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MODELLING MULTILEVEL SPATIAL BEHAVIOUR IN
BINARY-MARK MUSCLE FIBRE CONFIGURATIONS

BY TILMAN M. DAVIES, MATTHEW R. SCHOFIELD, JON CORNWALL AND

PHILIP W. SHEARD

University of Otago

The functional properties of skeletal muscles depend on the spatial ar-
rangements of fast and slow muscle fibre types. Qualitative assessment of
muscle configurations suggest that muscle disease and normal ageing are as-
sociated with visible changes in the spatial pattern, though a lack of statisti-
cal modelling hinders our ability to formally assess such trends. We design a
nested Gaussian conditional autoregressive (CAR) model to quantify spatial
features of dichotomously marked muscle fibre networks and implement it
within a Bayesian framework. Our model is applied to data from a human
skeletal muscle and results reveal spatial variation at multiple levels across
the muscle. The model provides the foundation for future research in de-
scribing the extent of change to normal muscle fibre type parameters under
experimental or pathological conditions.
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IDENTIFYING AND ESTIMATING PRINCIPAL CAUSAL EFFECTS
IN A MULTI-SITE TRIAL OF EARLY COLLEGE HIGH SCHOOLS1

BY LO-HUA YUAN, AVI FELLER, AND LUKE W. MIRATRIX

Airbnb, Inc., University of California, Berkeley and Harvard University

Randomized trials are often conducted with separate randomizations
across multiple sites such as schools, voting districts, or hospitals. These sites
can differ in important ways, including the site’s implementation quality, lo-
cal conditions, and the composition of individuals. An important question in
practice is whether—and under what assumptions—researchers can leverage
this cross-site variation to learn more about the intervention. We address these
questions in the principal stratification framework, which describes causal
effects for subgroups defined by post-treatment quantities. We show that re-
searchers can estimate certain principal causal effects via the multi-site design
if they are willing to impose the strong assumption that the site-specific ef-
fects are independent of the site-specific distribution of stratum membership.
We motivate this approach with a multi-site trial of the Early College High
School Initiative, a unique secondary education program with the goal of in-
creasing high school graduation rates and college enrollment. Our analyses
corroborate previous studies suggesting that the initiative had positive effects
for students who would have otherwise attended a low-quality high school,
although power is limited.
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IMPUTATION AND POST-SELECTION INFERENCE IN MODELS
WITH MISSING DATA: AN APPLICATION TO COLORECTAL

CANCER SURVEILLANCE GUIDELINES1

BY LIN LIU, YUQI QIU, LOKI NATARAJAN AND KAREN MESSER

University of California, San Diego

It is common to encounter missing data among the potential predictor
variables in the setting of model selection. For example, in a recent study we
attempted to improve the US guidelines for risk stratification after screen-
ing colonoscopy (Cancer Causes Control 27 (2016) 1175–1185), with the
aim to help reduce both overuse and underuse of follow-on surveillance
colonoscopy. The goal was to incorporate selected additional informative
variables into a neoplasia risk-prediction model, going beyond the three cur-
rently established risk factors, using a large dataset pooled from seven dif-
ferent prospective studies in North America. Unfortunately, not all candidate
variables were collected in all studies, so that one or more important poten-
tial predictors were missing on over half of the subjects. Thus, while vari-
able selection was a main focus of the study, it was necessary to address
the substantial amount of missing data. Multiple imputation can effectively
address missing data, and there are also good approaches to incorporate the
variable selection process into model-based confidence intervals. However,
there is not consensus on appropriate methods of inference which address
both issues simultaneously. Our goal here is to study the properties of model-
based confidence intervals in the setting of imputation for missing data fol-
lowed by variable selection. We use both simulation and theory to compare
three approaches to such post-imputation-selection inference: a multiple-
imputation approach based on Rubin’s Rules for variance estimation (Com-
put. Statist. Data Anal. 71 (2014) 758–770); a single imputation-selection
followed by bootstrap percentile confidence intervals; and a new bootstrap
model-averaging approach presented here, following Efron (J. Amer. Statist.
Assoc. 109 (2014) 991–1007). We investigate relative strengths and weak-
nesses of each method. The “Rubin’s Rules” multiple imputation estimator
can have severe undercoverage, and is not recommended. The imputation-
selection estimator with bootstrap percentile confidence intervals works well.
The bootstrap-model-averaged estimator, with the “Efron’s Rules” estimated
variance, may be preferred if the true effect sizes are moderate. We apply
these results to the colorectal neoplasia risk-prediction problem which moti-
vated the present work.

Key words and phrases. Post-selection inference, missing data, multiple imputation, model selec-
tion, model averaging.
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A HIDDEN MARKOV MODEL APPROACH TO CHARACTERIZING
THE PHOTO-SWITCHING BEHAVIOR OF FLUOROPHORES

BY LEKHA PATEL∗,1, NILS GUSTAFSSON†,2, YU LIN‡, RAIMUND OBER§,¶,3,
RICARDO HENRIQUES†,‖,4 AND EDWARD COHEN∗,5

Imperial College London∗, University College London†, European Molecular
Biology Laboratory Heidelberg‡, Texas A&M§, University of Southampton¶

and Francis Crick Institute‖

Fluorescing molecules (fluorophores) that stochastically switch between
photon-emitting and dark states underpin some of the most celebrated ad-
vancements in super-resolution microscopy. While this stochastic behavior
has been heavily exploited, full characterization of the underlying models can
potentially drive forward further imaging methodologies. Under the assump-
tion that fluorophores move between fluorescing and dark states as continu-
ous time Markov processes, the goal is to use a sequence of images to select
a model and estimate the transition rates. We use a hidden Markov model to
relate the observed discrete time signal to the hidden continuous time pro-
cess. With imaging involving several repeat exposures of the fluorophore, we
show the observed signal depends on both the current and past states of the
hidden process, producing emission probabilities that depend on the transi-
tion rate parameters to be estimated. To tackle this unusual coupling of the
transition and emission probabilities, we conceive transmission (transition-
emission) matrices that capture all dependencies of the model. We provide
a scheme of computing these matrices and adapt the forward-backward al-
gorithm to compute a likelihood which is readily optimized to provide rate
estimates. When confronted with several model proposals, combining this
procedure with the Bayesian Information Criterion provides accurate model
selection.

REFERENCES

BAUM, L. E. and EAGON, J. A. (1967). An inequality with applications to statistical estimation for
probabilistic functions of Markov processes and to a model for ecology. Bull. Amer. Math. Soc.
73 360–363. MR0210217

BAUM, L. E. and PETRIE, T. (1966). Statistical inference for probabilistic functions of finite state
Markov chains. Ann. Math. Stat. 37 1554–1563. MR0202264

BAUM, L. E. and SELL, G. R. (1968). Growth transformations for functions on manifolds. Pacific
J. Math. 27 211–227. MR0234494

BAUM, L. E., PETRIE, T., SOULES, G. and WEISS, N. (1970). A maximization technique occurring
in the statistical analysis of probabilistic functions of Markov chains. Ann. Math. Stat. 41 164–
171. MR0287613

Key words and phrases. Hidden Markov models, Markov processes, rate estimation, forward-
backward algorithm, super-resolution microscopy.

http://www.imstat.org/aoas/
https://doi.org/10.1214/19-AOAS1240
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=0210217
http://www.ams.org/mathscinet-getitem?mr=0202264
http://www.ams.org/mathscinet-getitem?mr=0234494
http://www.ams.org/mathscinet-getitem?mr=0287613


BETZIG, E., PATTERSON, G. H., SOUGRAT, R., LINDWASSER, O. W., OLENYCH, S., BONIFA-
CINO, J. S., DAVIDSON, M. W., LIPPINCOTT-SCHWARTZ, J. and HESS, H. F. (2006). Imaging
intracellular fluorescent proteins at nanometer resolution. Science 313 1642–1645.

CHING, W., FUNG, E. and NG, M. (2003). Higher-order hidden Markov models with applications to
DNA sequences. In Intelligent Data Engineering and Automated Learning. IDEAL 2003 (J. Liu,
Y. Cheung and H. Yin, eds.). Lecture Notes in Computer Science 2690 535–539. Springer, Berlin,
Heidelberg.

COLQUHOUN, D., HATTON, C. J. and HAWKES, A. G. (2003). The quality of maximum likelihood
estimates of ion channel rate constants. J. Physiol. 547 699–728.

