&5 :Q356200
& :nckueebigdata

SRT2ME L E %  hitps:/kid.ee.ncku.edu.tw/~course/107-big_data/homepage.html

ssh team5@140.116.158.49
jupyter notebook --ip 140.116.158.49
yarn application -kill application 1521777128978 0332 xdd

5/5(7%) F4-13:00

o EMEHE:
o ZHEMBERIEM:HEREL,0, -1 £ —HHupdown (FREk 7 58)
o EhEFEEMaldataRBERMEHATREEAR(—)

o EHLHFEMREBmodellt E#
o HZHEREH : open. high. low, close. volume. updown

e % ¥Aclassification model (GiEEk)
o Mk

m input dataZ ZIEEE(FHMIME Sfeature x, y, z...) HE =@EFEHI(1,

0, -1)
m EEFMKRZHBEAE —FEEH(x) HE MELHR GEzI)

m inputiRIB(ZH L HEE)
e htips://zhuanlan.zhihu.com/p/34712246

|
m nnEI (CEEHEER)
o fhH{fEmodel
o WHAI-BI+HEX

86 —— Prediction
— Actual

’3'«/“"’\//\/"’"’\

0 20 20 &0 80 00 120

O
o FEAIAX



https://kid.ee.ncku.edu.tw/~course/107-big_data/homepage.html
https://zhuanlan.zhihu.com/p/34712246

81.0 —— Prediction
— Actual
80.5

5/1 19:0051 5/

BEAANEZH, BCEEEMOdelFEER (KRAABHETHRBESE<URTEFTERLR)
HE . BATRH, BNE: (Z)ess *1

INREE, BBEE :csv * 3(5ERL~)

BERERKEEEEEH

S5I5(R) FH I RE R, AR EBAEFHERHEHRES !

4/26HEE:
csvEE: B A F RERE FEHCSVAMURL, %1iE B AR KX sl se A= 1IFRIMATLABRE XM E #
& ¥ B4 Fskiprows o] & # dataframe

412485 FEE R
o [EREIHTE, HIBEZHIHAN S
o FHEEBERA4/25%F kG EMinput
o REEXMEIEIEE?
o WHEHEREMT—ERFEMER orAlEE"?
o BMESL

o FHtABIxgboost (¥ HinputhI EE %)
[ ]

Ho4E. H{EMmodel
o M#E:BP

fHE(EER) :

m CNN

m SVR

http://blog.fukuball.com/lin-xuan-tian-jiao-shou-ji-gi-xue-xi-ji-fa-machin
e-learning-techniques-di-7-jiang-xue-xi-bi-ji/

m LSTM
http://banggqu.com/79gx8H.html
https://brohrer.mcknote.com/zh-Hant/how_machine _learning_works/h
ow_rnns_Istm_work.html

o 7?77 FHEMEL><
o BERRN:


http://blog.fukuball.com/lin-xuan-tian-jiao-shou-ji-qi-xue-xi-ji-fa-machine-learning-techniques-di-7-jiang-xue-xi-bi-ji/
http://blog.fukuball.com/lin-xuan-tian-jiao-shou-ji-qi-xue-xi-ji-fa-machine-learning-techniques-di-7-jiang-xue-xi-bi-ji/
http://bangqu.com/79qx8H.html
https://brohrer.mcknote.com/zh-Hant/how_machine_learning_works/how_rnns_lstm_work.html
https://brohrer.mcknote.com/zh-Hant/how_machine_learning_works/how_rnns_lstm_work.html

(New York Stock Exchange)
https://www.kaggle.com/dgawlik/nyse

https://lwww.kaggle.com/pablocastilla/predict-stock-prices-with-Is
tm

2018/4/18 123 =16:00 @7 %£4895914 of

@ B #aE i p R

HE BT . SRFER

e ? —X—FEHM, EE55F, SHRETREE><

& &model?5y $model LB T 7, fh{EmodelBIZBUE A ( EEZHEIE><
BHEEFRELMALLE><FERBEDIEE

2018/4/17 20:00@ B R &8
MEEMXZEERH
e EREEAYKnow-how
o ETFESOX (EME+H MEER
m HEHEREHRKR:
B
BT
ERLAR

N
ENm)

=435
iNnpUE IE ex. JRBYEE FIEHE
¥R AZARFE: input->model->3X 5 % B

TTWAE st £RRATA, = .%, oy ‘\,:m o
4 el 1 N TPIRE 207 DL e |

kSl 5«3%1%& ) Ul R | (G X

= i

@,_7 5 {‘ﬁ*zfjﬂ
ang) (- MdH T e -
00 @;a
?\ e _m' ;

