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INTEREST IN SELF-INDUCED ABORTION

Google search rate above or
below national average for
phrases like “home abortion
methods,” 2011 to 2015.

More than 10% above
ABOVE

AVERAGE
Less than 10%

Less than 10% below
BELOW
AVERAGE
More than 10%

Sources: Guttmacher Institute (state laws); analysis of Google data by Seth Stephens-Davidowitz (searches)

By Bill Marsh/The New York Times
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How Would You Assess the Suitability for Use
of These Data”?

* How large a survey would you need to validate charts like these?

 What is the required sample size where the MSE of the simple
random sample is lower than the MSE of the found data?

* |If the incidence is low, and the frame bias is 20%?
* |f the incidence is low, and the frame bias is 5%7?
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Every Official Statistician Should Quote This
Slide!

e Raghunathan (2015)

* If the expected incidence is 10%, and the expected bias in the found
data is 20%, then a simple random survey of 290 cases has lower MSE
than found data with one billion cases

* If the expected incidence is 10%, and the expected bias in the found
data is 5%, then a simple random survey of 4,500 cases has lower
MSE than found data with one billion cases

* This is why designed surveys are an essential component of designed
data
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Example of Correcting Frame Bias in Found
Data

* Estimating the earnings distribution from administrative data on
qguarterly earnings

* From Abowd, McKinney and Zhao (2017)
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Earnings Inequality in the U.S.-Uncorrected
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Earnings Inequality in the U.S.-Corrected
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Records Removed from the Frame and Why
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Let Me Model That for You
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Designed Data Borrow Strength from Multiple
Sources

* This example is from Bradley, Wikle and Holan (2015)

* Improving the areal coverage of American Community Survey
estimates
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(c) 2013 3-year ACS Estimates
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1,2 WALL STREET, CIVIC CENTER,
GOVERNORS ISLAND, LIBERTY
ISLAND, ELLIS ISLAND, TRIBECA,
GREENWICH VILLAGE, NOHO, SOHO,
LITTLE ITALY
® 42 percent more households with
children

:‘&pereemmorepeopleageSSco

® |37 percent more residents who
work in protective services (police,
security, etc.)

3 LOWEREAST SIDE, CHINATOWN
@ 55 percent more adults with
bachelor’s degrees but no higher

degrees

® 43 percent more households of
men living alone

® 24 percent fewer Hispanic
residents

4,5 CHELSEA, HELL'S KITCHEN,
HERALD SQUARE, MIDTOWN,
TIMES SQUARE
® 30 percent more residents age 35
044
® 21 percent fewer households
headed by women
® 52 percent fewer homes owned
and occupied by Hispanics

6 MURRAY HILL, EAST MIDTOWN,
STUYVESANT TOWN

@ 33 percent fewer adults with some
college education but no four-year

degrees
® 42 percent fewer residents who
work in transportation

® 15 percent fewer residents who
are widowed, divorced or separated

7 UPPERWEST SIDE, LINCOLN SQUARE

® 34 percent fewer Hispanic
families

® 24 percent more married
residents
® 105 percent more children under 5

THE NEW YORX THMES

©® 46 percent fewer residents who
work in construction and
manufacturing

2 SUNNYSIDE, WOODSIDE
5 zmtmmensgess
0
® 39 percent fewer residents who
work in construction and
manufacturing
© 17 percent more residents who
are widowed, divorced or separated

3 JACKSON HEIGHTS, EAST ELMHURST,
NORTH CORONA
©® 29 percent fewer black
households

4 ELMMURST, CORONA
® 36 percent fewer blacks
©® 24 percent fewer households of
women living alone

S MASPETH, RIDGEWOO0D,
MIDDLE VILLAGE, GLENDALE
® 56 percent more residents who
work in health care
® 14 percent fewer households of
women living alone
® 2% t fewer residents with
less a high school education

6 REGO PARK, FOREST HILLS

© 4] percent more residents who
work in restaurants and food
services

® 48 percent fewer black families

7 FLUSHING, WHITESTONE,
COLLEGE POINT

L S tmore
percen employed

® 50 percent more residents who
work in personal services

8 FRESHMEADOWS, JAMAICA HILLS,
KEW GARDENS HILLS
©® 24 percent more households of
men hvine alone
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Population Density (per sq. mile) #
ACS 2014 (5-Year Estimates)
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What If All Data Were Private?
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RAPPOR: Randomized Aggregatable Privacy-Preserving
Ordinal Response

Ulfar Erlingsson
Google, Inc.

ulfar@google.com

ABSTRACT

Randomized Aggregatable Privacy-Preserving Ordinal Re-
sponse, or RAPPOR, is a technology for crowdsourcing statis-
tics from end-user client software, anonymously, with strong
privacy guarantees. In short, RAPPORs allow the forest of
client data to be studied, without permitting the possibil-
ity of looking at individual trees. By applying randomized
response in a novel manner, RAPPOR provides the mecha-
nisms for such collection as well as for efficient, high-utility
analysis of the collected data. In particular, RAPPOR per-
mits statistics to be collected on the population of client-side
strings with strong privacy guarantees for each client, and
without linkability of their reports.

