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STATISTICAL PARADISES AND PARADOXES IN BIG DATA (I):
LAW OF LARGE POPULATIONS, BIG DATA PARADOX,
AND THE 2016 US PRESIDENTIAL ELECTION!

BY XI1AO-L1 MENG
Harvard University

Statisticians are increasingly posed with thought-provoking and even
paradoxical questions, challenging our qualifications for entering the statisti-
cal paradises created by Big Data. By developing measures for data quality,
this article suggests a framework to address such a question: “Which one
should I trust more: a 1% survey with 60% response rate or a self-reported
administrative dataset covering 80% of the population?” A 5-element Euler-
formula-like identity shows that for any dataset of size n, probabilistic or
not, the difference between the sample average X, and the population aver-
age X y is the product of three terms: (1) a data quality measure, PR, X the
correlation between X ; and the response/recording indicator R;; (2) a data
quantity measure, /(N — n)/n, where N is the population size; and (3) a
problem difficulty measure, oy, the standard deviation of X. This decompo-
sition provides multiple insights: (I) Probabilistic sampling ensures high data
quality by controlling pg, x at the level of N 172, (IT) When we lose this con-
trol, the impact of N is no longer canceled by pg x,leading to a Law of Large
Populations (LLP), that is, our estimation error, relative to the benchmarking
rate 1/./n, increases with ~/N; and (III) the “bigness” of such Big Data (for
population inferences) should be measured by the relative size f =n/N, not
the absolute size n; (IV) When combining data sources for population infer-
ences, those relatively tiny but higher quality ones should be given far more
weights than suggested by their sizes.

Estimates obtained from the Cooperative Congressional Election Study
(CCES) of the 2016 US presidential election suggest a pg x ~ —0.005 for
self-reporting to vote for Donald Trump. Because of LLP, this seemingly mi-
nuscule data defect correlation implies that the simple sample proportion of
the self-reported voting preference for Trump from 1% of the US eligible
voters, that is, n =~ 2,300,000, has the same mean squared error as the cor-
responding sample proportion from a genuine simple random sample of size
n =400, a 99.98% reduction of sample size (and hence our confidence). The
CCES data demonstrate LLP vividly: on average, the larger the state’s voter
populations, the further away the actual Trump vote shares from the usual
95% confidence intervals based on the sample proportions. This should re-
mind us that, without taking data quality into account, population inferences
with Big Data are subject to a Big Data Paradox: the more the data, the surer
we fool ourselves.

Key words and phrases. Bias-variance tradeoff, data defect correlation, data defect index (d.d.i.),
data confidentiality and privacy, data quality-quantity tradeoff, Euler identity, Monte Carlo and Quasi
Monte Carlo (MCQMC), non-response bias.
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HYPOTHESIS TESTING FOR HIGH-DIMENSIONAL
MULTINOMIALS: A SELECTIVE REVIEW!

BY SIVARAMAN BALAKRISHNAN AND LARRY WASSERMAN

Carnegie Mellon University

In memory of Stephen E. Fienberg

The statistical analysis of discrete data has been the subject of extensive
statistical research dating back to the work of Pearson. In this survey we
review some recently developed methods for testing hypotheses about high-
dimensional multinomials. Traditional tests like the Xz—test and the likelihood
ratio test can have poor power in the high-dimensional setting. Much of the
research in this area has focused on finding tests with asymptotically normal
limits and developing (stringent) conditions under which tests have normal
limits. We argue that this perspective suffers from a significant deficiency: it
can exclude many high-dimensional cases when—despite having non-normal
null distributions—carefully designed tests can have high power. Finally, we
illustrate that taking a minimax perspective and considering refinements of
this perspective can lead naturally to powerful and practical tests.
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WHEN SHOULD MODES OF INFERENCE DISAGREE?
SOME SIMPLE BUT CHALLENGING EXAMPLES'

BY D. A. S. FRASER*, N. REID* AND WEI LIN'
University of Toronto* and AidVoice Lab’

At a recent conference on Bayes, fiducial and frequentist inference,
David Cox presented eight illustrative examples, chosen to highlight poten-
tial difficulties for the theory of inference. We discuss these examples in light
of the efforts of the conference, and related meetings, to study the similarities
and differences between the approaches to inference. Emphasis is placed on
the goal of finding a distribution for an unknown parameter.
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FINGERPRINT SCIENCE

