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2.1.1 wiaRaLAgaUN193AIzidaya (Data Analytic)

2.1.2 uAnfefunsuanINadiaya (Data Visudlization)
2.2 N

2.2.1 neufifeadunisinnistiayannningy

2.2.2 nqufifisaiunisiuniiesdieys

2.2.3 nquifeatuniseenuuulassatnoiules

2.2.4 nufifienuyafds Python
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2.2.6 NquFAEatINIg Visudlization
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2.2.8 NquFifieatun13nn9vin Random Forest
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Bar Column Line Area Doughnut

Bubble Chart Spider and Radar Scatter Comparison Chart Stacked bar chart Gauges
= . L
AINN 2.1 waEN Data Visualization

(ﬁm: https://1stcraft.com)

2
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1) Distribution Histogram ﬂ‘j"IWLL‘VNLL‘LI‘LILQW’WﬁLL@IG’Nﬂ’]’]NNNWHﬁ"%Wﬁ’NﬂEHﬂ@LﬂH

nHIANY

Histogram of Weights

Frequency

1325 1245 1365 1385 1405 1425 1445 1465 1485
Weights

AN 2.2 uFAS Histogram



(ﬁm: https://online.stat.psu.edu/stat500/book/export/html/539)
2) NETWORK/FLOW
Network Graph Huamsaansidenlevanaindatnemdnnanudnius ungu

Degree Closeness

Betweenness Eigenvalue

e o
s 29
o N

ﬂ'lwifll 2.3 uam9 Network Graph
(ﬁm: https://link.springer.com/)
3) RelationshipHeatmap THuamsgtuuumndmiusoasdoya lnaezuansnanuily
suuLree" R Fausiazdazisuanisziunnivasnginasy uwilisudiasmuansing

& v % =
W@ntias [Fannd

IMPAGT

PROBABILITY

AN 2.4 LR Heatmap

(ﬁm: https://www.neugroup.com/)
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4) Comparison

Stacked Bar Chart Tu3esuifieudmasanuazdnsauandeyanaiengy anasmu

1
(%3

! A Ay ! a
ﬂﬂ’]uﬂqﬂLN@N‘H@N‘JZ\]‘MN’]HﬂQNNWﬂLﬂu\Eﬂ

Compare sales strategy

B Product A [l Product 8l Product C Product D
600
400
200 . I I l l
0
Strategy 1 Strategy 2 Strategy 3 Strategy 4 Strategy 5
AN 2.5 LaAs Stacked Bar Chart
(i https://www.smashingmagazine.com/)
5) Ranking

Bump Chart Tuameniswasnulasanduassdayalunaugosnan Tnalifinedas

Wi mdiayaFdnedn

Sales Rank by Country | 2017

January2017 February2017  March2017  April 2017 May 2017 June 2017 July2017  August2017 September2017 October 2017 November 2017 December 2017

AN 2.6 Uan9 Bump Chart

(ﬁm: https://vizright.wordpress.com/)
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6) Time-Series
Line Chart ThuBeuifteudeyaiiaguualiin (Trends) Tnapneaziftausufifasaiaa

Time

Total Units by Month and Manufacturer
Manufacturer ® Aliqui ®Natura ® Pirum © VanArsdel

2,000

1,500

ﬂ’rwf/il 2.7 LAAS Line Chart

(ﬁm: https://learn.microsoft.com/)
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Hadoop waz Spark Angnl¥dmiunisdszusana Big Data goalfigsfiasineg danisuas
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Business Data
Understanding Understanding

Data
Preparation
Deployment E —
Data Modeling

Evaluation

NI 2.8 LEAS CRISP-DM

(‘ﬁm: https://kamboonchob.medium.com/)
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MaunsnnTA o
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5) Evaluation n19Uazifinunalains naaauluinadudayanaaauifiodsziin
Uszdndnneasiuing

6) Deployment N335 NAaN193LATA (UTE sianenanisiiassiseguinnsmseii

fendes WalansaiUlszyndldiifndslonidagsia
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AN 2.9 UAEN ATIEENULU I e asL

(ﬁm: https://www.g-tech.ac.th)
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g‘i.ln'lwﬁ 2.16 Residual sum of squares
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2.2.7.3 Classification Tree A® Decision Tree A#&1MSUN19%1 Classification
Tagazl¥ Gini Impurity %938 Entropy 1{114 Objective Function Tumﬁmfmﬁﬁﬁthmmm

#aya (Split point)



260

. LA o . = ] A £ a
— Gini Impurity Ag N17199AA1T Impurity 1198 ﬂ’]ﬂ’]’]NTNU‘iZjVIﬁTuﬂW‘mﬁuw

1
a

Target 2BNNEHAIgNULNEBNNIINAILT WWrnigaamdntiaen Impurity Besinfideutisiaya
BANN [ARIHLEY

— ANSAIHIBE Gini Impurity A N15HABINAIINTBIATATNUa v u B

L3 L4

A 1% ' 1 @ P
m@lﬂ’ﬁmﬂLﬁ’lﬂlﬁ@Nq@mm’m (1|u ﬂ’]ﬂ’]qNu’]‘VtLﬂuﬂ@Qmﬂﬂ’]‘jMWL‘i"lﬂlff"’?)

K

G = Zﬁmk(l — ﬁmk)-
k=1
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2.3.1.2 dupauntainemeadliaunas RopidMiner THomluguuun Workflow-

@ ]

Based Data Science Tnefjl#a3n9nszuaunisiinsnsilioyaniunisainuazans Operators

Y
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2.3.1.3 RapidMiner filuiaa Machine Learning MAIANATEUSZLAN (8w
Supervised Learning 81149UN19%11418 L%4 Decision Tree, Random Forest, SYM L@y Deep
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Set anTiaABn lMARTIFBIN1991n Operators Panel LLéﬁfJL%'ﬂmi@ﬁ’uTN@@ Train Model Wiiafin
Taimany Training Set 13w Linear Regression §1m5udagatBeUZau1me w3e Decision
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nagauluiaaiy Testing Set u&a15uUn131AmasHag Optimize Parameters gavingna Run
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Read CSV XY Linear Regression
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wi s
v s
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o) i ¥ med [} q per
par[) v v

v
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evaluation,

gﬂmwﬁ 2.20 naaE9luea
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AMNNIANAN2EY VS Code

1) sminiwnuazsanda WnllsunsuudlalinfiinmlEsnSuasaouanns (§7

2) 9895UNANLNTET HINZ5BNN159895 JavaScript, TypeScript, Way Node.js 1HH7
uAzfldUENYFMELNENEN 184 Co, CH, Java, Python, PHP, Go
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4) 58950 Git AN19AUAN Git WAz GitHub Tusia FaalFiinWaunainisarinen
fluszuumuareifulan idasnanainllsunss
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WABLANNIIE1NI9Y119734
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2.3.4 Figma
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apnuUy UX/UI TEadnsaning dumenusnAenisadne Frames amsbusazninasaiunse
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2) Prototype WA Interactions Lﬁ'ﬂﬁwﬁwmj ansaEnadslslaind i laenas
Bonnnslinouszndns Frames @4 N13ARN N191AeW Waanswasuaniue iazgan
aHNIuanens areenisiemuazlsraunisal §Hedndnian

3) Smart Animate Figma #9825 a%19 Animation 551319 Frames #iuan sl

$remne WnAHaNT3 LewnRrTl uazge TN tansldneuuuusneg

AT 2.19 uaeedns19rTinlUuNTH

(‘ﬁm: https://insights.nconnect.asia/)
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