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P. R. Krishnaiah
1932 — 1987

* 1960 — 1963: Remington Rand Univac
e 1963 — 1976: Wright-Patterson Air Force Base

e 1976 — 1988: University of Pittsburgh

— founded Center for Multivariate Analysis

— joint professor in the Graduate School of Business
— 6 international symposia on Multivariate Analysis
— founder and editor of JIMVA

— founder and editor of Developments in Statistics
— founder and editor of Handbook of Statistics
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M.M.Rao (1988) Journal of Multivariate Analysis
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P. R. Krishnaiah

PUBLICATIONS
Books Edited

. (1966). Multivariate Analysis. Academic Press, New York.

. (1969). Multivariate Analysis-II. Academic Press, New York.

. (1973). Multivariate Analysis-111. Academic Press, New York.

. (1977). Multivariate Analysis-1V. North-Holland, Amsterdam.

. (1979). Multivariate Analysis-V. North-Holland, Amsterdam.

. (1985). Multivariate Analysis-VI. North-Holland, Amsterdam.

. (1977). Applications of Statistics. North-Holland, Amsterdam.

. (1978). Developments in Statistics, Vol. 1. Academic Press, New York.
. (1979). Developments in Statistics, Vol. 2. Academic Press, New York.
. (1980). Developments in Statistics, Vol. 3. Academic Press, New York.
. (1983). Developments in Statistics, Vol. 4. Academic Press, New York.
. (with KALLIANPUR, G., AND GHOsH, J. K.) (1981). Statistics and Probability: Essays in

Honor of C. R. Rao, North-Holland, Amsterdam.

. (1980). Handbook of Statistics, Vol. 1: Analysis of Variance. North-Holland, Amsterdam.
. (with KANAL, L.) (1982). Handbook of Statistics, Vol.2: Classification, Pattern

Recognition and Reduction of Dimensionality. North-Holland, Amsterdam.

. (with BRILLINGER, D. R.) (1983). Handbook of Statistics, Vol. 3: Time Series in Frequency

Domain. North-Holland, Amsterdam.

(with SEN, P. K.) (1984). Handbook of Statistics, Vol. 4: Nonparametric Methods. North-
Holland, Amsterdam.

(with HANNAN, E. J., AND Rao, M. M.) (1985). Handbook of Statistics, Vol. 5: Time Series
in the Time Domain. North-Holland, Amsterdam.

(with Rao, C. R.) (1988). Handbook of Statistics, Vol. 6: Sampling. North-Holland,
Amsterdam.

(with Rao, C. R.) (1988). Handbook of Statistics, Vol. 7: Quality Control and Reliability.
North-Holland, Amsterdam.

(with SCHUURMANN, F. J.) (In press). Computations of Complex Multivariate Distributions.
North-Holland, Amsterdam. (In press).

Simultaneous Test Procedures. Dekker, New York. (In press).

M.M.Rao (1988) Journal of Multivariate Analysis

P.R. Krishnaiah
1932-1987



P. R. Krishnaiah

1976

a. (with CHaNG, T. C., aND LEg, J. C.) On the distribution of the likelihood ratio test
statistic for compound symmetry. South African Statist. J. 10 49-62.

b. Some recent developments on complex multivariate distributions. J. Multivariate Anal. 6
1-30, P.R. Krishnaiah
) 1932-1987

c. (with Leg, J. C.,, aND CHANG, T. C.) Approximations to the distributions of the
likelihood ratio statistics for tests of certain covariance structures of complex muiltivariate
normal populations. Biometrika 63 543-549.

d. (with KiM, D. G., DuBro, G. A, PHADIA, E., AND SCHUURMANN, F. J.) The
measurement of flow velocity by transit time techniques. Unpublished.

