who advocate for individual data rights, e.g., patient’s rights
in deciding how data should be shared.

Second and coupled with such social change, survey response rates in general and
federal survey response rates in particular are in decline. Individuals are challenging to
reach by phone due to new technologies like voice mail and caller identification, an
increase in the number of households with mobile phones and smart devices only, and
new legislation like the Telephone Consumer Protection Act that bans using automatic
phone dialing systems without consent (Couper, 2017). Data collection partly adapted to
these new trends by shifting from in-person and landline phone to mixed-mode, cell
phone call and text, and web-based collection (Couper, 2017; Miller, 2017), but the
declining trend holds. For example, the National Health Interview Survey response rate
dropped from 91% in 1997 to 73% in 2014; the Medicare Current Beneficiary Survey
response rate dropped from 87% in 1991 to 72% in 2013; and Medical Expenditure Panel
Survey Household Component response declined from 93% in 1996 to 76% in 2014
(Czajka & Beyler, 2016). These declining response rates can lead to increased survey
fielding costs, requiring more resources to increase participation and avoid insufficient
and unrepresentative samples (Miller, 2017).



Third, the policy environment responded to technological, social, and survey changes
by encouraging efficient use of existing data, reuse, sharing, and furthering open data
principles. In the last decade, documents like the 2009 Open Government Directive in the
US mandated that federal agencies release at least three non-sensitive data sources for
public use online, identify other data sources that could eventually be released, and
devise a timeline for doing so (US Office of Management and Budget [OMB], 2009). The
bilateral Open Government Partnership, founded in 2011 by the US, UK, Brazil,
Indonesia, Mexico, Norway, Philippines, and South Africa, prompted the development of
Open Government National Action Plans that included facilitating public data access,
releasing FOIA request data online, improving record management, and constructing
online data tools. The 2013 US Open Data Policy mandated that federal government
agencies strive for open data as their default (OMB, n.d.; OMB, 2013). Finally, the OMB
released memoranda on data sharing while protecting privacy, open data, and providing
and using administrative data for statistical purposes (OMB, 2000; OMB, 2014). The
National Academies of Sciences issued two reports outlining current and future federal
statistical uses of administrative data and propose the creation of a new entity to facilitate
secure access to data for statistical purposes to enhance the quality of federal statistics
(NASEM 2017a, NASEM 2017b, Commission on Evidence-Based Policymaking 2017).

More recently, two further developments reshaped attitudes towards data sharing at
the U.S. federal government level. In 2017, the Commission on Evidence-Based
Policymaking released a report recommending the creation of a data infrastructure that
would become a routine part of government operations and facilitate efficient, evidence-
based policy- and decision-making while encouraging survey and program data sharing
between statistical and regulatory agencies (Commission on Evidence-Based
Policymaking, 2017). The Foundations for Evidence-Based Policymaking Act
(H.R.4174), signed into law in 2019, addressed and incorporated ten of the Commission's
recommendations. The Act facilitates public access to government data—including data
based on administrative records—and promotes its use by requiring agencies to develop
data inventories and respond to data access requests. The Act also addresses disclosure
concerns, instituting a committee on privacy protection, mandating confidentiality risk
assessments, and reauthorizing the Confidential Information Protection and Statistical
Efficiency Act (CIPSEA). Taken together, these two Acts provided grounds and impetus
for the discovery, use, and sharing of new data sets within official statistics and social
science communities.

In response to these changes and rather than dedicating a greater part of their budgets
to maintaining sample representativeness, statistical offices and researchers began
exploring alternative data sources to supplement or replace survey data (Couper, 2017;
Miller, 2017; NASEM, 2017a; Wallgren & Wallgren, 2014). Although surveys remain a
valuable source of contextual and attitudinal information, administrative records emerge
as an inexpensive and well-structured but under-used data source that often captures large
parts of the population and are already housed within government and private sector data
infrastructures. Administrative data can be used to improve the quality of household
survey data. These include evaluating survey data quality, improving sampling frames
and weights, linking data sources, imputing missing data, providing covariates for small



area estimation, and replacing survey questions directly (Citro (2014, p. 152). The
following section provides an overview of current administrative data uses in U.S.
official statistics at the federal and state levels.

Current Uses of Administrative Data

The Census Bureau defines administrative records and third-party data as:
“micro data records contained in files collected and maintained by administrative (i.e.,
program) agencies and commercial entities. Government and commercial entities
maintain these files for the purpose of administering programs and providing services.
Administrative records are distinct from systems of information collected exclusively for
statistical purposes, such as those the U.S. Census Bureau produces under the authority of
Title 13 of the United States Code (U.S.C.). The Census Bureau uses, and seeks to use,
administrative records developed by federal agencies, tribal, state, and local governments
as well as data from commercial entities.” (US Census Bureau, no date) Frequently
Asked Questions, What are administrative records and third-party data?

Multiple administrative records comprise administrative data, which are data used to
administer an organization, program, or service process. Examples include data
accumulated as government agencies administer social programs, as companies track
customer orders, or as universities monitor student enrolment (Keller et al., 2016; Keller
et al., 2017). Institutions and companies frequently produce administrative data to record,
monitor, and evaluate their programs and services. Statistical agencies can make effective
use of these data by cleaning, processing, and repurpose these administrative data to
develop statistical registers and produce estimates about the populations that
administrative records capture (Wallgren & Wallgren, 2010; Wallgren & Wallgren,
2014).

Using administrative data in research and statistical systems is not new. Federal
agencies and researchers already employ these data, either as standalone or linked to
other sources—other administrative files, surveys, and third-party data—to provide
official statistics, examine data quality, construct sampling frames, develop weights, and
conduct population studies. Below, we provide illustrations of how administrative data
are currently used as standalone information or in combination with other administrative
sources, surveys, and third-party data.

Using Administrative Data in US Official Statistics

Administrative data can serve standalone as a basis for official statistics and reports.
For example, the Social Security Administration uses its four large administrative
systems:

e social security number application data are in the Numident file

e individuals' lifetime wages and earnings collected through the Internal Revenue

Service's Form W-2 are in the Master Earnings File;
e Dbenefits programs administration are in the Master Beneficiary Record; and



e individuals' disability and Supplemental Security Income program information are
in the Supplemental Security Income record. They are collected to report on the
beneficiaries and use of agency programs (Maxfield, 2008).

Similarly, the Internal Revenue Service's Statistics of Income Division employs its
administrative data, based on individual Form 1040 and corporate Form 1120 tax returns,
to fulfill its mandate to regularly produce statistics on income, annual reports for the
public, and articles in its quarterly bulletin (Greenia, 2008). The Division also researches
performance and compliance using these data and produces special tabulations by request
for defined research uses (ibid).

Federal Statistical Agencies

Federal statistical agencies frequently link their administrative data assets to support
research efforts (NASEM, 2017a). In 1999, the US Census Bureau conducted one such
major linkage, developing the Statistical Administrative Records System (StARS) as part
of its Administrative Records Experiment, which simulated an administrative records-
based 2000 decennial census. StARS linked administrative data from the Internal
Revenue Service, Department of Housing and Urban Development, Centers for Medicare
and Medicaid Services, the Indian Health Service Patient Registration System, and the
Selective Service System Registration System (Bauder & Judson, 2003; Berning, 2003).
This experiment only relied on the six aforementioned federal data files. It did not use
any state, local, or third-party data, yet found an 81% match between administrative
records and census housing units counts and good census tract-level agreement between
administrative counts and the 2000 census enumeration (ibid.). While the project also
identified coverage and accuracy issues in capturing children, multi-unit households, and
racial and ethnic minorities, it concluded that large administrative records data processing
operations are technically feasible and worth investing time in working with them.

The Bureau's 2010 follow-up Census Match Study expanded StARS, linking it with
additional federal administrative records, state data, and third-party files to compare
demographic characteristics of the population captured in this system with the population
covered in the 2010 decennial census (Rastogi & O'Hara, 2012). This study used 22 data
files from eight federal agencies and five commercial vendors. A more extensive set of
administrative records available, combined with the Bureau's improved linkage
capabilities, resulted in the finding that administrative data are reliable for decennial
census address and count confirmation. Approximately 89% of administrative records
matched 2010 census records—the percentage was higher at 95% when only considering
records with a Protected Identification Key (PIK) (Wagner & Layne 2014). A similarly
high percentage of census records, 93%, had an administrative record address match with
the 2010 census. The study concluded that high administrative records coverage could
assist in improving decennial census address and person coverage and inform the
determination of housing unit occupancy status and household population counts (ibid.).
See Figure 1 for a review of count and match comparison of persons enumerated in the
2010 decennial census with administrative data sources.



Figure 1. Count and Match of 2010 Census and Administrative Records Persons
(figure from Rastogi & O'Hara, 2012).
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Sources: 2010 Census and 2010 Census Match Study Administrative Records Data.

Another major Census Bureau program that regularly conducts data linkage is its
population estimates effort. It provides annual population estimates at multiple
geographies used for funding allocation, developing survey controls, business planning,
and statistical rate calculations. Although this program does not track individuals over
time, it invests considerable effort into integrating data from federal and state agencies, as
well as third-party providers. It links files from the decennial census, Count Question
Resolution data,! Group Quarters Reports from military branches, Department of
Veterans Affairs, and state partners, vital statistics, Internal Revenue Service tax returns,
airline passenger traffic data, and others. On average, its estimates are highly accurate;
for example, the average absolute difference between the 2010 final total resident
population estimates and the 2010 decennial census counts was 3.1% across all US
counties (US Census Bureau, 2021b). Figure 2 provides an overview of the population
estimates program and the mix of survey and administrative data sources used.