BY JOSEPH B. KADANE
Carnegie Mellon University

This paper examines the extent to which data support the source at-
tributions made by fingerprint examiners. It challenges the assumption that
each person’s fingerprints are unique, but finds that evidence of persistence
of an individual’s fingerprints is better founded. The use of the AFIS (Au-
tomatic Fingerprint Identification System) is problematic, because the algo-
rithms used are proprietary. Additionally, the databases used in conjunction
with AFIS are incomplete and not public. Finally, and most crucially, the find-
ing of similarities between the mark found at a crime scene and a fingerprint
on file does not permit estimation of the number of persons in a given popula-
tion who share those characteristics. Consequently, there is no scientific basis
for a source attribution; whether phrased as a “match,” as “individualization”
or otherwise.
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STATISTICAL MODELING AND ANALYSIS OF TRACE ELEMENT
CONCENTRATIONS IN FORENSIC GLASS EVIDENCE

BY KAREN D. H. PAN! AND KAREN KAFADAR?
University of Virginia

The question of the validity of procedures used to analyze forensic evi-
dence was raised many years ago by Stephen Fienberg, most notably when he
chaired the National Academy of Sciences’ Committee that issued the report
The Polygraph and Lie Detection [National Research Council (2003) The
National Academies Press]; his role in championing this cause and drawing
other statisticians to these issues continued throughout his life. We investigate
the validity of three standards related to different test methods for forensic
comparison of glass (micro X-ray fluorescence (u-XRF) spectrometry, ICP-
MS, LA-ICP-MS], all of which include a series of recommended calculations
from which “it may be concluded that [the samples] did not originate from the
same source.” Using publicly available data and data from other sources, we
develop statistical models based on estimates of means and covariance matri-
ces of the measured trace element concentrations recommended in these stan-
dards, leading to population-based estimates of error rates for the comparison
procedures stated in the standards. Our results therefore do not depend on
internal comparisons between pairs of glass samples, the representativeness
of which cannot be guaranteed: our results apply to any collection of glass
samples that have been or can be measured via these technologies. They sug-
gest potentially higher false positive rates than have been reported, and we
propose alternative methods that will ensure lower error rates.
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LOGLINEAR MODEL SELECTION AND HUMAN MOBILITY!

BY ADRIAN DOBRA AND REZA MOHAMMADI
University of Washington and University of Amsterdam

Methods for selecting loglinear models were among Steve Fienberg’s re-
search interests since the start of his long and fruitful career. After we dwell
upon the string of papers focusing on loglinear models that can be partly
attributed to Steve’s contributions and influential ideas, we develop a new
algorithm for selecting graphical loglinear models that is suitable for analyz-
ing hyper-sparse contingency tables. We show how multi-way contingency
tables can be used to represent patterns of human mobility. We analyze a
dataset of geolocated tweets from South Africa that comprises 46 million lat-
itude/longitude locations of 476,601 Twitter users that is summarized as a
contingency table with 214 variables.
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ON THE USE OF BOOTSTRAP WITH VARIATIONAL INFERENCE:
THEORY, INTERPRETATION, AND A TWO-SAMPLE TEST
EXAMPLE

BY YEN-CHI CHEN, Y. SAMUEL WANG AND ELENA A. EROSHEVA
University of Washington

Variational inference is a general approach for approximating complex
density functions, such as those arising in latent variable models, popular in
machine learning. It has been applied to approximate the maximum likeli-
hood estimator and to carry out Bayesian inference, however, quantification
of uncertainty with variational inference remains challenging from both the-
oretical and practical perspectives. This paper is concerned with developing
uncertainty measures for variational inference by using bootstrap procedures.
We first develop two general bootstrap approaches for assessing the uncer-
tainty of a variational estimate and the study the underlying bootstrap the-
ory in both fixed- and increasing-dimension settings. We then use the boot-
strap approach and our theoretical results in the context of mixed membership
modeling with multivariate binary data on functional disability from the Na-
tional Long Term Care Survey. We carry out a two-sample approach to test
for changes in the repeated measures of functional disability for the subset of
individuals present in 1989 and 1994 waves.
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PROVIDING ACCURATE MODELS ACROSS PRIVATE
PARTITIONED DATA: SECURE MAXIMUM
LIKELIHOOD ESTIMATION

BY JOSHUA SNOKE*!, TIMOTHY R. BRICK*, ALEKSANDRA SLAVKOVIC*!
AND MICHAEL D. HUNTER -2

Pennsylvania State University* and University of Oklahoma Health
Sciences Center'