1977

a. (with CHANG, T. C., aAND Lkg, J. C.) Approximations to the distributions of the
likelihood ratio statistics for testing the hypotheses on covriance matrices and mean vectors
simultaneously. In Applications of Statistics (P.R. Krishnaiah, Ed.), pp.97-103. North-
Holland, Amsterdam.

b. (with KHATRI, C. G. AND SEN, P. K.) A note on the joint distribution of correlated
quadratic forms. J. Statist. Planning Inference 1 299-307.

c. (with LEg, J. C.) Infeence on the eigenvalues of the covariance matrices of real and
complex multivariate normal populations. In Multivariate Analysis-IV (P. R. Krishnaiah, Ed.),
pp. 95-103. North-Holland, Amsterdam.

d. On generalized multivariate Gamma type distributions and their applications in
reliability. In Proceedings, Conference on the Theory and Applications of Reliability with
Emphasis on Bayesian and Nonparametric Methods, Vol.1 (I.N.Shimi and C. P.
Tsokos, Eds.), pp. 475-494. Academic Press, New York.

e. (with Leg, J. C.,, aAND CHANG, T. C.) Approximations to the distributions of the
likelihood ratio statistics for testing certain structures on the covariance matrices of real
multivariate normal populations. In Multivariate Analysis-IV (P. R. Krishnaiah, Ed.),
pp. 105-118. North-Holland, Amsterdam.

f. (with Leg, J. C., aAND CHANG, J.C.) Approximations to the distributions of the
determinants of real and complex multivariate Beta matrices. South African Statist. J. 11
13-26.

M.M.Rao (1988) Journal of Multivariate Analysis



P. R. Krishnaiah

Technical Report No. 86-38, Center for Multivariate Analysis, University of Pittsburgh. IEEE
Trans., in press.

u. (with Tauxe, W. N., KLEIN, H. A., BAGcHI, A., Kunpu, D., AND Tepg, P.) Clinical
Evaluation of the Filtration Fraction: A Multivariate Statistical Analysis. Technical Report
No. 8641, Center for Multivariate Analysis, University of Pittsburgh.

v. (with NisH1, R., AND Bal, Z. D.) Strong Consistency of Certain Information Theoretic
Criteria for Model Selection in Calibration, Discriminant Analysis and Canonical Correlation
Analysis. Technical Report No. 8642, Center for Multivariate Analysis, University of
Pittsburgh.

w. {with Mi1ao, B. Q., AND ZHAO, L. C.) On Detection of Change Points using Mean Vector.
Technical Report No. 8647, Center for Multivariate Analysis, University of Pittsburgh. In
Handbook of Statistics, Vol.7 (P.R. Krishnaiah and C. R. Rao, Eds.). Academic Press,
New York.

x. (with CHEN, X. R., AND LIANG, W. Q.) Estimation of Multivariate Binary Density Using
Orthonormal Functions. Technical Report No. 86-48. Center for Multivariate Analysis,
University of Pittsburgh.

y. (with CHEN, X. R.) Test of Linearity in General Regression Models. Technical Report
No. 8649, Center for Multivariate Analysis, University of Pittsburgh. J. Multivariate Anal., in
press.

z. (with CHEN, X. R.) Estimation and Testing in Truncated and Nontruncated Linear

M.M.Rao (1988) Journal of Multivariate Analysis
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THEMATIC PROGRAM ON
STATISTICAL INFERENCE,
LEARNING, AND MODELS FOR

JANUARY : JUNE, 2015

PROGRAM
This thematic program emphasizes
JANUARY 12 - 23, 2015 both applied and theoretical aspects of
Opening Conference and Boot Camp statistical inference, learning and models
Organizing Committee: Nancy Reid (Chair), Sallie Keller, Lisa Lix, Bin Yu in big data. The opening conference will
serve as an introduction to the program,
concentrating on overview lectures and
background preparation. Workshops
throughout the program will highlight
cross-cutting themes, such as learning and
FEBRUARY 9 - 13, 2015 visualization, as well as focus themes for
Workshop on Optimization and Matrix Methods in Big Data applications in the social, physical and life
Organizing Committee: Stephen Vavasis (Chair), Anima Anandkumar, Petros Drineas, sciences. It is expected that all activities
Michael Friedlander , Nancy Reid, Martin Wainwright will be webcast using the FieldsLive
FEBRUARY 23 - 27, 2015 system to permit wide participation. Allied
Workshop on Visualization for Big Data: Strategies and Principles activities planned include workshops at
Organizing Committee: Nancy Reid (Chair), Susan Holmes, Snehelata Huzurbazar, PIMS in April and May and CRM in May
Hadley Wickham, Leland Wilkinson and August
MARCH 23 - 27, 2015
W orkshop on Big Data in Health Policy
Organizing Committee: Lisa Lix (Chair), Constantine Gatsonis , Sharon-Lise Normand ORGANIZING COMMITTEE

