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In B. Berendt, B. Bringmann, É. Fromont, G. Garriga, P. Miettinen,
N. Tatti, and V. Tresp, editors, Machine Learning and Knowledge Dis-
covery in Databases: European Conference, ECML PKDD 2016, Riva
del Garda, Italy, September 19-23, 2016, Proceedings, Part III, pages
12–16, Cham, 2016. Springer International Publishing.

[14] R. Cachucho, M. Meeng, U. Vespier, S. Nijssen, and A. Knobbe. Mining
multivariate time series with mixed sampling rates. In Proceedings
of the 2014 ACM International Joint Conference on Pervasive and
Ubiquitous Computing, UbiComp ’14, pages 413–423, New York, NY,
USA, 2014. ACM.

[15] R. Cachucho, S. Nijssen, and A. Knobbe. Biclustering multivariate
time series. In Intelligent Data Analysis, 2017.

[16] T. Calvert, E. Banister, M. Savage, and T. Bach. A systems model of
the effects of training on physical performance. IEEE Transactions on
Systems, Man and Cybernetics, SMC-6(2):94–102, 1976.

[17] W. Chang, J. Cheng, J. Allaire, Y. Xie, and J. McPherson. shiny: Web
Application Framework for R, 2016. R package version 0.13.1.

[18] W. Chang, J. Cheng, J. Allaire, Y. Xie, and J. McPherson. shiny: Web
application framework for r [computer software]. URL http://CRAN.
R-project. org/package= shiny (R package version 1.0. 0), 2017.

[19] Y. Cheng and G. M. Church. Biclustering of expression data. In Pro-
ceedings of the Eighth International Conference on Intelligent Systems
for Molecular Biology, pages 93–103. AAAI Press, 2000.

[20] B. Chiu, E. Keogh, and S. Lonardi. Probabilistic discovery of time
series motifs. In Proceedings of the Ninth ACM SIGKDD International
Conference on Knowledge Discovery and Data Mining, KDD ’03, pages
493–498, New York, NY, USA, 2003. ACM.



BIBLIOGRAPHY 125

[21] G. Creasey, P. Jarvis, and L. Berk. Play and social competence. In
O. N. Saracho and B. Spodek, editors, Early Childhood Education: In-
quiries and Insights. Multiple Perspectives on Play in Early Childhood
Education. State University of New York Press, New York, 1998.

[22] M. de Winter. A Missing Value Ignoring Approach for Whole Time
Series Clustering of Longevity Corebody Temperature Data. Master’s
thesis, Leiden University, Leiden Institute of Advance Computer Sci-
ence, 2015.

[23] W. Duivesteijn and A. Knobbe. Exploiting false discoveries – statistical
validation of patterns and quality measures in subgroup discovery. In
ICDM, the International Conference on Data Mining, pages 151–160,
2011.

[24] P. Esling and C. Agon. Time-series data mining. ACM Comput. Surv.,
45(1):12:1–12:34, Dec. 2012.

[25] D. Figo, P. C. Diniz, D. R. Ferreira, and J. a. M. P. Cardoso. Pre-
processing techniques for context recognition from accelerometer data.
Personal and Ubiquitous Computing, 14(7):645–662, Mar. 2010.

[26] J. Friedman, T. Hastie, and R. Tibshirani. Regularization paths for
generalized linear models via coordinate descent. Journal of Statistical
Software, 2010.

[27] J. Friedman, T. Hastie, and R. Tibshirani. Regularization paths for
generalized linear models via coordinate descent. Journal of Statistical
Software, 33(1):1–22, 2010.

[28] E. Ghysels, P. Santa-Clara, and R. Valkanov. Predicting volatility:
getting the most out of return data sampled at different frequencies.
Journal of Econometrics, 2006.
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