This paper focuses on the privacy paradigm of providing access to re-
searchers to remotely carry out analyses on sensitive data stored behind sepa-
rate firewalls. We address the situation where the analysis demands data from
multiple physically separate databases which cannot be combined. Motivat-
ing this work is a real model based on research data on kinship foster place-
ment that came from multiple sources and could only be combined through
a lengthy process with a trusted research network. We develop and demon-
strate a method for accurate calculation of the multivariate normal likelihood,
for a set of parameters given the partitioned data, which can then be maxi-
mized to obtain estimates. These estimates are achieved without sharing any
data or any true intermediate statistics of the data across firewalls. We show
that under a certain set of assumptions our method for estimation across these
partitions achieves identical results as estimation with the full data. Privacy is
maintained by adding noise at each partition. This ensures each party receives
noisy statistics, such that the noise cannot be removed until the last step to ob-
tain a single value, the true total log likelihood. Potential applications include
all methods utilizing parameter estimation through maximizing the multivari-
ate normal likelihood. We give detailed algorithms, along with available soft-
ware, and present simulations and analyze the kinship foster placement data
estimating structural equation models (SEMs) with partitioned data.
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CLUSTERING THE PREVALENCE OF PEDIATRIC CHRONIC
CONDITIONS IN THE UNITED STATES USING
DISTRIBUTED COMPUTING'

BY YUCHEN ZHENG AND NICOLETA SERBAN

Georgia Institute of Technology

This research paper presents an approach to clustering the prevalence
of chronic conditions among children with public insurance in the United
States. The data consist of prevalence estimates at the community level for
25 pediatric chronic conditions. We employ a spatial clustering algorithm to
identify clusters of communities with similar chronic condition prevalences.
The primary challenge is the computational effort needed to estimate the spa-
tial clustering for all communities in the U.S. To address this challenge, we
develop a distributed computing approach to spatial clustering. Overall, we
found that the burden of chronic conditions in rural communities tends to be
similar but with wide differences in urban communities. This finding suggests
similar interventions for managing chronic conditions in rural communities
but targeted interventions in urban areas.
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ESTIMATING LARGE CORRELATION MATRICES
FOR INTERNATIONAL MIGRATION

BY JONATHAN J. AZOSE*" AND ADRIAN E. RAFTERY"
Pacific Northwest National Laboratory* and University of Washington'

The United Nations is the major organization producing and regularly
updating probabilistic population projections for all countries. International
migration is a critical component of such projections, and between-country
correlations are important for forecasts of regional aggregates. However, in
the data we consider there are 200 countries and only 12 data points, each one
corresponding to a five-year time period. Thus a 200 x 200 correlation matrix
must be estimated on the basis of 12 data points. Using Pearson correlations
produces many spurious correlations. We propose a maximum a posteriori
estimator for the correlation matrix with an interpretable informative prior
distribution. The prior serves to regularize the correlation matrix, shrinking a
priori untrustworthy elements towards zero. Our estimated correlation struc-
ture improves projections of net migration for regional aggregates, producing
narrower projections of migration for Africa as a whole and wider projec-
tions for Europe. A simulation study confirms that our estimator outperforms
both the Pearson correlation matrix and a simple shrinkage estimator when
estimating a sparse correlation matrix.
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TRACKING NETWORK DYNAMICS: A SURVEY USING GRAPH
DISTANCES!

BY CLAIRE DONNAT AND SUSAN HOLMES?
Stanford University

From longitudinal biomedical studies to social networks, graphs have
emerged as essential objects for describing evolving interactions between
agents in complex systems. In such studies, after pre-processing, the data
are encoded by a set of graphs, each representing a system’s state at a differ-
ent point in time or space. The analysis of the system’s dynamics depends on
the selection of the appropriate analytical tools. In particular, after specifying
properties characterizing similarities between states, a critical step lies in the
choice of a distance between graphs capable of reflecting such similarities.

While the literature offers a number of distances to choose from, their
properties have been little investigated and no guidelines regarding the choice
of such a distance have yet been provided. In particular, most graph distances
consider that the nodes are exchangeable—ignoring node “identities.” Align-
ment of the graphs according to identified nodes enables us to enhance these
distances’ sensitivity to perturbations in the network and detect important
changes in graph dynamics. Thus the selection of an adequate metric is a
decisive—yet delicate—practical matter.

