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R-Flow 7| 2(1/6) - YIAE2Q 74

o2 Workflow 7| Task Resutt  [(% R Command Lite

Task Toobox n

? set.seed 4]

4 |_E_'} Script

B R Script

% python Script
» &2 Link
» & OAuth
» & Input Data
» [ Output Data

|
LH

Input Text 1

v [ Data Preprocess — —
b =@ Statistics 2liH9] IaSkEo L
¥ Machine Learning Drag&DropO}GI i Ol-:
v [ Feature Selection =M BXE +4d
¢+ 3@ Dimension Reductio

4 [ Neural Network based ML
Single Hidden NN
DM (neuralnet)
i

9 DNN (deepnet) :
Restricked Bottzrmann Machine
Deep Belief Mets

v @ Stuttgart Meural Network Si...

v [@ Autoencoder (Preparing on ...

Fid
X

ing 1 DKM (deepnet) 1

Data

?Ta. F. F\E‘ thﬁ

Input Text 1 Data Scaling 1 DMN (deepnet) 1 Qutput DB 1

X TaskE T2 R PackageZ T’dEl B EO0|L}, R Script, Python Script® AL = 2, TensorFlow, Keras, Sparkx= X| &
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R-Flow 7| 2(2/6) -

=M

J\E'| X

- o
Task Information ]
Y Data Subset 2 DNN (deepnet) L DNN (deepnet) 2 1 =
=L 0| :
Target Data df.scale.1 |v 101 2|_ - TaSk |nfOI‘matI0n
|
Model{Object) Name | dnn.model.1 i8] *FO'IIA'l TaskO‘"*'l * %Céi'
Merge Fitted Value olz=gi I: I ol E_I 2'_ A'.ol
Merge Data df.cnv |v 18] HE S A o *_IT?Sk o=
Output Name dnn.result.1 el = ﬁ = =2 %
Enable
Variable Name | Data Type |
¥ | Afc Afc L)
> fdoner | mteger Task Information %£t9|
age integer
= =22 |. Hl:
R —— puenace v — ArgumentsE 2&|5}'H, ol S -
-Flow Help
e OI A I
X u e Task Document TaSk PaCkage— E o 0
| BMI “| | » | osteoporosis I-"_T'_E
bchol ; o on
cno nn train {deepnet} R Documentation
fchol
TG Training Neural Network
HDL Description
LDL ]
Training single or mutiple hidden layers neural network by BP
Arguments
o Usage
problem type Classification ﬂ
. nn.train(x, ¥y, initW = NULL, initB = NULL, hidden = ¢(10), activationfun = "sigm",
infc\/ HULL learningrate = 0.8, momentum = 0.5, learningrate_scale = 1, cutput = "sigm",
initB NULL numepochs = 3, batchsize = 100, hidden dropout = 0, wvisible dropout = 0)
hidden 10 activationfun sigm hd Ar ents
learningrate ma rmomenturm
learningrate_scale output x matrix of x values for examples
numepochs R 110 g v wvector or matrix of target values for examples
hidden_dropout | 0F3 visble_dropout | 0} e it weights. If missing chosen t r
_drop ~1 _drop Ed initB initial bias. If missmg chosen at random
fitnti'ﬂfiin | . — y hidden vector for mmber of units of hidden layers Default is ¢(10). 4
= L OO O=Xx C o = = |
¥ £7 Task?} Ol R-Flow MH| Ol mH2 &= STt ol0|2= S&/51H HSH

w
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R-Flow 7|&(3/6) - HAE=2S Al K&

%R Management Tools
= = r ===
@ New~ P2 = E E’ = EE:.-I ol [ & Run All Task (i Run Selected Task , [& Batch Run @ Rename Task [S¢ Delete Task, Link
| | *