This paper describes and motivates RAPPOR, details its
differential-privacy and utility guarantees, discusses its prac-
tical deployment and properties in the face of different attack

r avrao wacnldo AF iFo ameliandian Fa et b

Vasy! Pihur
Google, Inc.
vpihur@google.com

Aleksandra Korolova
University of Southern California

korolova@usc.edu

asked to flip a fair coin, in secret, and answer “Yes” if it
comes up heads, but tell the truth otherwise (if the coin
comes up tails). Using this procedure, each respondent re-
tains very strong deniability for any “Yes” answers, since
such answers are most likely attributable to the coin coming
up heads; as a refinement, respondents can also choose the
untruthful answer by flipping another coin in secret, and get
strong deniability for both “Yes” and “No” answers.

Surveys relying on randomized response enable easy com-
putations of accurate population statistics while preserving
the privacy of the individuals. Assuming absolute compli-
ance with the randomization protocol (an assumption that
may not hold for human subjects, and can even be non-
trivial for algorithmic implementations [23]), it is easy to
see that in a case where both “Yes” and “No” answers can
be denied (flipping two fair coins), the true number of “Yes"”
answers can be accnratelv estimated hv 20V — 0.25). where
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Production Possibilities Frontier/Risk-Utility/Receiver Operation Characteristics
for Statistical Disclosure Limitation via Randomized Response
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Production Possibilities Frontier/Risk-Utility/Receiver Operation Characteristics
for Statistical Disclosure Limitation via Randomized Response
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Production Possibilities Frontier/Risk-Utility/Receiver Operation Characteristics
for Statistical Disclosure Limitation via Randomized Response
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Some Examples

* Dwork (2008): “The parameter e in Definition 1 is public. The choice
of e is essentially a social question and is beyond the scope of this
paper.” [link, p. 3]

 Dwork (2011): “The parameter e is public, and its selection is a social
guestion. We tend to think of e as, say, 0.01, 0.1, or in some cases, In
2 orIn 3.7 [link, p. 91]

* In OnTheMap, e = 8.9, was required to produce tract-level estimates
with acceptable accuracy
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http://link.springer.com/chapter/10.1007/978-3-540-79228-4_1
http://dl.acm.org/citation.cfm?id=1866758

L1 Error Ratio
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Can We Make Our Science Better
and Reproducible?
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ASAY,

AMERICAN STATISTICAL ASSOCIATION

Promoting the Practice and Profession of Statisticse

New

732 North Washington Street, Alexandria,VA 22314 « (703) 684-1221 « Toll Free: (888) 231-3473 » www.amstat.org * www.twitter.com/AmstatNews

AMERICAN STATISTICAL ASSOCIATION RELEASES STATEMENT ON

STATISTICAL SIGNIFICANCE AND P-VALUES

Provides Principles to Improve the Conduct and Interpretation of Quantitative

Science
March 7, 2016
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1. P-values can indicate how incompatible the data are with a specified statistical model.

2. P-values do not measure the probability that the studied hypothesis is true, or the
probability that the data were produced by random chance alone.

3. Scientific conclusions and business or policy decisions should not be based only on
whether a p-value passes a specific threshold.

4. Proper inference requires full reporting and transparency.

5. A p-value, or statistical significance, does not measure the size of an effect or the
importance of a result.

6. By itself, a p-value does not provide a good measure of evidence regarding a model or
hypothesis.
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Q. Search

Topics Geography Library Data Surveys/Programs

Population, Economy Maps, Products Infographics, Publications Tools, Developers Respond, Survey Data

Newsroom About Us
"EWS, BIOgS Our Research

Census.gov > Our Surveys and Programs » Survey of Income and Program Participation » Guidance for Data Users » Synthetic SIPP Data

Survey of Income and Program Participation

About this Survey Synthetic SIPP Data
Information for _ :

Respondents EJ Tweet | [ Share

Data

Events

Background on the SIPP Synthetic Beta

Guidance for Data The SIPP Synthetic Beta (SSB) is a Census Bureau product that integrates person-level micro-data from a household survey with

