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ELICITABILITY AND BACKTESTING: PERSPECTIVES FOR
BANKING REGULATION!

BY NATALIA NOLDEZ AND JOHANNA F. ZIEGEL?
University of British Columbia and University of Bern

Conditional forecasts of risk measures play an important role in inter-
nal risk management of financial institutions as well as in regulatory capital
calculations. In order to assess forecasting performance of a risk measure-
ment procedure, risk measure forecasts are compared to the realized finan-
cial losses over a period of time and a statistical test of correctness of the
procedure is conducted. This process is known as backtesting. Such tradi-
tional backtests are concerned with assessing some optimality property of a
set of risk measure estimates. However, they are not suited to compare dif-
ferent risk estimation procedures. We investigate the proposal of comparative
backtests, which are better suited for method comparisons on the basis of
forecasting accuracy, but necessitate an elicitable risk measure. We argue that
supplementing traditional backtests with comparative backtests will enhance
the existing trading book regulatory framework for banks by providing the
correct incentive for accuracy of risk measure forecasts. In addition, the com-
parative backtesting framework could be used by banks internally as well as
by researchers to guide selection of forecasting methods. The discussion fo-
cuses on three risk measures, Value at Risk, expected shortfall and expectiles,
and is supported by a simulation study and data analysis.
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DISCUSSION OF “ELICITABILITY AND BACKTESTING:
PERSPECTIVES FOR BANKING REGULATION”

BY HAJO HOLZMANN AND BERNHARD KLAR
Philipps-Universitdt Marburg and Karlsruher Institut fiir Technologie (KIT)

In our discussion of the insightful paper by Nolde and Ziegel, we fur-
ther investigate comparative backtests based on consistent scoring rules. We
use Diebold—Mariano tests in pairwise comparisons instead of mere rankings
in terms of average scores, and illustrate the use of weighted proper scor-
ing rules, which address the quality of forecasts of the full loss distribution
in its upper tail rather than some specific risk measure such as the Value at
Risk. Overall, at lower levels up to 95%, these allow for better discrimination
between competing forecasting methods.
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DISCUSSION OF “ELICITABILITY AND BACKTESTING:
PERSPECTIVES FOR BANKING REGULATION”

BY PATRICK SCHMIDT
Heidelberg Institute for Theoretical Studies and Goethe University Frankfurt

I discuss the incentive compatibility of comparative and calibration back-
testing for banking regulation. In stylized models of risk reporting, calibra-
tion backtesting leads to uninformed risk reports that adapt insufficiently to
volatility changes. In contrast, comparative backtesting incentivizes informa-
tion for richer and more accurate models.
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BY MARIE KRATZ
ESSEC Business School, CREAR Risk Research Center

The discussion focuses on four points in the context of Basel 3. The
first concerns the choice of test functions in the calibration tests. Then we
discuss the interpretation of the “internal model,” as well as the choice of risk
measures. Last, we consider the score difference stationarity, an important
issue in practice.

REFERENCES

ACERBI, C. and SZEKELY, B. (2014). Backtesting expected shortfall. Risk Mag. December 76-81.

ACERBI, C. and TASCHE, D. (2002). On the coherence of expected shortfall. J. Bank. Financ. 26
1487-1503.

ARTZNER, P., DELBAEN, F., EBER, J.-M. and HEATH, D. (1999). Coherent measures of risk. Math.
Finance 9 203-228. MR1850791

BASEL COMMITTEE ON BANKING SUPERVISION (2016). Minimum capital requirements for mar-
ket risk. Bank of International Settlements.

BELLINI, F., KLAR, B., MULLER, A. and GIANIN, E. R. (2014). Generalized quantiles as risk
measures. Insurance Math. Econom. 54 41-48. MR3145849

CAMPBELL, S. D. (2006). A review of backtesting and backtesting procedures. J. Risk 9 1-17.

CHEN, J. M. (2013). Measuring market risk under Basel I, 2.5, and III: VAR, stressed VAR, and
expected shortfall. Available at SSRN: http://ssrn.com/abstract=2252463.

CHRISTOFFERSEN, P. (2003). Elements of Financial Risk Management. Academic Press, New York.

CHRISTOFFERSEN, P. and PELLETIER, D. (2004). Backtesting Value-at-Risk: A duration-based ap-
proach. J. Financ. Econom. 2 84-108.

COSTANZINO, N. and CURRAN, M. (2015). Backtesting general spectral risk measures with appli-
cation to expected shortfall. J. Risk Model Validation 9 21-33.

COSTANZINO, N. and CURRAN, M. (2016). A simple traffic light approach to backtesting expected
shortfall. Working paper.

