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decide.  ebay

Decide is now part of the eBay family. Thank
you to all our supporters who made it possible.

R decde 3

«P’, .rt")-‘




N

AN EIRE > AT £ 78R

\
!
=112
Hp

B AlgoTechnology Limited X = - =

& — O ‘ algotechnology.com 7,"( ‘ =

AlgoTechnology  About Approach Products

iment Alerts x | 4

Osentime;t algotechnol.ogy.com vC ﬂv g Q ﬁ B 3 #

lheySay /A AlgoTechnology
You are logged in as demo@algotechnology.com. (Logout)
Select Country Select Region Select or Create Portfolio Search by name or sector
- Choose -- v Go >= -- Choose -- v Go >> -- Choose -- v Go >> Search & Aggregate >> Launch Sentiment Monitor >
26 Jan 2015 2 I
uo0utc N (gl XeroLuw @15.40N2D DENTSPLY International Inc 53.54 USD
~1 hour ago =
Long trade: 15d [5.0%tgt]  88% HR, 3.1% ATR . (
Sentiment Scores - Spot +96.2/ 20d Average +19.6
261336‘0‘8#? = DENTSPLY International @5354 XRAY | US| USD | Health Care | Health Care Equipment & Services
~1 hourago | == Inc usD
This analysis is based on analysing the sentiment scores on 6 news stories over the last week. Sentiment scores of
Long trade: 5d 100% HR, 1.4% ATR greater than zero indicate net positive sentiment towards DENTSPLY International Inc. Sentiment scores below zero
indicate net negative sentiment. A score of zero is neutral
26 Jan 2015 ) .
14:00 UTC a& ¥v°"d;’|'_‘::° Healthcare @léég DENTSPLY International Inc has net bullish sentiment as both the spot score of +96.2 and the average 20d score of +19.6
/[ ~1 hour ago rust are both greater than zero. There is no strong price trend for DENTSPLY International Inc but the recent positive sentiment
\ Long trade: 15d [5.0% tgt] 100% HR, 3.6% ATR may begin to trigger a rally.
26 Jan 2015 ) . )
1359 UTC [l BB Wincor Nixdorf AG @40.26 EUR Sentiment Signal Analysis
~1 hour ago
Short trade: 20d [5.0% tgt]  86% HR, 4.2% ATR
= Direction Duration Target Stop  Signal Description Trades Winners Losers Hit  Avg Trade
26 Jan 2015 - . (Long or (Days) (%) Loss (How the signal is derived  (Total) (Total (Total Rate Return
ﬁ. s9UTC 8 EEE  Whirlpool Corp @196.83 USD Short) (%)  from the sentiment scores) Wins)  Losses) (%) (%)
~1hourago @ =
Long trade: 20d 84% HR, 6.1% ATR Long 5 None None Spot Score above 90 3 3 0 100.0 142
26 Jan 2015 [l ”
1359UTC | gl Westfield Corp @9.63 AUD Sentiment Trend
~1 hour ago
> o 7 8%
Ly e ST The charts below show trends in the sentiment indices over time. The top chart shows the sentiment indices and asset
26 Jan 2015 price. The lower chart shows the number of news items that have been used to calculate the sentiment indices and
13:59 UTC EBE western Digital Corp  @110.38 USD hence gives a feeling for the relative levels of news items now versus history.
~Lhourago [l —
Lonntrade: 104 18.N% tgt]  83% HR, 4.1% ATR Price vs Sentiment over the last 60 days. Price vs Sentiment over the last 260 days.
http://www.algotechnology.com/#carousel-example-generic &0 100 60 100

£410:30

& 2016/8/28

http://www.algotechnology.com/
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Data Science Process

OBTAIN EXPLORE

O S = M N

Gather data from Clean data to formats Find significant patterns Construct models to  Put the results into
relevant sources that machine and trends using predict and forecast good use
understands statistical methods

Originally by Hilary Mason and Chris Wiggins
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3 #8(Classification)
¥838l(Prediction)
EFHEFR I (Association)

X F 7317 (Text Mining)

#2323 (Machine Learning)
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Regression

CLUSTERING

Data is not labeled
Group points that are “close” to
. each other
' = Identify structure or patterns in
. = data
o « Unsupervised learning

CLASSIFICATION

Labeled data points

Want a “rule” that assigns labels
to new points

Supervised learning

e
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Dataset
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Training Set Validation Set
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Fason Chen's Blog
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1. Gathering Data.

2. Preparing Data.

3. Model Selection.

4. Training.

5. Evaluation.

6. Prediction.

2D RBRBBEF X

Types of Machine Learning

Machine
Learning
Supervised Unsupervised Reinforcement
Task driven Data driven Algorithm learns to
(Regression / ( Clustering ) react to an
Classification) environment
Model selection Hyperparameter

during prototyping phase tuner #

Model training

1O
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Prediction (numerical) Classification (categorical) Clustering (categorical)
Supervised Supervised Unsupervised
Linear Regression Logistic Regression K-Means
Multiple Regression KNN -K Nearest Neighbor Hierarchical allfsR 4 B FRIAIE B
=) PR
Ridge Regression Naive Bayes Neural Networks il
1 180 75 3 -
Lasso Regression Decision Trees PP 155 48 - =
Bayesian Ensemble Trees 170 65

Neural Networks SVM -Support Vector

Machines
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Quantum Computing Neural Networks iz £ ;
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Confusion Matrix- (Also called fittin;

{8t

Predicted class
! N
True False
P | Positives Negatives
(TP) (FN)
Actual
Class
False True
N | Positives Negatives
(FP) (TN)
e o IF+ TN
 IEfifE# (Accuracy) : :

TP + TN + FP + FN

e ir
o Kl 32; e <
FilfE#% ( Precision ) TP + 7P

« fi[# (Recall) : TPTI-PFN

* F1 i (F1-Score) :2X (HKiffi% x BM%E) / (KEE%+73

ESY)
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* R/ Python e Data Collection
* Excel Addon:
* XLSTAT e Data Analytics
* XLMINER
* TIMTHRES: e Modelling
* |IBM SPSS / IBM SPSS Modeller
* Microsoft Azure Machine Leraning e Prediction

3 i b=,

- DataRobot

* Paperspace Gradient
* IBM Cognos Analytics




Ten Machine Learning Algorithms You
Should Know to Become a Data
Scientist
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US Cities_Text - Excel [£3] - [ X

XLSTAT 5 oA T Hsiu-Yuan TSAQ aQxm

a g ? > of%
> t? = ‘ = “R -E;
Preparing Describing Visualizing Analyzing Modeling Machine Correlation/  Parametric Nonparametric Testing for Decision Tools
] %) Recent data - data - data - data - data - learning - Association tests - tests - tests - outliers - s aid - > 7 dl
Y XLSTAT Search Discover, exp\siﬁ, Factor analysis Test a hypothesis XLSTAT-R Advanced features A L flom %
El - fr | %ace Asian & Principal Component Analysis (PCA} ~ L
@R PCAmix ‘
n B c El Discriminant Analysis (DA) G H | J K L Py -
neihidog : - : i (4 _— : = oo
1 ciy#  Ciy %age Black Y%age His B Correspondence Analysis (CA) Jnemployment ratPer capita income(000's)
2 1 Albuquerque 3 #l Multiple Correspondence Analysis (MCA) 5 18 ‘ -
r 3 2 Atlanta 67 ws Multidimensional Scaling (MDS) 5 22 14h ey
o E [y
"'\’ 4 3 Austin 12 R principal Coordinate Analysis 3 19 ‘ -
d S 4 Baltimore 59 = 11 2 | :
ERF o W k-means clustering - seplcs
6 S Boston 26 53 Agglor ot CALIES
N . ol . ring ( ) i
7 6 Charlotie 32 o emems g |8 k-means clustering X
8 7 Chicago 39 M Gaussi & XLSTAT-RIB
r 9 8 Cincinnati 3R ¥ Univari  HitED = ==
s 4 10 9 Cleveland 4 5 1 0 General | Options | Missing data | QOutputs | Charts |
A 1 10 Columbus 23 1 2 29 b . iabl bl
i 5 .
D ; Observations/variables table: " Range: _ |

| UsCities!C:$H =] © sheet

B 0 P B

al e | %5 227 Lc_] o \
> ¥ h @ 3 [ ke R ||+ i " Workbook
Preparing Describing Visualizing Analyzing Modeling Machine ~ Testa Advanced l_ Column WEIthS.
= ® Recent - data - data - data - data - data - learning - hypothesis - T features -
XLSTAT Search Discover, explain and predict XLSTAT-R I J |7 Column |abe|s
H132 B Jx
I~ Row weights: [v' Row labels:
A B (= D E F -