! The Count Question Resolution (CQR) operation provides an opportunity for tribal, state, and local
governmental units to request that the Census Bureau review their boundaries and/or housing counts by
block to correct geographical errors.
https://www.census.gov/about/policies/quality/corrections/cqr.html#:~:text=The%20Count%20Questio
n%20Resolution%20(CQR,block%20to%20correct%20geographical%20errors.



Figure 2. A Summary Description of the US Census Bureau’s
Population Estimates Program
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Other statistical agencies conduct similar linkages. For example, the Internal Revenue
Service Statistics of Income Division links administrative records from Forms 990, 990-
EZ, and 990-PF to support its research and provide public use data on tax-exempt
organizations and charitable activities, called the Exempt Organization Financial Extract.
The Division also linked 2.5 billion tax returns from 1996 to 2015 to build an individual-
level Data Bank (Johnson et al., 2018). Further, the Department of Education
Rehabilitation Services Administration links Case Service Report (RSA-911) data with
1980-1988 Social Security Administration earnings files, matching individuals' earning
histories with disability and vocational rehabilitation information.

Administrative data can also form the foundation for developing public use data
products and estimates on key social and economic indicators. In this vein, the Bureau of
Labor Statistics (BLS) maintains the Business Employment Dynamics (BED) program
and Quarterly Workforce Indicators (QWI), both based on administrative data from
government programs, primarily unemployment insurance programs. The BED dataset
links establishment and firm data from unemployment insurance quarterly contributions
reports, and QWI data is created from records on unemployment insurance wage use. The
BLS Quarterly Census of Employment and Wages (QCEW) is also based on state
unemployment insurance tax system records, covering approximately 97% of all civilian,
non-farm wage and salary jobs (Robertson, 2017). These data are the foundation for the
BLS internal research and official estimates and an information source for social science
researchers. See Table 1 for an overview of BLS examples of using survey and
administrative data to improve their data products.

10



Table 1. Bureau of Labor Statistics examples of combining survey and
administrative data in employment and establishment data sources

Unemployment Insurance (Ul) System
Quarterly Census of Employment and Wages (QCEW)
+ Annual Refiling Survey (ARS): industry, geography, and respondent information.
+ Multiple Worksite Report (MWR): employment and wage data for individual
establishments under multi-unit businesses.

Ul records (~9.6 million establishment records quarterly) serve as:
* sampling frame for BLS establishment surveys;
* source of information about national, state, and metropolitan economies.

Ul program operational in 50 States, DC, Puerto Rico, Virgin Islands.
e Ensuring record uniformity, software interoperability.

Example: Business Employment Dynamics (BDM)
* Record linkage across quarters using unique Ul identification numbers, predecessor and
successor information, probability-based matching, and analyst review.

State Agencies

Administrative record use and linkage are common in state agencies due to their
program and benefit eligibility establishment, monitoring, and reporting responsibilities.
State human services agencies frequently use Temporary Assistance for Needy Families,
Supplemental Nutrition Assistance Program, Medicaid Insurance, and Unemployment
Insurance administrative data. They also report linking these sources to create integrated
data systems and linking them to internal files like a client site visit and interview data, or
external sources like the decennial census and American Community Survey public use
files (Allard et al., 2018). Examples of successful state-level administrative data linkage

include:
[ ]

Rhode Island's RI1360, an anonymized administrative records database that
links data products across all state agencies, contains over 2.7 billion records
on over 4 million residents and facilitates examining poverty and economic
opportunity, education, social programs, and health care in the state (Hastings
etal., 2019).

The University of Denver's Colorado Evaluation and Action Lab's Linked
Information Network of Colorado integrates data from multiple state and local
agencies for evaluation and research (Leboeuf, 2020).

Multiple states are also using Department of Health and Human Services
grants to expand administrative data integration to meet operational, policy,
and research goals.

Recently, Connecticut built on its existing integrated Unemployment
Insurance quarterly wage, Quarterly Census of Employment and Wages, and
Department of Motor Vehicles database, matching records to Jobs First
Employment Services and Temporary Family Assistance program data.
Wisconsin expanded an existing Client Assistance for Re-Employment and
Economic Support database with Supplemental Security Income, Temporary
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Assistance for Needy Families, Unemployment Insurance quarterly wage,
childcare, child support, food stamps, Medicaid, and Children's Health
Insurance Program records. They created a longitudinally linked infrastructure
with records of participants across all programs dating back to 1990.

e Indiana matched Temporary Assistance for Needy Families (TANF)
administrative records to the National Directory of New Hires, the State
Directory of New Hires, and the Unemployment Insurance quarterly wage
data. Similarly, South Carolina linked longitudinal TANF, food stamp, and
employment service use and work activity records with Unemployment
Insurance quarterly wage data, child welfare, Medicaid, and Children's Health
Insurance Program data (Wheaton et al., 2012).

e For more than a decade, New York City has created an alternate poverty
measure that better accounts for family resources including in-kind transfers
and tax credits, and expenditures such as housing and medical costs using a
variety of survey and administrative data (City of New York, 2020).

States and local governments collect administrative data that would be useful to the
federal statistical system to supplement or enhance existing surveys or to create new data
products. Federal government incentives can often spur state and local governments to
provide access to their administrative data. The National Center for Educational Statistics
in the U.S. Department of Education funds states through grants to create a Statewide
Longitudinal Data System (SLDS), which is an integrated system of administrative data
on student achievement and performance at the state level. These grants provide funding
to hire staff and acquire hardware, software, and technical assistance for states to collect
information on students over time. The Department of Education requires states share
these data at all levels of government and to make them available for research (SLDS
2021, NASEM 2017a).

Another example of state data is about the U.S. prison population. State departments
of correction collect data on these populations and share the data with the Bureau of
Justice Statistics. BJS uses the data to provide national statistics by state. These data are
used to design federal programs that inform prison construction as well as programs for
the reintegration into civilian life for prisoners who have served their sentences. These
data include descriptive data on the people admitted to and released from the institutions.
Specific elements of the data are

conviction offense,

date of admission; date of release,

the person’s age, race, and ethnicity,

the offender’s criminal justice status at admission; and
the county of conviction.

There are many examples of matching local and state administrative data to current
federal data sources and programs. In addition, the federal government can create grants
and other programs to spur states to create useful data products out of data already
collected for administration of schools, prisons, and other state and local services. Most

12



recently, administrative data on skilled nursing facilities, university dorms and a variety
of other records from licensing and accreditation agencies were utilized by the Census
Bureau, as well as state and local governments, all in an effort to support the enumeration
and evaluation of the population in group quarters facilities. One example is the New
York State Nursing Home Weekly Bed Census, which provides information on
occupancy of nursing homes since 2009 (New York State Department of Health, 2021).

Local Data

There are other data sources and types of data collected at the local level. Examples
include data from sensors such as weather conditions and water quality data, and videos
from traffic cameras. These other data are collected to administer programs or to track
local conditions and would be valuable for federal statistics or new statistical measures.
Some data sources are well structured and can be more easily used in statistical analysis,
such as weather data and taxi meter data. Unstructured data are more challenging to use
such as traffic videos. Combining traffic video data and taxi meter data could be used to
better understand traffic flows by time of day (NASEM 2017a). Another surprising
source of data that is useful for evaluating traffic flows is fire-EMS 911 data by time of
day and day of week (Keller et al., 2016; Keller et al., 2017).

State and local administrative records provide new sources of data for federal
statistics. Challenges of using these data include establishing uniform national standards
for reporting, protecting the confidentiality of the data, and developing standards for
fitness of use (NASEM 2017a). One good example is the provision of address
information to the U.S. Census Bureau through the Local Update of Census Addresses
(LUCA) program, where state and local governments use their lists of addresses from
property, taxation, and other files that support governmental functions, in an effort to
improve the address list used for the decennial census and, ultimately, for the census and
the plethora of surveys that use the Master Address File of the Census Bureau to select
samples, as with the American Community Survey (U.S. Census Bureau, 2020).

Third Party Data

Third party data from the private sector can provide access to data that would be very
difficult for statistical agencies to collect, such as actual transactions in lieu of aggregate
data currently reported on federal surveys. There are risks as well. Business data contain
proprietary information and implicit firm strategies and sometimes personally identifiable
data or data that may be more easily identified when multiple sources are linked to create
new data products or analysis. (NASEM 2017a).

To categorize and assess the challenges of using third party data, NASEM (2017a)

groups private data into five types:

1. Structured data from censuses and probability surveys, e.g., customer satisfaction
surveys, marketing research surveys, and media use surveys.

2. Structured data from administrative records, e.g., data produced by businesses,
such as commercial transactions, banking and stock records. credit card records,
insurance claims, and data from machines rented or leased to local governments,
farmers, and nonprofit organizations to collect administrative data

13



3. Other structured data that are organized and can easily be placed in a database,
although they may still require profiling to assess quality and restructuring to be
usable, e.g., commerce transactions, mobile phone location sensors, Global
Positioning System sensors, utility company sensors, and weather and pollution
Sensors.