COLQUHOUN, D. and HAWKES, A. G. (1981). On the stochastic properties of single ion channels.
Proc. R. Soc. Lond., B Biol. Sci. 211 205–235.

COLQUHOUN, D., HAWKES, A. G. and SRODZINSKI, K. (1996). Joint distributions of apparent
open and shut times of single-ion channels and maximum likelihood fitting of mechanisms. Phi-
los. Trans. R. Soc. Lond. Ser. A Math. Phys. Eng. Sci. 354 2555–2590.

COX, S., ROSTEN, E., MONYPENNY, J., JOVANOVIC-TALISMAN, T., BURNETTE, D. T.,
LIPPINCOTT-SCHWARTZ, J., JONES, G. E. and HEINTZMANN, R. (2011). Bayesian localiza-
tion microscopy reveals nanoscale podosome dynamics. Nat. Methods 9 195–200.

DEMPSEY, G. T., VAUGHAN, J. C., CHEN, K. H., BATES, M. and ZHUANG, X. (2011). Evalua-
tion of fluorophores for optimal performance in localization-based super-resolution imaging. Nat.
Methods 8 1027–1036.

DU PREEZ, J. (1998). Efficient training of high-order hidden Markov models using first-order rep-
resentations. Comput. Speech Lang. 12 23–39.

EFRON, B. and TIBSHIRANI, R. J. (1993). An Introduction to the Bootstrap. Monographs on Statis-
tics and Applied Probability 57. CRC Press, New York. MR1270903

EPSTEIN, M., CALDERHEAD, B., GIROLAMI, M. A. and SIVILOTTI, L. (2016). Bayesian statistical
inference in ion-channel models with exact missed event correction. Biophys. J. 111 333–348.

GREENFELD, M., PAVLICHIN, D. S., MABUCHI, H. and HERSCHLAG, D. (2015). Single molecule
analysis research tool (SMART): An integrated approach for analysing single molecule data.
PLoS ONE 7 e30024.

HA, T. and TINNEFELD, P. (2012). Photophysics of fluorescent probes for single-molecule bio-
physics and super-resolution imaging. Annu. Rev. Phys. Chem. 63 595–617.

HAWKES, A. G., JALALI, A. and COLQUHOUN, D. (1990). The distributions of the apparent open
times and shut times in a single channel record when brief events cannot be detected. Philos.
Trans. R. Soc. Lond. Ser. A 332 511–538. MR1084721

HAWKES, A. G., JALALI, A. and COLQUHOUN, D. (1992). Asymptotic distributions of apparent
open times and shut times in a single channel record allowing for the omission of brief events.
Philos. Trans. R. Soc. Lond. B, Biol. Sci. 337 383–404.

HEILEMANN, M., VAN DE LINDE, S., SCHÜTTPELZ, M., KASPER, R., SEEFELDT, B., MUKHER-
JEE, A., TINNEFELD, P. and SAUER, M. (2008). Subdiffraction—resolution fluorescence imag-
ing with conventional fluorescent probes. Angew. Chem. Int. Ed. 47 6172–6176.

HESS, S. T., GIRIRAJAN, T. P. K. and MASON, M. D. (2006). Ultra-high resolution imaging by
fluorescence photoactivation localization microscopy. Biophys. J. 91 4258–4272.

HUANG, B., BATES, M. and ZHUANG, X. (2009). Super-resolution fluorescence microscopy. Annu.
Rev. Biochem. 78 993–1016.

JACQUEZ, J. A. and GREIF, P. (1985). Numerical parameter identifiability and estimability: Inte-
grating identifiability, estimability, and optimal sampling design. Math. Biosci. 77 201–227.

JUNGMANN, R., STEINHAUER, C., SCHEIBLE, M., KUZYK, A., TINNEFELD, P. and SIMMEL,
F. C. (2010). Single-molecule kinetics and super-resolution microscopy by fluorescence imaging
of transient binding on DNA origami. Nano Lett. 10 4756–4761.

http://www.ams.org/mathscinet-getitem?mr=1270903
http://www.ams.org/mathscinet-getitem?mr=1084721


LEE, L.-M. and LEE, J.-C. (2006). A study on high-order hidden Markov models and applications
to speech recognition. In Advances in Applied Artificial Intelligence. IEA/AIE 2006 (M. Ali and R.
Dapoigny, eds.). Lecture Notes in Computer Science 4031 682–690. Springer, Berlin, Heidelberg.

LEE, S. H., SHIN, J. Y., LEE, A. and BUSTAMANTE, C. (2012). Counting single photoactivatable
fluorescent molecules by photoactivated localization microscopy (PALM). Proc. Natl. Acad. Sci.
USA 109 17436–17441.

LEHMANN, M., LICHTNER, G., KLENZ, H. and SCHMORANZER, J. (2016). Novel organic dyes
for multicolor localization-based super-resolution microscopy. J. Biophotonics 9 161–170.

LEVINSON, S. E., RABINER, L. R. and SONDHI, M. M. (1983). An introduction to the application
of the theory of probabilistic functions of a Markov process to automatic speech recognition. Bell
Syst. Tech. J. 62 1035–1074. MR0702893

LIN, Y., LONG, J. J., HUANG, F., DUIM, W. C., KIRSCHBAUM, S., ZHANG, Y., SCHROEDER,
L. K., REBANE, A. A., VELASCO, M. G. M. et al. (2015). Quantifying and optimizing single-
molecule switching nanoscopy at high speeds. PLoS ONE 10 e0128135.

LITTLE, M. P., HEIDENREICH, W. F. and LI, G. (2010). Quantifying and optimizing single-
molecule switching nanoscopy at high speeds. PLoS ONE 5 e8915.

LIU, Y.-Y., LI, S., LI, F., SONG, L. and REHG, J. (2015). Efficient learning of continuous-time
hidden Markov models for disease progression. In NIPS Proceedings 3600–3608.

MACDONALD, I. L. and ZUCCHINI, W. (1997). Hidden Markov and Other Models for Discrete-
Valued Time Series. Monographs on Statistics and Applied Probability 70. CRC Press, London.
MR1692202

MUKAMEL, E., BABCOCK, H. and ZHUANG, X. (2012). Statistical deconvolution for superresolu-
tion fluorescence microscopy. Biophys. J. 102 2391–2400.

NIEUWENHUIZEN, R. P. J., BATES, M., SZYMBORSKA, A., LIDKE, K. A., RIEGER, B. and
STALLINGA, S. (2015). Quantitative localization microscopy: Effects of photophysics and la-
beling stoichiometry. PLoS ONE 10 e0127989.

OBER, R. J., RAM, S. and WARD, E. S. (2004). Localization accuracy in single-molecule mi-
croscopy. Biophys. J. 87 1185–1200.

OBER, R., TAHMASBI, A., RAM, S., LIN, Z. and WARD, E. (2015). Quantitative aspects of single-
molecule microscopy: Information-theoretic analysis of single-molecule data. IEEE Signal Pro-
cess. Mag. 32 58–69.

PATEL, L., GUSTAFSSON, N., LIN, Y., OBER, R., HENRIQUES, R. and COHEN, E. (2019). Sup-
plement to “A hidden Markov model approach to characterizing the photo-switching behavior of
fluorophores.” DOI:10.1214/19-AOAS1240SUPPA, DOI:10.1214/19-AOAS1240SUPPB.

QIN, F., AUERBACH, A. and SACHS, F. (1996). Estimating single-channel kinetic parameters from
idealized patch-clamp data containing missed events. Biophys. J. 70 264–280.

QIN, F. and LI, L. (2004). Model-based fitting of single-channel dwell-time distributions. Biophys.
J. 87 1657–1671.

RABINER, L. R. (1989). A tutorial on hidden Markov models and selected applications in speech
recognition. Proc. IEEE 77 257–286.

RAM, S., WARD, E. S. and OBER, R. J. (2013). A stochastic analysis of distance estimation ap-
proaches in single molecule microscopy: Quantifying the resolution limits of photon-limited
imaging systems. Multidimens. Syst. Signal Process. 24 503–542. MR3041619

RIEF, M., ROCK, R. S., MEHTA, A. D., MOOSEKER, M. S., CHENEY, R. E. and SPUDICH, J. A.
(2000). Myosin-V stepping kinetics: A molecular model for processivity. Proc. Natl. Acad. Sci.
USA 97 9482–9486.