I____________]
\_) SIAE2(HH Task) E=
JL-|EHo|- Taskl:l|-° A-acl’q

—

..... N
£ Task Procession Log #% Task Console Log Ol'll:_H)" *'I X-] E.I 42, Clear
b OI - O—I = o= _le. Task Name Start Time End Time Exec. Time | | 15 A H I. =1 Yo} P
do|ot HIAERSE ME . . - - = TA| |16 RUSE JEf2L 21 =0l
ata Scaling by Scale In... 04:40:50 04:40:50 0:0:0:43 @ =
Data Subset 1 04:40:50 04:40:50 0:0:0:74 @ : 18 The following object is masked from 'package:base’:
Save Workflow .A0- A0 0 > 19
Data Subset 2 04:40:50 04:40:51 0:0:0:83 @ 20 Recall
Data Predict 1 04:40:51 04:40:51 0:0:0:19 @ 21
Workflow Name |Deep Neural Networl . 22
Data Predict 2 04:40:51 04:40:51 0:0:0:7 @ v
Falder Name | w| [ < >
Annotate |
Description

|@ Ok ||@ Cancel |
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R-Flow 7|=2(4/6) -

Al
=

A 21t

* A Analysis Workflow X

M3 A3} YAAEE Y
rte2 S0l 28

{a} Home #.'R Management Tools

[@ New - & of [ | [ RunaAl Task {0 3 Batch Run = ™3 Rename Task [G Delete Task, Link = Efp E.D.A &
03. DNN(dEEBIIEt)_ o

o Workflowl | 1% Task Resutt ommand Lite

D33 HEREEA

\ F e — ...
| E —

p 3 c Task2 2 Z1tS HIAMEN A =« 1 [
| 1] model name : dnnmodel1, pa[kage et, d

2 problem typ hidden init\W \ | v O0|E] M2 Task= Xt A| HHEE|= nomentum learningrate scale| output

3 |classificatid10 MULL NP A~ = - 1 softmax

5 =412 XMEE 7|IE2E HS

5 confusion matrix v Eo =4 Taske F2 48 440

6 0 1 BSHENX|BE XIS2E M3
7 0 51 21 —

8 1 8 12 6

= 2 11 20 17

10

il overall statistics

iz Accuracy Kappa 95% Cl Lower| 95% Cl Upper |Mo Information Rate [P-Value [Acc = MIR] [Mcnemar Test P-Value
13| 0.5298010.270134114| 0.446982307| 0611428023 0.463576159 0.060721729 0.001359168

14

15 statistics by class

16 Sensitivity | Specificity |Pos Pred Value| Meg Pred Value Precision Recall F1 Prevalence
17 Class: 0 |0.728571429| 0.679012346| 0662337662 0.743243243 0.662337662 0728571429 0.69387755110.463576159
18 Class: 1 |0.226415094| 0.857142857| 0.461538462 0.672 0461538462 0.226415094 0.303797468(0.350993377
19 Class: 2 [0.607142857| 0.74796748| 0.354166667 0.893203883 0.354166667 0.607142857 0447368421 (0.185430464
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R-Flow 7| 2(5/6) - 2#|=(AMH HZ only)

0

-|Jgog x|.5 Al

ol =l

Schedule Information

23E 3

BEr
g3s=2 %
umEs

[

=2 oo
Z % [2016-12-28 ML |
AMEf Waiting
~HE =S
AE A | ZELM AHEf
?
pEORE 22 oAl 0B M i Waiting logistic model
Ojg Z2 oMo 2 Waiting logistic model
Ojg Z2 oMo 3 Waiting logistic model
Ojg 22 oMo ¥ 4 Waiting logistic model
g 22 oMo 5 Waiting logistic model
30161727 u 3016 Oig 22 oM 02 & 6 Waiting logistic model
‘ Oig 22 oM 02 & 7 Waiting logistic model
O T2 oM 02 & 3 Waiting logistic model
Wee O T2 oM 02 & 9 Waiting logistic model
mE 128
O ] sz OhE 2L oAl oE & 10 Waiting logistic model
Oz 1 +22
[]a [ 1522
Os 1322
e [] =22
Oz [ z=2g
Js N
0o Task S5
Ot = =
AEA| EELA 22 HAX
01
1
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R-Flow 7|2(6/6) - 2| Z& (& H™™ only)