DiEBOLD, F. X. and MARIANO, R. S. (1995). Comparing predictive accuracy. J. Bus. Econom.
Statist. 13 253-263.

EMMER, S., KRATZ, M. and TASCHE, D. (2015). What is the best risk measure in practice? A com-
parison of standard risk measures. J. Risk 18 31-60.

FISSLER, T. and ZIEGEL, J. F. (2016). Higher order elicitability and Osband’s principle. Ann. Statist.
44 1680-1707. MR3519937

GNEITING, T. (2011). Making and evaluating point forecasts. J. Amer. Statist. Assoc. 106 746-762.
MR2847988

KRATZ, M., LOK, Y. and MCNEIL, A. (2016a). A multinomial test to discriminate between models.
In ASTIN 2016 Proceedings. Available online.

KRrRATZ, M., LOK, Y. and MCNEIL, A. (2016b). Multinomial VaR Backtests: A simple implicit
approach to backtesting expected shortfall. ESSEC Working Paper 1617, arXiv1611.04851v1.

Key words and phrases. Regulation, risk measure, scoring function.


http://www.imstat.org/aoas/
https://doi.org/10.1214/17-AOAS1041E
https://doi.org/10.1214/17-AOAS1041
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=1850791
http://www.ams.org/mathscinet-getitem?mr=3145849
http://ssrn.com/abstract=2252463
http://www.ams.org/mathscinet-getitem?mr=3519937
http://www.ams.org/mathscinet-getitem?mr=2847988
http://arxiv.org/abs/arXiv1611.04851v1

NOLDE, N. and ZIEGEL, J. F. (2017). Elicitability and backtesting: Perspectives for banking regu-
lation. Ann. Appl. Stat. 11 1833-1874.

TASCHE, D. (2002). Expected shortfall and beyond. In Statistical Data Analysis Based on the L1-
Norm and Related Methods (Neuchdtel, 2002) 109—123. Birkhduser, Basel. MR2001308

ZIEGEL, J. F. (2016). Coherence and elicitability. Math. Finance 26 901-918. MR3551510


http://www.ams.org/mathscinet-getitem?mr=2001308
http://www.ams.org/mathscinet-getitem?mr=3551510

The Annals of Applied Statistics

2017, Vol. 11, No. 4, 1901-1911
https://doi.org/10.1214/17-AOAS1041F

Main article: https://doi.org/10.1214/17-AOAS1041
© Institute of Mathematical Statistics, 2017

REJOINDER: “ELICITABILITY AND BACKTESTING:
PERSPECTIVES FOR BANKING REGULATION”

BY NATALIA NOLDE AND JOHANNA F. ZIEGEL

University of British Columbia and University of Bern

REFERENCES

ACERBI, C. and SZEKELY, B. (2014). Backtesting expected shortfall. Risk Mag. December 76-81.

AGYEMAN, J. (2017). On the choice of scoring functions for forecast comparisons. Master’s thesis,
Univ. Bristish Columbia. Available at https://open.library.ubc.ca/cIRcle/collections/ubctheses/24/
items/1.0344014.

BEE, M., Dupuis, D. J. and TRAPIN, L. (2016). Realizing the extremes: Estimation of tail-risk
measures from a high-frequency perspective. J. Empir. Finance 36 86-99.

DAvis, M. H. A. (2016). Verification of internal risk measure estimates. Star. Risk Model. 33 67-93.
MR3574946

DIEBOLD, F. X., GUNTHER, T. A. and TAY, A. S. (1998). Evaluating density forecasts with appli-
cations to financial risk management. Internat. Econom. Rev. 39 863-883.

DIEBOLD, F. X. and MARIANO, R. S. (1995). Comparing predictive accuracy. J. Bus. Econom.
Statist. 13 253-263.

DIMITRIADIS, T. and BAYER, S. (2017). A joint quantile and expected shortfall regression frame-
work. Preprint, arXiv:1704.02213.

ENGLE, R. F. and MANGANELLI, S. (2004). CAViaR: Conditional autoregressive value at risk by
regression quantiles. J. Bus. Econom. Statist. 22 367-381. MR2091566

GNEITING, T., BALABDAOUI, F. and RAFTERY, A. E. (2007). Probabilistic forecasts, calibration
and sharpness. J. R. Stat. Soc. Ser. B. Stat. Methodol. 69 243-268. MR2325275

GNEITING, T. and KATZFUSS, M. (2014). Probabilistic forecasting. Ann. Rev. Stat. Appl. 1 125-151.