125 | | ) , 3 ! ; il | | uscities!$B:sB =]
126 Objects 15 11 20 3
127 Sum of we 15 11 20 3 5 g 5
128 Within-clas 180.552 221.255 372.437 241.6607| Clustering criterion: Number of classes:
129 Minimum ¢ 6.881 5.685 7.203 9.809
130 Average di 12.484 12,988 13.896 12.468 I Determinant(W) El from: I 4 to: I 4
131 Maximum 17.423 23.940 65.965 15.585]
132 Albuguerque Atlanta Boston El Paso
133 Austin Baltimore Charlotte Miami
134 Dallas Chicago Columbus San Antonio
135 Denver Cincinnati Honolulu o | b I \ 4 | OK Cancel | Help
136 Fort Worth Cleveland Indianapolis
137 Fresno Detroit Jacksonville
138 Houston Memphis Kansas City
139 Long Beach New Orleans Las Vegas
140 Los Angeles Oakland Milwaukee
141 NY Philadelphia Minneapolis
142 Phoenix St. Louis Nashville
143 Sacramento Oklahoma City
144 San Diego Omaha
145 San Jose Pittsburgh
146 Tucson Portland
147 San Francisco
148 Seattle
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XLSTAT

e
=

7 = A 8 7 c 7 D 7 E (O o S ™
'g Analyzing Modeling Machi"e Cor"'?latio”/ ! IcustomerID TotalSales OrderCount AvgOrderValue
datav  datav learningv | Association tests v - 1 12346 71836 1 771836
sla fa Factor analysis 2 12347 4085.18 6 680.8633333
3 12348 1797.24 4 449.31
& Principal Component Analysis (PCA) 4 12349 1757.55 L 1757.55
5 12350 3344 il 3344 -
B PCAmix 6 12352 2506.04 8 313.255 ko dlyitering X
) 7 12353 89 1 59 General | Options | Mssing data | Outputs | Charts |
L Discriminant Analysis (DA) | 8 12354 10704 il 1079.4 Observations/variables table: € Range: [—_;i
- 9 12355 4504 1 4504 || orinestoreisc:se =l @ shea
B Comespondence Analysis (CA) 10 12356 281143 3 9371433333 I~ Cotamn weights: © Workbosk
@ Multiple Correspondence Analysis (MCA) 1 12357 620767 1 620767 I =l ¥ colmiabes
12 12358 484.86 1 48486 I™ Row weights: ¥ Row labels:
M)S Multidimensional Scaling (MDS) 13 12339 637258 4 1593.145 ] I crineskietie:tp E|
14 12360 2662.06 3 887.3533333 Clustering ariterion: Number of dasses:
R2 principal Coordinate Analysis 15 12361 1899 1 1899 | Determinant(w) =] fom[ 3 o[ s
16 12362 4697.19 9 52181
® k-means clustering 17 12363 552 2 276 ol z| ¥ oncd | veo |
2 Agglomerative hierarchical clustering (AHC) ) .
ﬁ Gaussian Mixture Models
F Univariate clustering
Central objects:
Evolution of variances: Class TotalSales OrderCount AvgOrderValue
B u . 1 (14088) 50491.810 13,000 3883.985
iance'Clas: 4 5 6 2 (14223) 991.130 3.000 330.377
Within-clas  9,873,172.72 8,843,801.88 8,449,023.09 3 (13001) 9227.810 12.000 768.984
Between-cl 61,536,875.05  62,566,245.90  62,961,024.68 4 (17450) | 192988.390 45.000 4288.631
Total 71410047.773  71410047.773  71410047.773

What a beautiful world!
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Team
1 Texas Rangers
2 Los Angeles Angels
3 Colorado Rockies
4 St. Louis Cardinals
5 San Francisco Giants
6 Detroit Tigers
7 Kansas City Royals
8 Boston Red Sox
9 Minnesota Twins
10 Washington Nationals
11 New York Yankees
12 Milwaukee Brewers
13 Arizona Diamondbac!
14 Philadelphia Phillies
15 Chicago White Sox
16 Cincinnati Reds
17 New York Mets
18 Atlanta Braves
19 Cleveland Indians
20 Los Angeles Dodgers
21 San Diego Padres
22 Baltimore Orioles
23 Pittsburgh Pirates
24 Miami Marlins
25 Toronto Blue Jays
26 Chicago Cubs
27 Tampa Bay Rays
28 Houston Astros
29 Oakland Athletics
30 Seattle Mariners

2012MLB

152
153
152
153
153
152
152
154
153
152
152
152
152
153
152
153
152
153
153
153
153
152
152
153
151
153
153
153
152
153
®

764
726
718
723
683
689
644
716
673
680
736
733
693
652
702
651
612
672
620
591
617
667
622
587
669
586
659
551
651
573

o

1444
1424
1425
1447
1419
1379
1412
1413
1377
1377
1345
1362
1334
1340
1321
1315
1276
1283
1290
1270
1269
1296
1250
1260
1242
1238
1229
1211
1223
1206

e

H1B

HABAS

H2B
941
972
93
083
997
922
971
907
964
894
849)
854
855
910
875
834
856
860
890
894
858
826
825
843
804
821
802
821
767
824

283
252
286
27
273
267
282
330
258
281
259
284
203
253
220
284
272
251
246
252
257
260
229
250
231
251
241
232
249
218

XLSTAT

H3B

2012MLB - Excel

32
20
49
35
54
37
37
16
29
23
12
36
32
25
29
28
19
27
24
21
41
16
34
37
21
36
29
27
29
26

Q

HR

188
180
158
152

95
153
122
160
126
179
225
188
154
152
197
169
129
145
130
103
113
194
162
130
186
130
157
131
178
138

738
691
680
691
642
663
613
678
640
640
710
699
673
628
681
618
591
635
590
563
579
635
591
555
631
545
628
514
622
543

448
423
432
503
453
490
380
411
481
448
523
447
504
429
423
462
482
537
513
462
506
456
413
458
439
413
539
443
515
436

&9
125
96
89
111
53
126
92
129
95
90
150
&7
112
101
87
T2
93
102
97
142
51
66
144
121
92
131
103
117
101

1030
1041
1129
1128
1032
1042

958
1129
1004
1236
1115
1185
1190
1021
1124
1182
1186
1215
1005
1094
1173
1227
1271
1143
1178
1171
1241
1293
1296
1183

AVG

0.275
0.273
0.272
0.272

0.27
0.268
0.267
0.264
0.262
0.261
0.261
0.261
0.261
0.256
0.255
0.253

0.25
0.249
0.249
0.248
0.248
0.247
0.245
0.245
0.243
0.242
0.241
0.237
0.236
0.233

£

N\

OBP

0.335
0.331
0.329
0.338
0.327
0.336
0.319
0.319
0.326
0.322
0.333
0.327
0.329
0.317
0.317
0.318
0.317
0.321
0.321
0.314

0.32
0.312
0.306
0.309
0.307
0.302
0.318
0.303
0.309
0.294

a O
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22 Principal Component Analysis

Principal Component Analysis (PCA) X

General IOptions | supplementary data | Data options | Outputs | Charts |

Observations/variables table: (" Range: 5072MLE - Excal =
| '2012MLB1$F:$L ;l (® Sheet 2k FWE  BE  B¥ BBAS  XLSTAT @
Data format: " Workbook B 11 F
7% ) x -
@ Observations/variables table [v Variable labels
® - : A B c D E F G H I J K L~
COmSiaton matix [¥" Observation labels: 177 ) SIPIUL [AXES T any r 9o.uD 7o)
C Covariance matrix I '2012MLB'!$B:$B 178 . )
179
PCA type: [~ Weights: 180
San Francisco
| Correlation (Pearson) = | 12; g Giants
253 H3B
184 3 A i
2012MLE - Excel = !(ansas City Royals H1B
e i 2 186 '
B 8E B8 e , ) Colorado Rockies
i San Diego Padres SB ) Y
, e Miami Marlins . 1 !Vllnnesota Twins H2$
L] Gh o L u'bs | .St. Lol.fis _C?a_rjdma s
191 w Dodgers = Philadelphia i . e
& . c D E 192 ¢ 8 * Phillies ' ___palvipylgs Srewers
| | | | o &, . . o b _f
16 194 |Houston AstrosCleveland Indians ¥ N ~*  A@sofageles AnBelitonRRdSyers
117 195 | Seattle Mariners . .- S L vidiamiagthacks - RBI
118 Squared cosines of the variables: 196 a -F 'ttSbu;_,‘gh ";ME'M§S |  Cincinnatl Rednals
119 e ampa S ) BB Chicago White Sox
120 Fl F2 F3 198 Oadanstd ledigays
i 199 2
121 | HIB 0.340 0.416 0.005 200
122 H2B 0.535 0.076 0.000 201 Baltimore Orioles
123 | H3B 0.001,  0.595  0.039 202 : ‘ + (R
124 HR 0238 0.558  0.001 ;gi Nov Tork Yankeas
125 RBI 0.845 0.020 0.066 205 4 - . : i :
126 | BB 0.007 0.092 0.625 206 Wﬁﬂ?ﬂ%}m
207 L — =
127 SB : 9.057 0 143 0.\285 \ Tr— ® - -
128 Values mn bold correspond for each variable to the factor for ), . - B = o
179 A& i B = 2 - ] + 100%
C 2012MLB | PCA2 ® K »
Read & ] - 1 + 100%
Yy =t




22 Correspondence Analysis (CA)

[Positioning

Help

EEE=ACT D)) TS = CA Brand Preference XLS 1220 ~ Je)
= =E HA SDEEE 4% B8 B $E mBE  XLSTAT Brand Product  Servcies Device  Convience Promolion!
- i Starbucks 5 5 3 1 1
Q i ! D H .2 > .
> o $ Ill R |/ /,. 20 /? 85¢C 3 1 2 5 5i
: COVID-19 | Preparing Describing Visualizing Analyzing Modeling Machine Correlation/  Louisa 4 4 4 3 4
ecent ¥ n ata v ata v ata v ata v ata~ learning v | Association tests v 1
’ D Reciu d 4 4 d gite lesming Browm 2 3 1 2 21
(LSTAT Menu Search Discover, expla fa Factor analysis Cama 1 2 5 4 ____éi
Glé - J @ Principal Component Analysis (PCA) Correspondence Analysis (CA)
R PCAmix General | ptions | Missing data | Outputs | Charts |
A B C D E F G B Discriminant Analysis (DA) ITWO‘WBV table: = " Range:
T 1 & q = 5 . 3 2 - 0 | CoffeeShop2! SA$1:§F$6 =
1 Brand Product  Servcies Devwice  Convience Promotion B Conepondence Anahea (©R) @ Sheet
s " workbook
2 Starbucks 5 5 3 1 1 , , o
1 @ Multiple Correspondence Analysis (MCA) )
3 185C 3 1 2 5 5 & Two-way table ¥ Labels induded
4 Louisa 4 4 4 3 4 M0S Multidimensional Scaling (MDS) (" Cbservationa/variables tabie -
: Weights:
S BIOWEI 2 3 1 2 2 R2 principal Coordinate Analysis ]
6 Cama 1 2 5 4 3
7 ® k-means clustering
8 - £ Agglomerative hierarchical clustering (AHC)
9 { ™ Gaussian Mixture Models
12 { ¥ Univariate clustering g ’I 'I | OK | Cancel
Contribution biplot{rows)
(axes F1 and F2: 94.06 %) (axes F1 and F2: 94.06 %)
]
.
0.8 | Device 08 | Davice
0.6 0.6
© 04 S 04
3
02 i 02 ¢
" N 0
0 b SEDYlFSks k
-0.2
-0.2
G Promotion o4
= | Product
0.6 © o
0.6 12 1 08 -06 -04 0.2 0 0.2 04 06 0.8 1 1.2 14
-1.2 -1 -08 -06 -04 -02 0 0.2 0.4 0.6 038 1 12 14 F1(70.97 %)