4. Semistructured data that cannot be placed in a database (e.g., relational,
spreadsheet, or other type) and for which profiling and wrangling is usually more
difficult than for structured data because the fields are not always fixed or are in a
form that requires translation. Examples include Extensible Markup Language
(XML) files, data from computer systems, logs, eb logs, mobile phone content
and text messages, E-mail, data from Internet of things, and sport activity sensors
from watches, etc.

5. Unstructured data, such as in text, images, and videos, that require that
information must first be extracted and then placed in a structured table for further
processing and analysis.

As the data are increasingly unstructured, they present new challenges in preparing
the data for statistical uses. Each of these types of data sources must be evaluated for
their relevance, accuracy, completeness, trustworthiness, and other characteristics that we
describe in more detail in the sections below.

To use third party data, statistical agencies negotiate how they will receive the data
(NASEM 2017a). For example, approaches may include

e the company prepares and provides the data in an aggregated form. The
statistical agency can use these data to benchmark or supplement other data
sources or use directly in statistical products;

e the company transfers the data to the agency for the agency to compute the
statistics, e.g., BLS is negotiating with large companies to provide payroll and
other internal company data from which BLS will extract relevant information,
rather than asking the company to complete its surveys; or

e data collection, processing, and analysis are outsourced to the private firm.

Another approach is to benchmark federal statistics with published third-party data.
Some private-sector companies use their administrative records to produce and publish
statistics such as the National Employment Report from Automatic Data Processing, Inc.
(ADP), which precedes the Bureau of Labor Statistics (BLS) release of the employment
situation each month (ADP 20212, NASEM 2017a). ADP attempts to match BLS
definitions for the reporting periods to provide national level employment growth
statistics by industry. Taking into account differences in the population coverage, and
other characteristics, BLS can use these estimates as one source to benchmark their
results.

2 ADP. 2021. ADP Employment Report Methodology. Automatic Data Processing, Inc. (ADP),
https://adpemploymentreport.com/common/docs/ADP-NER-Methodology-Full-Detail.pdf
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Acquiring and using third-party data sources require new skills from data discovery,
negotiating data acquisition, data profiling to evaluate data quality, benchmarking, and a
putting the data to use in statistical outputs and analysis.

Using Administrative Data with Surveys

Administrative data used alongside survey data can support survey-related operations,
that is, improve survey development, lessen response burden, address attrition, and
reduce fielding costs. In addition, administrative data can be used to identify and alleviate
survey data quality or coverage issues or present an alternative to survey data collection
altogether (Zanutto & Zaslavsky, 2002). The USDA National Agricultural Statistics
Service, for example, is exploring the use of geospatial data, weather data, and other
environmental data as spatially-linked auxiliary data in models with survey data collected
from area sampling units (Cruze, 2015, NASEM 2017a). Other examples of these
combined data use cases are presented below.

Using Administrative Data to Support Surveys

Administrative records also have the potential to enhance surveys from two
perspectives: by improving survey design or addressing its limitations, and adding new
relevant data elements that increase the potential of the survey data to address policy and
research questions. Administrative data differ from survey data in that they are not
collected with a research aim. In contrast, surveys define the population, sample, and
instruments before data collection. Data in administrative systems are recorded before
defining a population and sample for research purposes. Accordingly, the two data
sources have different strengths and can act as complements (Couper, 2017; Miller, 2017,
Wallgren & Wallgren, 2014).

Administrative data can support and improve survey development. A few examples
follow:

e The Centers for Medicare and Medicaid Services' Medicare Current
Beneficiary Survey's sampling frame is based on administrative records.

e The Census Bureau uses administrative data to enhance the sampling frame for
the Survey of Minority-Owned Business Enterprises (Williams & Moore,
1998).

e The Agency for Healthcare Research and Quality's Medical Expenditure Panel
Survey uses administrative records for nonresponse weight calculation.

Administrative sources can also increase coverage of a target population in surveys.
They frequently better capture persons who are typically excluded from surveys, like
institutionalized individuals, and they can provide near-complete coverage of special
interest populations like program participants.

Further, administrative data can enhance surveys by providing program and

contextual information about survey respondents. Conversely, supplementing
administrative records with survey data can add socioeconomic and attitudinal variables
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to administrative records. Many federal statistical agencies link their administrative
records with other agencies. For example, the US National Center for Health Statistics
partnered with the Department of Housing and Urban Development (HUD) to link
National Health and Nutrition Examination Survey (NHANES) data with HUD
administrative records (National Center for Health Statistics, 2021). This linkage of two
data sources allows researchers to examine how housing conditions shape health
outcomes (e.g., Ahrens et al., 2016). The Center also linked Centers for Medicare and
Medicaid Services administrative files with National Long-Term Care Providers Survey
data, thus facilitating research on program utilization across a broader range of long-term
health facilities (see Elliott et al., 2012).

The U.S. Census Bureau has created the Supplemental Poverty Measure (SPM),
which extends the official poverty measure by taking account of many of the government
programs designed to assist low-income families and individuals that are not included in
the official poverty measure. For example, the SPM incorporates survey data on tax
credits and income transfers in alleviating poverty, using data from the Current
Population Survey Annual Social and Economic Supplement (Fox, 2020). Further,
administrative records have been used to evaluate the level of coverage of SNAP and
TANF participation and the effectiveness of models aimed at addressing under coverage
of program participation in household surveys (Shantz and Fox, 2018).

Social science research projects also are linking to data from official statistics. The
University of Michigan's Health and Retirement Study, with support from the NIH
National Institute on Aging and the Social Security Administration, has been linked to
administrative data from Centers for Medicare and Medicaid Services' Medicaid Analytic
Extracts and Medicare Claims and Summary Data, to Social Security Administrations'
earnings and benefits data, and to Veterans Affairs' health care data (Health and
Retirement Study, 2021). Researchers can now integrate social program context when
studying middle age and older adult life course. In a further example, the Census Bureau
linked its Survey of Income and Program Participation to Social Security Administration
records.

Using Administrative Records to Understand Data Quality and Coverage

Administrative data used in tandem with survey data can inform quality and coverage
assessments for both data sources. Particularly in federal statistical agency work, issues
like misreporting and under- or overcounts have implications for program funding, needs
assessments, and official statistics. Studies that combine administrative records and
survey sources for quality assessment purposes frequently focus on discrepancies in
information that can be unreliable when self-reported and on the coverage of populations
captured.

We provide examples using income and racial and ethnic origin to illustrate how
researchers employ administrative records in studying the quality of survey data
information that can be unreliable. Multiple studies investigate the consistency of income
reporting. For example, Pedace & Bates (2000) linked longitudinal Survey of Income and
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Program Participation data with Social Security Administration's Social Security
Summary of Earnings administrative records to assess the magnitude of income
misreporting. The authors find that information on earnings receipt was congruent
between survey data and administrative records in approximately 90% of cases. The
survey data underestimated earnings by an average of $450, with high earners most likely
to underreport. The authors further identified sociodemographic characteristics associated
with earnings under- and overreporting. Older adults and individuals with low education
were likely to underreport earnings, suggesting administrative records may be a better
source of data on these subgroups.

Cristia & Schwabish (2009) similarly matched longitudinal Survey of Income and
Program Participation data with Social Security Administration's Detailed Earning
Records administrative data, finding that survey respondents underreported earnings by
approximately $2,800, with low earners more likely to overreport and high earners again
more likely to underreport. This approach of creating a synthetic or modeled micro
dataset from partially observed data has not been tried in the federal statistical system
except in two instances, both undertaken to protect confidentiality. As noted below, the
Survey of Income and Program Participation Synthetic Beta, Synthetic Longitudinal
Business Database, and Survey of Consumer Finance also use synthetic data methods in
developing publicly released files (NASEM 2017b).

Brummet et al. (2018), linking two waves of Consumer Expenditure Survey data to
Internal Revenue Service Forms 1040, W-2, and 1099 administrative records, found an
underreport of payroll and retirement income in the survey, but similar levels of income
reports for self-employment income in the survey and administrative data.

A second large group of discrepancy studies explores issues in reported racial and
ethnic origin across sources. Ennis et al. (2018) link administrative (e.g., Housing and
Urban Development Public and Indian Housing Information Center, Temporary
Assistance for Needy Families, and Medicaid Statistical Information System data),
survey (e.g., American Community Survey), and decennial census data to examine racial
and ethnic origin information congruence. They find that 79% of linked records had no
discrepancies in Hispanic origin responses. Among the group showing discrepancies, the
authors identify renters and single-parent households as those more likely to have
incongruent racial and ethnic identification information recorded across sources (ibid.).

In evaluating administrative record quality, understanding the coverage of
populations and their characteristics is critical to adopting administrative data for social
science research. The share of the population captured in administrative data has
increased over time. For example, while the 2000 decennial census administrative records
experiment resulted in an 81% match rate between the records and census enumeration
(Bauder & Judson, 2003), in 2010, the match rate was higher at 89% for the entire census
population and 98% for the population of individuals with PIK identifiers (Rastogi et al.,
2012). Related research further shows that 96% to 98% of the US population can be
found in tax records (Chetty et al., 2014; Mortenson et al., 2009). See Figure 3 for a case
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study using tax records and other administrative data to trace how the neighborhoods that
children grow up in influence future earnings.