GNEITING, T. and RANJAN, R. (2011). Comparing density forecasts using threshold- and quantile-
weighted scoring rules. J. Bus. Econom. Statist. 29 411-422. MR2848512

GNEITING, T. and RANJAN, R. (2013). Combining predictive distributions. Electron. J. Stat. 7
1747-1782. MR3080409

GORDY, M. B., LOK, H. Y. and MCNEIL, A. J. (2017). Spectral backtests of forecast distributions
with applications to risk management. Preprint, arXiv:1708.01489.

HoLZMANN, H. and EULERT, M. (2014). The role of the information set for forecasting—with
applications to risk management. Ann. Appl. Stat. 8 595-621. MR3192004

HoLzZMANN, H. and KLAR, B. (2016). Weighted scoring rules and hypothesis testing. Preprint,
arXiv:1611.07345.

KRATZ, M., LOK, Y. and MCNEIL, A. (2016). Multinomial VaR backtests: A simple implicit ap-
proach to backtesting expected shortfall. Preprint, arXiv:1611.04851.

MCNEIL, A. J. and FREY, R. (2000). Estimation of tail-related risk measures for heteroscedastic
financial time series: An extreme value approach. J. Empir. Finance 7 271-300.

PATTON, A., ZIEGEL, J. F. and CHEN, R. (2017). Dynamic semiparametric models for expected
shortfall (and value-at-risk). Preprint, arXiv:1707.05108.

SHEPHARD, N. and SHEPPARD, K. (2010). Realising the future: Forecasting with high-frequency-
based volatility (heavy) models. J. Appl. Econometrics 25 197-231. MR2758633

STRAHL, C. and ZIEGEL, J. (2017). Cross-calibration of probabilistic forecasts. Electron. J. Stat. 11
608-639. MR3619318


http://www.imstat.org/aoas/
https://doi.org/10.1214/17-AOAS1041F
https://doi.org/10.1214/17-AOAS1041
http://www.imstat.org
https://open.library.ubc.ca/cIRcle/collections/ubctheses/24/items/1.0344014
http://www.ams.org/mathscinet-getitem?mr=3574946
http://arxiv.org/abs/arXiv:1704.02213
http://www.ams.org/mathscinet-getitem?mr=2091566
http://www.ams.org/mathscinet-getitem?mr=2325275
http://www.ams.org/mathscinet-getitem?mr=2848512
http://www.ams.org/mathscinet-getitem?mr=3080409
http://arxiv.org/abs/arXiv:1708.01489
http://www.ams.org/mathscinet-getitem?mr=3192004
http://arxiv.org/abs/arXiv:1611.07345
http://arxiv.org/abs/arXiv:1611.04851
http://arxiv.org/abs/arXiv:1707.05108
http://www.ams.org/mathscinet-getitem?mr=2758633
http://www.ams.org/mathscinet-getitem?mr=3619318
https://open.library.ubc.ca/cIRcle/collections/ubctheses/24/items/1.0344014

TAYLOR, J. W. (2017). Forecasting value at risk and expected shortfall using a semiparametric ap-
proach based on the asymmetric Laplace distribution. J. Bus. Econom. Statist. To appear.

ZIEGEL, J. F., KRUGER, F., JORDAN, A. and FASCIATI, F. (2017). Murphy diagrams for evaluating
forecasts of expected shortfall. Preprint, arXiv:1705.04537.


http://arxiv.org/abs/arXiv:1705.04537

The Annals of Applied Statistics

2017, Vol. 11, No. 4, 1912-1947
https://doi.org/10.1214/16-AOAS 1005

© Institute of Mathematical Statistics, 2017

ESTIMATING AVERAGE CAUSAL EFFECTS UNDER GENERAL
INTERFERENCE, WITH APPLICATION TO A SOCIAL
NETWORK EXPERIMENT

BY PETER M. ARONOW AND CYRUS SAMII
Yale University and New York University

This paper presents a randomization-based framework for estimating
causal effects under interference between units motivated by challenges that
arise in analyzing experiments on social networks. The framework integrates
three components: (i) an experimental design that defines the probability dis-
tribution of treatment assignments, (ii) a mapping that relates experimen-
tal treatment assignments to exposures received by units in the experiment,
and (iii) estimands that make use of the experiment to answer questions of
substantive interest. We develop the case of estimating average unit-level
causal effects from a randomized experiment with interference of arbitrary
but known form. The resulting estimators are based on inverse probability
weighting. We provide randomization-based variance estimators that account
for the complex clustering that can occur when interference is present. We
also establish consistency and asymptotic normality under local dependence
assumptions. We discuss refinements including covariate-adjusted effect es-
timators and ratio estimation. We evaluate empirical performance in realistic
settings with a naturalistic simulation using social network data from Ameri-
can schools. We then present results from a field experiment on the spread of
anti-conflict norms and behavior among school students.
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CO-EVOLUTION OF SOCIAL NETWORKS AND
CONTINUOUS ACTOR ATTRIBUTES