In the spirit of Goldenberg et al.’s seminal 2009 review [Found. Trends
Mach. Learn. 2 (2010) 129-233], this article provides an overview of
commonly-used graph distances and an explicit characterization of the struc-
tural changes that they are best able to capture. We show how these choices
affect real-life situations, and we use these distances to analyze both a lon-
gitudinal microbiome dataset and a brain fMRI study. One contribution of
the present study is a coordinated suite of data analytic techniques, displays
and statistical tests using “metagraphs”: a graph of graphs based on a chosen
metric. Permutation tests can uncover the effects of covariates on the graphs’
variability. Furthermore, synthetic examples provide intuition as to the qual-
ities and drawbacks of the different distances. Above all, we provide some
guidance on choosing one distance over another in different contexts. Finally,
we extend the scope of our analyses from temporal to spatial dynamics and
apply these different distances to a network created from worldwide recipes.
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BAYESIAN PROPAGATION OF RECORD LINKAGE UNCERTAINTY
INTO POPULATION SIZE ESTIMATION OF HUMAN RIGHTS
VIOLATIONS!

BY MAURICIO SADINLE
University of Washington

Multiple-systems or capture—recapture estimation are common tech-
niques for population size estimation, particularly in the quantitative study
of human rights violations. These methods rely on multiple samples from the
population, along with the information of which individuals appear in which
samples. The goal of record linkage techniques is to identify unique indi-
viduals across samples based on the information collected on them. Linkage
decisions are subject to uncertainty when such information contains errors
and missingness, and when different individuals have very similar character-
istics. Uncertainty in the linkage should be propagated into the stage of pop-
ulation size estimation. We propose an approach called linkage-averaging to
propagate linkage uncertainty, as quantified by some Bayesian record link-
age methodologies, into a subsequent stage of population size estimation.
Linkage-averaging is a two-stage approach in which the results from the
record linkage stage are fed into the population size estimation stage. We
show that under some conditions the results of this approach correspond to
those of a proper Bayesian joint model for both record linkage and popu-
lation size estimation. The two-stage nature of linkage-averaging allows us
to combine different record linkage models with different capture—recapture
models, which facilitates model exploration. We present a case study from the
Salvadoran civil war, where we are interested in estimating the total number
of civilian killings using lists of witnesses’ reports collected by different or-
ganizations. These lists contain duplicates, typographical and spelling errors,
missingness, and other inaccuracies that lead to uncertainty in the linkage. We
show how linkage-averaging can be used for transferring the uncertainty in
the linkage of these lists into different models for population size estimation.
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Entity resolution identifies and removes duplicate entities in large, noisy
databases and has grown in both usage and new developments as a result of
increased data availability. Nevertheless, entity resolution has tradeoffs re-
garding assumptions of the data generation process, error rates, and compu-
tational scalability that make it a difficult task for real applications. In this
paper, we focus on a related problem of unique entity estimation, which is
the task of estimating the unique number of entities and associated standard
errors in a data set with duplicate entities. Unique entity estimation shares
many fundamental challenges of entity resolution, namely, that the computa-
tional cost of all-to-all entity comparisons is intractable for large databases.
To circumvent this computational barrier, we propose an efficient (near-linear
time) estimation algorithm based on locality sensitive hashing. Our estima-
tor, under realistic assumptions, is unbiased and has provably low variance
compared to existing random sampling based approaches. In addition, we
empirically show its superiority over the state-of-the-art estimators on three
real applications. The motivation for our work is to derive an accurate esti-
mate of the documented, identifiable deaths in the ongoing Syrian conflict.
Our methodology, when applied to the Syrian data set, provides an estimate
of 191,874 + 1,772 documented, identifiable deaths, which is very close to
the Human Rights Data Analysis Group (HRDAG) estimate of 191,369. Our
work provides an example of challenges and efforts involved in solving a real,