RIEGER, B. and STALLINGA, S. (2014). The lateral and axial localization uncertainty in super-
resolution light microscopy. ChemPhysChem 15 664–670.

ROLLINS, G. C., SHIN, J. Y., BUSTAMANTE, C. and PRESSÉ, S. (2014). Stochastic approach to
the molecular counting problem in superresolution microscopy. Proc. Natl. Acad. Sci. USA 112
110–118.

http://www.ams.org/mathscinet-getitem?mr=0702893
http://www.ams.org/mathscinet-getitem?mr=1692202
https://doi.org/10.1214/19-AOAS1240SUPPA
https://doi.org/10.1214/19-AOAS1240SUPPB
http://www.ams.org/mathscinet-getitem?mr=3041619


ROTHENBERG, T. J. (1971). Identification in parametric models. Econometrica 39 577–591.
MR0436944

RUST, M. J., BATES, M. and ZHUANG, X. (2006). Sub-diffraction-limit imaging by stochastic op-
tical reconstruction microscopy (STORM). Nat. Methods 793–795.

SAGE, D., KIRSHNER, H., PENGO, T., STUURMAN, N., MIN, J., MANLEY, S. and USHER, M.
(2015). Quantitative evaluation of software packages for single-molecule localization microscopy.
Nat. Methods 12 717–724.

SHARONOV, A. and HOCHSTRASSER, R. M. (2006). Wide-field subdiffraction imaging by accumu-
lated binding of diffusing probes. Proc. Natl. Acad. Sci. USA 103 18911–18916.

THOMPSON, R. E., LARSON, D. R. and WEBB, W. W. (2002). Precise nanometer localization
analysis for individual fluorescent probes. Biophys. J. 82 2775–2783.

VAN DE LINDE, S. and SAUER, M. (2014). How to switch a fluorophore: From undesired blinking
to controlled photoswitching. Chem. Soc. Rev. 43 1076–1087.

VAN DE LINDE, S., WOLTER, S., HEILEMANN, M. and SAUER, M. (2010). The effect of photo-
switching kinetics and labeling densities on super-resolution fluorescence imaging. J. Biotechnol.
149 260–266.

VOGELSANG, J., STEINHAUER, C., FORTHMANN, C., STEIN, I. H., PERSON-SKEGRO, B.,
CORDES, T. and TINNEFELD, P. (2010). Make them blink: Probes for super-resolution mi-
croscopy. ChemPhysChem 11 2475–2490.

http://www.ams.org/mathscinet-getitem?mr=0436944


The Annals of Applied Statistics
2019, Vol. 13, No. 3, 1430–1463
https://doi.org/10.1214/19-AOAS1242
© Institute of Mathematical Statistics, 2019

IDENTIFYING MULTIPLE CHANGES FOR A FUNCTIONAL DATA
SEQUENCE WITH APPLICATION TO FREEWAY TRAFFIC

SEGMENTATION

BY JENG-MIN CHIOU∗,1, YU-TING CHEN† AND TAILEN HSING‡

Academia Sinica∗, National Cheng Chi University† and University of Michigan‡

Motivated by the study of road segmentation partitioned by shifts in traf-
fic conditions along a freeway, we introduce a two-stage procedure, Dynamic
Segmentation and Backward Elimination (DSBE), for identifying multiple
changes in the mean functions for a sequence of functional data. The Dy-
namic Segmentation procedure searches for all possible changepoints using
the derived global optimality criterion coupled with the local strategy of at-
most-one-changepoint by dividing the entire sequence into individual subse-
quences that are recursively adjusted until convergence. Then, the Backward
Elimination procedure verifies these changepoints by iteratively testing the
unlikely changes to ensure their significance until no more changepoints can
be removed. By combining the local strategy with the global optimal change-
point criterion, the DSBE algorithm is conceptually simple and easy to im-
plement and performs better than the binary segmentation-based approach at
detecting small multiple changes. The consistency property of the change-
point estimators and the convergence of the algorithm are proved. We apply
DSBE to detect changes in traffic streams through real freeway traffic data.
The practical performance of DSBE is also investigated through intensive
simulation studies for various scenarios.
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THE CLASSIFICATION PERMUTATION TEST: A FLEXIBLE
APPROACH TO TESTING FOR COVARIATE IMBALANCE

IN OBSERVATIONAL STUDIES

BY JOHANN GAGNON-BARTSCH AND YOTAM SHEM-TOV

University of Michigan and University of California, Berkeley

The gold standard for identifying causal relationships is a random-
ized controlled experiment. In many applications in the social sciences and
medicine, the researcher does not control the assignment mechanism and in-
stead may rely upon natural experiments or matching methods as a substitute
to experimental randomization. The standard testable implication of random
assignment is covariate balance between the treated and control units. Co-
variate balance is commonly used to validate the claim of as good as random
assignment. We propose a new nonparametric test of covariate balance. Our
Classification Permutation Test (CPT) is based on a combination of classifica-
tion methods (e.g., random forests) with Fisherian permutation inference. We
revisit four real data examples and present Monte Carlo power simulations to
demonstrate the applicability of the CPT relative to other nonparametric tests
of equality of multivariate distributions.
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SPATIO-TEMPORAL SHORT-TERM WIND FORECAST:
A CALIBRATED REGIME-SWITCHING METHOD1

BY AHMED AZIZ EZZAT, MIKYOUNG JUN AND YU DING

Texas A&M University

Accurate short-term forecasts are indispensable for the integration of
wind energy in power grids. On a wind farm, local wind conditions exhibit
sizeable variations at a fine temporal resolution. Existing statistical models
may capture the in-sample variations in wind behavior, but are often short-
sighted to those occurring in the near future, that is, in the forecast horizon.
The calibrated regime-switching method proposed in this paper introduces
an action of regime dependent calibration on the predictand (here the wind
speed variable), which helps correct the bias resulting from out-of-sample
variations in wind behavior. This is achieved by modeling the calibration as a
function of two elements: the wind regime at the time of the forecast (and the
calibration is therefore regime dependent), and the runlength, which is the
time elapsed since the last observed regime change. In addition to regime-
switching dynamics, the proposed model also accounts for other features of
wind fields: spatio-temporal dependencies, transport effect of wind and non-
stationarity. Using one year of turbine-specific wind data, we show that the
calibrated regime-switching method can offer a wide margin of improvement
over existing forecasting methods in terms of both wind speed and power.

REFERENCES

ADAMS, R. P. and MACKAY, D. J. (2007). Bayesian online changepoint detection. Preprint. Avail-
able at arXiv:0710.3742.

AGOSTINELLI, C. and LUND, U. (2013). R package “circular”: Circular statistics (version 0.4-7).
https://r-forge.r-project.org/projects/circular.

AILLIOT, P., MONBET, V. and PREVOSTO, M. (2006). An autoregressive model with time-varying
coefficients for wind fields. Environmetrics 17 107–117. MR2225530

AILLIOT, P., BESSAC, J., MONBET, V. and PÈNE, F. (2015). Non-homogeneous hidden Markov-
switching models for wind time series. J. Statist. Plann. Inference 160 75–88. MR3315635

ALEXIADIS, M., DOKOPOULOS, P., SAHSAMANOGLOU, H. and MANOUSARIDIS, I. (1998).
Short-term forecasting of wind speed and related electrical power. Solar Energy 63 61–68.

BESSA, R. J., MIRANDA, V., BOTTERUD, A., WANG, J. and CONSTANTINESCU, E. M. (2012).
Time adaptive conditional kernel density estimation for wind power forecasting. IEEE Trans.
Sustain. Energy 3 660–669.

BESSAC, J., AILLIOT, P., CATTIAUX, J. and MONBET, V. (2016). Comparison of hidden and ob-
served regime-switching autoregressive models for (u, v)-components of wind fields in the north-
east Atlantic. Advances in Statistical Climatology, Meteorology and Oceanography 2 1–16.

BROWELL, J., DREW, D. R. and PHILIPPOPOULOS, K. (2018). Improved very short-term spatio-
temporal wind forecasting using atmospheric regimes. Wind Energy 21 968–979.