BY NYNKE M. D. NIEZINK! AND TOM A. B. SNIJDERS
University of Groningen

Social networks and the attributes of the actors in these networks are not
static; they may develop interdependently over time. The stochastic actor-
oriented model allows for statistical inference on the mechanisms driving
this co-evolution process. In earlier versions of this model, dynamic actor
attributes are assumed to be measured on an ordinal categorical scale. We
present an extension of the stochastic actor-oriented model that does away
with this restriction using a stochastic differential equation to model the evo-
lution of continuous actor attributes. We estimate the parameters by a proce-
dure based on the method of moments. The proposed method is applied to
study the dynamics of a friendship network among the students at an Aus-
tralian high school. In particular, we model the relationship between friend-
ship and obesity, focusing on body mass index as a continuous co-evolving
attribute.
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BAYESIAN SENSITIVITY ANALYSIS FOR CAUSAL EFFECTS
FROM 2 x 2 TABLES IN THE PRESENCE OF UNMEASURED
CONFOUNDING WITH APPLICATION TO PRESIDENTIAL
CAMPAIGN VISITS

BY LUKE KEELE AND KEVIN M. QUINN!
Georgetown University and University of Michigan

Presidents often campaign on behalf of candidates during elections. Do
these campaign visits increase the probability that the candidate will win?
While one might attempt to answer this question by adjusting for observed
covariates, such an approach is plagued by serious data limitations. In this pa-
per we pursue a different approach. Namely, we ask: what, if anything, should
one infer about the causal effect of a presidential campaign visit using a sim-
ple cross-tabulation of the data? We take a Bayesian approach to this problem
and show that if one is willing to use substantive information to make some
(possibly weak) assumptions about the nature of the unmeasured confound-
ing, sharp posterior estimates of causal effects are easy to calculate. Using
data from the 2002 midterm elections, we find that, under a reasonable set
of assumptions, a presidential campaign visit on the behalf of congressional
candidates helped those candidates win elections.
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MODEL-BASED CLUSTERING WITH DATA CORRECTION FOR
REMOVING ARTIFACTS IN GENE EXPRESSION DATA'

BY WILLIAM CHAD YOUNG, ADRIAN E. RAFTERY AND KA YEE YEUNG
University of Washington

The NIH Library of Integrated Network-based Cellular Signatures
(LINCS) contains gene expression data from over a million experiments,
using Luminex Bead technology. Only 500 colors are used to measure the
expression levels of the 1000 landmark genes measured, and the data for the
resulting pairs of genes are deconvolved. The raw data are sometimes inad-
equate for reliable deconvolution, leading to artifacts in the final processed
data. These include the expression levels of paired genes being flipped or
given the same value and clusters of values that are not at the true expression
level. We propose a new method called model-based clustering with data
correction (MCDC) that is able to identify and correct these three kinds of
artifacts simultaneously. We show that MCDC improves the resulting gene
expression data in terms of agreement with external baselines, as well as
improving results from subsequent analysis.
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A UNIFIED FRAMEWORK FOR VARIANCE COMPONENT
ESTIMATION WITH SUMMARY STATISTICS IN
GENOME-WIDE ASSOCIATION STUDIES!