Yoshua Bengio (Montréal)

JANUARY 26 - 30, 2015
W orkshop on Big Data and Statistical Machine Learning
Organizing committee: Ruslan Salakhutdinov (Chair), Dale Schuurmans, Yoshua Bengio,
Hugh Chipman, Bin Yu

APRIL 13 - 17, 2015

Workshop on Big Data for Social Policy Hugh Chipmani{Acadia)
Organizing Committee: Sallie Keller (Chair), Robert Groves, Mary Thompson Sallie Keller (Virginia Tech)

Lisa Lix (Manitoba)
JUNE 13 - 34, 20]5 Richard Lockhart (Simon Fraser)
Nancy Reid (Toronto)
Ruslan Salakhutdinov (Toronto)

Closing Conference
Organizing Committee: Nancy Reid (Chair), Sallie Keller, Lisa Lix, Hugh Chipman,
Ruslan Salakhutdinov, Yoshua Bengio, Richard Lockhart
to be held at AARMS of Dalhousie University

INTERNATIONAL ADVISORY
GRADUATE COURSES COMMITTEE

JANUARY TO APRIL 2015 Constantine Gatsonis (Brown)

Large Scale Machine Learning Susan Holmes (Stanford)
Instructor: Ruslan Salakhutdinov (University ofToronto) Snehelata Huzurbazar (Wyoming)

Nicolai Meinshausen (ETH Zurich)
. JANUARY TO APRIL 2015 Dale Schuurmans (Alberta)

Topicsin lnferencgfor _Big _D“m el Robert Tibshirani (Stanford)
Instructors: Nancy Reid (University.of Toronto), Mu Zhu (University of Waterloo) )
Bin Yu (UC Berkeley)

For more information, allied activities off-site, and registration, please visit:

www.fields.utoronto.ca/programs/scientific/14-15/bigdata

Image Credits: Sheelagh Carpendale & InnoVis

NSERC -P¥—> Tncass 'A
crsNG [ Ontario @Y



Canadian Institute for Statistical Sciences

FIELDS

®N$EHC o= .
CRSNG [) Ontario



Workshops

Opening Conference and Bootcamp Jan 9 — 23
Statistical Machine Learning Jan 26 - 30
Optimization and Matrix Methods Feb 911
Visualization: Strategies and Principles Feb 23 — 27
Big Data in Health Policy Mar 23 — 27
Big Data for Social Policy Apr 13 -16

Networks, Web mining, and Cyber-security May, CRM

Statistical Theory for Large-scale Data April, PIMS
Challenges in Environmental Science May, PIMS

Complex Spatio-temporal Data April, Fields
Commercial and Retail Banking May, Fields

Closing Conference: Statistical and Computational Analytics
June, SSC



And more

Distinguished Lecture Series in Statistics
Terry Speed, ANU, April 9 and 10
Bin Yu, UC Berkeley, April 22 and 23
Coxeter Lecture Series
Michael Jordan, UC Berkeley, April 7—-9
Distinguished Public Lecture,
Andrew Lo, MIT, March 25
Graduate Courses
Statistical Machine Learning
Topics in Big Data A
Industrial Problem Solving Workshop
May 25 - 29
Fields Summer Undergraduate Research Program
May to August, 2015

Watch events on FieldsLive


http://fields.utoronto.ca/live
http://fields.utoronto.ca/live

MDM 12 — Einat Gil et al.