: =4 21 Ho|E = 7|E
' H|O|E{ 2} Z g5t -
CHA|REZ 749

&0 & B
ELEERL

A B B - 49 VD AT 0| | sea An aw ux an
Purpese X1 Sand T v~
Cable Los
Fender Set - FR7
' ah ik - 3483 |
= L I
L]
|
AHE cttle Cage v
e B +u#TopsHE- ¥ BN B | nEovs-vio e
2 ERE]
B8 [ nkl] .
wi0em -
A +153K || A o
2006
LE] NHERE
wi2om i
A +6.23M 23.00 % 100¢
HOJE &2
sojsg " fer sal bprod
o Q oz = - Resslser Sales TOP 5 SubProductCateq... v
ox
W W s se o - ¥ = o 3. o
- ok 2 8 a5tk 4 Il N . e [ FI] - B B 8= 2 .3y P T
S B LA I N M B Gl PP EERE
A ENEM o g u By A | EEmen
EEes
Y| meesw
A |B| ¢ | b | E F| & H 1 )|k (L M | N | 0o | ©° mE
1 EELEE]
2 Adventure Work CHZIE ®ofl #2 BN =k
3
4 Tops HE Bottom 5 HF
5 g EEH THES 9 FAUE AE EFEY7L mOE | Bl
6 CEXEA 80418 28321,30046 | (2,54072042) - nﬂ% EEEESS oss || 137 67a00 |
7 ot a7 |[11,00438 25110,0043¢  2,065393.81 1216 28/40% 197 B 207 2s5me0 [
3 27 xu [ olosd [eatss [idsesco [ME3s6200 1004014582 (142170744 70 LE 77400
9 der Ty 38308 [ lazo31 [hserco [ s03as60  4577,667.92 143,847.39 31548 ELE] 207 ] 472 [ 241100
10 c=ag | [32489 [ | 336.26 h 66100 ] 6669356  3764,771.40 23,825.70) [ oA+ s s2s T199]| 113000
1
12
3 oz =
13 |
14 | as7s7sy S7EATTLAD of .
» sheett | HETops | HEBottoms | X|%Tops | A %UBotioms | FAEE Tops | T .. @ i [¢] ] ]
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R-Flow £ & ¥ CI2EE (software.naver.com0A R-Flow Z44)

= SMMNF EF W PCe| 032 Hebsn ey = ¢
27 Em CHEEES T0(EH 2 72T
v2.0.0.7
_ e dedede 5 (4)

OFEIHA  v2.0.0.5

gdlolE 2017.12.11.

AREHE 2] - Y, =L

03 Windows -

FetRlAl =l
HEEAbe| CHE 300, B4 BAIE

Huwasum ok Analvtics Ol 0B * 2]

EHENOR =
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R-Flow O |

* A Analysis Workflow  x

@' Home >R Management Tools

pi
@ruew- ® HE @ 8B & B & oF & 5 run Al Task iG] Run Selected Task Batch Run | P Rename Task [S; Delete Task, Lnk = B ED.A ] Custom Task Designer L'_'@IF @_D;r; E:Empl_e |
— - -—
Select Example *
? | Ml ;,
» B3 04. Simliarity based ML /

v [@ 05. Information based ML
» [@ 06. Bayesian based ML
4 @ 07. Clustering
¢ @ 01. Optimal number of clusters
(M| 01. Density Based Clustering
[ 02. Fuzzy C-Means Clustering
[ 03. Hierarchical Clustering
[ 04. K-Means Clustering
W 05. Self-Organizing Map
(M| 06. Spectral Clustering
v 3 08. Qutlier Detection
4 [3 09. Recommend
(M 01. Evaluate 3 Recommender
[ 02. Recommender
» 3 10. Association Rule Analysis
» 3 09. Text Mining
» [ 10, Predict & R Obiect

FR Task'E 2 o7
HIAERLE HIO|E{Qt
2t M=

|@ Ok ||i:§ Cancel |
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R-Flow 7| &

Workflow, Schedule, Visual2 Cj|O|Ef

| -
e

-»»> R-Flow

Visual (f+& H7 Only)
Dashboard

Workflow

Workflow

o=

Workflow

o=

=4 Workflow

1 Workflow

Schedule (M H7H Only)

R-Flow
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R-Flow H|E &

ila| R-Flow Desktop

i I

QO 2=
= HJO|E| M 7|52 pCojA 0|2 - Ho|H AZEQ0o| CIREE
(@)
= PCO|A| Repository &2| O 7=
- 2gtel olx
. G7t0|ER
Zll R-Flow Server
- & On-Premise