F1 (70.97 %)

e Rows e Columns |




2>2» Mult iDimensional Scaling

|Brand Product _ Servcies Device  Convience Promotion

Starbuck 4.2 3.92 3.98 3.68 4.07
85C 4.1 3.95 3.98 3.65 4.04
Crown 4.18 el 3.56 3.7 3.97
‘Browm 3.05 3.06 3.07 2.77 3.08
CafeCne 299 3 3 2.1 3

Product /@;cks \
E
E\ / Service
I
——0
Brown\n\

CafeOne

-

-0.15

Configuration:

Diml Dim2
Starbuck 0.605 0.817
85C 0.495 0.825
Crown 0.739 0.010
Browm .888 0.755
CafeOne 0.951 0877
IProduct 0531 0099
Servcies 0.500 0.177
Device 0.139 0.122
Convience 0.174 0.485
Promotion 0.281 0.087




Step 1: Compute row and column averagés
Big

Dog 22U 50 50 = ruy

Cat 10 100 40
Rat 99 40
Cockroach 20 40

Wallaby
Average

40

35%61/5

Step 2: Compute thé expected values
Big Athletic Friendly Trainab Resourc Animal Lucky

Zo

61
50
58
37
49
51

Athletic Friendly Trainab. Resourc Animal Lucky Average

Correspondence analysis

- Trainable Rat
s Anirpal '
© '
k= Cat !
o~ ;
S 00 --mmmmm e Walkhy == === ------Afgfns -
.g ] Eucky A Resourceful
S Dog .
g Big E Cockroach
rrlendly 1
26 00 06

Step 5: Interpretina the relationship between row and column labels

® Rows
® Columns

Look at the Iength of the line connecting the row label to the origin. Longer lines indicate

that the row label i§ highly associated with some of the column Tabelg(i.e., it has at least

one high residual).

Look at the length of the label connecting the column label to the origin. Longer lines

again indicate alhigh association between the column label and one or more row labels

Look at the angle formed between these two Ilnes Really small angles indicate

assomatlonl 90 degree angles indicate no relatlonshlq Angles nea slindicate

Dog 42 63 45 76 57 95 48
Cat 51 37 62 47 78 39 1.
Rat 60 44 73 55 92 46
Cockroach 38 27 46 34 58 29
Wallaby 50 36 61 45 76 38

38=80-4 2.
Step 3: Compute th¥ residuals
Dog 38 -43 45 14  -52 5 -8
Cat 16 -1 3 8 -37 22 1 3.
Rat -30 10 -24 17 25 7 -6
Cockroach -25 42 25 -26 61 -38 11
Wallaby 2 2 2 -14 3 4 2

Step 4. Plotting labels with similar residuals close together

- ¥

By- = - - -
Ky

. , 'L Lucky

[ negative associations. |

e ———_ALOlEIC" "o

RESOUFCEfUl

%oach

55 |

K}

A



22» Multi Dimensional Scaling(MDS)

th @

[

pre-t B D E F G H [ J K L M N

Describing Visualizing Analyzing ModehndBrand Product _ Servcies Device  Convience Promotion

data~ data ~ data ~ data ~ rsmbu;k 42 392 398 3.68 4.07 Configuration:

_ o - s 41 395 398 365 404

X Descriptive statistics {c@m 4.18 32 35 37 397 Diml ___ Dim2

bl i Bowm 1 305 306 307 277 308 Starbuck 0605 0817

I bk Chanioneaten iCafeOne | 299 3 327 3 8sc 0495 0825

9 i i i 739 0010

e Similarity/Dissimilarity matrices (correlation...) X '

Histograms e
il . General | Missing data | Outputs | | outputs |
XN Normality tests @ Range: | mDstsMs1 =]
Y Data: & Range: MOS'IEM$1 o] [T O Cosent
R Resampled statistics | MDS!$A$1: $ASH)| ___l " Sheet panttatve =] " Workbook
¥ Column labels
- - - - - - - - : : . (\
B  Similarity/Dissimilarity matrices (correl Data type | Quantitative | Workbook — 2l 7 Rowlabes:
Bis Biserial correlation I~ Row weights: B (Co ik [osisaea Bl
& : 2 - Dissimilarities: Compute proximities for the:
Tol Multicolinearity statistics I _-_l [V Row labels: — 5] Fco  Rows
e e 'MDS'I$AS1: -

RL Reliability analysis Pt e I SAS1:SASE _I e o =
ﬂ Contingency table (descriptive statisti (" Similarities: (¢ Dissimilarities: Compute proximities for the:

8 Pivottable I Eudidean distance LI {* Columns " Rows

UI ¥ 4 | OK Cancel | Help I

Proximity matrix (Euclidean distance):

i Product Servcies Device Convience Promotion
Product 0 1030 0669 0916 025
Servcies 1.030 0 0366 0738 079
Device 0669 0366 0 0609 0424
Convience ~ 0916  0.738  0.609 0 0732
Promotion. 0256 0790 0424  0.732 0




Analﬁing Modeling Machine
data ~

+FrPRITsRBPEDDS

22» Multi Dimensional Scaling(MDS)

| j o
f\f 000

Correlation/
data ~

learning ~
Factor analysis

Principal Component Analysis (PCA)
PCAmMix

Discriminant Analysis (DA)

Correspondence Analysis (CA)

Multiple Correspondence Analysis (MCA)
Multidimensional Scaling (MDS)

Principal Coordinate Analysis

k-means clustering

Agglomerative hierarchical clustering (AHC)
Gaussian Mixture Models

Univariate clustering

Dim1 Dim2
Product 0.356 -0.407
Servcies -0.100 0.521
Device 0.035 0.181
Convience -0.507 -0.095
Promotion 0.215 -0.200

Association tests ~

P,

P o i B o

o e T A B

Proximity matrix (Euclidean distance):

. Product | Servcies  Device Convience Promotion

Product 0 1030 0669 0916 0256
Servcies 1.030 0 0366 0738 079
Device 0669 0366 0 0609 0424
Convience 0916  0.738  0.609 0 0732
Promotion ~ 0256  0.790 0424  0.732 0l
Multidimensional Scaling (MDS) X
General | Options | Missing data | Outputs | Charts |
Proximity matrix: " Range: I ;l
| MDS!$M$24:$R$29] = o eheet
i DI S.eljec;tua proximity (dissimilarity or si,;nillla‘ri—;l) r'r:atrixl
[V Labels induded
Model: | Absolute -l
[ weights:
Dimensions: Minimum: | 2 | =
Maximum: I 2
0|7 o | cual | wew




22» Multi Dimensional Scaling(MDS)

Proximity matrix (Euclidean distance):

Diml Dim2
Starbuck 85C Crown Browm CafeOne Starbuck 1.005 0.154
Starbuck 0 0113 0840  2.168  2.298 85C 0.961  0.053
85C 0.113 0 0.868 2.102 2.233 Crown 0.336 0.658
Crown 0.840  0.868 0 1787  1.901 Browm 1082 0434
Browm 2168 2102 1.787 0 0137 CafeOne 12190 0431
CafeOne 2.298  2.233 1901  0.137 0
Multidimensional Scaling (MDS) X i' ---------- 61 '1;1-1 ----- ]5 1;1'1—2--'5
General | options | Missing data | Outputs | Charts | Starbuck 1005 0.154
Proximity matrix: " Range: | =] 85C 0.961 0.053;
ETTETE =l @ sheet Crown 0336 0658
¢ Dissimilarities (" Workbook \Browm 1082 04344
" Simiarities I CafeOne  -1219 04311
Model: Absolute ~] _ (Product 0.356 -0.40’?5
Dimensions: Minimum: | 2 [ e Zl iSel‘V.C ies -0'100 0521!
iDevice 0.035 0.181,
Txodmn: I = iConvience 0.507 -0.095!
ol 7] = Concel | e Promotion 0215 __ -0.200;
' Starbuck 85C Crown  Browm CafeOne :
iStarbuck 0 013 0840 2168 2298
:85(3 0.113 0 0.868 2.102 2.233i
ICrown 0.840 0.868 0 1.787 1.9011
EBrowm 2.168 2.102 1.787 0 0.137;

|CafeCne 2.298 2.233 1.901 0.137 Oi



22» Multi Dimensional Scaling(MDS)

EAE= ? / RSN
zZ A\ b >
ausmn s EEET URHREAE T .
a [ [ sEwEs WEE v YTEE
s%0 e [ m
ld 0500 SEA —
- B o] = EHES y > & il N K | Lo oM N
i be ] S22 XLSTAT 2020.5.1.1066
M N ! Diml Dim2 Data: Workbook = Corre
e 0200 s RRER Starbuck | 1.005|  0.154 Row labels: Workbook =
L 0.000 —t 85C ; 0961 0.053 Dissimilarity: Euclidean «
g -1.500 -1.000 -0.800 0.000 0.500 D {?J gg@s Crown 0.336 0.658 Compute proximities for
-0.200 e - [
* [] Ese v BEERED | Zeown 1082 0434 I: I
Hﬂ e o -0.400 ° |
CafeOne -1.219 0431
ﬁ 0500 FIZEO Product 0.356] 0407
it Servcies 0.100 0.521
o L XEX Device 0035| 0181 Summary siatistice
- Convience]  0.507 0.095
= Yﬁm Promotion | 0.215 0.200 Variable Jbservationwi
Product S
oo ? |
. i
. | [=mDs!sI85:81514 =] |
Dim2 . > - — =,
0.800 =2z Dim2
0.600 ® Crown — 0.800
® Servcies
0.400 0.600
Servcies o
0.200 "
ol $ Stard Devi Starbuck
evice
®
0.000 85C ) (
-1.500 -1.000 -060Convienc®.000 0.500 1.000
-0.200 @ Promotion
0.500 1.500
Promotion
o CaféDoem -0.400 @ Product
-0 /ON