The Blogosphere

| view “Big Data” as just the latest manifestation of a cycle
that has been rolling along for quite a long time
Steve Marron, June 2013

e Statistical Pattern Recognition
e Artificial Intelligence

* Neural Nets

* Data Mining

 Machine Learning

As each new field matured, there came a recognition
that in fact much was to be gained by studying
connections to statistics
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Big Data Types

Data to confirm scientific hypotheses
Data to explore new science

Data generated by social activity — shopping, driving,
phoning, watching TV, browsing, banking, ...

Data generated by sensor networks — smart cities
Financial transaction data
Government data — surveys, tax records, welfare rolls, ...

Public health data — health records, clinical trials, public
health surveys

Jordan 06/2014



Big Data Structures

Too much data: Large N

 Bottleneck at processing
* Computation
e Estimates of precision

Very complex data: small », large P

New types of data: networks, images, ...

“Found” data: credit scoring, government
records, ...



Big data: are we making
a big mistake?

Economist, journalist and broadcaster Tim Harford delivered the 2014 Significance
lecture at the Royal Statistical Society International Conference. In this article,
republished from the Financial Times, Harford warns us not to forget the statistical

“Big data” has arrived, but big insights have not


http://onlinelibrary.wiley.com/store/10.1111/j.1740-9713.2014.00778.x/asset/sign778.pdf?v=1&t=i4oxmb4m&s=417f3c38b375fdf793142302b2c681fe2076d478
http://onlinelibrary.wiley.com/store/10.1111/j.1740-9713.2014.00778.x/asset/sign778.pdf?v=1&t=i4oxmb4m&s=417f3c38b375fdf793142302b2c681fe2076d478

Highlights from the workshops

Jan 9 — 23: Bootcamp

Jan 26 — 30: Deep Learning
~eb 9 — 11: Optimization
~eb 23 — 27: Visualization
Mar 23 — 27: Health Policy
April 13 — 16: Social Policy
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Opening Conference and Bootcamp

* Overview
— Bell: “Big Data: it’s not the data”
— Candes: Reproducibility
— Altman: Generalizing PCA

* One day each: inference, environment,
optimization, visualization, social policy,
health policy, deep learning, networks

* Franke, Plante, et al. (2015): “A data analytic perspective on
Big Data”, forthcoming


http://www.fields.utoronto.ca/programs/scientific/14-15/bigdata/boot/

Big Data and Statistical Machine Learning

* Roger Grosse — Scaling up natural gradient by
factorizing Fisher information

 Samy Bengio — The battle against the long tail

* Brendan Frey — The infinite genome project


http://www.fields.utoronto.ca/programs/scientific/14-15/bigdata/machine/

Statistical Machine Learning

Grosse, R. (2015). Scaling up natural gradient by factorizing
Fisher information. under review for International Conference
on Machine Learning.

Markov Random Field is essentially an exponential family

L R

Z(n)

Restricted Boltzmann machine is a special case:

1
p(v, hyn) = 700 exp{a’v + bl h + v Wh},

n=(a,b, W)



Statistical Machine Learning

1
p(v, h;n) = 70 exp{a’v+ b h+ v Wh}

* natural gradient ascent
N — n+ei(n) " Vyl(n;v, h)

e uses Fisher information as metric tensor

e Gaussian graphical model approximation to force
sparse inverse

Girolami and Calderhead (2011); Amari (1987); Rao (1945)



Statistical Machine Learning

e Bengio, S. (2015). The battle against the long
tail. slides

Examples

mou:- cpyex:nriad:li :“ .. Two dogs play in the grass. A skateboarder does a trick A dog is jumping to catch a

A refrigerator filled with lots of
food and drinks.

A group of young people
playing a game of frisbee.

Two hockey players are
fighting over the puck.

Cagdnrn

A herd of elephants walking

A close up of a cat laying

oh & coiich. Ared mo.torcycle parked on the A yellow school bus parked

 — "T=====in a parking lot.!

o
Google

Somewhat related to the image

45



http://www.fields.utoronto.ca/programs/scientific/14-15/bigdata/machine/slides/sb.pdf

Statistical Machine Learning

Some you win, some you lose
Image-recognition software’s analysis of what a picture represents

R RN e dig
- N o Wi - Lo I.' I '-\...'-.',‘_.'”