= MH{O|A| Repository £t = o=
- 22| YA HIE 7S ® On-line

- 2L E A8 2F
- @A O|EE
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R-Flow X|&+ H|

- Windows PC .
7l Linux Server
28 =43
2M ool o (o] o]
AL X H9O| Task X 0 o)
Workflow
U/ &S File File & DB File & DB
SEELCE-T
(UEL7I/22(27)) X © 0
Schedule Workflow 2H|E SE X X o)
Dashboard X (0] (o)
Visual
Excel Report X (0 (0
Repository PC PC Server
AR XpEt2|, Aot X X o]
Nelys8 2d A
Hol/Eg 2|lmE X (WE HZ, 2 °

X Dashboard/Excel Report input data : File(csv), DBMS(Oracle, MS SQL, MySQL, Maria)
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R-Flow Desktop (F&)

»»» Windows PCOIM R 2 ALETtL|C}

A
é File (TXT, CSV, JSON) El|O[E{ 24

Client Spec :
1 EEC LR RN 2 BEELTERE

» Windows 7 over
EMCHA OOJE =2 Hi Z ALO| E (H|O| )| F7| M= R 3.4 (64bit Core)
File(TXT, CSV, JSON)%} 7= HlZSH, 3L XU = 7t

DBHZ, AHE X| X5 AUC)|0| E7} OhE|H, Af%xrlvtﬂ HIE L0 i,
AFO| E (L|0|H|)E Bt2 510 X[ Al H{HE TensorFlow, SparkS
C}2= C540j0F & - x| gigto mat 2 2/22
= = HH 25 64 H[EZ HZ

14 R-Flow



R-Flow Server

L]

TUe FR
DBMS XU
Appliance

b,
H -

Server Spec :

x86 AE 64H|E

Linux (Centos 7.x over, Redhat 7.x over, Ubuntu)
16G Mem

3G HDD (=211} R AX| &, o] H 2l
R34

Java 1.7 over

Client Spec :
Windows 7 over
64H|E

Office 2013 over
R 3.4 (64bit Core)

AL HH,
EIMXME E
o= ME}
ClolE &
AHof

X ZEHstn 2|

Desktop

Client
IS OOl E

Analytics Application

WAS(LEE =

nx

x|

ogt

)

LI =& Repository DBMS

X RI} WASE S AHO
A X|z|ojof gt

Desktop Client

» ZEIXL 71S
HaM C|xpelat Bz 7|5
EZERE (PO BN +=8)2}
HZHEE (MolM BA 43)

X ZHCHot HlAE 2A S ME HE
20| PCLiOflM 3t7| EdtE B0
2R FM
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R-Flow Server QIE{H|0|A

File i ! :
(TXT > R-Flow £2t0| 2 E(PC) i R g;lt;m
Csv) | i RC}2EC (R, R )
l i HTTP
R O7|X| &= mr
@ RxHSl AL '(T P/IP) G E LA} XY X Port
0|5 _T'_F'_=|o|-0|, = DWOAM EMCjAO| &= 8080: WAS ¢

Clo|E{ & *-1 CHEA 2 Data Lake)O 6311: R Sever A2
QIR A7 =
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R-Flow®} R, Python, TensorFlow, Keras, Apach Spark

»» R-Flow2} R

@& R-Flows= RO| AX|£|0] Qlojof BhL|C}

® ct= SHME=ER EEE R Package XIA| £/40] 2} @ {F7 &gt = Ao, oo w2} FE
CIHE2|0f] RS XS AHE "-‘._J’éé.'—ltf

@ R £ R Packagel| YOOI E, 710 2} R-Flowr= 3~570¥ 7|2 ¥zjo|= gL} H|o|E
-_rl"7|' HHY = Rl Hio|X HHYHO| A= d20=, M HHL| ROA R-Flow?l SE5HX| %2
ol L|C}