Users administrative tax and benefit data. These data link respondents from the Survey of Income and Program Participation (SIPP) to Social

DataFerrett Security Administration (SSA)/Internal Revenue Service (IRS) Form W-2 records and SSA records of retirement and disability benefit receip
and were produced by Census Bureau staff economists and statisticians in collaboration with researchers at Cornell University, the SSA anc

SIPP FTP site the IRS. The purpose of the SSB is to provide access to linked data that are usually not publically available due to confidentiality concerns.
To overcome these concerns, Census synthesizes, or models, all the variables in a way that changes the record of each individual so as to

Synthetic SIPP Data preserve the underlying covariate relationships between the variables. Only gender and a link to the first reported marital partner are not

altered by the synthesis process and still contain their original valuss.

Nine SIPP panels (1984, 1990, 1991, 1992, 1993, 1996, 2001, 2004, and 2008) form the basis for the SSB, with a subset of variables
Methodology available across all the panels selected for inclusion and harmonization of variable definitions across the years covered by the panels.
Administrative data are added and some editing is done to correct for logical inconsistencies in the IRS and Social Security earnings and

SIPP Users' Guide

News benefits data. Thus, the SSB is a particularly appealing data set for new SIPP users because little data preparation is needed. A complete

Publications list of variables included in SSB version 6.0, along with details about the harmonization and editing, is available in our Codebook.

Technical As part of the synthesis process, missi_ng survey dat:-_.i and mis_sing admin.istr_ative data were multiply imp_uted. The resul’;ing data sets are

Documentation called the Completed Gold Standard Files and contain all original, non-missing, confidential values and imputed values in place of originally
missing data. These files form the basis for evaluating results from the synthetic data. The goal of the SSB is to produce results that are

Working Papers qualitatively the same as results from the Completed Gold Standard Files.
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http://www.census.gov/programs-surveys/sipp/guidance/sipp-synthetic-beta-data-product.html

The Synthetic Longitudinal
Business Database

Based on presentations by Kinney/Reiter/Jarmin/Miranda/Reznek?/Abowd
on July 31, 2009 at the
Census-NSF-IRS Synthetic Data Workshop
[link] [link]

Kinney/Reiter/Jarmin/Miranda/Reznek/Abowd (2011) “Towards
Unrestricted Public Use Microdata: The Synthetic Longitudinal Business
Database.”, CES-WP-11-04

Work on the Synthetic LBD was supported by NSF Grant ITR-0427889, and ongoing work is supported by the
Census Bureau. A portion of this work was conducted by Special Sworn Status researchers of the U.S. Census
Bureau at the Triangle Census Research Data Center. Research results and conclusions expressed are those of the
authors and do not necessarily reflect the views of the Census Bureau. Results have been screened to ensure that

no confidential data are revealed.
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http://www.vrdc.cornell.edu/news/nsf-census-irs-workshop2009/program/2-2-kinney-itr09/
http://www.vrdc.cornell.edu/news/nsf-census-irs-workshop2009/program/3-1-reznek/
http://www.census.gov/ces/search.php?search_what=paps&detail_key=101943
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Reproducible science and formal privacy
orotection are joined at the hip

* Reproducible science:
* Provenance control and certification
e Output verification from certified inputs
* Archiving
e Curation of data and metadata

* Formal privacy protection:
* A confidential database contains a finite amount of information
* Every published use exposes some of this information
* This privacy loss must be quantified
* Once quantified, it is public-policy decision how to manage it
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Putting the Pieces Together
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Suppose we wanted to design a new, continuously updated information system on
local labor markets.

Use the ideas from “Data bloggers” to properly combine contemporaneous elements
harvested from the data jungle with designed elements produced by the agency.

Use the ideas from “Let me model that for you” to produce local estimates and
measures of reliability for all local areas every period, including periods when the
designed content is not in the field.

Use the ideas from “What if all data were Iorivate?” to provably protect the design-
consistent, model-based estimates from all future privacy attacks.

Use the ideas from “Can We Make Our Science Better and Reproducible?” to open a
portal to the underlylng data that returns safe estimates of hypotheses (i.e., estimates
tf}lathhavecaj\ clontrolled alse discovery rate) and incorporates them into future versions
of the model.

There are working frototypes of all these pieces running now. That’s where | got the

U.S. CENSUS BUREAU

@egcrpmmmfrmvl :

(o] T
census.gov
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Thank you.

Contact: john.maron.abowd@census.gov
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