Key words and phrases. Regime-switching, spatio-temporal, wind energy, wind forecast.

http://www.imstat.org/aoas/
https://doi.org/10.1214/19-AOAS1243
http://www.imstat.org
http://arxiv.org/abs/arXiv:0710.3742
https://r-forge.r-project.org/projects/circular
http://www.ams.org/mathscinet-getitem?mr=2225530
http://www.ams.org/mathscinet-getitem?mr=3315635


BROWN, B. G., KATZ, R. W. and MURPHY, A. H. (1984). Time series models to simulate and
forecast wind speed and wind power. Journal of Climate and Applied Meteorology 23 1184–
1195.

BYON, E. and DING, Y. (2010). Season-dependent condition-based maintenance for a wind turbine
using a partially observed Markov decision process. IEEE Trans. Power Syst. 25 1823–1834.

BYON, E., NTAIMO, L. and DING, Y. (2010). Optimal maintenance strategies for wind turbine
systems under stochastic weather conditions. IEEE Trans. Reliab. 59 393–404.

DE LUNA, X. and GENTON, M. G. (2005). Predictive spatio-temporal models for spatially sparse
environmental data. Statist. Sinica 15 547–568. MR2190219

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

DOE (2015). Wind Vision: A New Era for Wind Power in the United States. U.S. Department of
Energy, Washington DC.

DOWELL, J. and PINSON, P. (2016). Very-short-term probabilistic wind power forecasts by sparse
vector autoregression. IEEE Trans. Smart Grid 7 763–770.

ERDEM, E. and SHI, J. (2011). ARMA based approaches for forecasting the tuple of wind speed
and direction. Applied Energy 88 1405–1414.

EZZAT, A. A., JUN, M. and DING, Y. (2018). Spatio-temporal asymmetry of local wind fields and
its impact on short-term wind forecasting. IEEE Trans. Sustain. Energy 9 1437–1447.

FUENTES, M. (2001). A high frequency kriging approach for non-stationary environmental pro-
cesses. Environmetrics 12 469–483.

GIEBEL, G., BROWNSWORD, R., KARINIOTAKIS, G., DENHARD, M. and DRAXL, C. (2011). The
state-of-the-art in short-term prediction of wind power: A literature overview, 2nd ed. Technical
report, ANEMOS.plus.

GNEITING, T. (2002). Nonseparable, stationary covariance functions for space–time data. J. Amer.
Statist. Assoc. 97 590–600. MR1941475

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

GNEITING, T. (2011b). Quantiles as optimal point forecasts. Int. J. Forecast. 27 197–207.
GNEITING, T., GENTON, M. G. and GUTTORP, P. (2007). Geostatistical space–time models, sta-

tionarity, separability and full symmetry. In Statistics of Spatio-Temporal Systems (B. Finken-
staedt, L. Held and V. Isham, eds.). Monographs in Statistics and Applied Probability 4 151–175
4. CRC Press, Boca Raton, FL.

GNEITING, T. and KATZFUSS, M. (2014). Probabilistic forecasting. The Annual Review of Statistics
and Its Application 1 125–151.

GNEITING, T., LARSON, K., WESTRICK, K., GENTON, M. G. and ALDRICH, E. (2006). Calibrated
probabilistic forecasting at the stateline wind energy center: The regime-switching space–time
method. J. Amer. Statist. Assoc. 101 968–979. MR2324108

HE, M., YANG, L., ZHANG, J. and VITTAL, V. (2014). A spatio-temporal analysis approach for
short-term forecast of wind farm generation. IEEE Trans. Power Syst. 29 1611–1622.

HERING, A. S. and GENTON, M. G. (2010). Powering up with space–time wind forecasting.
J. Amer. Statist. Assoc. 105 92–104. MR2757195

HERING, A. S., KAZOR, K. and KLEIBER, W. (2015). A Markov-switching vector autoregressive
stochastic wind generator for multiple spatial and temporal scales. Resources 4 70–92.

HUANG, Z. and CHALABI, Z. S. (1995). Use of time-series analysis to model and forecast wind
speed. J. Wind Eng. Ind. Aerodyn. 56 311–322.

HWANGBO, H., JOHNSON, A. L. and DING, Y. (2017). A production economics analysis for quan-
tifying the efficiency of wind turbines. Wind Energy 20 1501–1513.

HWANGBO, H., JOHNSON, A. L. and DING, Y. (2018). Spline model for wake effect analysis:
Characteristics of a single wake and its impacts on wind turbine power generation. IISE Trans. 50
112–125.

http://www.ams.org/mathscinet-getitem?mr=2190219
http://www.ams.org/mathscinet-getitem?mr=1941475
http://www.ams.org/mathscinet-getitem?mr=2847988
http://www.ams.org/mathscinet-getitem?mr=2324108
http://www.ams.org/mathscinet-getitem?mr=2757195


IEC (2005). Wind Turbines-Part 12-1: Power Performance Measurements of Electricity Produc-
ing Wind Turbines. IEC-International Electrotechnical Commission, IEC-61400-12, Geneva,
Switzerland.

JAMMALAMADAKA, S. R. and SENGUPTA, A. (2001). Topics in Circular Statistics. Series on Mul-
tivariate Analysis 5. World Scientific, River Edge, NJ. MR1836122

JUN, M. and STEIN, M. L. (2007). An approach to producing space–time covariance functions on
spheres. Technometrics 49 468–479. MR2394558

KAZOR, K. and HERING, A. S. (2015a). The role of regimes in short-term wind speed forecasting
at multiple wind farms. Stat 4 271–290. MR3429323

KAZOR, K. and HERING, A. S. (2015b). Assessing the performance of model-based cluster-
ing methods in multivariate time series with application to identifying regional wind regimes.
J. Agric. Biol. Environ. Stat. 20 192–217. MR3347625

KILLICK, R. and ECKLEY, I. (2014). changepoint: An R package for changepoint analysis. J. Stat.
Softw. 58 1–19.

KUSIAK, A. and LI, W. (2010). Estimation of wind speed: A data-driven approach. Journal of Wind
Engineering and Industrial Areodynamics 98 559–567.

LEE, G., DING, Y., GENTON, M. G. and XIE, L. (2015). Power curve estimation with multivariate
environmental factors for inland and offshore wind farms. J. Amer. Statist. Assoc. 110 56–67.
MR3338486

MOHANDES, M. A., HALAWANI, T. O., REHMAN, S. and HUSSAIN, A. A. (2004). Support vector
machines for wind speed prediction. Renewable Energy 29 939–947.

PINSON, P. (2013). Wind energy: Forecasting challenges for its operational management. Statist.
Sci. 28 564–585. MR3161588

PINSON, P., CHEVALLIER, C. and KARINIOTAKIS, G. N. (2007). Trading wind generation from
short-term probabilistic forecasts of wind power. IEEE Trans. Power Syst. 22 1148–1156.

PINSON, P., CHRISTENSEN, L., MADSEN, H., SØRENSEN, P. E., DONOVAN, M. H. and
JENSEN, L. E. (2008). Regime-switching modelling of the fluctuations of offshore wind gen-
eration. J. Wind Eng. Ind. Aerodyn. 96 2327–2347.

POURHABIB, A., HUANG, J. Z. and DING, Y. (2016). Short-term wind speed forecast using mea-
surements from multiple turbines in a wind farm. Technometrics 58 138–147. MR3463164

REIKARD, G. (2008). Using temperature and state transitions to forecast wind speed. Wind Energy
11 431–443.

SAATÇI, Y., TURNER, R. and RASMUSSEN, C. E. (2010). Gaussian process change point models.
In Proceedings of the 27th International Conference on Machine Learning, (ICML-10) 927–934.

SANTOS, R. A. (2007). Damage mitigating control for wind turbines. Ph.D. thesis. Univ. Colorado
Boulder, Boulder, CO.

SCHLATHER, M. (2010). Some covariance models based on normal scale mixtures. Bernoulli 16
780–797. MR2730648

SIDERATOS, G. and HATZIARGYRIOU, N. D. (2012). Probabilistic wind power forecasting using
radial basis function neural networks. IEEE Trans. Power Syst. 27 1788–1796.

STEIN, M. L. (2005). Space–time covariance functions. J. Amer. Statist. Assoc. 100 310–321.
MR2156840

XIE, L., GU, Y., ZHU, X. and GENTON, M. G. (2014). Short-term spatio-temporal wind power
forecast in robust look-ahead power system dispatch. IEEE Trans. Smart Grid 5 511–520.

YOU, M., BYON, E., JIN, J. and LEE, G. (2017). When wind travels through turbines: A new
statistical approach for characterizing heterogeneous wake effects in multi-turbine wind farms.
IISE Trans. 49 84–95.