Product



>3 Association Rule (F#H#;%Hl)

Frigs BESE FEH 24 EEE RY  EXY

1 1 1 1 0 0 0) 0)
2 1 0 1 1 0 0) 0)
3 1 1 0) 0 1 0) 0)
4 0 1 0) 0 0 1 0)
5 0 1 0) 0) 0 0) 1
T T A
XLSTA (example)
WEKA (example)

R



22 Association Rule (%R

AssociationRule - Excel

E A xisTar  eRENEREE TR Hsiu-Yuan TSAO Q) #H
> a € | e [ B3 > ? > o[%
7 \ III @ -G lw P,ﬁ__‘“‘ o ‘ v “R HE;
Dh ; Pr;p:ring De;c:ibmgVis:ilizinqa\r;al{zing M‘:d‘eiinglMlcpine A Cofr:!aliz:n/( Patran:etric Nonfartametric Tesl‘i]ngfor ; Dec‘ijsion Tools
») Recent ~ ata - ata -~ ata - ata - lata ~ iearning ¥ ssociation tests - lests v ests ~ outliers = aa- ot
XLSTAT Search Discover, explain and predict 3 k-means clustering XLSTAT-R | Advanced features -
W Fuzzy k-means clustering
b ]
- &\ Classification and regression trees
Vet AR IR A RO, | 1y corest Neighbors
AssociationRule - ; i tl] i (1) g AB Naive Bayes classifier
A o T ) A= e s pe 7 1 1 0 0 1 Sl Support Vector Machine (SVM)
A ARG i Rl e i 0 1 0 0 0 #h Classification and regression random forests
5.0 1 0 0 0 X Assodiation rules
Assaciation rules
3 XLSTAT-RIB
T
A B G D E F G 14 :
3 Sort: Confidence =
16 —
. @ @ = Association rules
9 18
10 ISummaryofassociatior\ rules | w ;3 General | Options I Multilevel | Outputs | Charts I
11 21
12 2 Items: " Range: ~ |
13 Items: 7 ii I Sheet11$C$5:$1$10
14 Transactions: 5 = ee $ $ $ $ - I ] a Sheet
15 Rules: 1 26
= = Data format: " Workbook
28
17 1 -
i 2 Contingency table vI
18 Summary of association rules: 30 ency
19 a1 i — Transactional [v Labels included
20 Anteceden!ConseguenConfidence Support  Lift e e List
P et - - .
z; g?'#m/ ﬂ’_r“;’_'/ v ' b?]?g 4400 1i61 Transactions/Variables
= Xact ruies are aisplayed in Contingency table o
= Minimum support: 0.3
25 Matrix of influence: [ Target variables: Minimum confidence: I 1
26
2 et I :‘ Min. number antecedent: I 1
28 A 1.000
29 Exact rules are displayed in bold
30
= ©) | ¥4 | ¥ | OK Cancel | Help
32 Influence chart:
K | Sheet1 | Association rules1 ® ‘ ;
Ready = (= [ - 1 + 100%
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FROM ZIP

DATASET PACKAGE

-l

MODULE
PROJECT je, Association]
EXPERIMENT

Discover Assaciation
Rules

arules  Association Rules

Frequently Bought Together

Microsoft Samples

= f5l

Microsoft Machine Learning Studio (classic)

2riment items

“ g8 Saved Datasets

[

4 My Datasets
BrestCancerDiagnosti...
BrestCancerDiagnosti.
BrestCancerDiagnosti...
BrestCancerDiagnosti..
CustomerValueClean....
mbti1300SENT.csv
mbtigKboth.csv
OnlineRetail.csv
WA _Fn-UseC_-Marke...

4 Samples
Adult Census Income...
Airport Codes Dataset
Automobile price dat...
Bike Rental UCI dataset
Bill Gates RGB Image
Blood donation data

Book Reviews from A...

= Qrnnct camenn datn

Jo

Association Rule I

https://studio.azureml.net

Upload a new custom module from a local file

e-) Enter Data Manually v

v )

-
| |
[- Discover Assc?ia\uon Rules
W

Mini Map v

B Erier Dww Manasy

Hsiu-Yuan Tsao-Free-Wor...

0 * O

Project >

Properties
Input Dataset Type

Items Matrix v|

Columns

Selected columns:
All columns
Column type:
Categorical, All

Launch column selector

Minimal Support

0.3

Minimal Confidence

Minimal Number of Ite.

I

Maximal Number of Ite...

I

Sort By

Confidence W

Left Hand Side

|

Right Hand Side

P4 Prine Redundanciss

Quick Help .

Discover relations between variables in
dataset



FROM ZIP =
DATASET ﬁl S Upload a new custom module from a local file

EXPERIMENT Microsoft Machine Learning Studio (classic)

MODULE

PROJECT

Association Rule ) draft Properties b4
Search experiment items jol ; o Input Dataset Type
o | Items Matrix ~
e ~
4 oy Saved Datasets
ue Columns
: /
4 My Datasets E—) Enter Data Manually v Salactod cokemis
BrestCancerDiagnosti... All columns
Column type:
BrestCancerDiagnosti... Categorical, All
BrestCancerDiagnosti _Launch column selector
. . - Minimal Support
BrestCancerDiagnosti... . . :
ki RgHOSE BE piscover Association Rules v
- Py
CustomerValueClean... U
Minimal Confidence
mbtigKboth.csv Minimal Number of Ite.
OnlineRetail csv
Maximal fIte..
WA_Fn-UseC_-Marke.. aximal Number of Ite.
4 Samples
Sort By
Adult Census Income... -
| Confidence v
Airport Codes Dataset Left Hand Side
Automobile price dat... |:|
Mini Map et .
Bike Rental UCI dataset | Right Hand Side
Bill Gates RGB Image B o Daca Mamarry
b4 Pruna Redundancies =
Blood donation data ,// Quick Help v
Book Reviews from A... B oo sscmeniun v
= 0; Discover relations between variables in
Brnnrt cancar data dataset




" Recommended System KNN#

Customer Age Income Purchase Product
1 45 46000 Book
2 39 100000 TV
3 35 38000 DVD
4 69 150000 Car Cover
5 58 51000 ?7??

Step 1: Determine the Distance Formula
Distance= SQRT( ((58- AGE)/(69-35))"2) + (51000- Income) / (150000 - 38000))"2 )

Step 2: Calcuate the Score

Customer  Age Income Purchase Product
1 0.38495 46 Book
2 0.709711 100 TV
3 0.686356 38 DVD
4 0.941276 150 Car Cover
5 0 51 27?7

KNN Example

4

A NN W R



22 Decision Tree (R )
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ot <5 & 5l
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5 4 0 1 0 0 2 4 & FA0 i E =
6 5 0 1 0 2 0 5 f& bl & >45 B
7 6 0 1 1 2 0 6 & FE OEE  4E &
8 7 0 0 0 0 2) 7 & b4 & <QE B
9 8 0 0 1 2 i 8 & b4 HE >45 b
10 9 0 2 0 2 0 9 & & & >4E &
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Bl n 1 2 0 0 2 11 = i # <= W& [ ]
13 e 1 2 0 1 1 2 = i b 242 &
14 13 i 2 0 0 0 13 = & & >15 &
15 14 1 0 0 i 2 14 = 2 i3 242 =
16
17
18 A#E e B
19 <& 248 S4E <25 | e ~—— N
20 Bk & = 1€ il i P N >4
21 ‘% EP @ 2 © 15 ™
2 = e i Rz EEEERs EEEEES
23 = =] f& D —_—\
24 1% T N ,/ _
b E % . \ # 7 % J 2.4 iﬁ—
26 £ H = A 7S
5 R . . ‘ g ‘ ‘ ﬂlﬁ&{& ‘ 1 JE ‘ ‘ ER S ‘
2 = e g - : ' ' '
2 t "2 e 5 7 \NE
30 B "5/6" & | N
3L Bl 0 1 0.650022 . N
2 LEBSE  SEEE 056095 \w”i‘ M‘
B o EREEE 1530619
34 PR RELE 0966324
35 -
' Entropyi#te | ERFSER TER3 TR @ < 3
hid A m -3+ 5%




a’x=b log(x,b) ‘
1072 2 S

100
X 0.00001 0.25 0.5 0.75 1 ()
log(x,2) -16.60964047 -2 -1 -0.41504 0 HASHAOIRERE - OB E—PURRIEAIRRS .
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w REVARBIEE AR

BEA ailET S EFRA TEBIER A
_ Entropy, X
D3 BEAYRY . pyA Predicted Error Rate
Gain Ratio
c4.5 BEANEY Gain Ratio Predicted Error Rate
CHAID BRAIE Chi-Square Test No Pruning
Entire Error Rate
CART B Ay BUBETY Gini Index
(Training and Predicted)

DECISION TREE

To give a proper background for rpart package and rpart method with caret package:

1. If you use the rpart package directly, it will construct the complete tree by default. If you want
to prune the tree, you need to provide the optional parameter rpart.control which controls the fit
of the tree. R documentation below. eg.:

rpart{formula, data, method, control = prune.control)

prune.control = rpart.control(minsplit = 28,
minbucket = round(minsplit/3), cp = @8.01,
maxcompete = 4, maxsurrogate = 5, usesurrogate = 2,
xval = 18, surrogatestyle = 9, maxdepth = 38 )

these are the hyper parameters you can tune to obtain a pruned tree.