‘?\ = DA (

i
3=

(2) i >) uu-(/w(,
T ' o L
e = lown -
i iji‘u\‘(?) T«ur’m» 7]
& LNKD L5 TM o
% = Vs e ang
3

o HEFinput
o BE—~BRREE (BEEHR)


https://www.kaggle.com/dgawlik/nyse
https://www.kaggle.com/pablocastilla/predict-stock-prices-with-lstm
https://www.kaggle.com/pablocastilla/predict-stock-prices-with-lstm
https://tbrain.trendmicro.com.tw/Competitions/Details/2

o &£EN
o REHBEHEHN
e Model
o HkEK(57%E):
s CNN, BP, GA(BF#EE FH)
m LSTM
m Classification, clustering
o WREE(fH1E) :
m Linear regression
m LSTM
o [HFFE:
4/18-22 EF4 A RZHE (Data#h e T 3€)
4/23-275£ 7 model
4127 tE E RAR AR
5/251E X &t 5
e 23 F Final Proposal slide:
o Why:
n BREZBREBKTEND AR, mHMFFREHRTER
n XZEMRE->EEE
o How: HFMEERA AMETR
n BEERMER
n {CEEXKBF (HMEEME Fxdd)
n EREFE

o O O O

o  What:
m Input
m  Model

2018/4/16 21:30 @ B R £

o MEIRRER

o B IE. L RLIEE
o [x4:

o FEIRERTIfR
o [MFFE

o 42781
o b5/251F R EAtA
o Input(BEEMEEMBEREFEE)
1% B (5 ;% Hopendata)
BERGHEBREN
ERETF(RE)
"HE(ED)
BEAEEE®BE1£1950/2/1-2018/2/1
o REE(ER)
il EhES S BHEEE
B {&dataset: https://data.nat.gov.tw/dataset/6213
&
PERRETF(Z58)



https://tbrain.trendmicro.com.tw/Competitions/Details/2
http://m.xuite.net/blog/pig491116179/wretch/193269024
https://www.quandl.com/api/v3/datasets/BUNDESBANK/BBK01_WT5511.csv?api_key=Mn4aug_PwjrFdojaFVhP
https://www.u-trust.com.tw/CB2/CB020101.asp?Pkey=%7BF7DA024E-DA1F-4B73-9ADF-6B368C809294%7D&CategoryID=%7B7080EC04-49C6-4450-8EF4-F9E48EBDE2C7%7D

o O O O O

O

O

o

B METFE database(& #F)

FE(EXREH)

LHREMBY

XF \1‘)? (ptt Gossiping+Stock (& HI#T R’ 2 #7)

5 1@ =5 fes = 7 L FEEHE xdd
e Model (i&#F= EPq:ﬁﬁEt ﬂEI)U:)T;h, {Emodel$T &5, ¥ REMIBIZ><)
CNN(@1%)
SVM(&12)
ARIMAEE ()

O

o

m Autoregressive Integrated Moving Average model

n FREFINFERITAEZ—

n EAERE SEAHREREERMERNBIERSR 4 —EREKFS
FH mE’J%&Zf—*EiX:&MhL;&ﬂEF@JOzaﬂmﬁi B #3# Rl R ml Al
A4ER : BIRKE, WA AE, SHER
*Ei?‘%#i%zr“tE‘f%ﬁ&%’ﬁ%ﬁ)m%i’fﬂ%k;_ﬁrﬁlﬁllo
u iﬂ(a*ﬁ*"" /EIJIJIL*E)

n BEEFIEMEARES AR, MA, ARMA, ARIMA
ARCH#Z & ()
m Autoregressive conditional heteroskedasticity model
n REMER EEMERRNEF I ERKRE SN, EEERMIIE

BUEBTRPERET, A M ENERD LR AR GRIE)
REEH

| |
n NMELZEHAARMAER KRR, BIARCHERE 9% 2 AGARCHIZE!
m GARCH#&#!:Generalized ARCH

LSTM (R%)
n BREIFF]
SVR
E#:libsvm
BAMRECEIREKAM, RS, ARENSENRE
HERE—EEE:

1. HEHERKIbsvmEBEHRENEX

training datafltesting dataff{Scale data

B A AREERREMRBF kernel (FBEX{EE1ZRBF)

{# Fcross validationZ1ZE & 4T HIZ2 81 (BN Zgrid.py ey E)
E FARIFTX BRI 28k Train model

