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337 | Fusion Learning and Combining Inference from Diverse Complex Data Sources

#1. Model Calibration Utilizing Summary Level Information from External Big Data,

#2.

#3.

#4.

Nilanjan Chatterjee, The Johns Hopkins University 2| 30l
— Model Building using Data Integration (X|ZHZ4)
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Efficient Bayesian Inference on Genetic Association, Héléne Ruffieux, Ecole
Polytechnique Fédérale de Lausanne 2| 39l

— Efficient Inference for genetic association studies with multiple outcomes
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Generalized Fiducial Inference for Massive Heterogeneous Data, Jan Hannig, The
University of North Carolina at Chapel Hill

— Fusion Learning for Inter-Laboratory Comparison

getdoz JEZ FYoIALL HEfLYY] et == 42|77 bootstrap, Bayesian
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Fusion Learning from Complex Data Sets to Efficient Goal-Directed Individualized

Inference, Regina Liu, Rutgers University 2| 19l
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A Toy Example (Simulation) Meta-analysis

*+ Meta-analysis is the most common approach for combining
information across studies
— Simple and convenient, requiring only summary-level information

- Internal Study Only — In many context, as efficient as pooled analysis

Standard error 0.087 0.015 * Typlcal formula
(parameter precision)
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N1=N0=1000 (Sample size for internal study) k=1
X= A refined instrument for measuring a risk-factor for a disease D

Z = A poor but inexpensive instrument for measuring the same risk-factor —_ 1 . ,
cor(x,2)=0.3 + What if different studies have different sets of variables?
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468 | Uncertainty Estimation for Massive Data Sets

#1. How to Ask Questions of Huge Data with Few Samples, David Dunson, Duke
University
— Flexible Bayes Inference from Huge data: Modularization
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#2. Divide-and-Conquer and Statistical Inference, Michael |. Jordan, University of

California at Berkeley
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#3. A Variational Bayesian Analysis of Stochastic Gradient Methods, Matt D.

Hoffman, Princeton
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Towards the Bag of Little Bootstraps
The Bootstrap

(Efron, 1979)

+ Plug in the empirical distribution in the place of
the population distribution in computing the risk
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634 | Analysis, Storage, and Privacy for Big Data

#1. Distributed Data Analysis at Scale, Tom Peterka, Argonne National Lab

Sxiost S et 20f [18Y XAIEE CIS O, AIEE 202 L0 2A3ts 7|8S
g aJfotn =oBIYLL BE £, UL S5 CHESIC

#2. Storage Issues and Assessment Arising from Large Scale Simulations, Emily

Casleton, Los Alamos National Laboratory 2| 29l
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#3. Differentially Private Data Synthesis Partitioning for Big Data, Claire McKay

Bowen, University of Notre Dame 2| 19l

HIHOIHE CHR7| fI8i E0{0fg = ItMl= H|2EZ ZHO|Ch 2tA 7|#o| SHAE H
OfLt?| 28l XtsX HEE IS (differential privacy) 7HE0| HMtE0] A=H|, H2lb 2T
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#3 LELHE A&
Differential Privacy
Interactive Sanitizer: multiple queries with answers are
adaptively chosen. _ How many
:] oo bt
income? u fi |d§h|og
Raw Data 386K :° 390K , Data w/o me
How much should
the queries be limited?
10
Noise added
9 or 10?7
=2 HAE Qe #Hal Mt 7|E 2389 2 Differential privacyo| XX Ql O &= 1

Differentially Private Data Synthesis (dips)

Race
Ethnicity
Procedures
Physicians
Costs
Payment

Sex
Age
Hospital
Admit Month
Diagnoses
P

Identified 35
people out of
the 81
newspaper
articles.

Phane Numbers

Addresses

Dataset with a
preset privacy
guadrantee!

Public Records News Story  Hospital Data (2011)

Sweeney, L. (2013)

SHOIHMAM =50 gojg = A= A DIPSo| XX Ql OsiE 5= 18

[ Disclosure Control Issues (£ 37 MM, 974 =X 2H)

152 | Cyber Security in Support of National Defense and Global Security

#1. Estimation of True Quantiles from Quantitative Data Obfuscated with Additive

Noise, Bimal Roy, Centre for Cryptology and Security 2| 10l

o1z 0| A7 7|#Ql Data Obfuscation® S8SH 017 Zut W 0|2 0|80 T2S =
Jste $utE 0|22 MUstn, FUEE, MEE, oZaA 2uE mas X2 HE
S FJ5t = 29SS0 the) FHS HlmENCH

#2. Enabling Privacy Preserving Machine Learning at Scale, Farinaz Koushanfar, UCSD