One followed way is to not provide the cp i.e complexity parameter and perform cross validation
(xval), something like:

rpart.control(minsplit = 28, minbucket = round(minsplit/3), xval = 18)

complexity parameter (cp) can be thought of as a measure of complexity/ no of splits of your model
and you want to increase complexity until your model generalizes to new observations. i.e.
regularization

Therefore evaluate the cross validated error vs cp and choose the cp that gives the good value
(cp_good).

Finally, add it as your control parameter i.e. rpart.controi(cp = cp_good) or use the prune function
i.e. prune(fit, cp = cp_good) to get the desired tree.

2. caret package on the other hand already implements the rparr method with ¢p as the tuning
parameter. carer by default will prune your tree based on a default run it makes on a default
parameter grid (even if you don't supply any tuneGrid and trcontrol while fraining your model:

model <- train(data,
labels,
method = "rpart”)
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¢ Entropy (J):

o

In(t) = = ) _ p(i[t) logz p(ilt)

Hdv . H{FEHomogeneity(E & 1) ¢
& Entropy=0Z=-completely homogeneous(pure) - & Entropy=18IZ R & 1 £50%-50%7 #H A% -
A (impurity) *

e Gini Impurity (Gini & E):

Ie(t) = Zp(ilt)(l —p(ilt)) =1 - Zp(ilf)2

Hop . GRIEEGIni Impurity -

« Information Gain (EMiE%): RIGSENEIZIATEEREENEL - B2R0EE  EEIGEHAN

BHBLE -

IG = Info(D)-Info4(D)

Hop . Info(D)RRBERFE - Info 5(D)RIFRNKEHRARREIZHOEREE -

Info 4(D) = Z ijnfo

Em=2 - Bl& _coERE

le N‘ri h
IG = Info(D)- th Info(Diesi)~ —57~Info(Dright)
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There are two main ways to do hyper parameter tuning using the train() :

1. Set the tunelLength
2. Define and set the tuneGrid

Grid Search: Automatic Grid

There are two ways to tune an algorithm in the Caret R package, the first is by allowing the
system to do it automatically. This can be done by setting the tuneLength to indicate the
number of different values to try for each algorithm parameter.

This only supports integer and categorical algorithm parameters, and it makes a crude guess
as to what values to try, but it can get you up and running very quickly.

The following recipe demonstrates the automatic grid search of the size and k attributes of
LVQ with 5 (tuneLength=5) values of each (25 total models).

[1 # ensure results are repeatable
| 2 set.seed(?)
3 # load the library
| 4 library(caret)
| 5 # load the dataset
| & data(iris)
7 # prepare training scheme
| 8 control <- trainControl(method="repeatedcv", number=10, repeats=3)
9 # train the model
|1® model <- train(Species~., data=iris, method="1vq", trControl=control, tunelLength=5
11 # summarize the model
|1Z print(model)

The final values used for the model were size =10 and k = 1.

CARET Package

Grid Search: Manual Grid

The second way to search algorithm parameters is to specify a tune grid manually. In the grid,
each algorithm parameter can be specified as a vector of possible values. These vectors
combine to define all the possible combinations to try.

The recipe below demonstrates the search of a manual tune grid with 4 values for the size
parameter and 5 values for the k parameter (20 combinations).

Grid search with the caret r package O = E[AR

\
10
[11
12
[13
14
E

Wo~NoU & WN

set.seed( ()
# load the library

library(caret)

# load the dataset

data(iris)

# prepare training scheme

control <- trainControl(method="repeatedcv", number=10, repeats=3)

# design the parameter tuning grid

grid <- expand.grid(size=c(5,10,20,50), k=c(1,2,3,4,5))

# train the model

model <- train(Species~., data=iris, method="1lvq", trControl=control, tuneGrid=gri
# summarize the model

print(model)

The final values used for the model were size = 50 and k = 5.
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To increase the predictive power by modifying variables or
creating new variables from existing variables.
This specific task is called Feature Engineering .

This is perhaps the single most important activity in the entire process and
decides the success or failure
of a classification problem.

This part can not be put into any template

as it varies on a case by case basis and one requires a lot of experience and
domain expertise

to gain a mastery of this skill.
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ff============== E4 JIHEEE E N ELE =================
# Create the training and test datasets
set.seed(100)

# Step 1: Get row numbers for the training data
trainRowNumbers <- createDataPartition(credit$Response, p=0.8, 1ist=FALSE)

# Step 2: Create the training dataset
trainData <- credit[trainRowNumbers,-1]

# Step 3: Create the test dataset
testData <- credit[-trainRowNumbers,-1] Tibrary(caTools)

# Store X (H&%) and Y ({k& &) for later use. . . .
X — trainpata[, -4] sample <- sample.split(df$Customer, SplitRatio = .7)

y trainData$Response
trainX <- as.matrix(subset(encodedDF, sample == TRUE))
trainy <- as.double(as.matrix(subset(df$Engaged, sample == TRUE)))
testX <- as.matrix(subset(encodedDF, sample == FALSE))
testY <- as.double(as.matrix(subset(df$Engaged, sample == FALSE)))

set.seed(123)

train_sample <- sample(1000, 900)
credit_train <- credit|[train_sample, |
credit_test <- credit|[-train_sample, |



DO #EBEREEEZEHAIRELD;
— X X E%5% (Cross Validation)

Cross-Validation#
By 102K ~

#ﬁszﬁé%ﬁzﬁacé"aff%mﬂ £ #t & (overfitting) @ & % K]
#)HEET XX EE - T {FEHcaretiE B EH » MK L.

train_control <- trainControl(method="cv', number=10)

train_control.model <- train(default~.,
data=credit_train,
method="C5.0",

trControl=trai T 5 X
train_control.model SE—— )
i 2 u » " - ) i ,_ ’—— ’—
RERB R F B < d BdBRd g
L _‘ J e SEe| [ |

A [ 41.6 Z=ZESSH
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[ Categorical

Some algorithms (ex: decision tree) can work with categorical data
directly.

Many machine learning algorithms cannot operate on label data directly.
They require all input variables and output variables to be numeric.
Logistic regression will not accept categorical variables .

For this we need to transform those variables using “one hot encoding”
In traditional term used in Statistics named “Dummy Variable”

[0)]

Numerical

It is always advisable to standardize the numeric variables before
feeding them to a PCA algorithm/Kmean or a Neural Network
model




>3 One-Hot-Encoding- option 1
# Using model.matrix
new_df <- df
new_df$city <- factor(new_df$city, exclude = NULL)
new_df$hml <- factor(new_df$hml, exclude = NULL)
new_df <- model.matrix(~.-1, data = new_df[, c("city", "hml")],
contrasts.arg = list(
city = contrasts(new_df$city, contrasts = FALSE),
hml = contrasts(new_df$hml, contrasts = FALSE)
))
head (new_df[, 1:3])
SR cityAlameda cityAmes cityApple Valley
H# ©
H#
H#
H#
HH#
HH

o b W N =
OBNONBONBIONO),

OB ONBONBIONBIONO
OB OB ONBIONBIONO)



2> One-Hot-Encoding option 2

library(caret)

## Loading required package: lattice

## Loading required package: ggplot2

new_df <- df

new_df$city <- factor(new_df$city, exclude = NULL)
new_df$Shml <- factor (new_df$hml, exclude = NULL)
new_df$city <- addNA(new_df$city)

new_dfShml <- addNA(new_df$Shml)

dv <- caret::dummyVars(" ~ city + hml", data = new_df)
new_df <- data.frame(predict(dv, newdata = df))
head (new_df[, 1:3])

it city.Alameda city.Ames city.Apple.Valley

## 1 © 0 ©
## 2 © 0 O
## 3 © © 0
## 4 © 0 0]
## 5 © O 0]
## 6 © © 0

detach("package:caret", unload = TRUE)



> One-Hot-Encoding -

Library(vtreat)

tz <- vtreat::designTreatmentszZ(df, c("city", "hml"))

## [1] "vtreat 1.5.1 inspecting inputs Mon Feb 03 00:16:33 2020"

## [1] "designing treatments Mon Feb 03 00:16:33 2020"

## [1] " have initial level statistics Mon Feb 03 00:16:33 2020"

## [1] " scoring treatments Mon Feb 03 00:16:33 2020"

## [1] "have treatment plan Mon Feb 03 00:16:34 2020"

new_df <- vtreat::prepare(tz, df, extracols = "target")

head (new_df[, 1:5])

i city_catP hml_catP city_lev_NA city_lev_x_Alameda city_lev_x_Ames

## 1 ©.0090 ©.3174 © © ©
## 2 ©.0094 ©.3090 © © ©
## 3 0.0106 ©.3090 © © ©
## 4 0.0116 0.3236 O 0 ©
## 5 0.0106 0.3236 O 0 ©
## 6 ©.0094 2.3090 O 0] ©

detach("package:vtreat", unload = TRUE)



)’ standardize the numeric variables

rankDF <- customerDF _%=%
mutate(TotalsSale M otalsSales),
ordercount=rank(orderCount, ties.method="first"),
Avgordervalue=rank (Avgordervalue))

normalizedDF <- rankDF %>%
mutate(Totalsal eTota] Sales),
ordercCount=scale(OrderCount),
hvgorderVa1ue=sca1e(Avg0rderVa1ue))
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(Sample with replacement)

Test Data

Subset 1

Model 1
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2>2» How to Discovery Insight via
Text Mining
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Framework of Textual Analytics
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The Structural Textual Data Analytics

Opinion

Insight
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22> From Text to Action(FTTA3A)

Negative
Affection

>

Hight
Aspect Attention
A
Focus Keep
Later Forget
Low

Aspect Attention

Positive
Affection

Aspects

Attention

Affection

e ala

daay

sn204

J91e7

198104




)) Structural Textual Data Discovery (STDD4A)

n

Degree/Closeness/Betweenness

Social Network Analysis

Relevance

Topics Modeling
Aspect Semi-Auto Detention:
Ex: Sports, Science,

Food Topics

Aspects Unsupervised Supgéﬂsed Dimension
Topics Created
Modeling Dictionarie
e
Affection Positive Negative Prefergnce
/Desire
Sentiment
Analysis
VSe ntiment
. Awareness
Attention Term Frequency Jinterest
Word Cloud Generator
Issue
Associatio Pairwise Terms Counts .
Relation