However, while overall population coverage in administrative data can be high, the
data can under-capture particular sociodemographic groups. Bhaskar et al. (2014) pooled
census records, five commercial datasets, and administrative records from nine federal
programs (e.g., Centers for Medicare and Medicaid Services Medicare Enrollment
Database, Selective Service System Registration File, Housing and Urban Development
Tenant Rental Assistance Certification System, and others). They assessed whether and
to what extent these records capture demographic information recorded in 2010
American Community Survey (ACS) responses. Administrative records captured 93% of
ACS respondents' Hispanic ethnicity, 81% of respondents' race, and 93% respondents’
gender and age. However, Hispanic ethnicity was more often missing in administrative
data for Hispanics than non-Hispanics and race was more often missing for minorities. In
contrast, age and gender coverage was high and comparable across groups.

Figure 3. Using IRS data combined with local education. Patent, and housing
data show social mobility patterns

1) IRS data (tax records)
The Opportunity Atlas: Mapping the Childhood Roots of Social Mobility (with John Friedman, Nathaniel Hendren, Maggie

R. Jones, and Sonya R. Porter), NBER Working Paper No. 25147 (September 2018) TheUPShOt
2) School data (local district children/test score records, DoE

records on Pell grants, student loans)

How Does Your Kindergarten Classroom Affect Your Earnings? Evidence from Project STAR (with John Friedman, .

Nathaniel Hilger, Emmanuel Saez, Diane Schanzenbach, and Danny Yagan), Quarterly Journal of Economics 126(4): Deta I |ed N eW
1593-1660, 2011

National Maps
3) Patent data (via Strumsky, Google full patent database, and Show How

NBER Patent Data Project by Hall et al.) Neiechborhoods
Who Becomes an Inventor in America? The Importance of Exposure to Innovation (with Alex Bell, Xavier Jaravel, Neviana g B
Petkova, and John Van Reenen), Quarterly Journal of Econommics, 134(2): 647-713, 2019 Sha pe Children for

3) SSA data (death master file) Life
The Association Between Income and Life Expectancy in the United States, 2001-2014 (with Michael Stepner, Sarah WIS
Abraham, Shelby Lin, Benjamin Scuderi, Nicholas Turner, Augustin Bergeron and David Cutler) The Journal of the gl %
Americal Medical Association 315(16): 1750-1766, 2016

4) Federal Housing Finance Agency

The Effect of Housing on Portfolio Choice (with Laszlo Sandor and Adam Szeidl), Journal of Finance 72(3): 1171-1212,
2017

Researchers also link administrative records with a combination of other
administrative, survey, and commercial data to assess population coverage between
sources. For example, Fernandez et al. (2018) use the 2010 Census Match Study
administrative records file, which links multiple federal agency surveys and
administrative records with third-party data and supplement it with Medicaid
administrative records to examine the coverage of children in the 2010 decennial census.
The authors find that ethnic and racial minority children and those living in multi-unit
buildings, multigenerational, or low-income households are more likely to be found in
administrative and survey records but not found in decennial census data.
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Using Administrative Data to Explore Survey Alternatives

Statistical agencies increasingly employ administrative records to examine their value
as a complement or substitute for the surveys they typically conduct. The Bureau of
Labor Statistics (BLS) currently produces Import and Export Indexes based on an
international price survey. It is exploring how to incorporate over two million monthly
administrative records on exports and unit values into the series to improve its accuracy,
with initial tests suggesting that a blended dataset could provide the agency with more
robust indexes (Fast & Fleck, 2019). Further, BLS linked Internal Revenue Service
Forms 1040, W-2, and 1099 data to two waves of its Consumer Expenditure Survey to
assess improvements in income survey estimates (Brummet et al., 2018).

BLS also supplements Quarterly Census of Employment and Wages (QCEW) data,
based on unemployment insurance administrative records, with County Business
Patterns, Annual Survey of Public Employment and Payroll, Railroad Retirement Board
data to construct estimates for jobs not captured in QCEW (Robertson, 2017).

In a similar vein, the Bureau of Economic Analysis began producing an experimental
Health Care Satellite Account using administrative claims data to address the limitations
of its Medical Expenditure Panel Survey and better understand health care spending
(National Research Council, 2009). The US Energy Information Administration uses
energy supplier records to obtain information on energy consumed to supplement its
Residential Energy Consumption Survey (US Energy Information Administration, 2021).

Other agencies are exploring ways to replace surveys with administrative data; in
2017, the National Center for Science and Engineering Statistics, the National Science
Foundation's statistical agency, redesigned its Survey of Graduate Students and
Postdoctorates in Science and Engineering to reduce reporting burden. It transitioned
from collecting survey responses from institutions to collecting direct administrative data
uploads (Gordon et al., 2018). Instead of institution staff completing questionnaires for
which they had to pool and tally information across university departments, respondents
now submit a records file using a standardized set of codes that facilitate the process.

Social science researchers are also examining how administrative data can enhance or
supplement surveys. One study comparing local government administrative real estate
assessment data with American Community Survey (ACS) housing variables finds that
property year built, value, and taxes paid measures are in agreement between the two
sources and could be used interchangeably (Molfino et al., 2017). In fact, research on the
value of benefits as reported in the early test data for the American Community Survey
(ACS) were shown to be deficient when compared with actual data for SNAP recipients
in Maryland, which was one study that led to the decision to exclude a question on the
value of benefits (Taeuber et al., 2004).

Further, the assessment data are available at the parcel level, a lower level of

geography than ACS housing data. Thus, replacing ACS survey data with the
administrative source could provide advantages for officials making real estate and
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planning decisions for county and city neighborhoods (ibid.) as well as reduce respondent
burden. The Census Bureau explored the use of Internal Revenue Service tax information
to replace the income questions in the American Community Survey (O’Hara, 2016,
Houser & Sanders 2016). In other cases, agencies can replace survey by using
administrative data and data from other sources. For example, in 2012, the National
Center for Health Statistics stopped collecting the National Nursing Home Survey and the
National Home and Hospice Survey and provided the same information using
administrative data from the Centers for Medicare & Medicaid Services.

Administrative data can be a useful source for similar assessments, helping survey
researchers determine what items to include in survey questionnaires and what items can
be replaced with administrative data, thus reducing survey respondent burden. Other
approaches are to link administrative data with third-party data, described next.

Using Administrative Data for Linkage with Third-Party Data

In addition to linking administrative data to surveys, records can also be linked to
third-party sources. Third-party data refers to "micro-level data on persons, families, or
households [that are maintained] by commercial, private-sector entities” (National
Academies of Sciences, Engineering, and Medicine, 2019; 7). Although third-party data
typically match administrative records at a lower rate than survey data (Brummet, 2014;
Kingkade, 2013; Rastogi & O'Hara, 2012), it can similarly be used to expand
administrative record coverage, add contextual information to records, or facilitate data
quality assessments.

Federal statistical agencies employ third-party data for all the purposes mentioned
above. Within the US Census Bureau, CoreLogic and Black Knight property and tax data,
various multiple listing services data files, and Veteran Service Group of Illinois
consumer and household data are part of designing and quality-checking decennial
census counts and operations (ibid) and benchmarking American Community Survey data
(Kingkade, 2013). To reduce respondent burden, provide more timely information, and
improve quality, the Census Bureau also integrates its survey and administrative data
with third-party NPD Group's point-of-sale information from over 300,000 retailers into
its Monthly Retail Trade Survey. This experimental product models retail sales (US
Census Bureau, 2021a). The third-party file covers both physical and online retailers
across multiple industries. It adds to the Monthly Retail Trade Survey information on
units sold, product sales, average prices, and total sales (Hutchinson, 2017). See Table 2
for types of data the Census Bureau uses to improve statistical data products.
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Table 2. Examples of Third-Party Data Sources examined by the U.S. Census
Bureau to reduce the burden on respondents, to validate Census’ mapping
databases, and to lower the cost of the Census.

Tax Assessment Stand Alone Mortgage
Mortgage Assessment Eviction

Automated Valuation Property Tax and Deeds
Deeds and Loans Multiple Listing Services
Master Address Foreclosures

Notice of Delinquency Household Member Data
Parcel Boundary Telephone Data

Release of Mortgage Education data

There are already several creative approaches to integrating administrative data with
federal statistics. BEA links its data with third-party insurance claims files to provide
improved payment estimates and treatment price indices by disease condition in
experimental Health Satellite (or "Blended") Account files (Bureau of Economic
Analysis, 2021). Integrating the private claims data allows BEA to address potential
quality issues arising from the Medical Expenditure Panel Survey's small sample
(National Research Council, Committee on National Statistics, 2008).

The U.S. Department of Agriculture (USDA) links administrative data on SNAP
participation and purchases with survey responses from the probability sample of 5,000
households in the National Household Food Acquisition and Purchase Survey
(FoodAPS). The linked information provides information about SNAP eligibility in the
30 days prior to the survey, helped to address data discrepancies, and provide information
on use of the electronic benefits card usage (Ver Ploeg et al., 2015, NASEM 2017b).

The U.S. Bureau of Justice Statistics (BJS) links state correctional facilities
admissions and releases with other administrative record data to examine the reasons for
prisoners’ return to prison or success in not returning (Carson, 2015, NASEM 2017b). By
linking these data to other sources, BJS can tell if former inmates have a job using Social
Security data or whether they are married using ACS data.