BY XIANG ZHOU
University of Michigan

Linear mixed models (LMMs) are among the most commonly used tools
for genetic association studies. However, the standard method for estimat-
ing variance components in LMMs—the restricted maximum likelihood esti-
mation method (REML)—suffers from several important drawbacks: REML
requires individual-level genotypes and phenotypes from all samples in the
study, is computationally slow, and produces downward-biased estimates in
case control studies. To remedy these drawbacks, we present an alternative
framework for variance component estimation, which we refer to as MQS.
MQS is based on the method of moments (MoM) and the minimal norm
quadratic unbiased estimation (MINQUE) criterion, and brings two seem-
ingly unrelated methods—the renowned Haseman—-Elston (HE) regression
and the recent LD score regression (LDSC)—into the same unified statis-
tical framework. With this new framework, we provide an alternative but
mathematically equivalent form of HE that allows for the use of summary
statistics. We provide an exact estimation form of LDSC to yield unbiased
and statistically more efficient estimates. A key feature of our method is
its ability to pair marginal z-scores computed using all samples with SNP
correlation information computed using a small random subset of individu-
als (or individuals from a proper reference panel), while capable of produc-
ing estimates that can be almost as accurate as if both quantities are com-
puted using the full data. As a result, our method produces unbiased and
statistically efficient estimates, and makes use of summary statistics, while it
is computationally efficient for large data sets. Using simulations and ap-
plications to 37 phenotypes from 8 real data sets, we illustrate the bene-
fits of our method for estimating and partitioning SNP heritability in pop-
ulation studies as well as for heritability estimation in family studies. Our
method is implemented in the GEMMA software package, freely available at
www.xzlab.org/software.html.
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PHOTODEGRADATION MODELING BASED ON LABORATORY
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Photodegradation, driven primarily by ultraviolet (UV) radiation, is the
primary cause of failure for organic paints and coatings, as well as many
other products made from polymeric materials exposed to sunlight. Tradi-
tional methods of service life prediction involve the use of outdoor expo-
sure in harsh UV environments (e.g., Florida and Arizona). Such tests, how-
ever, require too much time (generally many years) to do an evaluation. To
overcome the shortcomings of traditional methods, scientists at the U.S. Na-
tional Institute of Standards and Technology (NIST) conducted a multiyear
research program to collect necessary data via scientifically-based laboratory
accelerated tests. This paper presents the statistical modeling and analysis
of the photodegradation data collected at NIST, and predictions of degrada-
tion for outdoor specimens that are subjected to weathering. The analysis in-
volves identifying a physics/chemistry-motivated model that will adequately
describe photodegradation paths. The model incorporates the effects of ex-
planatory variables which are UV spectrum, UV intensity, temperature, and
relative humidity. We use a nonlinear mixed-effects model to describe the
sample paths. We extend the model to allow for dynamic covariates and com-
pare predictions with specimens that were exposed in an outdoor environment
where the explanatory variables are uncontrolled but recorded. We also dis-
cuss the findings from the analysis of the NIST data and some areas for future
research.
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VARIABLE SELECTION FOR LATENT CLASS ANALYSIS WITH
APPLICATION TO LOW BACK PAIN DIAGNOSIS

BY MICHAEL Fop*!, KEITH M. SMART' AND
THOMAS BRENDAN MURPHY*!

University College Dublin* and St. Vincent’s University Hospital'

The identification of most relevant clinical criteria related to low back
pain disorders may aid the evaluation of the nature of pain suffered in a way
that usefully informs patient assessment and treatment. Data concerning low
back pain can be of categorical nature, in the form of a check-list in which
each item denotes presence or absence of a clinical condition. Latent class
analysis is a model-based clustering method for multivariate categorical re-
sponses, which can be applied to such data for a preliminary diagnosis of the
type of pain. In this work, we propose a variable selection method for latent
class analysis applied to the selection of the most useful variables in detect-
ing the group structure in the data. The method is based on the comparison
of two different models and allows the discarding of those variables with no
group information and those variables carrying the same information as the
already selected ones. We consider a swap-stepwise algorithm where at each
step the models are compared through an approximation to their Bayes factor.
The method is applied to the selection of the clinical criteria most useful for
the clustering of patients in different classes. It is shown to perform a parsi-
monious variable selection and to give a clustering performance comparable
to the expert-based classification of patients into three classes of pain.
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Respondent-driven sampling (RDS) is a sampling method designed to
study hard-to-reach human populations. Beginning with a convenience sam-
ple, each participant receives a small number of coupons, which they dis-
tribute to their contacts who become eligible. RDS participants are asked to
report on their number of contacts in the target population. Also, a set of
characteristics is observed for each participant. Current prevalence estima-
tors assume that these attributes are measured accurately. However, ignoring
misclassification may lead to biased estimates.

The main contribution of this paper is to discuss two approaches to cor-
rect for the bias introduced by the misclassification on nodal attributes for
existing RDS estimators. The two approaches leverage misclassification rates
assumed to be available from external validation studies. Most importantly,
our analysis identifies circumstances for which the performance of the cor-
rection methods is impaired in the specific context of RDS. The two methods
that are discussed are an analytical correction for estimators of the Héjek esti-
mator style and the Simulation Extrapolation Misclassification (SIMEX MC)
approach. Extended methodology to estimate the uncertainty of the corrected
estimators is also presented. The performance of the proposed methods is
assessed under varying levels of known or uncertain misclassification error
across simulated social networks of varying features. Finally, the methods
are used to estimate HIV prevalence among people who inject drugs (PWID)
and men who have sex with men (MSM) in India.
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In neuroimaging data analysis, Gaussian graphical models are often used
to model statistical dependencies across spatially remote brain regions known
as functional connectivity. Typically, data is collected across a cohort of
subjects and the scientific objectives consist of estimating population and
subject-specific connectivity networks. A third objective that is often over-
looked involves quantifying inter-subject variability, and thus identifying re-
gions or subnetworks that demonstrate heterogeneity across subjects. Such
information is crucial to thoroughly understand the human connectome. We
propose Mixed Neighborhood Selection to simultaneously address the three
aforementioned objectives. By recasting covariance selection as a neighbor-
hood selection problem, we are able to efficiently learn the topology of each
node. We introduce an additional mixed effect component to neighborhood
selection to simultaneously estimate a graphical model for the population of
subjects as well as for each individual subject. The proposed method is vali-
dated empirically through a series of simulations and applied to resting state
data for healthy subjects taken from the ABIDE consortium.
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MULTIVARIATE SPATIOTEMPORAL MODELING OF
AGE-SPECIFIC STROKE MORTALITY