ZHU, X., GENTON, M. G., GU, Y. and XIE, L. (2014). Space–time wind speed forecasting for
improved power system dispatch. TEST 23 1–25. MR3179610

ZWIERS, F. and VON STORCH, H. (1990). Regime-dependent autoregressive time series modeling
of the southern oscillation. J. Climate 3 1347–1363.

http://www.ams.org/mathscinet-getitem?mr=1836122
http://www.ams.org/mathscinet-getitem?mr=2394558
http://www.ams.org/mathscinet-getitem?mr=3429323
http://www.ams.org/mathscinet-getitem?mr=3347625
http://www.ams.org/mathscinet-getitem?mr=3338486
http://www.ams.org/mathscinet-getitem?mr=3161588
http://www.ams.org/mathscinet-getitem?mr=3463164
http://www.ams.org/mathscinet-getitem?mr=2730648
http://www.ams.org/mathscinet-getitem?mr=2156840
http://www.ams.org/mathscinet-getitem?mr=3179610


The Annals of Applied Statistics
2019, Vol. 13, No. 3, 1511–1536
https://doi.org/10.1214/19-AOAS1244
© Institute of Mathematical Statistics, 2019

NETWORK MODELLING OF TOPOLOGICAL DOMAINS USING
HI-C DATA
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Chromosome conformation capture experiments such as Hi-C are used
to map the three-dimensional spatial organization of genomes. One specific
feature of the 3D organization is known as topologically associating domains
(TADs), which are densely interacting, contiguous chromatin regions playing
important roles in regulating gene expression. A few algorithms have been
proposed to detect TADs. In particular, the structure of Hi-C data naturally
inspires application of community detection methods. However, one of the
drawbacks of community detection is that most methods take exchangeabil-
ity of the nodes in the network for granted; whereas the nodes in this case,
that is, the positions on the chromosomes, are not exchangeable. We pro-
pose a network model for detecting TADs using Hi-C data that takes into
account this nonexchangeability. In addition, our model explicitly makes use
of cell-type specific CTCF binding sites as biological covariates and can be
used to identify conserved TADs across multiple cell types. The model leads
to a likelihood objective that can be efficiently optimized via relaxation. We
also prove that when suitably initialized, this model finds the underlying TAD
structure with high probability. Using simulated data, we show the advantages
of our method and the caveats of popular community detection methods, such
as spectral clustering, in this application. Applying our method to real Hi-C
data, we demonstrate the domains identified have desirable epigenetic fea-
tures and compare them across different cell types.
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In situ transmission electron microscope (TEM) adds a promising in-
strument to the exploration of the nanoscale world, allowing motion pictures
to be taken while nano objects are initiating, crystalizing and morphing into
different sizes and shapes. To enable in-process control of nanocrystal pro-
duction, this technology innovation hinges upon a solution addressing a sta-
tistical problem, which is the capability of online tracking a dynamic, time-
varying probability distribution reflecting the nanocrystal growth. Because
no known parametric density functions can adequately describe the evolving
distribution, a nonparametric approach is inevitable. Towards this objective,
we propose to incorporate the dynamic evolution of the normalized particle
size distribution into a state space model, in which the density function is
represented by a linear combination of B-splines and the spline coefficients
are treated as states. The closed-form algorithm runs online updates faster
than the frame rate of the in situ TEM video, making it suitable for in-process
control purpose. Imposing the constraints of curve smoothness and temporal
continuity improves the accuracy and robustness while tracking the proba-
bility distribution. We test our method on three published TEM videos. For
all of them, the proposed method is able to outperform several alternative
approaches.
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DISTRIBUTIONAL REGRESSION FORESTS FOR PROBABILISTIC
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To obtain a probabilistic model for a dependent variable based on some
set of explanatory variables, a distributional approach is often adopted where
the parameters of the distribution are linked to regressors. In many classi-
cal models this only captures the location of the distribution but over the
last decade there has been increasing interest in distributional regression ap-
proaches modeling all parameters including location, scale and shape. No-
tably, so-called nonhomogeneous Gaussian regression (NGR) models both
mean and variance of a Gaussian response and is particularly popular in
weather forecasting. Moreover, generalized additive models for location,
scale and shape (GAMLSS) provide a framework where each distribution
parameter is modeled separately capturing smooth linear or nonlinear effects.
However, when variable selection is required and/or there are nonsmooth de-
pendencies or interactions (especially unknown or of high-order), it is chal-
lenging to establish a good GAMLSS. A natural alternative in these situ-
ations would be the application of regression trees or random forests but,
so far, no general distributional framework is available for these. Therefore,
a framework for distributional regression trees and forests is proposed that
blends regression trees and random forests with classical distributions from
the GAMLSS framework as well as their censored or truncated counterparts.
To illustrate these novel approaches in practice, they are employed to ob-
tain probabilistic precipitation forecasts at numerous sites in a mountainous
region (Tyrol, Austria) based on a large number of numerical weather pre-
diction quantities. It is shown that the novel distributional regression forests
automatically select variables and interactions, performing on par or of-
ten even better than GAMLSS specified either through prior meteorological
knowledge or a computationally more demanding boosting approach.
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MODELING SEASONALITY AND SERIAL DEPENDENCE OF
ELECTRICITY PRICE CURVES WITH WARPING FUNCTIONAL

AUTOREGRESSIVE DYNAMICS1

BY YING CHEN∗, J. S. MARRON∗,†,2 AND JIEJIE ZHANG∗

National University of Singapore∗ and University of North Carolina†

Electricity prices are high dimensional, serially dependent and have sea-
sonal variations. We propose a Warping Functional AutoRegressive (WFAR)
model that simultaneously accounts for the cross time-dependence and sea-
sonal variations of the large dimensional data. In particular, electricity price
curves are obtained by smoothing over the 24 discrete hourly prices on each
day. In the functional domain, seasonal phase variations are separated from
level amplitude changes in a warping process with the Fisher–Rao distance
metric, and the aligned (season-adjusted) electricity price curves are modeled
in the functional autoregression framework. In a real application, the WFAR
model provides superior out-of-sample forecast accuracy in both a normal
functioning market, Nord Pool, and an extreme situation, the California mar-
ket. The forecast performance as well as the relative accuracy improvement
are stable for different markets and different time periods.

REFERENCES

AMJADY, N., DARAEEPOUR, A. and KEYNIA, F. (2010). Day-ahead electricity price forecasting by
modified relief algorithm and hybrid neural network. IET Gener. Transm. Distrib. 4 432–444.

AMJADY, N. and KEYNIA, F. (2009). Day-ahead price forecasting of electricity markets by mutual
information technique and cascaded neuro-evolutionary algorithm. IEEE Trans. Power Syst. 24
306–318.

ANTONIADIS, A. and SAPATINAS, T. (2003). Wavelet methods for continuous-time prediction using
Hilbert-valued autoregressive processes. J. Multivariate Anal. 87 133–158. MR2007265

BELLO, A., RENESES, J., MUÑOZ, A. and DELGADILLO, A. (2016). Probabilistic forecasting of
hourly electricity prices in the medium-term using spatial interpolation techniques. Int. J. Fore-
cast. 32 966–980.

BESSE, P., CARDOT, H. and STEPHENSON, D. (2000). Autoregressive forecasting of some climatic
variations. Scand. J. Stat. 27 673–687.

BHATIA, R. and HOLBROOK, J. (2006). Riemannian geometry and matrix geometric means. Linear
Algebra Appl. 413 594–618. MR2198952

BOOGERT, A. and DUPONT, D. (2008). When supply meets demand: The case of hourly spot elec-
tricity prices. IEEE Trans. Power Syst. 23 389–398.

BOSQ, D. (1991). Modelization, nonparametric estimation and prediction for continuous time pro-
cesses. In Nonparametric Functional Estimation and Related Topics (G. Roussas, ed.) 509–529.
Springer, Berlin.