However, linking data is not always easy or accurate as the match rate varies
depending on the study or population and can lead to biased conclusions (Harron et al.
2014). There are studies that propose statistical methods to account for linkage bias
(Lahiri and Larsen, 2005; Hof and Zwinderman, 2012; Judson et al., 2013), but these still
do not always remove the bias in selected variables used (NASEM 2017a).

Technical Challenges in Administrative Record Use
Using administrative records for official statistics and social science research faces

four key challenges (Amaya et al., 2020; Auerbach et al., 2019; Groves & Schoeffel,
2018; Wallgren & Wallgren, 2010):
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e Data source coverage: Identifying relevant sources that maximize the coverage
of the population of interest.

e Data linkage: Linking often incompatible units, raising issues of unique
identifiers and continuity over time.

e Variable compatibility: Making appropriate decisions about similar variable
mismatches, as these can be due to either inconsistencies and errors in recording
or disparate variable definitions.

e Security, access, and sharing: Fostering transparency and accountability of data
and uses.

We review these challenges in turn.
Data Source Coverage

Administrative data typically capture a set of individuals, objects, or other entities
relevant to the program collecting the data, and only collect information while these
entities are part of the program. Such data sources alone do not usually contain all the
entries for general research populations of interest. They are limited in their use for
statistical purposes like facilitating analytic approaches that address causal questions
(Groves & Schoeffel, 2018). Researchers should be aware of definitions that limit the
entities for which administrative records are collected. Examples follow:

The Database on Ideology, Money in Politics, and Elections administrative
records does not capture campaign contribution donations less than $200 (Hill
& Huber, 2017).

Corruption cases are not captured in administrative data if they are not
pursued in the federal court (Cordis & Milyo, 2016).

Unauthorized housing units, potentially non-permanent dwellings like boats
and timeshares, and non-taxed housing units like housing built on college
campuses, military bases, or tribal lands, may be recorded as housing units in
Census Bureau records but not in tax assessor data (Jarosz & Hofmockel,
2013).

In using administrative records, researchers must evaluate whether the
representativeness of available records is suitable for their research purpose. Data sample
and coverage determinations can become more complex in cases of administrative data
linked to other administrative or survey files. Although linkage match rates can be high
overall, they may be disproportionate for particular subgroups, aggravating under- or
over-coverage that might be present in standalone data sources. For example, Cristia &
Schwabish (2009) successfully match 85% of cases in their survey and administrative
data. However, the match was lower for ethnic minorities, resulting in coverage
limitations for the population of interest in the final dataset.

Similarly, reliance on administrative records that are biased towards particular

subgroups for the program or other reasons may result in a linked data source that is not
useful for studying the general population. For example, administrative data that
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primarily capture households with young children should be linked to appropriate other
data sources that cover childless households to ensure representative coverage of the
population (Zanutto & Zaslavsky, 2002). Following linkage, researchers should assess
the resulting data coverage and potential biases by benchmarking to other data sources.
For example, the Census Bureau conducts an exhaustive coverage evaluation using post-
enumeration surveys and demographic analysis estimates developed from administrative
records (National Research Council, 2009).

As it concerns studies affecting civil rights that make use of administrative records,
McClure et al (2017) have discussed how the underrepresentation of hard-to-reach
subpopulations in administrative records may put them at a significant disadvantage in
the deployment of procedures that are heavily based on such records. The bias
introduced by differences in the representation of vulnerable and non-vulnerable
populations can lead to large over- and undercounts across populations, affecting the
allocation of resources, political representation, community investments, and the ability
of government to evaluate disparities among racial-ethnic minorities, American Indians
on tribal lands, and immigrants, among others.

Data Linkage

Record linkage refers to matching two or more records, typically stored in different
data sources, that refer to the same object, person, organization, or other entity (GAO,
2001). Two or more matched records can be correctly linked or true positives, incorrectly
linked or false positives, or matches that remain unlinked or false negatives. In linking
administrative data to other administrative records (government and private sources) and
surveys, researchers must consider the availability of matching variables, the
representativeness and population coverage of each data source, and the comparability
and congruence of their variables (Min et al., 2019).

Unique Identifiers

Matching variables facilitate linkage with other sources employing the same
identifiers. When implemented across multiple data files, matching variables can be used
for integrating separate sources into a system of (statistical) registers to obtain a complete
listing of all persons, organizations, objects, or other entities that belong to a defined set
(Wallgren & Wallgren, 2010). Depending on the type of matching variables available,
researchers can employ deterministic or probabilistic record linkage to join data sources
(Fellegi & Sunter, 1969; Winkler, 1995; Winkler, 2006; Yancey, 2002).

Deterministic or exact record linkage refers to matching records for individuals,
organizations, or other entities based on exact agreement on all matching variables in a
given dataset. Typically, deterministic record linkage is based on unique identifiers or a
combination of personal or organizational information (e.g., name, birth date, and social
security number or business name and address). For example, Pedace & Bates (2000)
linked longitudinal Survey of Income and Program Participation data with Social
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Security Administration's Social Security Summary of Earnings records using social
security number information present in both files.

In the absence of unique identifiers or a failed deterministic match, researchers can
employ probabilistic linkage, matching records on a set of variables where some can be
required to be exact matches, and others are assigned importance weights for a
probabilistic match. In this approach, cases are assigned agreement weights given their
variable values and importance weights. The matches are evaluated against a match
threshold value given willingness to accept false positives versus false negatives.

Similarly, hierarchical linkage evaluates records based on a list of variables with a
priority order, attempting to maximize the number of variables that match; the more
variables that match between records, the more likely the cases refer to the same entity.
In this way, Graham et al. (2018) linked US Patent and Trademark Office Patent Data
Extract, Census Bureau Business Register, Longitudinal Business Database, and
Longitudinal Employer-Household Dynamics Employment History Files using Census
Bureau's unique identifier information in combination with inventor names and locations,
assignee information, business names, and cleaned information from patent documents.
Similarly, the Bureau of Labor Statistics links Business Employment Dynamics
administrative records on establishments over time using a multi-step process. They first
attempt to match on unique identification numbers, followed by using predecessor and
successor information relation, a probabilistic match based on business name and contact
information, and finally manual review (Parker, 2006).

Research outside the US federal statistical agencies also employs creative linkage
strategies in the absence of unique identifiers. Lunn et al. (2020) linked over one million
records on Irish farms from multiple administrative data systems spanning ten years. This
was possible because each farm's uniqueness could be established through its association
with herd identification numbers mandated through a European Union directive.
YouGov, a private organization, successfully matched Cooperative Congressional
Election Survey respondent data to state election records and campaign contribution data
even though these sources were not designed for linkage and did not contain unique
identifiers; instead, the company used respondents' names and addresses to conduct
matching (Hill & Huber, 2017).

Given considerable challenges with data that lacks unique identifiers, many federal
statistical agencies have developed in-house systems that facilitate identifier assignment.
The U.S. Census Bureau uses a Person Identification Validation System to assign unique
identifiers, or Protected ldentification Keys (PIKSs), to administrative and survey files and
facilitate linkage across data files for Bureau research and other data users. The
identification keys are based on name, birth date, and address information. The Bureau
uses probabilistic matching to assign the keys, first attempting to match by social security
number, followed by name, address, and birth date information, and finally using an age
range (Wagner & Layne, 2014).
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At the housing level, the Census Bureau assigns every known housing unit a Master
Address File unique identification (MAFID) number; the assignment procedure first
cleans and standardizes housing unit addresses, and then uses a probabilistic algorithm to
assigh MAFIDs (Rastogi & O'Hara, 2012; Wagner & Layne, 2014). Once cases in each
data file have been assigned a unique identifier like PIK or MAFID, researchers can
conduct linkage across files. For example, building on the Bureau's work, Brummet et al.
(2018) matched two waves of person-level Consumer Expenditure Survey data and
Internal Revenue Service Forms 1040, W-2, and 1099 administrative records. Bhaskar et
al. (2019) linked the Current Population Survey Annual Social and Economic
Supplement with Medicare Enroliment Database administrative data. In addition to the
Census Bureau, the US Department of Agriculture Economic Research Service, Census
Bureau, and Food and Nutrition Service jointly maintain a Next-Generation Data
Platform that links administrative records on food assistance programs with surveys and
other data for research purposes (US Department of Agriculture, 2021). The Centers for
Medicare and Medicaid Services house the Integrated Data Repository, which supports
linking data resources across the agency (Centers for Medicare and Medicaid Services,
2021).

Longitudinal Linkage and Continuity Over Time

Data products for official statistics, including linked administrative files, should be
sustainable over time. Achieving sustainability is difficult to maintain if data collection
methods, instruments, or definitions change in response to regulatory, commercial, or
other reasons (Groves & Schoeffel, 2018; Struijs et al., 2014; Vichi & Hand, 2019).
When linking administrative records with other data longitudinally, researchers must
evaluate whether the context of administrative data collection changes, how it may affect
variable values, consistency, and the overall quality of records linked over time. For
example, the Internal Revenue Service Statistics of Income Division must consider the
changing tax code and legislative definitions in maintaining their longitudinal
administrative data infrastructure (Johnson et al., 2018).