“A person riding a motorcycle on a dirt road”

—

“A yellow school bus parked in a car park”

Source: “Show and Tell: A Neural Image Caption Generator”, Oriol Vinyals, Alexander Toshev, Samy Bengio, Dumitru Erhan

“The rise of the machines”, Economist, May 9 2015



Optimization

Wainwright — non-convex optimization

example: regularized maximum likelihood

mn(—, 3 108 /(v 7:) + Ra(0))

lasso penalty ||6]||; is convex relaxation of ||0||g
many interesting penalties are non-convex

optimization routines may not find global
optimum


http://www.fields.utoronto.ca/programs/scientific/14-15/bigdata/optimization/
http://www.fields.utoronto.ca/video-archive/2015/01/315-4128

Wainwright and Loh

e distinction between statistical error

0 — O*

e and optimization error 9, — 0 (iterates)

Logistic

regression with non-convex regularizer

log error plot for logistic regression with SCAD, a =3.7

—opt err
——stat err

0 500 1000 1500 2000

iteration count




Wainwright and Loh

e a family of non-convex problems

e with constraints on the loss function (log-
likelihood) and the regularizing function (penalty)

e conclusion: any local optimum will be close
enough to the true value

* conclusion: can recover the true sparse vector
under further conditions

Loh, P. and Wainwright, M. (2015). Regularized Vv -
nonconvexity. J Machine Learning Res. 16, 559-6

Loh, P. and Wainwright, M. (2014). Support recovery without
incoherence. Arxiv preprint



http://www.fields.utoronto.ca/video-archive/2015/02/317-4361

Visualization for Big Data
Strategies and Principles

data representation

data exploration via filtering, sampling and
aggregation

visualization and cognition
information visualization
statistical modeling and software
cognitive science and design


http://www.fields.utoronto.ca/programs/scientific/14-15/bigdata/visualization/

Visualization for Big Data:
Strategies and Principles

National Science Foundation
WHERE DISCOVERIES BEGIN T

FUNDING AWARDS DISCOVERIES NEWS PUBLICATIONS STATISTICS ABOUT NSF FASTLANE

Email Print Share
Funding ® = -

Crosscutting

Critical Techniques and Technologies for
Advancing Foundations and Applications of Big
Data Science & Engineering (BIGDATA) &

Find Funding

;Z Index of Funding CONTACTS

Opportunities

;ecent Funding Opportunities

T Chaitanya Baru CISE/OAD Sylvia Spengler CISE/IIS

Upcoming Due Dates

Balasubramanian

idvanced Funding Search Kalyanasundaram CISE/CCF Amy Apon
Interdisciplinary Research Elizabeth R. Blood BIO/EF Helen T. Martin EHR/DRL
How to Prepare Your Proposal George Haddad ENG/ECCS Mona Zaghloul ENG/ECCS

e et Tt s R o SR R Savnse Feunae

Visualization February 23



Visualization for Big Data:
Strategies and Principles

_ Crosscutting

Critical Techniques and Technologies for
- | Advancing Foundations and Applications of Big
i pata Sci:ence & Engineering (BIGDATA) &

Find Funding

In addition to approaches such as search,
query processing, and analysis, visualization
techniques will also become critical across
many stages of big data use--to obtain an
initial assessment of data as well as through
subsequent stages of scientific discovery.

Visualization February 23



Visualization for Big Data:
Strategies and Principles

Oanrarso Mt o o

SECOND FDITION

The Visual Display
of Quantitative Information

FDWARD R TUFTT

Lignragtont Mot =

1983 1985

Visualization February 23



Visualization for Big Data:
Strategies and Principles

. NATHAN YAU

DATA POI NT S Hadley Wickham

VISUALIZATION TH

2013 2009

Visualization February 23



Statistical Graphics

convey the data clearly
focus on key features
easy to understand B 100-

research in perception o T .
aspects of cognitive science S R R

year

must turn ‘big data’ into small data

Rstudio, R Markdown
ggplot2, ggvis, dplyr, tidyr,
cheatsheets



http://www.rstudio.com/resources/cheatsheets/

60 -

R R

year

50

honeyplot +
geom line (aes (honey$year, honeySrunmean),col = "green",size=1.5) +
geom point (aes (honeySyear,honeySaverage),) +
scale x continuous (breaks=1970:2014) +
geom smooth (method="loess", span=.75,se=F) +
scale y continuous (breaks=seq(0,140,by=10)) +
theme (axis.text.x = element text (angle=45))