noisy challenging problem where modeling assumptions may not hold.
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ADJUSTED REGULARIZATION
IN LATENT GRAPHICAL MODELS:
APPLICATION TO MULTIPLE-NEURON SPIKE COUNT DATA
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A major challenge in contemporary neuroscience is to analyze data from
large numbers of neurons recorded simultaneously across many experimen-
tal replications (trials), where the data are counts of neural firing events, and
one of the basic problems is to characterize the dependence structure among
such multivariate counts. Methods of estimating high-dimensional covaria-
tion based on ¢-regularization are most appropriate when there are a small
number of relatively large partial correlations, but in neural data there are
often large numbers of relatively small partial correlations. Furthermore, the
variation across trials is often confounded by Poisson-like variation within
trials. To overcome these problems we introduce a comprehensive method-
ology that imbeds a Gaussian graphical model into a hierarchical structure:
the counts are assumed Poisson, conditionally on latent variables that fol-
low a Gaussian graphical model, and the graphical model parameters, in turn,
are assumed to depend on physiologically-motivated covariates, which can
greatly improve correct detection of interactions (nonzero partial correla-
tions). We develop a Bayesian approach to fitting this covariate-adjusted gen-
eralized graphical model and we demonstrate its success in simulation stud-
ies. We then apply it to data from an experiment on visual attention, where
we assess functional interactions between neurons recorded from two brain
areas.
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DISCOVERING POLITICAL TOPICS IN FACEBOOK DISCUSSION
THREADS WITH GRAPH CONTEXTUALIZATION
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We propose a graph contextualization method, pairGraphText, to
study political engagement on Facebook during the 2012 French presidential
election. It is a spectral algorithm that contextualizes graph data with text data
for online discussion thread. In particular, we examine the Facebook posts of
the eight leading candidates and the comments beneath these posts. We find
evidence of both (i) candidate-centered structure, where citizens primarily
comment on the wall of one candidate and (ii) issue-centered structure (i.e.,
on political topics), where citizens’ attention and expression is primarily di-
rected toward a specific set of issues (e.g., economics, immigration, etc). To
identify issue-centered structure, we develop pairGraphText, to analyze
a network with high-dimensional features on the interactions (i.e., text). This
technique scales to hundreds of thousands of nodes and thousands of unique
words. In the Facebook data, spectral clustering without the contextualizing
text information finds a mixture of (i) candidate and (ii) issue clusters. The
contextualized information with text data helps to separate these two struc-
tures. We conclude by showing that the novel methodology is consistent un-
der a statistical model.
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Data stewards seeking to provide access to large-scale social science data
face a difficult challenge. They have to share data in ways that protect privacy
and confidentiality, are informative for many analyses and purposes, and are
relatively straightforward to use by data analysts. One approach suggested in
the literature is that data stewards generate and release synthetic data, that
is, data simulated from statistical models, while also providing users access
to a verification server that allows them to assess the quality of inferences
from the synthetic data. We present an application of the synthetic data plus
verification server approach to longitudinal data on employees of the U.S.
federal government. As part of the application, we present a novel model for
generating synthetic career trajectories, as well as strategies for generating
high dimensional, longitudinal synthetic datasets. We also present novel veri-
fication algorithms for regression coefficients that satisfy differential privacy.
We illustrate the integrated use of synthetic data plus verification via analysis
of differentials in pay by race. The integrated system performs as intended,
allowing users to explore the synthetic data for potential pay differentials and
learn through verifications which findings in the synthetic data hold up and
which do not. The analysis on the confidential data reveals pay differentials
across races not documented in published studies.
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THE INTERLOCKING WORLD OF SURVEYS AND EXPERIMENTS