BOSQ, D. (2000). Linear Processes in Function Spaces: Theory and Applications. Lecture Notes in
Statistics 149. Springer, New York. MR1783138

Key words and phrases. Seasonal functional time series, warping function, Karcher mean.

http://www.imstat.org/aoas/
https://doi.org/10.1214/18-AOAS1234
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=2007265
http://www.ams.org/mathscinet-getitem?mr=2198952
http://www.ams.org/mathscinet-getitem?mr=1783138
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RCRNORM: AN INTEGRATED SYSTEM OF
RANDOM-COEFFICIENT HIERARCHICAL REGRESSION MODELS

FOR NORMALIZING NANOSTRING NCOUNTER DATA1

BY GAOXIANG JIA∗,†, XINLEI WANG∗, QIWEI LI‡, WEI LU§,
XIMING TANG§, IGNACIO WISTUBA§ AND YANG XIE†
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Formalin-fixed paraffin-embedded (FFPE) samples have great potential
for biomarker discovery, retrospective studies and diagnosis or prognosis of
diseases. Their application, however, is hindered by the unsatisfactory perfor-
mance of traditional gene expression profiling techniques on damaged RNAs.
NanoString nCounter platform is well suited for profiling of FFPE samples
and measures gene expression with high sensitivity which may greatly facil-
itate realization of scientific and clinical values of FFPE samples. However,
methodological development for normalization, a critical step when analyz-
ing this type of data, is far behind. Existing methods designed for the platform
use information from different types of internal controls separately and rely
on an overly-simplified assumption that expression of housekeeping genes is
constant across samples for global scaling. Thus, these methods are not opti-
mized for the nCounter system, not mentioning that they were not developed
for FFPE samples. We construct an integrated system of random-coefficient
hierarchical regression models to capture main patterns and characteristics
observed from NanoString data of FFPE samples and develop a Bayesian ap-
proach to estimate parameters and normalize gene expression across samples.
Our method, labeled RCRnorm, incorporates information from all aspects
of the experimental design and simultaneously removes biases from various
sources. It eliminates the unrealistic assumption on housekeeping genes and
offers great interpretability. Furthermore, it is applicable to freshly frozen or
like samples that can be generally viewed as a reduced case of FFPE samples.
Simulation and applications showed the superior performance of RCRnorm.
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While statistical analysis of a single network has received a lot of atten-
tion in recent years, with a focus on social networks, analysis of a sample
of networks presents its own challenges which require a different set of an-
alytic tools. Here we study the problem of classification of networks with
labeled nodes, motivated by applications in neuroimaging. Brain networks
are constructed from imaging data to represent functional connectivity be-
tween regions of the brain, and previous work has shown the potential of
such networks to distinguish between various brain disorders, giving rise to
a network classification problem. Existing approaches tend to either treat all
edge weights as a long vector, ignoring the network structure, or focus on
graph topology as represented by summary measures while ignoring the edge
weights. Our goal is to design a classification method that uses both the indi-
vidual edge information and the network structure of the data in a computa-
tionally efficient way, and that can produce a parsimonious and interpretable
representation of differences in brain connectivity patterns between classes.
We propose a graph classification method that uses edge weights as predic-
tors but incorporates the network nature of the data via penalties that promote
sparsity in the number of nodes, in addition to the usual sparsity penalties that
encourage selection of edges. We implement the method via efficient convex
optimization and provide a detailed analysis of data from two fMRI studies
of schizophrenia.
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SEQUENTIAL DECISION MODEL FOR INFERENCE AND
PREDICTION ON NONUNIFORM HYPERGRAPHS WITH

APPLICATION TO KNOT MATCHING FROM
COMPUTATIONAL FORESTRY1

BY SEONG-HWAN JUN∗, SAMUEL W. K. WONG†, JAMES V. ZIDEK∗ AND

ALEXANDRE BOUCHARD-CÔTÉ∗

University of British Columbia∗ and University of Waterloo†

In this paper, we consider the knot-matching problem arising in compu-
tational forestry. The knot-matching problem is an important problem that
needs to be solved to advance the state of the art in automatic strength predic-
tion of lumber. We show that this problem can be formulated as a quadripar-
tite matching problem and develop a sequential decision model that admits
efficient parameter estimation along with a sequential Monte Carlo sampler
on graph matching that can be utilized for rapid sampling of graph matching.
We demonstrate the effectiveness of our methods on 30 manually annotated
boards and present findings from various simulation studies to provide further
evidence supporting the efficacy of our methods.
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With the advance of imaging technology, digital pathology imaging of
tumor tissue slides is becoming a routine clinical procedure for cancer di-
agnosis. This process produces massive imaging data that capture histologi-
cal details in high resolution. Recent developments in deep-learning methods
have enabled us to identify and classify individual cells from digital pathol-
ogy images at large scale. Reliable statistical approaches to model the spatial
pattern of cells can provide new insight into tumor progression and shed light
on the biological mechanisms of cancer. We consider the problem of model-
ing spatial correlations among three commonly seen cells observed in tumor
pathology images. A novel geostatistical marking model with interpretable
underlying parameters is proposed in a Bayesian framework. We use aux-
iliary variable MCMC algorithms to sample from the posterior distribution
with an intractable normalizing constant. We demonstrate how this model-
based analysis can lead to sharper inferences than ordinary exploratory anal-
yses, by means of application to three benchmark datasets and a case study
on the pathology images of 188 lung cancer patients. The case study shows
that the spatial correlation between tumor and stromal cells predicts patient
prognosis. This statistical methodology not only presents a new model for
characterizing spatial correlations in a multitype spatial point pattern condi-
tioning on the locations of the points, but also provides a new perspective for
understanding the role of cell–cell interactions in cancer progression.
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A HIERARCHICAL BAYESIAN MODEL FOR SINGLE-CELL
CLUSTERING USING RNA-SEQUENCING DATA

BY YIYI LIU1, JOSHUA L. WARREN2 AND HONGYU ZHAO1

Yale University

Understanding the heterogeneity of cells is an important biological ques-
tion. The development of single-cell RNA-sequencing (scRNA-seq) tech-
nology provides high resolution data for such inquiry. A key challenge in
scRNA-seq analysis is the high variability of measured RNA expression
levels and frequent dropouts (missing values) due to limited input RNA
compared to bulk RNA-seq measurement. Existing clustering methods do
not perform well for these noisy and zero-inflated scRNA-seq data. In this
manuscript we propose a Bayesian hierarchical model, called BasClu, to ap-
propriately characterize important features of scRNA-seq data in order to
more accurately cluster cells. We demonstrate the effectiveness of our method
with extensive simulation studies and applications to three real scRNA-seq
datasets.
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CALIŃSKI, T. and HARABASZ, J. (1974). A dendrite method for cluster analysis. Comm. Statist. 3
1–27. MR0375641

FERGUSON, T. S. (1973). A Bayesian analysis of some nonparametric problems. Ann. Statist. 1
209–230. MR0350949

FINAK, G., MCDAVID, A., YAJIMA, M., DENG, J., GERSUK, V., SHALEK, A. K., SLICHTER, C.
K., MILLER, H. W., MCELRATH, M. J., PRLIC, M. et al. (2015). MAST: A flexible statistical
framework for assessing transcriptional changes and characterizing heterogeneity in single-cell
RNA sequencing data. Genome Biol. 16 278.

FORGY, E. W. (1965). Cluster analysis of multivariate data: Efficiency versus interpretability of
classifications. Biometrics 21 768–769.

FRITSCH, A. and ICKSTADT, K. (2009). Improved criteria for clustering based on the posterior
similarity matrix. Bayesian Anal. 4 367–391. MR2507368

GELMAN, A. and RUBIN, D. B. (1992). Inference from iterative simulation using multiple se-
quences. Statist. Sci. 7 457–472.

HUBERT, L. and ARABIE, P. (1985). Comparing partitions. J. Classification 2 193–218.
LAKE, B. B., AI, R., KAESER, G. E., SALATHIA, N. S., YUNG, Y. C., LIU, R., WILDBERG, A.,

GAO, D., FUNG, H.-L., CHEN, S. et al. (2016). Neuronal subtypes and diversity revealed by
single-nucleus RNA sequencing of the human brain. Science 352 1586–1590.

Key words and phrases. Bayesian hierarchical model, clustering, Dirichlet process, Gaussian
mixture model, missing data, single-cell RNA-sequencing.

http://www.imstat.org/aoas/
https://doi.org/10.1214/19-AOAS1250
http://www.imstat.org
http://www.ams.org/mathscinet-getitem?mr=0375641
http://www.ams.org/mathscinet-getitem?mr=0350949
http://www.ams.org/mathscinet-getitem?mr=2507368


LIN, P., TROUP, M. and HO, J. W. K. (2017). CIDR: Ultrafast and accurate clustering through
imputation for single-cell RNA-seq data. Genome Biol. 18 59.