Information Visualization

http://www.infovis.org

a process of transforming information into
visual form

relies on the visual system to perceive and
process the information

http://ieeevis.org/

involves the design of visual data
representations and interaction techniques


http://www.infovis.org
http://ieeevis.org/

Highlights

Sheelagh Carpendale: info-viz
http://innovis.cpsc.ucalgary.ca/

representation
presentation
Interaction

Example: Edge Maps web page



http://innovis.cpsc.ucalgary.ca/
//localhost/Users/nancy/talks/PennState15/edgemaps.mp4
http://innovis.cpsc.ucalgary.ca/Research/EdgeMaps

Highlights

Katy Borner: scientific visualization

advances understanding or provides solutions
for real-world problems

impacts a particular application

http://scimaps.org/



http://info.slis.indiana.edu/~katy/index.html
http://scimaps.org/maps/map/exploring_the_relati_180/detail
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Highlights

Alex Goncalves: Visualization for the masses

to build communion
for social change
powerful stories

“duty of

beauty”http://www.nytimes.com/newsgraphi
cs/2014/02/14/fashion-week-editors-picks/



http://www.nytimes.com/newsgraphics/2014/02/14/fashion-week-editors-picks/

Big Data for Health Policy

* Pragmatic clinical trials
— Patrick Heagerty, Fred Hutchison

* Linking health and other social data-bases
— Thérese Stukel, ICES

* Privacy


http://www.fields.utoronto.ca/programs/scientific/14-15/bigdata/healthpolicy/

Heagerty — Pragmatic Clinical Trials

MEDICAL RESEARCH

Clinical trials get practical

Many clinical trials don’t help doctors make decisions.
A new breed of studies aims to change that

By Jennifer Couzin-Frankel, in
Philadelphia, Pennsylvania

trials will involve more women, more mi-
norities, a range of incomes,” says Monique
Anderson. a cardiologist at Duke Universitv

One pragmatic clinical trial compares different
approaches to dialysis. Studies like this will enroll a
broader cohort, including more women and minorities.

tend to focus on health behaviors or compare
available treatments, not test experimental
drugs, although that could change.

Nine Collaboratory trials are under way.
One tests whether patients on dialysis are
more likely to survive and stay healthier
if the dialysis treatment itself lasts longer.
The study is randomizing about 400 dialysis
centers around the country to either con-
tinue with their usual routine—dialysis typi-
cally ranges from about 3 to 5 hours in the
United States—or administer it for at least
4.25 hours. Patients receive information
about the trial at their clinic and a toll-free
number to call if they have questions for the
research team or wish to opt out.

An opt-out model is an option only for
some of the lowest risk clinical trials: U.S.
regulations require active informed consent
for studies of experimental drugs. Because
current pragmatic trials are comparing ap-
proaches doctors already use routinely, even
ethicists agree that enrolling everyone, un-
less someone objects, is often reasonable.

Other challenges come in figuring out
the best wav to design pragmatic studies.

cemag.org on May 13, 2015


http://www.fields.utoronto.ca/video-archive/2015/03/319-4457

Big Data for Social Policy

Significance - October 2014 (Volume 11 Issue

News, Interview and Editorial

Using Xbox polls to predict elections. The ISIS terror in numbers.
Why South Koreans are heading for extinction. Tackling the

Th e End of reproducibility problem. How statistical models helped in the
SPECIAL ISSUE aftermath of the Boston Marathon bombings. And finally ...