BY STEPHEN E. FIENBERG AND JUDITH M. TANUR*
Stony Brook University*

Random sampling and randomized experimentation are inextricably
linked. Beginning with their common origins in the work of Fisher and Ney-
man from the 1920s and the 1930s, one can trace the development of parallel
concepts and structures in the two areas (see Fienberg and Tanur [Bull. Int.
Stat. Inst. 51 (1985) Art. ID 10.1; Int. Stat. Rev. 55 (1987) 75-96]). One of the
more important lessons to be learned from the parallel concepts and structures
is that they can profitably be linked and intertwined, with sampling embed-
ded in experiments and formal experimental structures embedded in sampling
designs.

In this paper, we trace some of parallels between sampling theory and
theory of experimental design. We then explore some of the ways that ex-
perimental and sampling structures have been combined in statistical practice
and the principles that underlie their combination; we also make some sug-
gestions toward the improvement of practice.
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A TESTING BASED APPROACH TO THE DISCOVERY OF
DIFFERENTIALLY CORRELATED VARIABLE SETS

BY KELLY BODWIN!, KAT ZHANG? AND ANDREW NOBEL?
University of North Carolina at Chapel Hill

Given data obtained under two sampling conditions, it is often of in-
terest to identify variables that behave differently in one condition than in
the other. We introduce a method for differential analysis of second-order
behavior called Differential Correlation Mining (DCM). The DCM method
identifies differentially correlated sets of variables, with the property that the
average pairwise correlation between variables in a set is higher under one
sample condition than the other. DCM is based on an iterative search proce-
dure that adaptively updates the size and elements of a candidate variable set.
Updates are performed via hypothesis testing of individual variables, based
on the asymptotic distribution of their average differential correlation. We in-
vestigate the performance of DCM by applying it to simulated data as well as
to recent experimental datasets in genomics and brain imaging.
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BIOMARKER ASSESSMENT AND COMBINATION WITH
DIFFERENTIAL COVARIATE EFFECTS AND AN UNKNOWN
GOLD STANDARD, WITH AN APPLICATION TO
ALZHEIMER’S DISEASE

BY ZHEYU WANG AND XI1A0-HuA ZHoU!
Johns Hopkins University and University of Washington

The continued efforts to evaluate biomarkers’ predictive abilities and
identify optimal biomarker combinations are often challenged by the absence
of a gold standard, that is, the true disease status. Current methods that ad-
dress this issue are mostly developed for binary or ordinal diagnostic tests,
which do not fully utilize information provided by continuous biomarkers,
or require strong parametric assumptions. Moreover, limited methods exist to
allow for the inclusion of covariates—despite their crucial role in facilitat-
ing the accurate evaluation of biomarkers. In this paper, we proposed a latent
profile approach to evaluating diagnostic accuracy of biomarkers without a
gold standard. The method allows for flexible biomarker distributions and in-
corporation of previous knowledge about risk factors while simultaneously
permitting researchers to model paticipants’ characteristics that putatively af-
fect biomarker levels, and therefore provides information needed to develop
more personalized diagnostic procedures. Additionally, the proposed method
presents a potential strategy for biomarker combination when gold standard
information is unavailable, as it derives a composite risk score for the un-
derlying disease status. The method is applied to evaluate different cerebral
spinal fluid (CSF) biomarkers for Alzheimer’s disease (AD) detection. The
results show that CSF biomarkers hold significant potential for facilitating
early AD detection and for continuous disease monitoring. Furthermore, they
call attention to biomarker variability in subgroups and reexamination of CSF
biomarker distributions. Data used in preparation of this article were obtained
from the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database.
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ROBUST DEPENDENCE MODELING FOR HIGH-DIMENSIONAL
COVARIANCE MATRICES WITH FINANCIAL APPLICATIONS

BY ZHE ZHU AND ROY E. WELSCH
MIT Sloan School of Management

A very important problem in finance is the construction of portfolios of
assets that balance risk and reward in an optimal way. A critical issue in port-
folio development is how to address data outliers that reflect very unusual,
generally non-recurring, market conditions. Should we allow these to have
a significant impact on our estimation and portfolio construction process or
should they be considered separately as evidence of a regime shift and/or be
used to adjust baseline results? In financial asset allocation, a fundamental
step is often a mean-variance optimization problem that makes use of the lo-
cation vector and dispersion matrix of the financial assets. In this paper, we
introduce a new high- dimensional covariance estimator that is much less sen-
sitive to outliers compared to its classical counterparts. We then apply this es-
timator to the active asset allocation application, and show that our proposed
new estimator delivers better results compared to many existing asset alloca-
tion methods. An important bonus is that on our examples, the method has a
smaller proportion of stock weights greater than 10% and, in many cases, a
higher alpha. Covariance estimation is more challenging than mean estima-
tion and only locally and not globally optimal solutions are available. Our
proposed new robust covariance estimator uses a regular vine dependence
structure and only pairwise robust partial correlation estimators. The resulting
robust covariance estimator delivers high performance for identifying outliers
for large high dimensional datasets, has a high breakdown point, and is pos-
itive definite. When the full vine structure is not available, we propose using
a minimal spanning tree algorithm to replace missing vine structure.
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Modern biological techniques have led to various types of data, which
are often used to identify important biomarkers for certain diseases with ap-
propriate statistical methods, such as feature screening. Model-free feature
screening has been extensively studied in the literature, and it is effective
to select useful predictors for ultra-high dimensional data. These existing
screening procedures are conducted based on certain marginal correlations
between predictors and a response variable, therefore network structures con-
necting the predictors are usually ignored. Google’s PageRank algorithm has
achieved remarkable success. We adopt its spirit to adjust original screen-
ing approaches by incorporating the network information. We can then sig-
nificantly improve the performance of those screening methods in choosing
useful biomarkers, which is demonstrated in an intensive simulation study.
A couple of real genome datasets along with a biological network are further
analyzed by comparing results on both accuracy of predicting responses and
stability of identifying biomarkers.
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COVARIATE MATCHING METHODS FOR TESTING AND
QUANTIFYING WIND TURBINE UPGRADES