Self Created Dictionaries

Existed Dimensions of
Marketing Scale:
Ex: Competence, Excitement, Ruggedness,

Sincerity, Sophistication of

Brand Personality

Classification of textual data based on Aspects
using dictionaries developed via Unsupervised or
Supervised method in Document Level

Calculating Sentiment Score of each Sentences
and Labeling/Classification of Sentences into
Positive or Negative groups in Sentences Level

Counting the Term Frequency in Words
Level for different Aspect/Affection groups
of textual data respectively

Counting the Pairwise Term Counts in
Words Level for different Aspect/Affection
groups of textual data respectively and
calculating Degree/Closeness/Betweenness
for evaluation of Relationship of Pairwise
Terms



)) Structural Textual Data Discovery (STDD4A)
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22 The Example of Deploying the STDD4A
in Marketing Discipline

The Application of STDD4A __

Marketing Text Marketing Analytics Example Literatures
Measure Analytics

Branding Brand Aspect (View) Scale(Dimensional) Brand Tsao, J., Campbell, C. L.,
Attitude Affection Likers(Preference/Attitude) Personality Ferraro, C., Mavrommatis,
(Sentiment) A. &Ly, S.(2020). A
machine-learning based
approach to measuring
constructs through text
analysis. European Journal
of Marketing, 54 (3), pp.
511-524.
o1l Advertising  Aspect (View) Scale(Dimensional) AIDA
tion Effectivenes Affection Likers(Preference/Attitude)
s (Sentiment) Open Question
Attention(lssue) (What mostly like/
What mostly dislike/

(=[G Satisfaction Aspect (View)  Scale(Dimensional) Service
Research Affection(Senti Likers(Preference/Attitude) Quality
ment) Open Question Customer
Attention(lssue) (What mostly like/ Satisfactio
What mostly dislike/ n
Why)

Association(Rel
evance)
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SENTIMENT ANALYSIS
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Also known as opinion mining: to understand the attitude of a
speaker or a writer with respect to some topic

happiness

— The attitude may be their judgment or evaluation, their
Affection state or the intended emotional communication

. — Most popular classification of sentiment:

‘positive or negative

sadness fear embarrassmenl

worry anger
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* unbelievably disappointing

Full of zany characters and richly applied satire, and some
great plot twists

this is the greatest screwball comedy ever filmed

It was pathetic. The worst part about it was the boxing
scenes.

AFINN Sentiment Analysis
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* Sentiment = Holder + Polarity + Target
— Holder: who expresses the sentiment
— Target: what/whom the sentiment is expressed to
— Polarity: the nature of the sentiment (e.g., positive or negative)

Sentiment = Holder + Polarity + Target

In his recent State of thesonion address, US President
Bush qguite unexps€redly labeled

Iran, Iraq, and the DPRK as an “axis of evil” .

Negative



Sentiment = Holder + Polarity + Target

In his recent State o
Bush quite une

edly labeled
Iran, Iraq, and the DPRK as an “axis of evil”.

Negative



Why sentiment analysis?

* Movie : is this review positive or negative?

* Products : what do people think about the new
iPhone?

* Public sentiment : how is consumer
confidence?

. |s despair increasing?

* Politics : what do people think about this
candidate or issue?

* Prediction : predict election outcomes, market
trends, or stock price from sentiment
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2 Azure Machine Learning Studio

=r=

- ERIEE: iris.csv

7B
- 1.Data (E A
- 2.Select Column in dataset
- 3.APPLY SQL transformation
- 4.Split data ( IFEEDE )
- 5.(LEFR IR E E S %ex Multiclass Neural Network)
* 6.Train Model
* 7.Score Model
- 8.Evalute Model
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22 Azure Machine Learning Studio

MY EXPERIMENTS SAMPLES

B EXPERIMENTS
O name AUTHOR STATUS LAST EDITED 4 PROJECT D

MNo experiments found O items Selected




22 Azure Machine Learning Studio

K Experiment created on 2019/5/1

Search experiment items jo)

KL search experiment templates

== Microsoft Samples

PROJECT
EXPERIMENT

NOTEBOOK

Blank Experiment

Sample 3: Cross
Validation for Binary
Classification: Adult

Sample 4: Cross

Validation for Regression:

Auto Imports Dataset

Sample 1: Download
dataset from UCI: Adult 2
class dataset

Sample 5: Train, Test,
Evaluate for Binary
Classification: Adult

Sample 2: Dataset
Processing and Analysis:
Auto Imports Regression

Sample 6: Train, Test,
Evaluate for Regression:
Auto Imports Dataset

Properties Project

4 Experiment Properties




22 Azure Machine Learning Studio

Properties Project

n £ Experiment created on 2019/5/1
= Search experiment items ,o = 4 Experiment Properties
% STATUS €OD InDraft
n E-) Data Input and Output L IR
s B Data Transformation 2 | I —
] R 1] =
05 ’ ; E ZIK *ﬂ( ZIK TE\ :_Et ot rrEEEEEEEEEmm—m—-——T e Enter a few sentences describing
. ' 4® Feature Selection | ]I your experiment (up to 140
A / characters).
@ Machine Learning ?

ﬁ!{ E’E OpenCV Library Modules I

= 1K Python Language Moduleg] P b S .
a i tl 4 Description
p : 1
5 Bt Python seipt g Meemm———- ?‘ ““““““““ ¢ Enter the detailed description for
a 4 (R R Language Modules : your-expenment;
. . I
Create R Model Ciees % | 1
Create § Model -1 Emasmewn e edmrr e ';
Execute R Script Creategn R model using custom resources ] I
. . 1--v _____ ? ----- 0 ----- /
Em Statistical Functions 3 '\
— -’ \ :
OF Text Analytics = \ Quick Help
- \
-
3 ; . \
A Time Series = - ...,f ______ 3 5\
T /B ! \\

@
5
o
g

)
Q|
®
.

|

s
P

=l

SET UP WEB PUBLISH TO
SERVICE GALLERY




&R EE (Dataset)

J|

1
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22 Azure Machine Learning Studio

datasets

MY DATASETS

| ﬂ {g’éﬂm =] Upload a new dataset from a local file

PROJECT
EXPERIMENT

NOTEBOOK




22 Azure Machine Learning Studio

Experiment created on 2019/5/8 n draft Properties Project >

Search experiment items jo) 4 Experiment Properties

= i . p STATUS CODE InDraft
ol =[] Saved Datasets

4 My Datasets 4 Summary

iris.csv J: 1@ ==z \_I_Isl }jjz Ij] Enter a few sentences describing
= = /| your experiment (up to 140

TripAdvisorOpin_200... characters).

Samples

Data Format Conversions

Data Input and Cutput 4 Description

Enter the detailed description for

Data Transformation o
your experiment.

Feature Selection

| Mini Map v |
Machine Learning — 1

e © 48 € M0

E’E OpenCV Library Modules
el Python Language Modules Quick Help v

(R’ R language Modules

Statistical Functions

Upload of the dataset ‘iris.csv’ has completed.

o= new A av 2l

SAVE AS SET UP WEB PUBLISH TO



2>2» Azure Machine Learning Studio

n ¢ Experiment created on 2019/5/8 In draft Properties Project >
- Search experiment items jo) i 4 Experiment Properties
J STATUS CODE InDraft
& 4 i‘;i Saved Datasets L
4 My Datasets 4 Summary
uy g T
=, e — = \ Enter 2 few sentences describing
= T‘I’I_”, % o el EF‘ /Ll\ [ =] iy ] your experiment (up to 140
=g TripAdvisorOpin_200... - characters).
Samples
EE- Data Format Conversions
a' Data Input and Qutput 4 Description
. Enter the detailed description for
u Data Transformation your experiment

r 1 |

B

i::]

wim

; D Feature Selection

Mini Map ¥
Machine Learning
EE OpenCV Library Modules
|!j Python Language Modules [i"'i Iris.esv J Quick Help G
CR' Rlanguage Modules
Statistical Functions L S

Upload of the dataset ‘iris.csv’ has completed.

+ NEW - H av

SAVE AS SET UP WEB



2>2» Azure Machine Learning Studio

-. 4 Search experiment items p

=
‘g8 Saved Datasets
4 My Datasets
iris.csv

TripAdvisorOpin_200...

E-:) Data Input and Qutput
il.an Data Transformation

E

-0 Samples

ﬁ' E=_- Data Format Conversions
O

;‘D Feature Selection

Machine Learning

E'E OpenCV Library Modules
|’—_n Python Language Maodules
€R' Rlanguage Modules

2||| Statistical Functions

p_i Text Analytics

Experiment created on 2019/5/8

= b
=] iris.csv
X Delete
by copy
% Cut
@ Paste
@ dataset »
i‘ Download
Mini Map sl | = ;
- 1 :; Open in a new Notebook »
S riscsv J
['i" o
N

|

®

E
o
:

ap

SAVE AS SET UP WEB

n draft Properties Project

4 iris.csv

,O SUBMITTED BY

View dataset

clicka i@ EBI ol 1E

Quick Help

b

PUBLISH TO

blue085771...
3.78 KB
GenericCSV
5/8/2019 9....