HOl EXN|&= data science MZ2HECH= ZAEE Itstd™ M 20} AT Bayesian networks
Petri nets, @33t Categroy theory 2 S92 ZHO0| QULCL MME 0|30 EHOF EXE
sidste & M Z2fO|HA| EX7F LMsict Ol s Zdt7| <let HFH ntstel ol
oF7k ATfBHEACE
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NEAMO| ACkD BCHECH SHH 22|% Hob AIAHOA MAZ 0|8 O majo|HA
Mol 27t gl = A=, AN “E0 WED MBS wotg f=h FHIGS
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Table: Showing True and Estimated Quantiles, e = 200

Alpha | "TRUE" | "Estimated”

"0.1" 580.8 536.873

"0.2" 612.8 588.339

"0.3" 645.2 629.159

"0.4" 675.6 666.

"0.5" 700 700.941

"0.6" 727 740.717

"0.7" 750 774214

"0.8" 786 815.547

"0.9" 826.6 866.275

L =X 0f(Data Obfuscation) Xz2| A1t 2l =0 CHSH A|Z20|M Zaf, MEEA 20| A0t

218

Advances in Statistical Methods for Dissemination and Analysis of Official Statistics

#1. An Integrated Approach to Providing Access to Confidential Social Science Data,

Jerome Reiter, Duke University
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#3.

Agencies, John M. Abowd, U.S. Census Bureau/Cornell University
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Spatio Temporal Change of Support with Application to American Community
Survey Multi Year Period Estimates, Scott H. Holan, University of Missouri 2|

291

ACS XIZEO2| multi-year M2 ANXIS I 7+ Hzl(change of support) XS 8l A8l OF
StCH O|E 238l data model, process model, random effects parameterization0|| &t O|E2X

ol &2 LESL, Itas Y 3 FEUS A= mosh Z1UE EOFUCL
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#2 90 #3 YEYS 918
Spatial Change of Support
Receiver Operating Characteristics/Risk-Utility/Production Possibilities Frontier
for Statistical Disclosure Limitation via Randomized Response
(@) Community District Boundaries in NYC () Census Tract Boundaries in NYC
2, P
2 ard
Measure of D\s:’\asure Risk [‘\nMax\m.lm Bayes Factor)
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527 | Innovations in Disclosure Avoidance at the U.S. Census Bureau

#1.

Controlling Identification Disclosure Risk in Microdata Release Through Unbiased



#2.

#3.

#4.

Post Randomization, Cheng Zhang, The George Washington University 2| 19l

oAz 7|¥ 5 SfLbR 92 Mo0|n e PRAME OO|AZG|O[E 0] X850 BOIMElQ)
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Data Synthesis and Perturbation for the American Community Survey at the

U.S. Census Bureau, Amy Lauger, U.S. Census Bureau 2| 29I

O|MIA A0 A ACSOO|AZXIEE 7tX| LD synthetic datas DISOHE= ©

- 2
RACt. CART CH4I0f Dirichlet RS A3t & ZNS H[WSIRALE X F EEE 7HA|=
ga A= CHR7(2 oliEe 285Ut 0 Z0re| HPIXAtQl Reiter w2 EF5 O}
2EH QS AlEStL 7ttt 21 S ZROMRIM.

Estimating Regression Parameters from a Sensitive Variable with Noise

Multiplication, Marlow Lemons, U.S. Census 2| 29l

Qf SA4X=s €7 JEE otz EF JMeS Hedls gL FxA Al H(re-identify)5hq
= 8o LtEl £ QLI AHS(American House Survey)Of CH3l| AlEE XI2E MYSH=
SAXO| Ofs X[gH 50| 28E £+ A0 SN, o8| 2 Xtz E 0|83 AAS
= S4AH0 thet 25 AFE AKSH L& AOo|Ct

Challenges Facing the Disclosure Review Board at Census, William Wisniewski,

U.S. Census Bureau 2| 19l

=X E st 2|2 3|(Disclosure Review Board)= Z& £2 X2E &d HAE X747}
o N3ot7| flol st QUL ol &S CIYSIEE A= ot HEOE OfL
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O Visualization and Graphics Issues (£ 27§ MM, 1074 =X &H)

54 Recent Advances in Information Visualization

#1. Using Maximum Topology Matching to Explore Differences in Species
Distribution Models, Jorge Poco, University of Washington
S(species)2| ZXE 2SN BHES AO|OM RAMSE EEEX| 0|28 &85
7 x
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#2. Automatic Selection of Partitioning Variables for Small Multiple Displays,

Anushka Anand, Tableau Research
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#3. Visualizing Statistical Mix Effects and Simpson's Paradox, Zan Armstrong,

