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o : . ' [ 2019 [ 2018 | 2017
Top Analytics, Data Science, Machine Learning Software |, . |% sharel% share
Software 2017-2019, KDnuggets Poll Python 65.8% |65.6% |59.0%
0%  10%  20%  30% 40%  50%  60%  70% .BfPidMi@ 51.2% [52.7% |31.9%
pvthici i i R Language 46.6% |48.5% |56.6%
Excel 34.8% [39.1% [31.5%
Rlanguage Anaconda 33.9% [33.4% [24.3%
A Exc:l W 2019 %share SQL Language [32.8% (39.6% [39.2%
fconce ® 2018 %share
sQllanguage " Tensorflow 31.7% [29.9% |22.7%
Tensorflow Keras 26.6% [22.2% [10.7%
Keras scikit-learn 25.5% [24.4% [21.9%
R Tableau 221% [26.4% |21.8%
Tableau
Apache spark | Apache Spark 21.0% |21.5% |25.5%
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| Python. R sz

## Creating a simple tuned model ———-

from sktearn.svm import SVC # automated parameter tuning of (C5.@ decision tree
from sklearn.model_selection import train_test_split set.seed(300)
m <- train(default ~ ., data = credit, method = "(C5.0")

import numpy as np

import pandas as pd .
# summary of tuning results

m
# class: @
df_a = pd.DataFrame({'x1": np.random.randn(100), # apply the best C5.0 candidate model to make predictions
'x2': np.random.randn(100), p <- predict(m, credit)
'y' 1 e}) table(p, credit$default)
# class: 1
df_b = pd.DataFrame({'x1': np.random.randn(189) + 5, # obtain predicted classes
'x2': np.random.randn(100) + 3, head(predict(m, credit, type = "raw"))
'y' : 1}
df = df_a.append(df_b) # obtain predicted probabilities

head(predict(m, credit, type = "prob"))
# ML=V IF=FEFANT—FICHE
X_train; X_test, y_train, y_test = \
train_test_split(df[['x1','x2']], dfl'y'], test_size=0.2)

## Customizing the tuning process ———

# use trainControl() to alter resampling strategy

ctrl <- trainControl(method = "cv", number = 10,
selectionFunction = "oneSE")

Python R

Python. RZBELLDSETDIEBEIR N (BRE) &<,
AEOBEMICEFTERR0N
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b Read Excel
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:‘ Read URL
t‘ Read SPSS
w "= Database (3)
t‘ Read Stata
L Read Database

i_‘ Write Database

’L Update Database
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- FEHEDER. FEHEDER

BE&E(t. Roo/EHE. MDD etc.

p [ Feature Generation (5)
« = Feature Weighting (4)
1= Optimize Weights (Forward)
|% Optimize Weights (Backward)
1‘= Optimize Weights (Evolutionary)
1": Optimize Weights (PSO)
B Automatic Feature Engineering

’]_ Unsupervised Feature Selection
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Execute Python

Community Extension @) Reporting Extension

@ NoSQL Connectors @) Series Extension
Parallel Processing Extension Text Mining Extension

@ ) Execute R
PMML Extension O Web Mining Extension
scr out
®) R Extension @) Weka Extension ) @
= inp
O Recommender Extension %" Wordnet Extension 1
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:ET) I/O)‘ EﬁE}E%ﬁEE@ ;:% leave one out (6] 1
o per number of folds 10 D
RR IR\ T A = > X685 | :
_— sampling type automatic v|@®
IEZZR (Accuracy). & (Precision) el P
BIRZ(Recall). RMSE. AUC,
=z — = = Parameters (3)
§\%*ﬁ}£ N etc ' = Optimize Parameters (Grid)

@ Optimize Parameters (Quadratic)
Q Optimize Parameters (Evolutionary)

v b= Feature Selection (4)

77 Optimize Selection

0 — =
« I\SA-LDEEL
Tﬁ Optimize Selection (Brute Force)

G rld (O\‘ IJ \y IQ-U__ 9:) (] Optimize Selection (Weight-Guided)
Evolutionary. etc.
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» Decision Tree
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Model
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Simulator
Performance

Lift Chart

Optimal Parameters

Predictions
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Load Data Select Task Prepare Target Select Inputs Model Types Results
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« RESTART ({ BACK 4 EXPORT
Overview
& Total number of created models: 174
Accuracy Runtimes (ms)
20,000 |
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Accuracy v Model Accuracy |, Standard D... =~ Total Time
Gradient Boosted Trees 9 81.5% + 6.7% 20s
Deep Learning 78.3% + 4.6% Is
Support Vector Machine 76.2% +4.1% 2s
Random Forest 75.0% + 5.9% 6s
B Fast Large Margin 71.2% +4.3% 900 ms
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Gradient Boosted Trees - Simulator

A A
sensor_L1: —_— 0.037 ® Most Likely: Normal
i 100% e @ Find Optimal Input Settings
90%
sensor_10: —_— 0.255 @ B80%
) T0%
60%
sensor_11: 0.150 ® _::“: Let this uptimizatiu.n find input values to g.el the class you da?re:
30% Define the class of interest below and also if you want to maximize or
20% | minimize the confidence for this class. Alternatively, you could also
10% = try to get as close as possible to a specific confidence value.
sensor_12: — 0.165 ® 0% P —. |
Normal Abnormal Class to optimize for: Abnormal
sensor_13: — 0.249 @ Direction for confidence: | Minimize v
Maxim ]
Important Factors for Normal Snecific confidence o reach (%)  |MIDIMIZE
sensor_14: I — 0.386 @ Specific Value
sensor_15: C 0.329 ® sensor_12 _ ( ) Next
sensor_16: 0.587 Qv sensor 48 -
< 1 > sensor_51 -
| Trni .
| ° Optimize | wWhat is this? sensor_27 - v
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