BY YEI EUN SHIN, YU DING! AND JIANHUA Z. HUANG?
Texas A&M University

In the wind industry, engineers perform retrofitting upgrades on in-
service wind turbines for the purpose of improving power production capabil-
ities. Considering how costly an upgrade can be, people often wonder about
the upgrade effect: whether it indeed improves turbine performances, and if
so, how much. One cannot simply compare power outputs for the purpose of
assessing a turbine’s improvement, as wind power generation is affected by
an array of environmental covariates, including wind speed, wind direction,
temperature, pressure as well as other atmosphere dynamics. For a fair com-
parison to discern the upgrade effect, it is critical to have these environmental
effects controlled for while comparing power output differences. Most exist-
ing approaches rely on establishing a power curve model and let the model
account for the environmental effects. In this paper, we propose a different
approach, which is to devise a covariate matching method to ensure the en-
vironmental covariates to have comparable distribution profiles before and
after an action of upgrade. Once the covariates are matched, paired z-tests
can be applied to the power outputs for testing the significance of the upgrade
effect. The relative increase in power production can also be quantified. The
proposed approach is simple to use and relies on fewer assumptions than the
power curve modeling approach.
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NONSTATIONARY MODELLING OF TAIL DEPENDENCE
OF TWO SUBJECTS’ CONCENTRATION

BY KSHIT) SHARMA™ T, VALERIE CHAVEZ-DEMOULIN* AND
PIERRE DILLENBOURG

University of Lausanne® and Ecole Polytechnique Férdérale de Lausanne®

We analyse eye-tracking data to understand how people collaborate. Our
dataset consists of time series of measurements for eye movements, such as
spatial entropy, calculated for each subject during an experiment when several
pairs of participants collaborate to accomplish a task. We observe that pairs
with high collaboration quality obtain their highest values of concentration
(or equivalently lowest values of spatial entropy) occurring simultaneously.
In this paper, we propose a flexible model that describes the tail dependence
structure between two subjects’ entropy when the pair is collaborating. More
generally, we develop a generalized additive model (GAM) framework for
tail dependence coefficients in the presence of covariates. As for any GAM-
type model, the methodology can be used to predict collaboration quality or
to explore how joint concentration depends on other cognitive operations and
varies over time.
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A SPATIALLY VARYING STOCHASTIC DIFFERENTIAL EQUATION
MODEL FOR ANIMAL MOVEMENT!

BY JAMES C. RUSSELL*, EPHRAIM M. HANKST, MURALI HARANT AND
DAVID HUGHES'

Muhlenberg College* and The Pennsylvania State University’

Animal movement exhibits complex behavior which can be influenced
by unobserved environmental conditions. We propose a model which allows
for a spatially varying movement rate and spatially varying drift through a
semiparametric potential surface and a separate motility surface. These sur-
faces are embedded in a stochastic differential equation framework which
allows for complex animal movement patterns in space. The resulting model
is used to analyze the spatially varying behavior of ants to provide insight
into the spatial structure of ant movement in the nest.
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TORUS PRINCIPAL COMPONENT ANALYSIS WITH
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There are several cutting edge applications needing PCA methods for
data on tori, and we propose a novel torus-PCA method that adaptively fa-
vors low-dimensional representations while preventing overfitting by a new
test—both of which can be generally applied and address shortcomings in two
previously proposed PCA methods. Unlike tangent space PCA, our torus-
PCA features structure fidelity by honoring the cyclic topology of the data
space and, unlike geodesic PCA, produces nonwinding, nondense descrip-
tors. These features are achieved by deforming tori into spheres with self-
gluing and then using a variant of the recently developed principal nested
spheres analysis. This PCA analysis involves a step of subsphere fitting, and
we provide a new test to avoid overfitting. We validate our torus-PCA by ap-
plication to an RNA benchmark data set. Further, using a larger RNA data
set, torus-PCA recovers previously found structure, now globally at the one-
dimensional representation, which is not accessible via tangent space PCA.
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