BY HARRISON QUICK, LANCE A. WALLER AND MICHELE CASPER

Drexel University, Emory University and the Centers
for Disease Control and Prevention

Geographic patterns in stroke mortality have been studied as far back as
the 1960s when a region of the southeastern United States became known as
the “stroke belt” due to its unusually high rates. While stroke mortality rates
are known to increase exponentially with age, an investigation of spatiotem-
poral trends by age group at the county level is daunting due to the prepon-
derance of small population sizes and/or few stroke events by age group. In
this paper, we implement a multivariate space—time conditional autoregres-
sive model to investigate age-specific trends in county-level stroke mortality
rates from 1973 to 2013. In addition to reinforcing existing claims in the liter-
ature, this work reveals that geographic disparities in the reduction of stroke
mortality rates vary by age. More importantly, this work indicates that the
geographic disparity between the “stroke belt” and the rest of the nation is
not only persisting, but may in fact be worsening.
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A RANDOM-EFFECTS HURDLE MODEL FOR PREDICTING
BYCATCH OF ENDANGERED MARINE SPECIES'

BY E. CANTONI, J. MILLS FLEMMING AND A. H. WELSH
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Understanding and reducing the incidence of accidental bycatch, partic-
ularly for vulnerable species such as sharks, is a major challenge for contem-
porary fisheries management worldwide. Bycatch data, most often collected
by at-sea observers during fishing trips, are clustered by trip and/or vessel
and typically involve a large number of zero counts and very few positive
counts. Though hurdle models are very popular for count data with excess
zeros, models for clustered forms have received far less attention. Here we
present a novel random-effects hurdle model for bycatch data that makes
available accurate estimates of bycatch probabilities as well as other cluster-
specific targets. These are essential for informing conservation and manage-
ment decisions as well as for identifying bycatch hotspots, often considered
the first step in attempting to protect endangered marine species. We vali-
date our methodology through simulation and use it to analyze bycatch data
on critically endangered hammerhead sharks from the U.S. National Marine
Fisheries Service Pelagic Observer Program.
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EMPIRICAL BAYESIAN ANALYSIS OF SIMULTANEOUS
CHANGEPOINTS IN MULTIPLE DATA SEQUENCES