M H

»» R-Flow®} Python 5

3%, Rt OREIHX 2 oS S E0|

I

rir

@ R-Flow0|M Python, TensorFlow, Keras, Spark =& s}2{
X E|lof 2ojof L|LCt

@ Python, TensorFlow, Keras, Spark HHZH0f| M2} Ho[E = S0| HHY = Z 0= Re| 00| X
HZH A3}t OpE7EX| 2 R-Flow2| ¢2|0| =& 7|Ct2{of gL}
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Workflow &<

»» Workflow £ 4= et € HIO|H, HX, 24 ZH, =5 H|0|EE FolgtLIct

=

—

kB RANN ek MR WEDA

BEEES | reme

-

Comslation (eridall

2) HIO|E| Rmol B HlE

-
& & R I

retumm_source retumm_count compain_refurn_merge
m | B F B E OB S 4 B SRR DU ETEYE PraBuin) Bsial GEDA |G

complain_ccunt , | comelation_1

£ iorkfow | 5 Task 3 | R Command Lt
Corm ¥
s
rR— WE as E A | == Swpies a8 - -
"—-‘”“anjusﬂh a EoEom @ g el % 1 X w. ¢ i
(= e ol e % 3 B 5. | B
@ TmkmEEd & SULBNAT L o
Bz m Aman | EEam | aang FTITY L = = L L {0 - FEEELS o
CEET) @ | §Eip | 26AD Lol B argumects @) i - =<
S I
et A
oot e
cond el g i
AT Admiistraaor MAL R 0 2017-10-13 O 15007 B4
» w0\ @ 5
5| %
W e W e e
4 §... ampian court e
»
u
= argumers
= ‘complain_count n (]
e[ ded
o Vlpawman 7 kent
speaman
et o a

+ | i source | complan, count | rwhun, court | commplan, wrm, masge | Caneltion (pearion) | Corml £ <
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> ALZQ| Hold

@ HW7IXE #S 29 210 24 -RIYIXE RS LR 80|, Ol0|22 2 HISEl= 300152| H|0|E
HHE| 7|52t 6001 F2| SAH/MME Y /x[Ht RFS

!
ko
g M

ra
H>
J3
1%
mjo
Ral
on
A
o
m
bal
Q
>
re
n
rir
N
111}
Ofm
X
Ha
ogt
nE
o
()
—r
Q
c
(o
Ras
|m
mjn
N
ri
o
Hu
=
Okl

»» 22| ol mHold

(<
14
Ju

, 53 - CtYot 2AA (DB, File, AP)ERE Y n CAFSH HA(DB, File, Visual)2 2 &3

Q =y ZzhA YA - Hj0|E %!E#a ENX| DE CHHE Lt A== = Moot M,
SESl0] MO R MAIRstD $H
@ 0= 2E SE_SHEE BEM pdle oS mEE SE50], 0=, THHo| HA M8
X 2 HEM B y=ax+bE M E510] y=2x+12 LQUCIH, 0| M S 0|5 REHE SE5t0, ME2
212 ojo|E{Qt HABIN o= c1|0|E1s S2ols W22 YaE292 Holstol A8
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Workflow - Input & Link

»»> Input
& Text & Web Text & DBMS - Ct4st RHO| HIO|EE AHS

@ Google & SNS - Google Analytics, Big Query, Google Sheets, Twitter, Facebook, Instagram?|
HO|E & +=T5to] =40 0] &

@ Data Service — Open API, Web page Scraping, Quandle APIZ Gj|O|E| =7

@ sStats — SAS, SPSS, STATA H|O|E{E HE

»» Link

® ™A EHE - Python, Tensorflow, Keras, Spark

® 1-Workflow, N-Platforms — R2 MK 2] & PythonO|L} Tensorflow2 24{5l1 ZilE RE

AlZtetsts WAlo 2 S8R Python A4S Object UEE X|g)

20 R-Flow



Workflow — APl A2 0f

Task Information

Q Quandi 1
Output Name

Quandl.api_key

quandioutl

Quandle 2|#7IY = 2 key BEE
U 2, S™EUCHY o[, 7|1Zh Tt

HHY M CHFoHAl =3 7ts

data Type e table time-series

database code MER dataset code F1
compnumber 139102

start_date 018-03-25 end_date | 2018-03-25 g
(7| Enable Draw Graph  [v] Descriptive v

