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Deep Boltzmann Machine (DBM)

-
Deep Belief Networks (DBN)
- Deep Learning
Convolutional Neural Network (CNN) \
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Random Forest

‘Machines (GRM]

Machines (GEM) |
|
Bootstrapped Aggregation (Bagging) { Ensemble
AdaBoost \

stacked Generalization (Blending) /|

Gradient Boosted Regression Trees (GBRT) J
Radial Basis Function Network (REFN)

Perceptron 3\

—— | Neural Networks
Back-Propagation =
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Hopfield Network /
Ridge Regression /
oo e VEGIERSION.
Least Absolute Shrinkage and Selection Operator (LASSO) \ s / / ;"II
- Regularization 7 !

Elastic Net ‘H / |

Least Angle Regression (LARS) / f

Cubist
©One Rule (OneR) N

| Rule System r/
Zero Rule (ZeroR)

Repeated Incremental Pruning to Produce Error Reduction (RIPPER)

Gradient Boosting

Boosting

IR S

-1 _f

iy

—

Linear Regression
Ordinary Least Squares Regression (OLSR) \.I
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Stepwise Regression "
T T REQFESSEDH
Multivariate Adaptive Regression Splines (MARS)
Locally Estimated Scatterplot Smoothing (LOESS) )

Logistic Regression /
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% Instance Based 5’:
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Naive Bayes
|'{ Averaged One-Dependence Estimators (AODE)
Bayesian Belief Network (EEN)

Gaussian Naive Bayes

Bayesian

| Multinomial Naive Bayes
"\ Bayesian Network (BN)
Classification and Regression Tree (CART)
f{ Iterative Dichotomiser 3 (ID3)
C4.5
C5.0

Chi-squared Automatic Interaction Detection (CHAID)

Decision Tree

. Decision Stump

"\ Conditional Decision Trees

M5

Principal Component Analysis (PCA)

P
| Partial Least Squares Regression (PLSR

|-
II.Ir Sammon Mapping

v /' Multidimensional Scaling (MDS)
\\ Projection Pursuit

Principal Component Regression (PCR)

\ Dimensionality Reduction

Partial Least Squares Discriminant Analysis

Mixture Discriminant Analysis (MDA)
' Quadratic Discriminant Analysis (QDA)
"\ Regularized Discriminant Analysis (RDA)
\\._Flexible Discriminant Analysis (FDA)
l'\ Linear Discriminant Analysis (LDA)
k-MNearest Neighbour (kNN)
Learning Vector Quantization (LVQ)

Self-Organizing Map (SOM)

‘\ \._Locally Weighted Learning (LWL)

\ k-Means
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Top 10 Algorithms & Methods
used by Data Scientists
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Algorithm usage bias by Employment

-40% -20% 0% 20% 40% 0%

ernment/No

Statisti

Random Foke

Text Minjng

.(kdnuggets.com) 30,8 Lulwl o bpn el )l eslaiwl s uSsw V¥ Y

¥Y 5 YY




oL odl yvyy LI

!p.iSu\.oo.)Léiwl |_),o.1umJa.L~u.oQT4.:_c\S@aiJ_9J *
oslo 3> 0313 ¢ cadlns L3 wlwl o Lmrbi._g)g.i“ Sxwdiw)d °

3,8 dsls ol 3 ool plul Oy sy 8 ey 0 °

\

T 09 1\ 0 S

¥Y 5 YY




LS"‘SO"I) LSLb)l)Jl 2595031

(Dl nlw 5 sl R) w5 delp syl
(35150 nlw g IBM SPSS Modeler ceudbas <1S5) (s30,5 (sla,lh8l@ )5 o

g

(A
ol

=
© py
LI =
© puf

Minir
D%g%

Weka C
APILanguage

Chemicalize.org NLIK
SenticNet & °=

o]
o)
=,
=.
—

SCaViS =

—
—
e |

Ml -FlexRapidMine

B

5980l BT sl lpl (S0 2\ $

¥Y 51 Y0




UIS" ULQ) LSLDJLM 25950010

A
OLBD! 2ls G sbiwl) o eleixl sasad Julos
(il Wloas o 3dl S - olnl) Ob pihe (s30S
(Jwslnl-olrl) Clusso 9 ClusGhgs b pidee Lol
(olek solSesls Joliv) 1505 Hlwn 3lew0 9




R (w9940l o L))

ool ple 9 (sHlel Slwlone sho s,l38lE 0 luse+(sun 954l L)
Sl 9 ol L) pwlwls 0l Hlwosly
935 (B0 (seg0c doliojlal cod LT 18105
ol
5 b3 ilwdie) bl sSLSS Hl slosyus oogame (sol>
(53003 «Olo) s Julod (solel SuwlS s y90)T las s
(Llge nlw g s20adbgs
&)15505 5 (SWBLS JBbl adgs )5 3ied) 8
3yl ol g Jladl cubls 5,99 9 ++sw csw sBAS R 0

¥Y 51 YV




R (w9940l o L))

Top Analytics, Data Mining, Data
Science software used, 2015
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R
RapidMiner
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Python
Excel
KMIME
Hadoop
Tableau
SAS base
Spark
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Analytics, Data Mining, Data Science
Software Usage, 2015

Free/Open
Source,
73%

- Commercial &
Only, 27%

Free/
Open Both, 64%

Source
ONLY,
9%

Commercial,
91%
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