LIU, Y., WARREN, J. L and ZHAO, H. (2019). Supplement to “A hierarchical Bayesian model
for single-cell clustering using RNA-sequencing data.” DOI:10.1214/19-AOAS1250SUPPA,
DOI:10.1214/19-AOAS1250SUPPB.

MAATEN, L. V. D. and HINTON, G. (2008). Visualizing data using t-SNE. J. Mach. Learn. Res. 9
2579–2605.

MILLER, J. W. and HARRISON, M. T. (2014). Inconsistency of Pitman–Yor process mixtures for
the number of components. J. Mach. Learn. Res. 15 3333–3370. MR3277163

MORTAZAVI, A., WILLIAMS, B. A., MCCUE, K., SCHAEFFER, L. and WOLD, B. (2008). Mapping
and quantifying mammalian transcriptomes by RNA-Seq. Nat. Methods 5 621–628.

OKATY, B. W., FRERET, M. E., ROOD, B. D., BRUST, R. D., HENNESSY, M. L., KIM, J. C.,
COOK, M. N., DYMECKI, S. M. et al. (2015). Multi-scale molecular deconstruction of the sero-
tonin neuron system. Neuron 88 774–791.

PATEL, A. P., TIROSH, I., TROMBETTA, J. J., SHALEK, A. K., GILLESPIE, S. M., WAKIMOTO,
H., CAHILL, D. P., NAHED, B. V., CURRY, W. T., MARTUZA, R. L. et al. (2014). Single-cell
RNA-seq highlights intratumoral heterogeneity in primary glioblastoma. Science 344 1396–1401.

PIERSON, E. and YAU, C. (2015). ZIFA: Dimensionality reduction for zero-inflated single-cell gene
expression analysis. Genome Biol. 16 241.

POLLEN, A. A., NOWAKOWSKI, T. J., SHUGA, J., WANG, X., LEYRAT, A. A., LUI, J. H., LI,
N., SZPANKOWSKI, L., FOWLER, B., CHEN, P. et al. (2014). Low-coverage single-cell mRNA
sequencing reveals cellular heterogeneity and activated signaling pathways in developing cerebral
cortex. Nat. Biotechnol. 32 1053–1058.

RISSO, D. and COLE, M. (2016). scRNAseq: A collection of public single-cell RNA-seq datasets.
R Package Version 1.4.0.

STEGLE, O., TEICHMANN, S. A. and MARIONI, J. C. (2015). Computational and analytical chal-
lenges in single-cell transcriptomics. Nat. Rev. Genet. 16 133–145.

TASIC, B., MENON, V., NGUYEN, T. N., KIM, T. K., JARSKY, T., YAO, Z., LEVI, B., GRAY, L.
T., SORENSEN, S. A., DOLBEARE, T. et al. (2016). Adult mouse cortical cell taxonomy revealed
by single cell transcriptomics. Nat. Neurosci. 19 335–346.

TSAFRIR, D., TSAFRIR, I., EIN-DOR, L., ZUK, O., NOTTERMAN, D. A. and DOMANY, E. (2005).
Sorting points into neighborhoods (SPIN): Data analysis and visualization by ordering distance
matrices. Bioinformatics 21 2301–2308.

USOSKIN, D., FURLAN, A., ISLAM, S., ABDO, H., LÖNNERBERG, P., LOU, D., HJERLING-
LEFFLER, J., HAEGGSTRÖM, J., KHARCHENKO, O., KHARCHENKO, P. V. et al. (2015). Un-
biased classification of sensory neuron types by large-scale single-cell RNA sequencing. Nat.
Neurosci. 18 145–153.

VALLEJOS, C. A., RISSO, D., SCIALDONE, A., DUDOIT, S. and MARIONI, J. C. (2017). Normal-
izing single-cell RNA sequencing data: Challenges and opportunities. Nat. Methods 14 565–571.

VINH, N. X., EPPS, J. and BAILEY, J. (2010). Information theoretic measures for clusterings com-
parison: Variants, properties, normalization and correction for chance. J. Mach. Learn. Res. 11
2837–2854. MR2738784

WANG, B., ZHU, J., PIERSON, E., RAMAZZOTTI, D. and BATZOGLOU, S. (2017). Visualization
and analysis of single-cell RNA-seq data by kernel-based similarity learning. Nat. Methods 14
414–416.

XIE, F. and XU, Y. (2017). Bayesian repulsive Gaussian mixture model. ArXiv Preprint. Available
at arXiv:1703.09061.

XU, C. and SU, Z. (2015). Identification of cell types from single-cell transcriptomes using a novel
clustering method. Bioinformatics 31 1974–1980.

https://doi.org/10.1214/19-AOAS1250SUPPA
https://doi.org/10.1214/19-AOAS1250SUPPB
http://www.ams.org/mathscinet-getitem?mr=3277163
http://www.ams.org/mathscinet-getitem?mr=2738784
http://arxiv.org/abs/arXiv:1703.09061


ZEISEL, A., MUÑOZ-MANCHADO, A. B., CODELUPPI, S., LÖNNERBERG, P., LA MANNO, G.,
JURÉUS, A., MARQUES, S., MUNGUBA, H., HE, L., BETSHOLTZ, C. et al. (2015). Cell types
in the mouse cortex and hippocampus revealed by single-cell RNA-seq. Science 347 1138–1142.



The Annals of Applied Statistics
2019, Vol. 13, No. 3, 1753–1790
https://doi.org/10.1214/19-AOAS1256
© Institute of Mathematical Statistics, 2019

INCORPORATING CONDITIONAL DEPENDENCE IN LATENT
CLASS MODELS FOR PROBABILISTIC RECORD LINKAGE:

DOES IT MATTER?1

BY HUIPING XU∗, XIAOCHUN LI∗, CHANGYU SHEN†, SIU L. HUI‡ AND
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The conditional independence assumption of the Felligi and Sunter (FS)
model in probabilistic record linkage is often violated when matching real-
world data. Ignoring conditional dependence has been shown to seriously
bias parameter estimates. However, in record linkage, the ultimate goal is to
inform the match status of record pairs and therefore, record linkage algo-
rithms should be evaluated in terms of matching accuracy. In the literature,
more flexible models have been proposed to relax the conditional indepen-
dence assumption, but few studies have assessed whether such accommo-
dations improve matching accuracy. In this paper, we show that incorporat-
ing the conditional dependence appropriately yields comparable or improved
matching accuracy than the FS model using three real-world data linkage
examples. Through a simulation study, we further investigate when condi-
tional dependence models provide improved matching accuracy. Our study
shows that the FS model is generally robust to the conditional independence
assumption and provides comparable matching accuracy as the more com-
plex conditional dependence models. However, when the match prevalence
approaches 0% or 100% and conditional dependence exists in the dominat-
ing class, it is necessary to address conditional dependence as the FS model
produces suboptimal matching accuracy. The need to address conditional de-
pendence becomes less important when highly discriminating fields are used.
Our simulation study also shows that conditional dependence models with
misspecified dependence structure could produce less accurate record match-
ing than the FS model and therefore we caution against the blind use of con-
ditional dependence models.
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BAYESIAN MODELING OF THE STRUCTURAL CONNECTOME
FOR STUDYING ALZHEIMER’S DISEASE

BY ARKAPRAVA ROY∗,1, SUBHASHIS GHOSAL†,1, JEFFREY PRESCOTT‡,
KINGSHUK ROY CHOUDHURY∗ AND FOR THE ALZHEIMER’S DISEASE

NEUROIMAGING INITIATIVE2

Duke University∗, North Carolina State University† and
MetroHealth Medical Center‡

We study possible relations between Alzheimer’s disease progression
and the structure of the connectome which is white matter connecting dif-
ferent regions of the brain. Regression models in covariates including age,
gender and disease status for the extent of white matter connecting each pair
of regions of the brain are proposed. Subject inhomogeneity is also incorpo-
rated in the model through random effects with an unknown distribution. As
there is a large number of pairs of regions, we also adopt a dimension reduc-
tion technique through graphon (J. Combin. Theory Ser. B 96 (2006) 933–
957) functions which reduces the functions of pairs of regions to functions of
regions. The connecting graphon functions are considered unknown but the
assumed smoothness allows putting priors of low complexity on these func-
tions. We pursue a nonparametric Bayesian approach by assigning a Dirichlet
process scale mixture of zero to mean normal prior on the distributions of the
random effects and finite random series of tensor products of B-splines pri-
ors on the underlying graphon functions. We develop efficient Markov chain
Monte Carlo techniques for drawing samples for the posterior distributions
using Hamiltonian Monte Carlo (HMC). The proposed Bayesian method
overwhelmingly outperforms a competing method based on ANCOVA mod-
els in the simulation setup. The proposed Bayesian approach is applied on a
dataset of 100 subjects and 83 brain regions and key regions implicated in the
changing connectome are identified.
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WAVELET SPECTRAL TESTING: APPLICATION TO
NONSTATIONARY CIRCADIAN RHYTHMS1