SERVICE

GALLERY



2.Select Columns in Dataset

(EERAL/EmE)




22 Azure Machine Learning Studio

:]j Bz J /5 Experiments - Microsoft Azure X | st

<=2 e & https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/Draft/ViewExp... LV E O
i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis.. [ 5FE&FR:E-2019.. B BF B HIHEM YL YouTube & mp3.. »
Vicky Chen-Free-Workspace ~ e pRQ @
e < Experiment created on 2019/5/8 In draft Properties Project >
faml | Search experiment items §e 4 Select Columns in Dataset
4 Ggp vata iranstormation X o Select columns
1. BI2E R Edataset L
Filter Selected columns:
. . ~ Launch the selector tool to
Learning with Counts &) iris.csv make a selection
- 4 Manipulation
‘ Launch column selector
Add Columns
"— 2.
~. Add Rows
m 5
R {\-ﬂl Select Colum;s_l\n Dataset o ]
1
. "/
Clean Missing Data
9 Convert to Indicator Val...
Edit Metadata
Group Categorical Values
Join Data Mini Map v
Remove Duplicate Rows
. iaﬁ iris.csv
Select Columns in Datas...
Select Columns Transfor... Quick Help b
L?n Select Columns in Dataset L] J
SMOTE (1) Selects columns to include or exclude from a
dataset in an operation. Formerly known as

Upload of the dataset 'iris.csv' has completed.

e NEW H H a® ks

SAVE AS SET UP WEB  PUBLISH TO
SERVICE GALLERY




22 Azure Machine Learning Studio

:]j Bz J /5 Experiments - Microsoft Azure X | st

<=2 e & https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/Draft/ViewExp... LV E O
i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis.. [ 5FE&FR:E-2019.. B BF B HIHEM YL YouTube & mp3.. »
Vicky Chen-Free-Workspace ~ e pRQ @
e < Experiment created on 2019/5/8 In draft Properties Project >
faml | Search experiment items §e 4 Select Columns in Dataset
4 jp Uata iransrormauon ;O Select columns
Filter Selected columns:
[~ I Launch the selector tool to
g : iris.csv
Learning with Counts & e & stlaction
. 4 Manipulation e
‘ ‘ Launch column selector |
| Add Columns N ™
: BRI
. Add Rows b4
- ;?!II Select Columns in Dataset o
Apply SQL Transformati... f]‘_\
‘ \_/
Clean Missing Data
9 Convert to Indicator Val...
Edit Metadata
Group Categorical Values
Join Data Mini Map v
Remove Duplicate Rows
igi iris.csv
Select Columns in Datas...
Select Columns Transfor... \ Quick Help v
(?n Select Columns in Dataset L] ]
SMOTE @ Selects columns to include or exclude from a
dataset in an operation. Formerly known as

Upload of the dataset 'iris.csv' has completed.

e NEW H H a® ks

SAVE AS SET UP WEB  PUBLISH TO
SERVICE GALLERY
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& Experiments - Microsoft Azure X

& > C @ httpsy//studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/Draft/ViewExp... % @ E O @ ©

i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis.. [N 5F&R#E-2019.. B BF B WAEM YL YouTube & mp3.. »

Microsoft Azure Machine Learning Studio Vicky Chen-Free-Workspace e 'oﬁf @

Select columns

BY NAME AVAILABLE COLUMNS SELECTED COLUMNS

All Types 5 | search columns p All Types % | search columns

Sepal_Length EWMEIEA —>

Sepal_Width
Petal_Length

Petal_Width
Species g

WITH RULES

U WO R

5 columns available 0 columns selected

Upload of the dataset 'iris.csv' has completed.

e NEW




& Experiments - Microsoft Azure X

& > C @ httpsy//studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79.. Y @ E O 9% @ O

i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis.. [ SFE&R:E-2019.. BE B WEM %L YouTube E mp3... »

= Microsoft Azure Machine Learning Studio Vicky Chen-Free-Workspace 0 p&f @ &

Experiment created on 2019/5/8 » Select Columns in Dataset » Results dataset

rows columns

150 5

Sepal_Length  Sepal_Width  Petal_Length  Petal_Width  Species ’

4 Statistics
view as o

s # bl ol bk Ll HN
51 8B 1.4 0.2 setosa
4.9 3 1.4 0.2 setosa
4.7 32 1.3 0.2 setosa
4.6 3.1 1.5 0.2 setosa
3 G& L 2 SEtasE To view, select a column in the
54 3.9 1.7 0.4 setosa table.

4.6 3.4 1.4 0.3 setosa
5 3.4 1.5 0.2 setosa
4.4 2.9 1.4 0.2 setosa
4.9 3.1 1.5 0.1 setosa
54 3.7 1.5 0.2 setosa
4.8 3.4 1.6 0.2 setosa
4.8 3 1.4 0.1 setosa

4 Visualizations

Run5gi&
1R R Rvisualize BIE RS T HEA

Upload of the dataset 'iris.csv' has completed.

e NEW




#3.APPLY SQL transformation

4.Splitdata (F1EEDE )



2>2» Azure Machine Learning Studio

A Experiments - Microsoft Azure X

A=A & https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79... Yt 0 ﬂ O ¥ e (4]
I AR G Google (& Google Analytics I.. [} Facebook M 0514A]_DHL Exp.. [EJ Research [5) #stEimaspsia.. [ SF&R:#E-2019.. 5 E@ 5 #H%EM YL YouTube & mp3.. »

= Microsoft Azure Machine Learning Studio Vicky Chen-Free-Workspace - @ 8@ ©

4

Iris_example_OSOS In draft Properties Project >

Search experiment items je, 4 Experiment Properties

Draft saved at ;=4-9:56:05
‘E Data Format Conversions p START TIME 5/8/2019 9....

Q. END TIME 5/8/2019 9....
Data Input and Output B STATUS CODE  InDraft

4 @HII Data Transformation ] STATUS DETALLS ~ None
v

dnmid

wemy

'g Filter

= (

L < 2] ;

Learning with Counts ST Select Columns in Dataset v

4 Summary

Enter a few sentences describing your

¢
ﬁ' Manipulation ' experiment (up to 140 characters).

4 Sample and Split
Partition and Sample

‘u Split Data

Scale and Reduce 4 Description

@ Feature Selection Enter the detailed description for your

experiment.

@ Machine Learning .

Mini Map ¥
E’E OpenCV Library Modules '
¥ Python Language Modules B s

L 4

CR’ RLanguage Modules j Quick Help v

;?l]! Select Columns in Dataset v
2,| Statistical Functions

Upload of the dataset 'iris.csv' has completed.

RUN HISTORY SAVE SAVE AS DISCARD SET UPWEB  PUBLISH TO
CHANGES SERVICE GALLERY




2>2» Azure Machine Learning Studio

& Experiments - Microsoft Azure X

<=2 e @ https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79.. Y @ E O = s (+]

i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis.. [ 5FE&FR:E-2019.. B BF B HIHEM YL YouTube & mp3.. »

Microsoft Azure Machine Learning Studio Vicky Chen-Free-Workspace 0 %f @

IrIS_example_OSOS In draft Properties Project >
bk i R Draft saved at £479:59:16 4 split Data
‘5 Data Format Conversions p Splitting mode
. Split R 3]
E_) Data Input and Output igi Iris.csv | Split Rows '~|
® Fraction of rows in the firs...
4 B pata Transformation
h T [os |
= Filter
g 4 Randomized split
: Learning with Counts B Select Columns in Dataset v
i an Random seed
i Manipulation ) | |
- 0
- 4 Sample and Split x_\
! Stratified split
e Partition and Sample ¥ P
: [E —— | False |
o : it Data
T Y Split Data S P
o O—6
Scale and Reduce
: . 2 = LS5l A= o
’@ Feature Selection Split Data D EIEZE EEEORERURERIASR
Machine Learning .
Mini Map v
E'E OpenCV Library Modules
o fses
% Python Language Modules ]
8 umns in Dataset
(R RLlanguage Modules i e Quick Help Y
Z,| Statistical Functions Split the rows of a dataset into two distinct
@ @ sets

Upload of the dataset 'iris.csv' has completed. OK @

e NEW ®© H H 11} P 7|

RUN HISTORY SAVE SAVE AS DISCARD SET UP WEB  PUBLISH TO
CHANGES SERVICE GALLERY




2>2» Azure Machine Learning Studio

& Experiments - Microsoft Azure X

& https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79...

& S ¢ w © E O wy
i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis.. [ 5FE&FR:E-2019.. B BF B HIHEM YL YouTube & mp3.. »
= Microsoft Azure Machine Learning Studio Vicky Chen-Free-Workspace 0 %f @
oA < Iris_example_0508 Finished running ' Properties ~ Project
Wl | Search experiment items p 4 Split Data
n igi Saved Datasets R Sy N
B ag iris.csv | Split Rows ¢”|
ant = Data Format Conversions ) ) )
® Fraction of rows in the firs...
. : E_) Data Input and Output Z | 0.5 |
g 4 B Data Transformation ] Randomized split
: 9 Select Columns in Dataset v
L 1]
ﬁ' Filter . Random seed
o Learning with Counts | 0 |
e Manipulation Stratified split
4 Sample and Split B : 1 | False £
a [\Hll Split Data
A Partition and Sample @ X Delete START TIME 5/8/2019 1.
END TIME 5/8/2019 1...
. [y co
Split Data Py
X ELAPSED TIME 0:00:02.133
Cut
Scale and Reduce STATUS CODE Finished
: (B Paste STATUS DETAILS N
,@ Feature Selection Mini Map v ! 208!
Machine Learning o i @ Results datasetl »
f. (2) Results dataset2 » i“i Save as Dataset
a'il OpenCV Library Modules - ! A E R EE f{Edataset
SEn Select Columns in Dataset: v
E View Lo »
¢ Python Language Modules E g
] it Data v y . ¥ e
@ R Language Modules B Edit Comment il Visuslize into two distinct

Upload of the dataset 'iris.csv' has completed.

