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Machine Learning What it is & why it matters
(English)

http://www.sas.com/en us/insights/analytics/machine-learning.html
(BAEE

http://www.sas.com/ja jp/insights/analytics/machine-learning.html

An Overview of Machine Learning with SAS Enterprise Miner
Hall, Patrick; Dean, Jared; Kabul, Ilknur Kaynar; Silva, Jorge;
SAS Institute, Inc. 2014

http://support.sas.com/resources/papers/tnote/datamining.html
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- This graphic was originally created by SAS in a 1998 primer about data mining, and the
new field of data science was added for this paper.

LS
K

Computational
Neuroscience

S

K Data Mining v
1

i p——

Figure 1. Multidisciplinary Nature of Machine Learning 8
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*In semi-supervised learning, supervised prediction and classification algorithms are often combined with clustering.
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Figure 2. Machine Learning Taxonomy
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Algorithm SAS bEnterprise Miner Nodes SAS Procedures Reterences
Regression High Performance Regression ADAPTVEREG Panik 2009
LARS GAM
Partial Least Squares GENMOD
Regression GLMSHELECT
HPGENSELECT
HPLOGISTIC
HPQUANTSELECT
HPFREG
LOGISTIC
QUANTREG
QUANTSELECT
REG
Decision tree Decision Tree ARBORETUM de Ville and Neville 2013
High Performance Tree HPSPLIT
Handom forest High Hertormance Forest HHFOREES | Breman Z2UU1b
Gradientboosting Gradient Boosting ARBORETUM Friedman 2001
Meural network AutoMNeural HENELURAL FHumelhart, Hinton, and Willams
DMNeural NEURAL 1986
High Performance Neural
Meural Metw ork
Supportvector High Performance Support Vector HESV M Cortes and Vapnik 149595
machine Machine
Maive Bayes HPBNET® Friedman, Geiger, and
Goldszmidt 1997
Meighbors Memory Based Reasoning DISCRIM Cover and Hart 1967

Gaussian processes

Seeger 2004

Table A.1. Supervised Learning Algorithms

*PROC HPENET can learn different netw ork structures (naive, TAN, PC, and MB) and automatically selectthe bestmodel.
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Algorithm SAS Enterprise Miner Nodes SAS Procedures References
A priorirules Association Agrawal, Imielnsk, and Swaml
Link Analysis 1993
k-means Cluster FASTCLUS Hartigan and Wong 1979
clustering High Performance Cluster HPCLUS
Mean shift Cheng 1995
clustering
Spectral Custom solution through Base SAS Won Luxburg 2007
clustering and the DISTANCE and PRINCOMP
procedures
Kerneldensity KDE Silverman 1986
estimation
Nonnegative Lee and Seung 1959
matrix
factorization
KernelPCA Custom solution through Base sAS =Ccholkopt, smaola, a uller
and the CORR, PRINCOMP, and 1997
SCORE procedures
Sparse PCA Zou, Hagie, and Tibshirani 2006
Singular value HPTMINE Golub and Heinsc
decom position INL
Self organizing | SOMKohonen Node Kohonen 1984
maps

Table A.2. Unsupervised Learning Algorithms
13
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Algorithm ™ SAS Enterprise Miner Node SAS Procedure References
Denoising HFMEUHAL Vincent et al. 2008
autoencoders NEURAL
Expectation Migam et al. 2000
maxim ization

“Manitold Belkin, Niyoqi, and Sindhw ani
regularization 2006
Transductive Joachims 1999
support
vector
machines

Table A.3. Semi-Supervised Leaming Algorithms

*In semi-supervised learning, supervised prediction and classification algorithms are often combined with clustering. The
algorithms noted here provide semi-supervised learning solutions directly.
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http://www.sas.com/en us/webinars/deep-learning/reqgister.html
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