BY JESSICA K. HARGREAVES, MARINA I. KNIGHT, JON W. PITCHFORD,
RACHAEL J. OAKENFULL, SANGEETA CHAWLA, JACK MUNNS AND

SETH J. DAVIS

University of York

Rhythmic data are ubiquitous in the life sciences. Biologists need reli-
able statistical tests to identify whether a particular experimental treatment
has caused a significant change in a rhythmic signal. When these signals dis-
play nonstationary behaviour, as is common in many biological systems, the
established methodologies may be misleading. Therefore, there is a real need
for new methodology that enables the formal comparison of nonstationary
processes. As circadian behaviour is best understood in the spectral domain,
here we develop novel hypothesis testing procedures in the (wavelet) spectral
domain, embedding replicate information when available. The data are mod-
elled as realisations of locally stationary wavelet processes, allowing us to
define and rigorously estimate their evolutionary wavelet spectra. Motivated
by three complementary applications in circadian biology, our new methodol-
ogy allows the identification of three specific types of spectral difference. We
demonstrate the advantages of our methodology over alternative approaches,
by means of a comprehensive simulation study and real data applications,
using both published and newly generated circadian datasets. In contrast to
the current standard methodologies, our method successfully identifies differ-
ences within the motivating circadian datasets, and facilitates wider ranging
analyses of rhythmic biological data in general.
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OBLIQUE RANDOM SURVIVAL FORESTS1
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We introduce and evaluate the oblique random survival forest (ORSF).
The ORSF is an ensemble method for right-censored survival data that uses
linear combinations of input variables to recursively partition a set of training
data. Regularized Cox proportional hazard models are used to identify linear
combinations of input variables in each recursive partitioning step. Bench-
mark results using simulated and real data indicate that the ORSF’s predicted
risk function has high prognostic value in comparison to random survival
forests, conditional inference forests, regression and boosting. In an applica-
tion to data from the Jackson Heart Study, we demonstrate variable and par-
tial dependence using the ORSF and highlight characteristics of its ten-year
predicted risk function for atherosclerotic cardiovascular disease events (AS-
CVD; stroke, coronary heart disease). We present visualizations comparing
variable and partial effect estimation according to the ORSF, the conditional
inference forest, and the Pooled Cohort Risk equations. The obliqueRSF
R package, which provides functions to fit the ORSF and create variable and
partial dependence plots, is available on the comprehensive R archive net-
work (CRAN).
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APPROXIMATE INFERENCE FOR CONSTRUCTING
ASTRONOMICAL CATALOGS FROM IMAGES1
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We present a new, fully generative model for constructing astronomical
catalogs from optical telescope image sets. Each pixel intensity is treated as
a random variable with parameters that depend on the latent properties of
stars and galaxies. These latent properties are themselves modeled as ran-
dom. We compare two procedures for posterior inference. One procedure is
based on Markov chain Monte Carlo (MCMC) while the other is based on
variational inference (VI). The MCMC procedure excels at quantifying un-
certainty, while the VI procedure is 1000 times faster. On a supercomputer,
the VI procedure efficiently uses 665,000 CPU cores to construct an astro-
nomical catalog from 50 terabytes of images in 14.6 minutes, demonstrating
the scaling characteristics necessary to construct catalogs for upcoming as-
tronomical surveys.
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Emission control technologies installed on power plants are a key feature
of many air pollution regulations in the US. While such regulations are predi-
cated on the presumed relationships between emissions, ambient air pollution
and human health, many of these relationships have never been empirically
verified. The goal of this paper is to develop new statistical methods to quan-
tify these relationships. We frame this problem as one of mediation analysis
to evaluate the extent to which the effect of a particular control technology
on ambient pollution is mediated through causal effects on power plant emis-
sions. Since power plants emit various compounds that contribute to ambient
pollution, we develop new methods for multiple intermediate variables that
are measured contemporaneously, may interact with one another, and may
exhibit joint mediating effects. Specifically, we propose new methods lever-
aging two related frameworks for causal inference in the presence of mediat-
ing variables: principal stratification and causal mediation analysis. We define
principal effects based on multiple mediators, and also introduce a new de-
composition of the total effect of an intervention on ambient pollution into the
natural direct effect and natural indirect effects for all combinations of media-
tors. Both approaches are anchored to the same observed-data models, which
we specify with Bayesian nonparametric techniques. We provide assumptions
for estimating principal causal effects, then augment these with an additional
assumption required for causal mediation analysis. The two analyses, inter-
preted in tandem, provide the first empirical investigation of the presumed
causal pathways that motivate important air quality regulatory policies.
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RADIO-IBAG: RADIOMICS-BASED INTEGRATIVE BAYESIAN
ANALYSIS OF MULTIPLATFORM GENOMIC DATA
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ARVIND U. K. RAO‡,3 AND VEERABHADRAN BALADANDAYUTHAPANI‡,1
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University† and University of Michigan‡

Technological innovations have produced large multi-modal datasets
that include imaging and multi-platform genomics data. Integrative analy-
ses of such data have the potential to reveal important biological and clin-
ical insights into complex diseases like cancer. In this paper, we present
Bayesian approaches for integrative analysis of radiological imaging and
multi-platform genomic data, where-in our goals are to simultaneously iden-
tify genomic and radiomic, that is, radiology-based imaging markers, along
with the latent associations between these two modalities, and to detect the
overall prognostic relevance of the combined markers. For this task, we pro-
pose Radio-iBAG: Radiomics-based Integrative Bayesian Analysis of Multi-
platform Genomic Data, a multi-scale Bayesian hierarchical model that in-
volves several innovative strategies: it incorporates integrative analysis of
multi-platform genomic data sets to capture fundamental biological relation-
ships; explores the associations between radiomic markers accompanying
genomic information with clinical outcomes; and detects genomic and ra-
diomic markers associated with clinical prognosis. We also introduce the use
of sparse Principal Component Analysis (sPCA) to extract a sparse set of ap-
proximately orthogonal meta-features each containing information from a set
of related individual radiomic features, reducing dimensionality and combin-
ing like features. Our methods are motivated by and applied to The Cancer
Genome Atlas glioblastoma multiforme data set, where-in we integrate mag-
netic resonance imaging-based biomarkers along with genomic, epigenomic
and transcriptomic data. Our model identifies important magnetic resonance
imaging features and the associated genomic platforms that are related with
patient survival times.
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A SEMIPARAMETRIC MODELING APPROACH USING BAYESIAN
ADDITIVE REGRESSION TREES WITH AN APPLICATION TO

EVALUATE HETEROGENEOUS TREATMENT EFFECTS

BY BRET ZELDOW, VINCENT LO RE III AND JASON ROY

Harvard Medical School, Perelman School of Medicine and
Rutgers School of Public Health

Bayesian Additive Regression Trees (BART) is a flexible machine learn-
ing algorithm capable of capturing nonlinearities between an outcome and
covariates and interactions among covariates. We extend BART to a semi-
parametric regression framework in which the conditional expectation of an
outcome is a function of treatment, its effect modifiers, and confounders. The
confounders are allowed to have unspecified functional form, while treat-
ment and effect modifiers that are directly related to the research question are
given a linear form. The result is a Bayesian semiparametric linear regres-
sion model where the posterior distribution of the parameters of the linear
part can be interpreted as in parametric Bayesian regression. This is useful in
situations where a subset of the variables are of substantive interest and the
others are nuisance variables that we would like to control for. An example of
this occurs in causal modeling with the structural mean model (SMM). Un-
der certain causal assumptions, our method can be used as a Bayesian SMM.
Our methods are demonstrated with simulation studies and an application to
dataset involving adults with HIV/Hepatitis C coinfection who newly initi-
ate antiretroviral therapy. The methods are available in an R package called
semibart.
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