# When there is 2 lot of data
Draw Graph, Descriptive operation takes a long time.

—-—/)

Twitter 2|71 & A2
ot Qe © QU EEZLE X EolH

SH BHYA CHESH 48 7Hs

Y
Twitter Trend
(Preparing] 1

Task Information o

i:} T

2 OAuth for Twitter 1 rSearch 1 Twitter Retweet ¥

( consurnerkey | |

| consumerSecret |

\
|
|
|

|
| accessToken | |

| accessTokenSecret | y

L
% | #0c
’ 'cormnuml
| reportid QI— "o
| mapcode OAuth for Twitter 1 Twitter Search 1
| amount
reportdate _..o
Arguments |
: Twitter Retwest 1
Enable

# Perform OAuth authentication procedure for twitter connection.
For more information, please refer to the following URL.

| https://dev.twitter.com/apps/

21

R-Flow



Workflow — R to Python 0f

Pythan 1 Input Text 11 R to Python 1 ) | Pj,rthcm Script 1 ) Python to R 1
- - —’ ————— \_ —-— -
/ AN
Task Information }\ Task Information "
L ? i A < & 3
@ RtoPython1 | €4 PythontoR1 [mhInput Text 1 ‘ AT T B e R )
[*] Enable
Enable .
Python Script |5
UL S 1 from sklearn import datasets
R Object Name | Python Object Name 2 import pandas as pd
r 3  from sklearn.cluster import KMeans
v | df r_df | 4  import matplotlib.pyplot as plt
- \ 5 import seaborn as sns
6
7  model = KMeans({n clusters=fk,algorithm="auta")
£(r_ df}
. 9 predict = pa-DataFrame(model pr‘edlctsr df))
RO'"A'I Pythongﬂ ﬁlzal-cé!' 18 predict.columns=['predict'] 01 M A P
ObjectZ Ho ScriptOlA| ALE5t=
) m =
ntelojEl E§ XS EA|
o -L
< 28U s HaAAHHH
..... SHSE A o
| NTEPSTE
Gr Generate Parameter
Parameter Name Param. Value
v | @k 3

22 R-Flow



Workflow — H|O|E| FX{2]

« B ata reproces 1 outa Subses »» BIO|E| HHE|= o 0|4 JhE e
4 [[J Data Cleansing B Data Filter A|7|'° *.9.'61-" xFO1 0 I OI' |
PR e =
Missing Data FHE Data Aggregate
Hg Remove by Rule [ Data Sort
Ef Remove by Correlation Data Join
Remove Duplicate Data PRy Data Merge
4 [ Data Convert FFy Data Merge (2 data.frame)
Change Colum Name ) Data Sampling
|E-_‘| Conv. Data Type
EEE| Conv. data.frame
T (=] I=
B Create data.frame e h@: . -EE- -I‘FEI
Create Dummy import data na value clear data aggregate 1 data join
k=) Data Anonymize
E| Data Categorize gﬂ
WBC Data Encoding (beta) data aggregate 2
EH Data Imputation 03. Data Aggregate
Data 5L—ci|II'IEI 2 workflow | 2| Task Result | [i3 R Command Lite
Data Scaling by Scale Info. [H21 MHERE
#H Derived Variable 4 8B lc[ o E | ¥ S I S I
. |1 df.agg Mumeric Descriptive
4 Ij Strlng 2 n mean sd max min range nunique | nzeros igr lowerbound | upperbound
[ Merge 5tring 3 osteoporoy 3 1 1 2 0 2 3 1 1.25 -1.375 3.375
4 donor | 3 204B4.04165634 282 115 167 3 0 11675 -10125] 423625
At Replace String 5 behol 3195.9039133f.578497615p02.9913043[189.2553191] 13.7359852 3 05.091344147/180.2232015211.3652265
B8 spi _ 6| fchol 3/186.1394397)7.713665776/194.1475261[178.7588652[1 5.38596084 3 0/5.911512204/168.7675283|203.1974453
Split 5tring 7 TG 3 44258.97435054 484 407 77 3 0 4025] 360625 519875
1 Trim Whitespace 8 cholgap | 30.764473511D.842542034] 10.4964539.843476261] 1.65297564 3 0[1.245751493}7.529856076/12.09359538
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Workflow — &M C|0|E{ E4{(EDA)