BY ZHOU FAN! AND LESTER MACKEY?
Stanford University and Microsoft Research

Copy number variations in cancer cells and volatility fluctuations in stock
prices are commonly manifested as changepoints occurring at the same po-
sitions across related data sequences. We introduce a Bayesian modeling
framework, BASIC, that employs a changepoint prior to capture the co-
occurrence tendency in data of this type. We design efficient algorithms to
sample from and maximize over the BASIC changepoint posterior and de-
velop a Monte Carlo expectation-maximization procedure to select prior hy-
perparameters in an empirical Bayes fashion. We use the resulting BASIC
framework to analyze DNA copy number variations in the NCI-60 cancer
cell lines and to identify important events that affected the price volatility of
S&P 500 stocks from 2000 to 2009.
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BAYESIAN INFERENCE FOR MULTIPLE GAUSSIAN GRAPHICAL
MODELS WITH APPLICATION TO METABOLIC ASSOCIATION
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We investigate the effect of cadmium (a toxic environmental pollutant)
on the correlation structure of a number of urinary metabolites using Gaussian
graphical models (GGMs). The inferred metabolic associations can provide
important information on the physiological state of a metabolic system and
insights on complex metabolic relationships. Using the fitted GGMs, we con-
struct differential networks, which highlight significant changes in metabolite
interactions under different experimental conditions. The analysis of such
metabolic association networks can reveal differences in the underlying bi-
ological reactions caused by cadmium exposure. We consider Bayesian in-
ference and propose using the multiplicative (or Chung-Lu random graph)
model as a prior on the graphical space. In the multiplicative model, each
edge is chosen independently with probability equal to the product of the
connectivities of the end nodes. This class of prior is parsimonious yet highly
flexible; it can be used to encourage sparsity or graphs with a pre-specified
degree distribution when such prior knowledge is available. We extend the
multiplicative model to multiple GGMs linking the probability of edge in-
clusion through logistic regression and demonstrate how this leads to joint
inference for multiple GGMs. A sequential Monte Carlo (SMC) algorithm is
developed for estimating the posterior distribution of the graphs.
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While genome-wide association studies (GWAS) have discovered thou-
sands of risk loci for heritable disorders, so far even very large meta-analyses
have recovered only a fraction of the heritability of most complex traits. Re-
cent work utilizing variance components models has demonstrated that a
larger fraction of the heritability of complex phenotypes is captured by the
additive effects of SNPs than is evident only in loci surpassing genome-wide
significance thresholds, typically set at a Bonferroni-inspired p <5 x 1078,
Procedures that control false discovery rate can be more powerful, yet these
are still under-powered to detect the majority of nonnull effects from GWAS.
The current work proposes a novel Bayesian semiparametric two-group mix-
ture model and develops a Markov Chain Monte Carlo (MCMC) algorithm
for a covariate-modulated local false discovery rate (cmfdr). The probability
of being nonnull depends on a set of covariates via a logistic function, and the
nonnull distribution is approximated as a linear combination of B-spline den-
sities, where the weight of each B-spline density depends on a multinomial
function of the covariates. The proposed methods were motivated by work
on a large meta-analysis of schizophrenia GWAS performed by the Psychi-
atric Genetics Consortium (PGC). We show that the new cmfdr model fits the
PGC schizophrenia GWAS test statistics well, performing better than our pre-
viously proposed parametric gamma model for estimating the nonnull density
and substantially improving power over usual fdr. Using loci declared signif-
icant at cmfdr < .20, we perform follow-up pathway analyses using the Ky-
oto Encyclopedia of Genes and Genomes (KEGG) Homo sapiens pathways
database. We demonstrate that the increased yield from the cmfdr model re-
sults in an improved ability to test for pathways associated with schizophrenia
compared to using those SNPs selected according to usual fdr.
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POINT PROCESS MODELS FOR SPATIO-TEMPORAL DISTANCE
SAMPLING DATA FROM A LARGE-SCALE SURVEY OF
BLUE WHALES!

BY YUAN YUAN*, FABIAN E. BACHL', FINN LINDGRENT,
DAVID L. BORCHERS*, JANINE B. ILLIAN**, STEPHEN T. BUCKLAND*,
HAVARD RUES AND TIM GERRODETTE!

University of St Andrews*, University of Edinburgh’, Norwegian University of
Science and Technology*, King Abdullah University of Science and Technology®
and NOAA National Marine Fisheries Servicel

Distance sampling is a widely used method for estimating wildlife pop-
ulation abundance. The fact that conventional distance sampling methods are
partly design-based constrains the spatial resolution at which animal density
can be estimated using these methods. Estimates are usually obtained at sur-
vey stratum level. For an endangered species such as the blue whale, it is de-
sirable to estimate density and abundance at a finer spatial scale than stratum.
Temporal variation in the spatial structure is also important. We formulate the
process generating distance sampling data as a thinned spatial point process
and propose model-based inference using a spatial log-Gaussian Cox process.
The method adopts a flexible stochastic partial differential equation (SPDE)
approach to model spatial structure in density that is not accounted for by
explanatory variables, and integrated nested Laplace approximation (INLA)
for Bayesian inference. It allows simultaneous fitting of detection and den-
sity models and permits prediction of density at an arbitrarily fine scale. We
estimate blue whale density in the Eastern Tropical Pacific Ocean from thir-
teen shipboard surveys conducted over 22 years. We find that higher blue
whale density is associated with colder sea surface temperatures in space,
and although there is some positive association between density and mean an-
nual temperature, our estimates are consistent with no trend in density across
years. Our analysis also indicates that there is substantial spatially structured
variation in density that is not explained by available covariates.
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MODELING NODE INCENTIVES IN DIRECTED NETWORKS

BY DEEPAYAN CHAKRABARTI
University of Texas, Austin

Twitter is a popular medium for individuals to gather information and
express opinions on topics of interest to them. By understanding who is inter-
ested in what topics, we can gauge the public mood, especially during periods
of polarization such as elections. However, while the total volume of tweets
may be huge, many people tweet rarely, and tweets are short and often noisy.
Hence, directly inferring topics from tweets is both complicated and difficult
to scale. Instead, the network structure of Twitter (who tweets at whom, who
follows whom) can telegraph the interests of Twitter users. We propose the
Producer-Consumer Model (PCM) to link latent topical interests of individu-
als to the directed structure of the network. A key component of PCM is the
modeling of incentives of Twitter users. In particular, for a user to attract more
followers and become popular, she must strive to be perceived as an expert
on some topic. We use this to reduce the parameter space of PCM, greatly in-
creasing its scalability. We apply PCM to track the evolution of Twitter topics
during the Italian Elections of 2013, and also to interpret those topics using
hashtags. A secondary application of PCM to a citation network of machine
learning papers is also shown. Extensive simulations and experiments with
large real-world datasets demonstrate the accuracy and scalability of PCM.
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AUTOMATIC MATCHING OF BULLET LAND IMPRESSIONS