Entity-level changes that can affect unique identifiers are a further challenge in
longitudinal linkage. The same units can change over time and become difficult to match
across administrative records. The Bureau of Labor Statistics faces this issue in linking
business establishment data over time. The agency conducts multi-step linkage to ensure
proper establishment matching for the Business Employment Dynamics and Quarterly
Workforce Indicators series. It must keep current on ownership changes, openings and
closings, mergers and acquisitions, and other processes that can change the assignment of
unique identifiers for a given business. (Parker, 2006). Similarly, persons can change
their given or last name at the individual level or appear in records as individuals or part
of a unit. The Internal Revenue Service Statistics of Income Division must create derived
statistical units to address this problem when matching, since filers can submit individual
or joint tax returns at different times, making the observation unit inconsistent across raw
records (Johnson et al., 2018).

Variable Comparability
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Once data are linked, researchers must consider the consistency and comparability of
recording and variable coding across sources and decide which data source to draw on
when relevant information is recorded in more than one source.

For example, the administrative (e.g., Housing and Urban Development Public and
Indian Housing Information Center, Temporary Assistance for Needy Families, and
Medicaid Statistical Information System data), survey and census (e.g., American
Community Survey, decennial census), and third- party data commonly linked for the US
Census Bureau's internal research capture racial and ethnic identification in different
ways. Race and ethnicity were captured with disparate numbers of categories and were
not always recorded as separate variables (Bhaskar et al., 2014; Ennis et al., 2018).

Social science researchers face the same challenge. Stansbury et al. (2004) linked the
Department of Veterans Affairs' stroke rehabilitation patient treatment files with its
Integrated Stroke Outcomes Database administrative data to examine the congruence of
racial and ethnic identification information in the two sources. While the patient
treatment files recorded self-reported ethnic and racial identification across five
categories, administrative records coded by clinicians and therapists captured six
categories. Further, the authors found that racial and ethnic designation congruence
between the two sources was weaker for nonwhite patients. Despite multiple recoding
strategies, the authors observed different effects on outcomes depending on whether they
drew on patient or administrative records as their source of race and ethnicity data. In
these cases, researchers must assess the quality of responses from each data source given
their use case and decide on which source to designate as the primary source for a
variable in question in analyses (Ludlum, 2004). One example of such data quality
assessment is the BLS Consumer Expenditure Survey, benchmarked against the
Residential Energy Consumption Survey, National Health Expenditure Accounts,
Medical Expenditure Panel Survey, Current Population Survey, and others (US Bureau of
Labor Statistics, 2021).

Security, Access, and Sharing

Data sharing across government agencies, between federal actors and academic
researchers, and the public promotes transparency and accountability, supports evaluation
and decision-making, and encourages new insights, growth, and innovation. However,
providing secure access to administrative data containing individuals' records can pose
significant challenges that require data providers to balance information sharing with
disclosure controls that limit the amount of data that other parties can access. The lack of
effective security controls can lead to unauthorized use, data leaks, and breaches; these
can result in identity theft or financial fraud at the individual level. Agencies typically use
one of five main sharing models to allow other parties to access and analyze their data in
a secure way.

First, researchers can get direct access to sensitive data through licensing or research

data centers. Licenses allow individuals to apply for access, sign a data use agreement,
retrieve an entire data file or one limited to information relevant for a given project after
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the screening, and process information locally. Research data centers require researchers
to either visit a physical location to process their queries or to access one virtually
(Altman et al., 2016, Karr, 2016; Groves & Schoeffel, 2018). For example, the National
Center for Education Statistics provides access licenses (NASEM, 2021), and the Census
Bureau maintains the Federal Statistical Research Data Centers for its sensitive and
restricted data.

Second, researchers may work with public use data files that have been edited to
protect privacy and prevent reidentification using disclosure avoidance procedures.
Preparing a data file for public release can involve simple reduction techniques like
suppression, redaction, censoring, rounding, or aggregation; perturbative techniques like
swapping or injecting noise; or creating a synthetic dataset, which is imputed and
replaces original variable values but retains the statistical properties of the underlying
data, as an alternative (Karr, 2016). For example, the Internal Revenue Service Statistics
of Income Division currently releases a sample-based, time-lagged, and aggregated
public use tax data file with a restricted number of variables. In partnership with the
Brookings Institution, the Division also recently proposed to build a fully synthetic tax
database that would broaden and make more timely access to all data while protecting
taxpayer privacy (Burman et al., 2018).

The Survey of Income and Program Participation Synthetic Beta, Synthetic
Longitudinal Business Database, and Survey of Consumer Finance also use synthetic data
methods in developing publicly released files (NASEM 2017b). However, better
computing power and data linkage pose considerable disclosure threats to these
strategies. Government agencies employing simple approaches like removing sensitive
information will need to adopt more robust approaches to avoid data privacy and security
risks (Altman et al., 2016).

Verification servers are a third approach to offering data access while limiting
disclosure risk. Researchers can use publicly released data files to conduct their work and
subsequently check the consistency of their results against the unedited data via such a
server. Verification servers run researchers’ analyses and output a measure of how closely
the results from the unedited and edited data align (Karr, 2016). The Internal Revenue
Service Statistics of Income Division and Brookings Institution proposed to make
available the option of running and checking data programs piloted on public use data
against IRS' confidential data sources (Burman et al., 2018).

Data access can also be provided through data analysis systems hosted on remote
servers (Keller-McNulty & Unger, 1993; 1998). Data analysis systems have a user
interface that allows individuals to run simple descriptive analyses on publicly released
data. Similarly, restricted data analysis systems give such functionality for restricted data
use and typically only permit basic data operations (Karr, 2016). The Census Bureau's
data.census.gov portal uses the former approach, offering users the ability to interact with
multiple data sources that the agency maintains; for example, to view summaries and
descriptive, obtain tables at different levels of aggregation, or download files. A similar
approach is a system whereby the data required for a given analysis is copied to a central
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location and kept there only for the statistical computations. This approach is called data
minimization. Security risks are moderated by constraining the scope and duration for
which the data are held (NASEM 2017b). Another example when computation on
multiple data sources can be decentralized: the data never leave their individual original
locations, and the multiple locations engage in a cryptographic protocol to cooperatively
compute the outcome of the statistical computations (NASEM 2017b).

Finally, differential privacy is an approach that introduces a controlled level of noise
to the data to limit disclosure risk, balanced against the desired degree of accuracy
(Dwork, 2006; JASON, 2020). A privacy budget defines the level of acceptable
disclosure risk. Because statistics published with differential privacy controls represent
an approximation of the underlying data, this approach can pose issues for small
populations. Differential privacy can also apply privacy-protecting transformations to an
analyst's query rather than to the underlying data (NASEM Committee on National
Statistics, 2019). The Census Bureau's OnTheMap tool employs this approach along with
distributed record linkage to visualize workforce data for users (Machanavajjhala et al.,
2008).

To test the integrity of their security systems and disclosure limitation controls,
institutions frequently employ simulated reconstruction and reidentification attacks,
which use aggregate data from multiple tables or sources to arrive at underlying
individual-level records. For example, the Census Bureau simulated an attack that used
publicly available 2010 census tabulations to correctly reconstruct individual-level
demographic characteristics and location for 46%, or almost half, of the US population
(Abowd, 2018; JASON, 2020). The Bureau then linked these records to third-party data,
successfully reidentifying a total of 17% of the population by first and last name (ibid.).

Current strategies for assessing whether and how data can be released or shared
include data disclosure board reviews, using disclosure risk checklists, building
disclosure models and scenarios that could pose a threat for reidentification. The
strategies also include establishing disclosure expert panels that provide regular input and
enhancing agency coordination in data releases that would limit the availability of data
files that could jointly lead to reidentification (Hawes, 2020; NASEM Committee on
National Statistics, 2019).

Societal Challenges in Administrative Record Use

In addition to technical challenges that must be addressed when using administrative
data for official statistics and social science research, employing administrative records
and linking them with new data sources also raises societal questions about privacy and
consent, and trust in government.
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Privacy and Confidentiality

Privacy violations in the context of statistical data analysis using multiple sources of
data are of two types. The first are threats to the security of the raw data and the second
are threats using statistical findings to identify an individual or organization (NASEM
2017Db). Several privacy laws apply to data handling, both survey and administrative,
within federal statistical agencies and are well documented in many papers and reports
(Keller et al., 2016; NASEM, 2017b; NASEM, 2021). The two laws most relevant to
administrative data use are discussed here.

The 2002 Confidential Information Protection and Statistical Efficiency Act
(CIPSEA) (44 U.S. Code § 101) provides a uniform approach across federal statistical
agencies for record confidentiality protection and preventing reidentification. The act
mandates that individuals' data can only be used for statistical purposes unless
respondents provide informed consent for other uses. The act permits limited data sharing
of business data between the Census Bureau, Bureau of Labor Statistics, and Bureau of
Economic Analysis; however, they have not been able to implement this provision
because of lack of corresponding authorization in the federal tax code (NASEM, 2017b).