Fantasy author Jasper Fforde explains his theory of expectation-
influenced probability.
Visualisation
Cultural movements
| Mauro Martino on cognitive computing and mapping the
f i migration of Western culture.
R___B N P e 301, 20000 : Special report: Data and privacy

Now you see me, now you don’t
Does data anonymisation work? The answer depends on who you talk to. But finding a way to pre
privacy while sharing valuable data is crucial to the future of our information society.

Carne
Mellongl

eairty

University Journal of Pfivacy and Confidentiality

Home  About FAQ Policies My Account



http://www.fields.utoronto.ca/programs/scientific/14-15/bigdata/socialpolicy/
http://www.sciencemag.org/content/347/6221.cover-expansion
http://www.sciencemag.org/content/347/6221.cover-expansion
http://www.statslife.org.uk/significance/72-significance/back-issues/1818
http://www.statslife.org.uk/significance/72-significance/back-issues/1818
http://repository.cmu.edu/jpc/all_issues.html
http://repository.cmu.edu/jpc/all_issues.html

Privacy

* anonymization/de-identification “HIPAA rules”
— privacy commissioner of Ontario:

— “Big Data and Innovation, Setting the record straight: De-
identification does work”

— Narayanan & Felten (July 2014) “No silver bullet: De-
identification still doesn’t work”

* multi-party communication (Andrew Lo, MIT)

 statistical disclosure limitation and differential privacy

Slavkovic, A. -- Differentially Private Exponential Random
Graph Models and Synthetic Networks


https://www.privacybydesign.ca/index.php/paper/big-data-innovation-setting-record-straight-de-identification-work/
http://randomwalker.info/publications/no-silver-bullet-de-identification.pdf?_ga=1

Carnegie s AR )
Mellon | N .

University . Journal of Pfivacy and Conﬁdehtiélity

Home  About FAQ Policies My Account

e Statistical Disclosure Limitation

— released data typically counts or magnitudes stratified by
characteristics of the entities to which they apply

— anitem is sensitive if its publication allows estimation of another value
of the entity too precisely

— rules designed to prohibit release of data in cells at ‘too much’ risk,
and prohibit release of data in other cells to prevent reconstruction of
sensitive items — Cell Suppression

 computer science -- privacy-preserving data-mining; secure
computation, differential privacy

* theoretical work on differential privacy has yielded solutions for
function approximation, statistical analysis, data-mining, and
sanitized databases

e it remains to see how these theoretical results might influence the
practices of government agencies and private enterprise


http://repository.cmu.edu/jpc/all_issues.html
http://repository.cmu.edu/jpc/all_issues.html

What did we learn?

1. Statistical models are complex, high-dimensional
— regularization to induce sparsity
— sparsity assumed or imposed
— layered architecture complex graphical models
— dimension reduction PCA, ICA, etc.
— ensemble methods aggregation of predictions

2. Computational challenges include size and speed
— ideas of statistical inference get lost in the machine

3. Data owners understand 2., but not 1.
4. Data science may be the best way to combine these
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What did | learn?

Big Data is real, and here to stay

Big Data often quickly becomes small

— by making models more and more complex

— by looking for the very rare/extreme points

— through visualization

Big
— P
Big

nsights build on old ideas

anning of studies, bias, variance, inference

Data is a Big Opportunity
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Conference in Honor of Professor Muni Srivastava

July 11, 12 at the Fields Institute, Toronfe

Professor Muni Srivastava will be retiring from the Department of Statistics at the University of Tore
several areas of statistics, including multivariate statistics, sequential analysis nonparametric j

0 in June, 2001. Professor Srivastava
erence and statistical quality control.

as made important contributions to

The Department of Statistics will be holding a conference in his honour on July 11 and 12, 2#01 at the Fields Institute at the University of Tor(

nto. The meeting will be held in
Room 230 of the Fields Institute. There will be a banquet on the evening of July 11 at the Fadulty Club and Professor C.R. Rao will present

e after dinner speech.

Ess, Hisao Nagao, Ashish Sen, David Tyler,

Tha annmfavanman in halina Aavmnaniasad b NDNeafannnca Al Ininht and NManao DAA

Professor C. R. Rao will present the a

Statisticians should seize the opportunity to lead on Big Data