Freelance Data Visualization

=22 HOoH AlZ=t 278 55 A7et 20t LE. e YU K2 g8 &
Aol oiet AM=2E sAY O YELEHO| B, A2E LHF0 ZZ(segment) 2 M
= O LIEHACE MESH =7t

BR0| OfF ZAME BHTf2 SHO|S WY Mo ox
£ z

E2UX] F=0E 43 KNE ap AjZhof WE HetE LEEFL
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GHCF. comet chartE 282510 =53 3
7|92 HYES HISIAL, 180 FHEE g SYUS LSFTE S2E LIEHo O
22 =dYE HIE o0 & & AUCL 6702 F2 FHx(metrics)52 o AEO LtEH=
ZE 0| QILC}. (research.google.com/pubs/pub42901.html)

#4. ImMens: RealTime Visual Querying of Big Data, Zhicheng Liu, Adobe Research
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dE H700] HESHA| RSB =Z, HHOH AlZetes HEFE, 2@ ZADL binned
aggregation S92 XX|7} ZQGSICL binned aggregationg {3t ImMensE ATJ|SHRICE.

(github.com/uwdata/imMens)

#5. An Algebraic Process for Visualization Design, Gordon Kindlmann, The University

of Chicago

Atz o| Hot7t A2zt At & EB|LIEE algebraic processE X|QF, =ctd HZ22 49

(54) ™e|: AtE A|Z3t EF[A 7| H

QGO AlCHo| Xtz SaS 2l ol AZtetE Qo A7 ZAntsS0| LaE|UACH
topology 22 algebraic process =2| M 2E QAOL}, cognosticsEl= A|ZA D E O
DA X2 E LS50 A|Z3tSELE, comet chartE 22317 Lt binned aggregation OFO|LC| 0§
Of 2HS AZZE & = ULCL I7tSAHLL 2T Xtg HI3A| & O MEH 2
LI+O{ X}FEE(small muptiple dlsplays) X &StHLE comet chartE ZH8dt= HiOt
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Change due to values Change due to mix (size differe
Median Wage Example of Simpson’s Paradox
R
$1.200 bachelors+
2 S
& &
£ M = $1,000
£ >
' ' §
5 = $800 aggregate == some college
> §
= high school increase in
B $600 "= humber employed
Z 0
no hs
) yr2013
> 60,000 80,000 00000 120,000~ 60,000 _ 80,000 100,000 _ 120,000 $400 yr 2000 -~
Size of Labor Force Size of Labor Force iOM 15M 20M 25M 30M 35M
End .Aggvega(e Segment: size of labor force decreased Number Of People Employed
P Segment: no change in size [l Segment: size of labor force increased
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695 | Methods and Applications of Statistical Graphics

#1.

#2.

#3.

#4.

#5.

Visualization of Latino Political Participation in Nebraska, Farhana Luna,

University of Nebraska Omaha 2| 29l

HAHOIA 2tEl 217 S7te| s O50H7| flof Cidet 2Xo| =get A=2E 4dstn,
Ol2 AlH=lota, jEHS M| /o) RIYZ|X| shinyS ALES Z1HE HESIRAL

Use of Phase Plots to Explore Financial Data, Mahbubul Majumder, University
of Nebraska Omaha 2| 19l

gl AA=t=s =28

=8 JE oF0 =22 F7| W20 38 AR AZLZE i P
(phase)= A|Z2St= A Z1OE

L,

-LJOE

Improved Simulation for Exponential Random Graph Models for Social Network

Analysis, Junchi Guo, The George Washington University 2| 19l

ERGMs(Exponential Random Graph Models)&= A4 L EQD M0 S SHO0|0{A E2| AtE
Eln Ao, 20158 =z0A EQ mcmc HEZES ALY I 33 YWEY S HESIY
Metropolis HastingS L 2E7XO0|A otCh= A7 Zuto| Hotd, & O MEHQ EH At

gd=2 LHEALL

Confident Class Micromaps for Visual Analytic Inference, Daniel Carr, George

Mason University 2| 19l

= 0
35

Ml

OO|IazY2 X[9s 2/ FI6H = AL8OotH, ofLtel =0 CHoto] 33
(three-class map)O| MM =ICE O|X}, AKX A2 = W CIXIolE 8 7|H =Eg AFs!
F Z2IE E0FAL;

-_

Integrating LargeScale MultiOmics Data to Achieve Causal Inference in
Observational Studies, Azam Yazdani, The University of Texas Health Science

Center at Houston 2| 29I

1227} metabolites ZO|A Qlu} HE |

£ £E23}7| 98, #UNF He SHY KRR T
ME Ho|EHE 2AM3 ADHE LESIACL
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contributed session2 A2 HPAEO0| HEE= 271 BHL, EHE0| M2 €HEO0

Mol FOl= 427t ot Sl 2y dJGo|Lt Atz 8o HEoA| L.