Title 26 (26 U.S. Code § 6103) provides protection for sensitive information
contained in Internal Revenue Service tax records. The Title specifies conditions for
disclosing record contents to other federal agencies and permits record sharing with the
Census Bureau for lawfully authorized statistical purposes like assisting in decennial
census enumeration. Under restricted conditions and only for regulated and authorized
purposes, other statistical agencies have also been able to access tax data; for example:

e the Congressional Budget Office can access tax data to analyze Social Security
and Medicare programs,

e the Bureau of Economic Analysis can receive business data to build its survey
sampling frames, and

o the National Agricultural Statistical Service can receive a subset of data to
validate its Census of Agriculture frame (Greenia, 2008).

A Disclosure Review Board must oversee any record sharing and statistical products
derived from these records (Department of Health and Human Services Office for Human
Research Protections, 2018).

The Internal Revenue Service working with tax records must follow regulations of the
US Tax Code, which governs privacy restrictions for tax record use, stating these can
only be used for tax administration, research and analysis, and can only be conducted by
a specified set of individuals. However, most rules governing record sharing, use, and
linkage were put in place before the proliferation of devices and platforms like social
media that generate large amounts of new data, which can then be integrated with
administrative records and surveys.
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Despite efforts to apply uniform approaches to privacy and confidentiality (e.g.,
CIPSEA), other steps must still be implemented agency by agency (e.g., negotiating data
sharing agreements with each of the 50 states). One proposal to streamline the efforts by
each statistical agency and advance the use of administrative data in federal statistics is
the creation of a “secure environment” (NASEM 2017a). This secure environment would
centralize administrative data quality access and analysis, link these data to surveys and
other administrative data, evaluate it to ensure privacy, and allow a common approach for
researcher access. This secure environment would need to be accessible by all statistical
agencies and is necessary to scale expertise to achieve the vision for using administrative
and private sector data to supplement and enhance existing surveys and create new data
products (NASEM 2017b).

Consent

In addition to posing privacy issues, administrative data for research purposes, and
linked administrative data, also complicate consent. In cases where administrative data
are linked to survey data, survey respondents may have provided consent for the use of
their survey responses but were not informed about or not asked to consent to uses
involving linked administrative records. Even if individuals grant consent for
administrative record linkage, linked data use, or other secondary uses involving
additional data, the longevity of consent or the necessity to re-consent participants may
be unclear.

Research also suggests there is evidence for consent bias in survey and administrative
record linkage. Examples of linking administrative with survey and third-party data show
that the propensity to give consent for record linkage varies by consent domain,
respondent sociodemographic characteristics, attitudes towards privacy, interviewer
characteristics, and survey characteristics (Mostafa, 2016; Sala et al., 2012; Sakshaug et
al., 2012; Yang et al., 2019). Low consent and consent bias rates are a concern for the
routine use of linked data files for official statistics. In addition to interviewer training
and consent request framing, strategies like consent request placement across survey
waves may increase the likelihood that individuals consent to record linkage (Eisnecker
& Kroh, 2017). Current practical guidance on obtaining linkage consent is inconsistent,
with opinions ranging from informed consent being necessary in all cases to the
possibility of obtaining majority consent, not requiring consent in the presence of
safeguards, or not requiring consent for linkage at all (GAO, 2001).

Trust and Transparency

Public trust in government is essential for official statistics and data products to be
viewed as legitimate (NASEM, 2021). However, trust in government has decreased in the
past decade (Hogan, 2020; Pew, 2020). A recent study of citizens' attitudes towards the
2020 decennial census found that between 47% and 59% of respondents reported they do
not trust their local, state, or federal government. An earlier study indicated over 60% of
the respondents expected the decennial census enumeration to be used to "help the police
and FBI keep track of people who break the law," and over half assumed it would be used
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to identify undocumented immigrants (Vines, 2018). Individuals often have concerns
about the potential for surveillance and commercial exploitation of their data. They are
wary of entrusting their records to an abstract and complex network of government
actors. They are skeptical of sharing data when gains from doing so, like improved social
infrastructure, are not immediately apparent or realized.

Public support for data sharing and linkage depends on trust. Citizens expect
governments as data custodians to be trustworthy, accountable, transparent, and to
provide avenues for public engagement where data policies can be assessed and shaped
collectively (Sexton et al., 2017). Such support may also depend on knowledge and issue
framing. When asked about data sharing and linkage for informed policy- and decision-
making, Gallup survey respondents’ attitudes were less favorable than when citing
specific reasons like government accountability or efficient use of taxpayer funds (Fobia
et al., 2019). Respondents cite benefits like increased funding for public services,
particularly health, safety, education, and other public infrastructure, and contributing to
a better future for their communities, as important motivators in their plans to provide
their information in government surveys and the decennial enumeration (Vines, 2018).

Vichi and Hand (2019) and European Statistical System (ESS, 2019) define the role
of trust in using “smart statistics.” The term “smart statistics” is defined as a system
that has autonomous processing that is infrastructural to the data. Adding ‘trusted’ to
the term means, that the smart statistics with the adjective “trusted” implying that the
decisions are based on sound data and information extraction; that is, the data must be
properly representative of the system being described.” Vichi and Hand 2019, page
606). Smart statistics have the following characteristics)

Autonomous and automated data collection from sensors

Continuous data collection autonomously data- driven

Adaptively responding, by data-driven processing, to environmental changes
Statistics extractable in real-time or in as close to real-time as makes sense
A rational decision-making process when statistics are used for decisions

This definition of smart statistics introduces the possibility of using data beyond
administrative data. ESS has established working groups to tackle the use of data from
specific sectors, e.g., online job vacancies; enterprise characteristics; measuring
electricity consumption, identifying energy consumption patterns; maritime and inland
waterways statistics, and environmental statistics. We introduce the idea of smart
statistics here because of the focus on identifying characteristics of trusted smart statistics
has broad applicability for all types of non-survey data. A related concept is opportunity
data that are derived from Internet-based information, such as websites and social media
and captured through application programming interfaces (APIs) and Web scraping
(Keller et al. 2020).

To meet the statistical criteria of trustworthiness, data quality, and value (statistics

that support society’s needs for information), smart statistics must be verifiable, have
known representation of groups in the data, and an awareness of what is missing (Vichi
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and Hand 2019). Specific challenges include the use of social media or web scraped data
that are likely to not be representative of the overall population but can be useful for
analyzing specific subsets of the population. Other challenges include verifying the ac
curacy and validity and quality of raw data. These challenges are described below.

Addressing Technical and Societal Challenges in Administrative Data Use
Addressing Technical Challenges

As we have shown, administrative records, (and looking to the future, smart statistics,
and opportunity data) and their linkage provide unique opportunities for reducing survey
response burden, addressing the challenges of missing data and improving population
coverage in the production of official statistics, adding contextual information to records
from survey and other data files, assessing data quality, and other uses. At the same time,
these data pose unique challenges compared to survey files that statistical agencies and
social science research have typically employed. Administrative data can vary in
completeness, accuracy, relevance, timeliness, coherence, and interpretability relative to a
given use case (Seeskin, Datta, & Ugarte 2019).

Third-party data face similar challenges. In addition, many of these data sources are
high-dimensional in that they often have massive numbers of features. This presents
challenges for statistical uses (NASEM 2017a). For example, in terms of population
coverage, there are often concerns about sample bias with these data sources, because
data may exist only for those that can afford to buy a product or service. Or in the case of
social media, data are available only for those who use the application (Couper, 2013).
Retail scanner data may seem to be straightforward but can also have measurement issues
depending on what is recorded. For statistical uses in a prices index, scanner data would
provide the price, quantity, and description of the product. However, companies may be
more interested in market share measures, customer response to promotions and price
changes, or reactions to advertising and their scanner data will record those measures
(NASEM 2017a). Another challenge is that as the size and assortment of data grows, the
ability to identify individuals also grows. Creating anonymized data sources is more
challenging as the techniques that are being developed for many legitimate applications
of these data sources have also been shown to be used to identify individuals in the data
(PCAST 2014, NASEM 2017a).

Several data quality assessment frameworks developed in both US and European
statistical agencies, some prepared specifically for administrative data, can provide
systematic guidance for evaluating administrative data sources, and detecting and
correcting potential errors (lwig et al., 2013; Lavigne & Nadeau, 2014; NASEM, 2017a;
UN Economic Commission for Europe, 2014; (Seeskin, Datta, & Ugarte 2019). For
example, the Data Quality Assessment Tool for Administrative Data (lwig et al., 2013)
covers the discovery, initial acquisition, and repeated acquisition phases of working with
administrative records, and proposes over 40 questions pertaining to data relevance,
accessibility, interpretability, coherence, accuracy, and institutional environment, that
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data users should answer to better understand and anticipate possible data issues. The tool
helps users gather information on data file characteristics including temporal and spatial
coverage, available metadata and documentation, item consistency, missingness, record
and processing changes over time, and on the credibility of the establishment that
produced the data. Other frameworks cover similar stages and data dimensions, with
adaptations for intended use (e.g., Lavigne & Nadeau, 2014). Seeskin, Datta, & Ugarte
(2019) describe the process step-by-step with the focus on state and local staff applying
the criteria to the use of their administrative data.

“Some common features of state and local data include that they: require care as they
often lack clear metadata; are prepared and stored in computing systems not designed
for traditional statistical datasets; may have varying quality for different variables based
on their importance for program administration; represent special populations without
ready official statistics available; and are subject to changes in eligibility rules over
time with groups differentially affected by policy changes.” (Seeskin, Datta, & Ugarte
2019, page 2).