BY ERIC HARE!, HEIKE HOFMANN AND ALICIA CARRIQUIRY
lowa State University

In 2009, the National Academy of Sciences published a report ques-
tioning the scientific validity of many forensic methods including firearm
examination. Firearm examination is a forensic tool used to help the court
determine whether two bullets were fired from the same gun barrel. During
the firing process, rifling, manufacturing defects, and impurities in the barrel
create striation marks on the bullet. Identifying these striation markings in
an attempt to match two bullets is one of the primary goals of firearm ex-
amination. We propose an automated framework for the analysis of the 3D
surface measurements of bullet land impressions, which transcribes the in-
dividual characteristics into a set of features that quantify their similarities.
This makes identification of matches easier and allows for a quantification
of both matches and matchability of barrels. The automatic matching routine
we propose manages to (a) correctly identify land impressions (the surface
between two bullet groove impressions) with too much damage to be suitable
for comparison, and (b) correctly identify all 10,384 land-to-land matches of
the James Hamby study (Hamby, Brundage and Thorpe [AFTE Journal 41
(2009) 99-110]).
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ESTIMATING THE NUMBER OF CASUALTIES IN
THE AMERICAN INDIAN WAR: A BAYESIAN ANALYSIS
USING THE POWER LAW DISTRIBUTION

BY COLIN S. GILLESPIE
Newcastle University

The American Indian War lasted over one hundred years, and is a major
event in the history of North America. As expected, since the war commenced
in late eighteenth century, casualty records surrounding this conflict con-
tain numerous sources of error, such as rounding and counting. Additionally,
while major battles such as the Battle of the Little Bighorn were recorded,
many smaller skirmishes were completely omitted from the records. Over the
last few decades, it has been observed that the number of casualties in major
conflicts follows a power law distribution. This paper places this observation
within the Bayesian paradigm, enabling modelling of different error sources,
allowing inferences to be made about the overall casualty numbers in the
American Indian War.
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STATISTICAL DOWNSCALING FOR FUTURE EXTREME WAVE
HEIGHTS IN THE NORTH SEA
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For safe offshore operations, accurate knowledge of the extreme oceano-
graphic conditions is required. We develop a multi-step statistical downscal-
ing algorithm using data from a low resolution global climate model (GCM)
and local-scale hindcast data to make predictions of the extreme wave climate
in the next 50-year period at locations in the North Sea. The GCM is unable
to produce wave data accurately so instead we use its 3-hourly wind speed
and direction data. By exploiting the relationships between wind character-
istics and wave heights, a downscaling approach is developed to relate the
large and local-scale data sets, and hence future changes in wind characteris-
tics can be translated into changes in extreme wave distributions. We assess
the performance of the methods using within sample testing and apply the
method to derive future design levels over the northern North Sea.
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FOCUSING ON REGIONS OF INTEREST IN FORECAST
EVALUATION

BY HAJO HOLZMANN AND BERNHARD KLAR
Philipps-Universitdt Marburg and Karlsruher Institut fiir Technologie (KIT)

Often, interest in forecast evaluation focuses on certain regions of the
whole potential range of the outcome, and forecasts should mainly be ranked
according to their performance within these regions. A prime example is risk
management, which relies on forecasts of risk measures such as the value-at-
risk or the expected shortfall, and hence requires appropriate loss distribution
forecasts in the tails. Further examples include weather forecasts with a focus
on extreme conditions, or forecasts of environmental variables such as ozone
with a focus on concentration levels with adverse health effects.

In this paper, we show how weighted scoring rules can be used to this
end, and in particular that they allow to rank several potentially misspeci-
fied forecasts objectively with the region of interest in mind. This is demon-
strated in various simulation scenarios. We introduce desirable properties of
weighted scoring rules and present general construction principles based on
conditional densities or distributions and on scoring rules for probability fore-
casts. In our empirical application to log-return time series, all forecasts seem
to be slightly misspecified, as is often unavoidable in practice, and no method
performs best overall. However, using weighted scoring functions the best
method for predicting losses can be identified, which is hence the method of
choice for the purpose of risk management.
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