S|
SIF QICtH S5 ISMETIAIE S invited 22 topic-contributed session QFZ A=

0| HfZFEISICHD BHEHEICE

L =

O Survey Methodology Issues (= 37§ MM, 117§ FH 2H)

- Employer list linking methods, implementation, and usage of probabilistic

matches for enhancing workforce statistics

#1. Robustness of employer list linking to methodological variation 2| 8¢l

O MMAOA 7HE =AMZ Qo 18F FEHE 18F dF A=t =&s FASS
S

MEHQ
x
S

AR ZdiutEs 2HESIQCE FAHEOSE= ACS(American Community Survey)Q| ZI

LEHD(Longitudinal Emplyer Household Dynamics)OjA] 2 O{El ™ Xt=2E OfRA|ZCH Of

M, 7|gBE #Eeots ZHS Mot vt A0 =2 A5 Z0f0|H, O Ijf &

Z Xt29| IjE 1}, Jaro-Winkler string comparator, £ python review tool layout S &
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#2. Two Perspectives on Commuting and Workplace: A Microdata Comparison of
Home to Work Flows Across Linked Survey and Administrative Files, Andrew

Green, Cornell University/U.S. Census Bureau 2| 29l
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#3. Developing Job Linkages for the Health and Retirement Study — Kristin McCue,

U.S. Census Bureau 2| 69l
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Comparing Survey and Administrative Earnings: An Application of Employer List

Linking, Lori Reeder, U.S. Census Bureau 2| 19l
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Linking Methodology

2 H ACS -LEHD
= Hierarchical structure R— g LEHD Employed

= Job/Employer
= Job/Establishment
= Linking models (match/non-match)
= Fellegi-Sunter (1969): calculate agreement scores
= Logistic: estimates parameters
= Train on truth set
= Specify False Match and False non-Match rates
= |dentify cutoff scores
= Predict on full candidate set using parameters and cutoffs

Figure: Restrictions for Analysis Sample

= Post-processing Reconciliation
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115 Tackling the Challenges of Missing Data in Surveys: Applying Methods and
Assessing Uncertainty
#1. Estimating the Variance Due to Hot Deck Imputation for Product Value

Estimates in the 2017 Economic Census, Katherine Jenny Thompson, U.S. Census

Bureau 2| 29l
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Variance Estimation for Product Value Estimates in the 2017 Economic Census
Under the Assumption of Complete Response, Matthew Thompson, U.S. Census

Bureau 2| 19l
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Using Auxiliary Marginal Information to Deal with Nonignorable Missing Data,

Mauricio Sadinle, Duke University/National Institute of Statistical Sciences 2| 19l
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Semiparametric Fractional Imputation Using Empirical Likelihood in Survey

Sampling, Sixia Chen, University of Oklahoma 2| 19l
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Recent Developments in Survey Sampling: Session in Honor of Graham
Kalton's 80th Birthday

398

#1. Practical Issues Related to Model Based Small Area Estimation, J.N.K. Rao,

Carleton University
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#2. Recent Developments in Survey Design for Rare and Hard to Survey

Populations, Steven G. Heeringa, University of Michigan
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#3. Recent Developments in Fractional Imputation, Wayne Fuller, lowa State

University
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Title: Statistical Disclosure Control for Korean SGIS outputs

Statistics Korea has disseminated the Census data through Statistical Geographic
Information System (SGIS) since 2014. Users can easily access the system on a
web-site and obtain frequency tables for each Output Area using the interactive map.
However, the Local Area variable, which include Output Areas, has been provided in
the public use microdata file for Census. In order to deal with the disclosure by
differencing between Local Areas and Output Areas, we need to measure the
disclosure risk in a rigorous manner and find an adequate solution to mask SGIS
outputs. In this talk, we present the result of our project, which hopefully will be the
first step to make a move for statistical disclosure control in the Statistics Korea.
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® (5) Survey costs and survey designs: trade-offs and advances

® (6) Open Source Statistical Software for Data Science

® (25) Employer List Linking: Methods, Implementation, and Usage of Probabilistic
Matches

® (27) The First Self-Administered Survey in North Korea: A Glimpse of Self-Esteem
of North Koreans Compared with Peers in 53 Other Countries

® (40) New approaches to Small Area/Domain Estimation

731(8) | o (46) Modeling, Analysis, and Inference from Survey using Bayesian Methods