»> EDAE EE9| FOoM H£HE0 2

D D N U N N N NN

Descriptive
Histogram
Boxplot/Outlier
Covariation Plot
Correlation
Duplication Rows
Missing Data Rows
Pivot Data Analytics

M
=

i SAlof

EEII-LH ol

-1 a0

PEREELCES

Gjojg [firisDt

[¥] Descriptive | i Histegram B Outlier

[i=] Numeric Character
n

Sepal_Len 150

Sepal_Width 150

Petal_Leng... 150

Petal_Width 150

— O X
- @
=:% Covariation Plot  [=¢|Correlation Bl Duplication Rows  [X] Missing Data Rows B Pivet Data Analytics  [JF < *
mean sd max min range nunique nzeros igr lowerbound | upperbound | noutlier
5.843333.. 0.828066... 7.9 43 36 35. 0 13 315 8.35 0
3.057333.. 0435866.. 44 2 4 23 a 05 2.05 405 4
3758 1.765298... 6 1 5.9 4 a 3.55 -3.725 10425 0
1.199333 0.762237. 01 4 22 o 15 -195 405 0
@ HAE HolH 24 = m} X
HIO|E |inputDt i<
[¥] Descriptive  gfji Histogram  [§§] Outlier  z2® Covariation Plot  [2¢] Correlation & Duplication Rows  [X] Missing Data Rows Pivot Data Analytics | [0 R Command Lite
% Chart Options |F Pivot Options | /] Provide Data By Columns [ Export
Variable Name | Data Type
= 4000 &l
v
[ Bt
menopause integer 500 m:
age integer
BMI integer 3000
osteoporosis integer 2500
osteoporosis1 integer
osteoporosis2 character 2000
chol integer -
» | cholt integer
TG integer 1000
HDL numeric
LDL int >
Ll L VT
ucese teoer , i 1 It I il il IR |
insulin integer 20 5 30 35 a0 45 s0 55 60 85 70 7
HOMAIR wmeric j—m-sy-—e—m—m—m—m—
HbAle numeric chol 05te0porosis «
oc integer age - Jo 2 =37
HTN integer 21 ' 179 ~
DM integer 24 232 232
SMOKE integer 25 150 150
gender integer 26 360 360
pre integer 28 178 178
post integer 29 474 152 626
30 162 446 608
31 473 473
32 309 376 168 853
33 681 232 913
34 900 515 1,815
35 206 547 1,753
36 1,800 1,800
27 029 490 1519 hd
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Workflow &AM D El _ Gtatistics

> HEHQ SAH 2 - 7|2X2l AHM =M 2| 2HNX]| M-S
4 =@ Statistics 4 [ Hypothesis Tests 4 [ Regression Analysis

b

b

A Correlation Analysis
£l Hypothesis Tests

@ Analysis of Variance
@ Analysis of Covariance
3 Regression Analysis
L@ Time Series Analysis
E3 Survival Analysis

C@ Factor Analysis

=@ One Sample T-Test

=@ Paired T-Test

=@ Two Sample T-Test

=@ One Sample Wilcoxon-Test
=@ Two Sample Wilcoxon-Test
=@ One Sample Chi-square Test
=@ Two Sample F Test

=@ One Sample Proportions Test
=@ N Sample Proportions Test
=@ Goodness of Fit test

=@ Test of Independence

=@ Test of Homogeneity

=@ Correlation Test

=@ Kolmogorov-Smirnov Test
=@ One Sample Z-Test

=@ Two Sample Z-Test

=@ Test for Normality

4 [ Lasso,Elastic-Net,Ridge
=@ Optimal lambda

@ Lasso,Elastic-Met,Ridge

=@ Multiple Linear Regression

=@ Partial Least Squares Req.
=@ Principal Component Reg.

