= RICIEERTZMRETET T

High-dimensional Nonlinear Statistical Modeling
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Research Goal
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Research Goal (Continue)
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Feature Selection
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Data and corresponding approach
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Deep Learning (CNN, RNN)
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High-dimensional Nonlinear Feature Selection
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Machine Learning framework
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HSIC Lasso (NECO 2014)
Localized Lasso (AISTATS
2017)
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Machine Learning for Science
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Hilbert-Schmidt Independence Criterion

Inference (hsiclnf)
Yamada et al., NIPS 2016 Workshop
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Post Selection Inference with Kernels

NIPS workshop 2016
& submitted to AISTATS 2018
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Disease Prediction
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The Cancer Genome Atlas (TCGA) project
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Hilbert-Schmidt Independence Criterion .

(HSIC) Lasso (Yamada et al. NECO 2014)

* Hilbert- Schmldt Independence Criterion Lasso
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Personalized/Precision Medicine
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MOLECULAR PROFILING 101

Molecular profiling is used to determine the appropriate therapy.

http://sarahcannon.com/util/images/ Yam?da, Takeuchi, lwata, Shawe-Taylor,
physicians/Molecular%20Profiling%20101.jpg Kaski, AISTATS 2017



Localized LassO (vamada et al. AISTATS 2017)
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Toxicogenomics Prediction
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F1: FHIZRZE (RMSE)
Blood Breast Prostate Average
GI50 | TGI | LCs0 | GIs0 | TGI | LC50 | GI50 | TGI | LC50
Localized Lasso 1.030 | 0.622 | 0.529 [ 1.129 [ 0.627 | 0.562 | 1.297 | 0.518 | 0.539 0.760
Network Lasso 1.096 [ 0.918 | 0.921 | 1.368 | 0.821 | 1.065 | 1.475 | 0.711 | 0.690 1.007
FORMULA 1.503 | 1.179 | 1.253 | 1.367 | 1.109 | 1.197 | 1.376 | 1.121 | 1.129 1.248
Lasso 1.201 | 1.006 | 0.514 | 1.435 | 0.879 | 0.560 | 1.455 | 0.763 | 0.523 0.926
Elastic Net 1.129 [ 0.875 | 0.514 | 1.164 | 0.800 | 0.560 | 1.130 | 0.633 | 0.505 0.812
Kernel Regression || 1.070 | 0.808 | 0.623 | 1.165 | 0.677 | 0.688 | 1.466 | 0.551 | 0.509 0.839
F2: BIRSh-HFEH
Blood Breast Prostate Average
GI50 | TGI | LCs50 | GIs0 | TGI | LC50 | GIso | TGI | LC50
Localized Lasso 32.7 33.4 92.5 92.6 1259 [ 58.2 35.1 53.9 43.4 63.4
Network Lasso 1039.6 | 1047.3 | 1052.2 | 1054.6 | 1051.5 | 1053.3 | 1060.5 | 1052.9 | 1053.1 | 1061.0
FORMULA 576.6 | 445.6 | 550.5 | 914.3 | 936.7T | 776.3 | 942.0 | 712.2 | 633.6 720.8
Lasso 29.6 12.0 1.0 12.0 1.9 1.0 12.5 4.4 3.8 8.7
Elastic Net 3108 | 914 39.2 1249 | 77.2 1.0 116.6 | 87.9 93.9 105.3
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