® (54) Recent Advances in Information Visualization

® (57) The Extraordinary Impact of Janet Norwood on the Federal Statistical System
and the Statistical Profession

® (67) The Consumer Expenditure Survey Redesign: Development, Concept Testing,
and Evaluation

® (79) Ranking, Post Stratification and Calibration Methods

® (85) Administrative Records & Data Disclosure

® (101) Statistical inference with clustered data in survey sampling

® (115) Tacking the Challenges of Missing Data in Surveys: Applying Methods and
Assessing Uncertainty

® (120) Improving Efficiency and Maintaining High Data Quality: Plans and Early
Outcomes for the 2016 Survey of Consumer Finances

® (121) The policy landscape for statistics in the UK and the US

® (128) Statistical Consulting Applications

® (136) Survey modes, including web surveys, phone and multi-mode surveys
(141) Some new perspectives in statistical analysis sith incomplete data
(149) Recent Advances and Challenges of Big Data Inference with Complex Structures

81 (&) (152) Cyber Security in Support of National Defense and Global Security

(154) Adaptive Design in Large Scale Sample Survey
(164) Innovative Uses of Linked Administrative and Survey Data
(179) Combined data (surveys+administrative data,etc.)

(218) Advances in Statistical Methods for Dissemination and Analysis of Official Statistics
(227) Statistical Foundations of Data Privacy

(236) Multiple Imputation

(246) Towards Better Communication of Information with Statistical Graphics

(254) Advances in Small Area/Domain Estimation

(258) Weighting

(259) Nonparametric Methods for "Big Data"
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(279) Introductory Overview Lecture: Data Science

(289) What to do with Messy Data? Four Case Studies
(298) Census-Operational Design and Methods

(304) A Roadmap for Promoting Statistical Collaboration
(319) Statistical Methods for Complex Survey Data

(332) Quality of Alternative Sources for Social Economic and Health Data

(337) Fusion Learning and Combining Inference from Diverse Complex Data
Sources

(342) Novel Missing Data Imputation Methods

(363) Nonprobability/Web Sampling and Data Analysis

(370) Contributed Poster Presentations: Government Statistics Section

(398) Recent Developments in Survey Sampling-Session in Honor of Graham
Kalton's 80th Birthday

(398) Estimation and inference for massive data sets

(405) Recent Advances in High-dimensional Statistics and Computational Methods
(406) Interactive Visualizations and Web Applications for Analytics

(408) Bridging BFF (Bayesian/frequentist/fiducial) inferences in the era in the data
science

(415) Data Challenge 2016 IT

(436) Adaptive/Innovative Survey Design and Survey Cost

(437) Inflation, Price Indexes and Labor Statistics

(440) Missing Data, Imputation, & Calibration

8.3 (=)

(468) Uncertainty estimation for Massive Data Sets
(470) Design and analysis issues with modern population telephone surveys
(502) Innovative Statistical Method for Complex Survey Data

(520) Machine Learning in Econometrics

(521) Reflection on Social Surveys' Past and Future

(527) Innovations in Disclosure Avoidance at the U.S. Census Bureau
(540) Statistical Computing for Machine Learning

(549) Combined data and data linkage
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® (579) Challenges and Opportunities for Analysis of High-Dimensional and Big Data

® (587) Resampling Methods for High-Dimensional Inferences

® (595) Update on Current Population Survey Research

® (600) When the plot is Not the End - Advances in computing and reasoning on
data visualization

® (601) Expanding Capacity for the Measurement of Sexual Orientation and Gender

83 (=) Identity in Federal Surveys

® (602) Using Demography and Randomized Response Model to Improve Social
Science Research

® (613) Non-response adjustment and nonresponse bias reduction methods

® (617) Topics in Statistical Methods and Applications (& A|M, KISS F=2)

® (619) Sparsity in Record Linkage, Networks, and Privacy: Applications to Official
Statistics, Author Disambiguation Data, and the Syrian Conflict

® (620) Sampling & Survey Methods

® (634) Analysis, Storage, and Privacy for Big Data

® (635) Combining data from multiple sources: Examples from health policy

® (640) Topics in adaptive/responsive survey desgins

® (651) Advances in Sampling and Estimation

® (661) Issues in Estimating and Adjusting for Sampling and Nonsampling Errors

84 (2) ® (666) Sampling & Survey Methods

® (683) Testing for Data Quality

® (684) Collecting and Analyzing Sensitive Data: Making Lies Naked!

® (695) Methods and Applications of Statistical Graphics

® (705) Methods for item missing and unit nonresponse

® (708) Nonresponse & Propensity Scores
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