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[48] T. A. Rajala, A. Särkkä, C. Redenbach, and M. Sormani. Estimating geometric anisotropy in spatial
point patterns. Spatial Statistics, 15:100–114, 2016.

[49] J. O. Ramsay, G. Hooker, D. Campbell, and J. Cao. Parameter estimation for differential equations: a
generalized smoothing approach. Journal of the Royal Statistical Society: Series B (Statistical Method-
ology), 69:741–796, 2007.

[50] H. Rootzén, J. Segers, and J. L. Wadsworth. Multivariate peaks over thresholds models. Extremes,
2017.

[51] H. Rue, A. Riebler, S. H. Sørbye, J. B. Illian, D. P. Simpson, and F. K. Lindgren. Bayesian computing
with INLA: A review. Annual Review of Statistics and Its Application, 4:395–421, 2017.

[52] B. T. Russell, D. S. Cooley, W. C. Porter, B. J. Reich, C. L. Heald, et al. Data mining to investigate
the meteorological drivers for extreme ground level ozone events. The Annals of Applied Statistics,
10:1673–1698, 2016.

3



[53] J. Sharpnack, A. Singh, and A. Krishnamurthy. Detecting activations over graphs using spanning tree
wavelet bases. In Artificial Intelligence and Statistics, pages 536–544, 2013.

[54] S. S. P. Shen, N. Tafolla, T. M. Smith, and P. A. Arkin. Multivariate regression reconstruction and its
sampling error for the quasi-global annual precipitation from 1900 to 2011. Journal of the Atmospheric
Sciences, 71:3250–3268, 2014.

[55] D. Spiegelhalter, M. Pearson, and I. Short. Visualizing uncertainty about the future. Science, 333:1393–
1400, 2011.

[56] S. N. Stechmann and J. D. Neelin. A stochastic model for the transition to strong convection. Journal
of the Atmospheric Sciences, 68:2955–2970, 2011.

[57] M. L. Stein. Space-time covariance functions. Journal of the American Statistical Association, 100:310–
321, 2005.

[58] L. Sun, C. Lee, and J. A. Hoeting. Parameter inference and model selection in deterministic and
stochastic dynamical models via approximate Bayesian computation: modeling a wildlife epidemic.
Environmetrics, 26:451–462, 2015.

[59] L. Sun, C. Lee, and J. A. Hoeting. A penalized simulated maximum likelihood approach in parameter
estimation for stochastic differential equations. Computational Statistics & Data Analysis, 84:54–67,
2015.

[60] T. Toni, D. Welch, N. Strelkowa, A. Ipsen, and M. P. Stumpf. Approximate Bayesian computation
scheme for parameter inference and model selection in dynamical systems. Journal of The Royal Society
Interface, 6:187–202, 2009.

[61] A. A. Tsonis and K. L. Swanson. Topology and predictability of El Niño and La Niña networks. Physical
Review Letters, 100, 2008.

[62] J. Wallin and D. Bolin. Geostatistical modelling using non-Gaussian Matérn fields. Scandinavian
Journal of Statistics, 42:872–890, 2015.

[63] Y.-X. Wang, J. Sharpnack, A. Smola, and R. J. Tibshirani. Trend filtering on graphs. Journal of
Machine Learning Research, 17:1–41, 2016.

[64] G. Xu and M. G. Genton. Tukey g-and-h random fields. Journal of the American Statistical Association,
pages 1–14, 2016.

[65] H. Zareifard and M. Jafari Khaledi. Non-Gaussian modeling of spatial data using scale mixing of a
unified skew Gaussian process. Journal of Multivariate Analysis, 114:16–28, 2013.

[66] H. Zhang and A. El-Shaarawi. On spatial skew-Gaussian processes and applications. Environmetrics,
21:33–47, 2009.

4