In cases where agencies and institutions obtain administrative data that are large-scale
or comes from third-party sources, they may consider enhancing the Data Quality
Assessment Tool for Administrative Data with insights from assessment frameworks
developed for big data. Since third-party administrative data can be less stable over time
in terms of contents and definitions, big data quality assessment frameworks—tailored to
often unstructured, fleeting, and quickly changing datasets—help highlight potential
issues not addressed in survey-based or traditional administrative record quality tools.
One such big data quality framework (UN Economic Commission for Europe, 2014) is
based on the principles of:

o fitness for use (i.e., data should be relevant and appropriate to answer project
questions),

e generic and flexible nature (i.e., the framework should be adaptable to the
variety of big data sources, including administrative ones), and

o effort-gain tradeoff (i.e., resources needed to work with the proposed new data
source should be justified given potential benefits).

This framework considers data characteristics across the dimensions of institutional
environment, privacy and security, complexity, completeness, usability, time factors,
accuracy, coherence, and validity. It structures data assessment according to stages of
working with the data, like the Data Quality Assessment Tool for Administrative Data,
but focuses more on processing characteristics, i.e., the input or acquisition stage quality,
throughput or transformation stage quality, and output quality. Seeskin, Datta, & Ugarte
(2019) facilitate implementation of a data quality framework by proving code in the form
of R markdowns that focuses on data accuracy, completeness of the data, and comparability
for longitudinal data, but that can also be used for cross-sectional or time series data.

Similar guidance exists for data linkage frameworks. For example, the GUILD
guidelines specify the types of information about each step of the linkage process that
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should be provided alongside any linked data files to facilitate reproducibility and result
validity (Gilbert et al., 2018). They recommend that at the data provision stage,
researchers should include details about population and geographic coverage, data
generation and quality control processes. At the linkage stage, researchers should
describe linkage identifiers, missingness, data transformations, linkage algorithms, and
successful matches, final sample representativeness, and disclosure limitation procedures.
When conducting data analyses with linked files, users should report how they addressed
linkage errors along with sensitivity analyses. Finally, this linkage information should
also be made available in study reports (ibid).

In addition to employing quality assessment and linkage frameworks when working
with administrative data internally, statistical agencies and social science institutions
producing public use administrative data products may also consider providing data
quality profile documents for external users and stakeholders. These data quality profiles
could be structured in a way similar to documents commonly available for surveys like
the Consumer Expenditure Survey (Bureau of Labor Statistics, 2021a), Schools and
Staffing Surveys (National Center for Education Statistics, 2021), or the Residential
Energy Consumption Survey (Energy Information Administration, 1996). While some
information in current data quality profiles is survey-specific—for example, it includes
information on frame development and sampling—other sections like data collection
procedures, potential errors, data processing, and estimate evaluation are also applicable
to and could be adapted for administrative data.

Taken together, employing data quality assessment frameworks, linkage frameworks,
and communicating data quality clearly through data quality profiles can help minimize
error and biases in working with administrative sources. Good practices advocated in
these frameworks, like checking the veracity and accuracy of raw data, triangulating
estimates, and thoroughly documenting data, measures, and transformations (Bostic et al.,
2016; NASEM, 2017a; Vichi & Hand, 2019), can begin to address common sources of
administrative data errors, e.g.,

e coverage error due to under-or over-coverage, sampling error due to large
sample sizes,

e specification error due to conceptual mismatch between research questions and
available data,

e missing data error due to item and unit missingness, measurement error due to
entry mistakes, processing error due to coding and linkage issues, estimation
error due to statistical adjustments, and

e analytic errors due to inappropriate modeling all threaten the integrity of
administrative record-based estimates and data (Amaya et al., 2020; Groves &
Schoeffel, 2018).

Addressing Societal Challenges

Building Trust and Transparency
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Developing formal guidance on protecting individuals’ privacy, informed consent
requirements, and disclosure avoidance processes can raise trust in administrative records
use (NASEM, 2021). Data stewards are integral to these processes and are a key role that
statistical agencies and social science research establishments can institute to facilitate
the socialization of administrative data usage.

Data stewards oversee linkage efforts with particular attention to data privacy and
security issues, ensure compliance with relevant regulations, maintain accountability, and
foster a privacy- and security-conscious organizational culture (GAO, 2001). Stewards
must evaluate linkage privacy and ethical risks against potential study or project
outcomes and benefits; such decision-making also requires appropriate technical,
methodological, and substantive expertise. Independent assessments of proposed record
linkage, soliciting input from users, subjects, privacy experts, and topic experts can
inform linkage decision-making that results in fewer security risks (ibid). Researchers can
also follow privacy analysis frameworks to systematically evaluate data release uses and
benefits, identify privacy threats and vulnerabilities across the stages of data use, and
select and implement security controls at each stage (Altman et al., 2016).

In addition to practicing good data stewardship, sharing results and clear
communication with data users can also facilitate transparency and build trust in
statistical and research institutions, and their administrative data usage. Timely
dissemination of statistical products that meet the evolving needs of users at all levels of
technical skill is a priority for federal statistical agencies (NASEM, 2021). To better
understand their user base, agencies can gather user input and feedback on the
administrative data they use, how they use it, and what relevant products—microdata,
tabulations, reports, graphics, and others—they can provide to the community.
Facilitating user access to documentation about data sources and statistical processing,
openness about administrative data use, data limitations, sharing restrictions, and
disclosure of potential biases and errors can further alleviate user and stakeholder
concerns about issues like surveillance, misrepresentation, and commercial exploitation
(ibid).

Building Capacity and Stakeholder Relationships

As more communities adopt a culture of data-driven decision-making, capacity
building can help facilitate better use of administrative records in such processes. State
agencies vary in whether they employ research, evaluation or data management staff in
their budget to support data work, and agency staff has varying levels of analytic capacity
(Allard et al., 2018). Without the necessary expertise and resources to support training or
skill development, agencies may not make full use of their administrative data resources.

The complex tasks involved in working with administrative records also frequently
expand beyond a single organization and sharing and integrating administrative records
from disparate systems require multiple stakeholders' coordination (NASEM, 2021).
Researchers who successfully completed challenging data linkages note that close and
cooperative relationships between researchers, policymakers, and stakeholders are crucial
during the process (Lunn et al., 2020). When technical experts, leaders, administrators,
and other stakeholders are all engaged with developing data practices and sharing
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procedures, the technical and societal administrative record use challenges may be more
easily resolved.

Good relationships between data partners are essential at all stages of data-related
processes, beginning with establishing data-sharing agreements (NASEM, 2021). State
agencies note that they are more successful in securing such agreements with parties they
already had existing relationships with, particularly in cases involving sensitive data
related to health or child welfare (Allard et al., 2018). Support and expertise from data
partners can also facilitate technical work like resolving variable inconsistencies. When
similar variables from different data sources have incompatible values, individuals
familiar with the data and collection process can assist in determining whether
differences are due to variable definitions or coding errors and in deciding which set of
variables to use (Wallgren & Wallgren, 2010).

Trust and a culture of data-driven decision-making can be deciding factors in whether
large data linkage projects succeed or fail, like in the case of the Linked Information
Network of Colorado, in which stakeholders explicitly attributed positive outcomes to
close collaboration (Leboeuf, 2020). Conducting qualitative interviews, holding focus
groups, clearly communicating, and piloting changes with stakeholders was also crucial
in successfully transitioning from collecting survey responses to collecting administrative
records for the Survey of Graduate Students and Post-doctorates in Science and
Engineering (Gordon et al., 2018).

In developing good working relationships, all stakeholders can benefit. For example,
statistical and academic institutions can enhance their survey and administrative sources
with third-party data or develop new methods by addressing its technical challenges.
Corporations can gain new insights, validate products, and learn from statistical and
academic know-how (Struijs et al., 2014). With data linkage becoming standard practice
in official statistics and social science research, federal agencies, academic institutions,
and corporations should enhance collaboration for mutual benefit (GAO, 2001; Struijs et
al., 2014).

One proposal mentioned briefly above is the creation of a new secure environment for
analysis of data from multiple sources, coordinated acquisition and use of data, and the
conduct of research about statistical agencies challenges. The entity should follow the
principles and practices for federal statistical agencies and permit data access only for
statistical purposes to researchers and statistical agencies. A major objective for this
secure data enterprise is to identify data sources that can inform and improve national
statistics, help develop techniques to use those data to compute national statistics while
respecting privacy and other protection obligations on the data, and nurture the expertise
required for these activities (NASEM 2017b, Hart & Potok 2020).

Conclusion
In this report, we demonstrate the increasing relevance of administrative data for

producing official statistics and informing social science research. Current uses of
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administrative records are described. These include standalone and linked surveys with
other administrative data, survey data, and third-party or unstructured sources for creating
sampling frames, as a substitute for survey data collection or missing values, for adding
contextual variables to existing records, and for assessing data quality, among others. We
then describe a summary review of the technical and societal challenges of administrative
data source use that will have to be overcome for them to become a routine part of
official and social science research. Although administrative records already inform
many statistical agencies and institutions’ research portfolios, further research is needed
for developing sound linkage methods, evaluating data quality, and better socializing
administrative data with its characteristics and limitations to facilitate the integration of
these sources into statistical products.
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