=@ Simple Linear Regression

4 @ Survival Analysis
=@ Kaplan Meier Curve
=@ Log-Rank test
=@ Cox Regression
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Workflow &M

-I

M R H — Machine Learning, Optimization

> A
EiX| S)E &

it XMt BHS HIots oHH, FHIE St

d'8oto] HE

d Machine Learning
v @ Feature Selection
» @ Dimension Reduction
v [ Meural Network based ML
» O3 Similarity based ML
v [ Information based ML
» @ Bayesian based ML
» O3 Clustering
v [ Outlier Detection
» 3 Recommend
» [ Association Rule Analysis
v " Text Mining
4 [Z5 Optimization
5 Integer Program
g Linear Program
g Network Flows
g Queueing

4 " Text Mining

4 [@ Tokenize
&, Tokenize Text
E} Tokenize Gram Text
55 Tokenize with DTM
[EDR Tokenize Text (Ko)

4 [ Token Analysis
Token tf-idf
@ Sentiment Analysis
ﬂ' Count Pair
&P Correlation Pair

4 @ Latent Dirichlet Allocation
(& DTM with Text
& DTM with Token
[2h Latent Dirichlet Allocation

* Wordcloud

BYPEAE

aro|'d, o] &#|

4 [ Outlier Detection

4 [ Univariate Outliers
Outlier by Boxplot
Outlier by Robust Boxplot
Outlier by Z-Score

4 [ Bivariate Outliers
Outlier by Regression

4 [ Multivariate Outliers
Outlier by Cluster
Outlier by Distance
Outlier by LOF
Outlier by PCA

4 @ Tim-series Outlier
Time-series Outlier
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> 2o e S9HE HjojE H/F ME|7F He

4 [@ Recommend
@ Convert RatingMatrix
@ Mormalize RatingMatrix
@ Pair Dowwn Matrix

ALS (realRating)

Gen. evaluationScheme }
Evaluate a Recommender

¢t 30 ol 7IsS &M M-S

4 [l Association Rule Analysis

FH 2P0 22
NEE RatingMatrix2
E|o|E] X2

@ Convert Transaction Data
= Convert RL.I|E'.'5 to |:|a1_—:| frame

. Associatigr=—=

Association A A]

ALS_implicit (realRating) (Prep
ALS_implicit (binaryRating) (Pr

AR (binaryRating) (Pre
IBCF (binaryRating)
IBCF (realRating)
POPULAR (binaryRating)
POPULAR (realRating)

RAMDOM (binaryRating)
RAMDOM (realRating)
RERECOMMEMD (realRating)
SVD (realRating)

SVDF (realRating)

UBCF {binaryRating)

UBCF (realRating)

[& & [E [E (& [E [E E (6 [E E (6 B E= (G G

HlolE A4 X2|et 2
DB:r"xEo' I-lII-C’
Ho[E =X 2|

U
1 2t
2t

ol

4 [ Clustering
4 [ Optimal number of clusters

B within Sums Of Squares

B Average Sihouette

B Gap Statistics

Density Based Clustering

Fuzzy C-Means

|

Hierarchical Clu
K-Means Clusteri
Self-Organizing

SHAEH H4

x| H=S
Flet Mg

(& [ (& [E [E (&

Spectral Clustering
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Workflow — AIX} HO| Task (& HH)

> AF2XF7F ™ TaskE THEO{A| A2
@ Lioto| IR EZRQE RHSIE ZAXNE LT TaskE |50 AtE

@ Task 0|8 Al 27T nj2t0|E{Qt I A|E0f LtEFE Zat HO|E{ = ALEX}7L e

Custom Task O x
e @ H

Custom Task List Task Information
Task Name Task Title.

7 | afc

Description

Date of Publication | |

:{:‘é‘ Task Script [Q Set Task Pagrameter  [2H Draw data.frame in Result Sheet
1

™\

Task 7| = —
ask 7S MM DEt0|EE Kol

o mjo
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Workflow M3l - 22 B E ys A RE (MH HH)

»> AFEXIZL 2 TaskS US0{A ALE
@ =Z DC AL 0 - UEH3 HAE I Z2 2= L PCO|AM M3l

@ MH BE ALE 0 - AZE 38 YIABEZQL U8 Y UEY X0 LR A= MM 4

@d7- » H H
> I\W Ak
]

M7 (EZ 2E)
M7 (MH 2

-

i@ qm

AN

1\

UEEEES

28 922228

LR , I,/J'
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