+ NEW @

RUN HISTORY

R

SAVE

Halp E; Open in a new Notebook

=

§
PUBLISH TO
GALLERY

SAVE AS SET UP WEB

SERVICE

@



2>2» Azure Machine Learning Studio

& Experiments - Microsoft Azure X

<=2 e @ https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79.. Y @ E O = s (+]

O SF&FE#-2019.. B E@ B WEM %L YouTube X mp3.. »

i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis..

igi Saved Datasets

= Data Format Conversions
E_) Data Input and Output

g 4 B Data Transformation

ﬁ Filter

Learning with Counts

e’ Manipulation

. 4 Sample and Split
‘G Partition and Sample

Split Data
Scale and Reduce

,@ Feature Selection

Machine Learning

a'il OpenCV Library Modules
¢ Python Language Modules

CR' RLanguage Modules

Upload of the dataset 'iris.csv' has completed.

e NEW

= Microsoft Azure Machine Learning Studio

o ¢ Iris_example_0508
Wl | Search experiment items p

2

=) iris.csv
Z
H . y
SED Select Columns in Dataset v
@

\

E %
(\m Split E;a_ti

75
O 2

Mini Map v
ﬁei inis.csv

|

B3y Select Columns in Dataset

® @

C) A

RUN HISTORY SAVE

= 1] ad
SAVE AS DISCARD SET UP WEB
CHANGES SERVICE

¥l

PUBLISH TO
GALLERY

Vicky Chen-Free-Workspace

In draft

Jo!

@ ¥ O

Properties Project

4 Split Data

Splitting mode

[_ Split Rows v’,|

Fraction of rows in the firs...

0.7
EEW 0.7 (70%/30%
Randomized split

Random seed
Lo |

Stratified split

| False v

Quick Help Ve

Split the rows of a dataset into two distinct

@

sets



SE!

‘Hto

JITIR

5. EEE a2 EHEE A (Initial Model)
Multiclass Neural Network



2>2» Azure Machine Learning Studio

& Experiments - Microsoft Azure X

<=2 e @ https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79.. Y @ E O = s (+]

i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis.. [ 5FE&FR:E-2019.. B BF B HIHEM YL YouTube & mp3.. »
= Microsoft Azure Machine Learning Studio Vicky Chen-Free-Workspace 0 %f @
P < Iris_example_0508 In draft Properties  Project ’
| | Search iment it i
i ki i p . Draft saved at _E4-10:03:08 4 Split Data
rartuuon ana >ampie .. itti
P ﬁgi TE— p Splitting mode :
. s
Split Data l Split Rois ',I
Sedlecand Rediice Fraction of rows in the firs...
. Lo |
(%) Feature Selection b4
Bl Select Columns in Dataset v Randomized split
4 @ Machine Learning wHn
{ Random seed
Evaluate
valu \ | 0 |
4 Initialize Model \
5 3 N Stratified split
Anomaly Detection 35_%?% '53% ’E T i
Classificati g ; . [ False v]
assification h
—_ @ @ START TIME 5/8/2019 1.
usterin
9 END TIME 5/8/2019 1...
Regression ELAPSED TIME  0:00:02.422
Score STATUS CODE Finished
i 7 STATUS DETAILS N
e Mini Map v one
E’E OpenCV Library Modules = View output log
& e
) Python Language Modules |
&5, SelectColumns in Dataset  +/
€CR’ RLanguage Modules 2 Quick Help v
atistical-Famctions [;?u Split Data 7 ] Split the rows of a dataset into two distinct
L sets

Upload of the dataset 'iris.csv' has completed.

e NEW ®© H H 11} P 7|

RUN HISTORY SAVE SAVE AS DISCARD SET UP WEB  PUBLISH TO
CHANGES SERVICE GALLERY



6.Train Model



2>2» Azure Machine Learning Studio

& Experiments - Microsoft Azure X

<=2 e & https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79...

i @RER G Google & Google Analytics I...

= Microsoft Azure Machine Learning Studio

B 051481_DHL Exp.. ES Research [ #st@s@upi. [ SE@RE-2019.. B B& B WRHA 1

mp3

w* VHELO ¥ | e O

YouTube ZE mp3... »

Search experiment items

n 4 Imualize Model

Anomaly Detection
(e Classification

Clustering

]
ﬁ 4 Train
e Sweep Clustering
: - : Train Anomaly Detection Model
‘G Train Clustering Model
Train Matchbox Recommender
Train Model
Tune Model Hyperparameters
E'E OpenCV Library Modules
@ Python Language Modules
€CR’ RLlanguage Modules
2“| Statistical Functions

5'§ Text Analytics

Vicky Chen-Free-Workspace

Iris_example_0508 In draft
Draft saved at E410:25:27
@)
igi iris.csv
®
| !
BB select Columns in Dataset v
AR ‘
®
B i /
Multiclass Decision Forest “gp Split Data v
- ‘ :
/ i#$ZTrain Model
Train Model (! ]
(1)
\_/

CHC)
I.DJ U

= = 1] P |

® [ x @

RUN HISTORY SAVE SAVE AS DISCARD SET UP WEB  PUBLISH TO

@ ¥ O

Properties Project >

4 Train Model

Label column

Selected columns:
Launch the selector tool to
make a selection

Launch column selector

Quick Help Ve

Train a previously created classification or
regression model
(more help...)

CHANGES SERVICE GALLERY



22 Azure Machine Learnino

& Experiments - Microsoft Azure X

Studio

¢« > c

=i EmRERX G Google

L4

Wl | Search experiment items
n 4 1nimalize viodel
Anomaly Detection
T

Classification

Clustering
Regression
Score
4 Train

Sweep Clustering

Train Anomaly Detection Model

Train Clustering Model
Train Matchbox Recommender
Train Model
Tune Model Hyperparameters
E'E OpenCV Library Modules
Python Language Modules
R Language Modules
2“| Statistical Functions

5'§ Text Analytics

G Google Analytics ...

n Facebook

Microsoft Azure Machine Learning Studio

Jo

B 05145]__DHL _Exp.. [E3 Research

Iris_example_0508

Multiclass Decision Forest
L ]

[

B sitBsanms.

[ FF&RE-2019..

Draft saved at _E4710:25:40

igi iris.csv

®
| !
?n Select Columns in Dataset v
®
\v
gl'ﬂm Split Data

Value required.

v
Train Model

(1)
/

CHC)
I.DJ U

H H

RUN HISTORY SAVE SAVE AS

FEPERIER (value required)

® [ = @

1] | 2 ad

DISCARD SET UP WEB

¥l

PUBLISH TO

Vicky Chen-Free-Workspace

In draft

& https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79...

= =5 B wEm

Jo!

w YVEALO

¥L YouTube Z mp3... »

@ ¥ O

Properties

Project >

4 Train Model

Label column

Selected columns:
Launch the selector tool to
make a selection

Launch column selector

Quick Help Ve

Train a previously created classification or
regression model
(more help...)

CHANGES SERVICE GALLERY



& Experiments - Microsoft Azure X

& > C & https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79... ¥ @ E O 9% @ O

i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis.. [ 5FE&FR:E-2019.. B BF B HIHEM YL YouTube & mp3.. »

Vicky Chen-Free-Workspace 0 %fl @

. Iris_example_0508 In draft Properties Project >

Search experiment items p 4 Train Model

Draft saved at _E4-10:26:02

n 4 Inmanze mModel jo) Label column
Anomaly Detection
yuny

igi iris.csv Selected columns:
Launch the selector tool to

yans ) 5
Classification Y =
r padke a selection =
: Clustering
= v - Launch column selector
= Regression ‘ .

= ? Select Columns in Dataset v —
Score L 1]
o IR ¢
4 Train \
a Sweep Clustering ‘ :
Train Anomaly Detection Model Multiclass Decision Forest Sgm Split Data v
@ ) 4 '

Train Matchbox Recommender /
@ Dataset (Dataset, DataTableDotNet, GenericCSV, GenericCSVNoHge

Q Train Clustering Model /

v
Train Model .
rain Mode Train Model 1] J
Tune Model Hyperparameters fi\
\_/

E'E OpenCV Library Modules

P[Er] Python Language Modules
Quick Help Ve
€CR’ RLlanguage Modules
Train a previously created classification or
2" Statistical Functions regression model

22 Text Analvtics = e o (more help...)
D: X yt| I.EI.I @ = ,O 'l.l' ‘:'

= H 1] ad 2

RUN HISTORY SAVE SAVE AS DISCARD SET UP WEB  PUBLISH TO
CHANGES SERVICE GALLERY




22 Azure Machine Learning Studio

& > C @ httpsy//studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79.. Y @ E O 5 |v (4]

i @AEERX G Google & Google Analytics .. [F] Facebook M 051481_DHL_Exp.. ES Research [5] #tEssdsipeis.. [ 5FE&FR:E-2019.. B BF B HIHEM YL YouTube & mp3.. »

Microsoft Azure Machine Learning Studio Vicky Chen-Free-Workspace e 'ORQ @

Select a single column

BY NAME AVAILABLE COLUMNS SELECTED COLUMNS

WITH RULES All Types 3| search columns es 4 | search columns
Sepal_Length Species
Sepal_Width
Petal_Length

Petal_Width FEEF8;81AYcolumn

U WO R

4 columns available 1 columns selected




6.Train Model
7.Score Model

8.Evalute Model
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& Experiments - Microsoft Azure X

<=2 e @ https://studio.azureml.net/Home/ViewWorkspaceCached/49869f3cb79c4c5ba997f5f6b5233dc0#Workspaces/Experiments/Experiment/49869f3cb79.. Y @ E O = s (+]

= EERRX G Google G Google Analytics I... n Facebook W 0514Fi_DHL_Exp.. [E5 Research B SiatE s Hupeg.. [ 5FE&FR:E-2019.. B BF B HIHEM YL YouTube & mp3.. »

= Microsoft Azure Machine Learning Studio Vicky Chen-Free-Workspace 0 %fl @ &

Iris_example_0508 In draft Properties Project >

Search experiment items p Dialt savertat EFA0291 4 Score Model
4 |__111:| Machine Learning jo) Append score columns .
Euliiaia ﬁgi iris.csv
4 Initialize Model 2
Anomaly Detection > ,\,
Classification ?HII Select Columns in Dataset v
Clustering @
Regression
4 Score y N
Apply Transformation Multiclass Decision Forest gm Split Data v
Assign Data to Clusters ¢
Score Matchbox Recommender \
v v
b @ Train Model
Train :

E'E OpenCV Library Modules

@ Python Language Modules

Score Model

CR’ RLlanguage Modules

\_/
2“| Statistical Functions
'_'é Text Analytics i O O 2 e a
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