#testing datafffPredict data

o kv

libsvm g 15 it (MR E - iR IR )
FEHE LA libsvm (s XhRERER )
BPEE M IS MR IEEY ()
m Back Propagation Neural Network fE{EiE3E # &%
n BEEA2E



http://www.etf.com/etfanalytics/etf-finder
http://www.bigdatafinance.tw/index.php/503-71
https://www.finlab.tw/%E5%88%A9%E7%94%A8Machine-Learning-%E9%81%B8%E8%82%A1%E6%96%B0%E6%89%8B%E6%95%99%E5%AD%B8/
http://wiki.mbalib.com/zh-tw/ARIMA%E6%A8%A1%E5%9E%8B
http://mropengate.blogspot.tw/2015/11/time-series-analysis-ar-ma-arma-arima.html
http://wiki.mbalib.com/zh-tw/ARCH%E6%A8%A1%E5%9E%8B
https://www.csie.ntu.edu.tw/~cjlin/libsvm/
http://www.cmlab.csie.ntu.edu.tw/~cyy/learning/tutorials/libsvm.pdf

n BEMRE - KIS EMEEZWARHALUGEHBEERR
EEFREE - AIRAS2ETHREAERR

n KEBER/NREFEARETEEMIIE

n FIERRENT (2EEH)
1.¥081L#=E (random)

QA ARAMEEEREHER
BEEBMHERMBEERRNRE
4 HEEE

5./ 2~5E | #K

n EBPREEBMIERERITIEENDINZHEMREIRERE
L8 2B RER ZRABBENME(2EEH)

n ERMHEI (AR GARCHE)4ELE, JERMAMEREMIEHREXTER
RENEUT, ERERE AR A AMKEBHN ERETRNARIFHITE
AR (ZEEH)

m SVM, PCA-SVM, BP, GA-BPIUFE A& tL BEMSE#, &£ :GA-BP(Z&
Z&#)(BP. GA-BP)

o XGBoost(feature importance) (FE)

n ARFREEAMBE(ERANEHRONER BERZRAESH)

m WA : XGBoost FT# FERIIEE! A Tree Ensemble, T EZ /4 FEFNEER#
(Classification And Regression Trees, CART) Fiffi Ak, FTiE CART &5
ARBTRRMBEESEESEXFEHR BEAEFHAESHE—EIH
(BEEH)
eXtreme Gradient Boosting(xgboost)

B RAYGBDT(Gradient Boosting Decision Tree## 12 ik 5 4t)
BREEHES(HEXESR)
m xgboostiiEi BE{E(S B EERTE)
o paperZ&EH—@E LE 2B Model (F#F)
m Clustering, Classification
Multifaceted Predictive Algorithms in Commodity Markets

m Random forest

m Reinforcement learning E 7k
o Case study

m JP Morgan 2017 Value Strategies based on Machine Learning

e Input:
ROE / Dupont Decomposition / Profitability / Efficiency Valuation / Payout
Details Details
ROE Return on Equity Earnings yield Trailing EPS / Price
Net Margin Net Profit Margin Forward eamings yield 1/ (12-month forward PE)
Asset turnover Asset Turnover Dividend yield Trailing DPS/ Price
Gearing Total Assets / Equity Forward dividend yield 12-month forward dividend yield
ROA Return on Assets Sales yield Trailing Sales / Price
ROC EBIT / Capital employed Forward sales yield 12-month forward sales yield
ROE FY1 Return on Equity FY1 Shareholder yield (Total Dividends + net Repurchases + net changes in Debt) / Market Cap
Gross-Profit-fo-Assets Gross profit/ Total Assets Cash flow yield Trailing cash flow per share / price
Cash-Flow-to-Assets Free Cash Flow / Total Assets Sales to EV Sales or Operating Revenue / Enterprise Value
CFROI Cash Flow Return on Investment EBITDAto EV EBITDA to Enterprise Value
Positive Earnings Dummy variable: 1 = positive last Payout ratio Dividend per share / Earnings per share
reported EPS, 0 otherwise
Dividend payer Dummy variable: 1 = positive last reported DPS, 0 otherwise

Growth / Sentiment Quality / Risk

Details Details
Forecast EPS growth Forecast Earnings growth from FY1 to FY2 Eamings Certainty - [ABS(EPS FY1 Std Dev/EPS FY1) +

ABS(EPS FY2 Std Dev/EPS FY2) ]

Forecast DPS growth Forecast 1-year growth in Dividends ROE volatility 5 year standard deviation in ROE
EPS long-term growth EPS long-term growth Accruals Change in Net Operating Assets / Average Assets
Recommendation - (1-month change in Analyst recommendation) Realized Volatility 90D Historical volatility (past 90 days)
change 1M (1=Strong Buy, 5=Strong Sell)
Eamings momentum Average of 1M and 3M changes in FY1 and Beta MSCI Country Beta

FY2 earnings estimates
Momentum Market Cap Investible Market Cap

Details ADV 1M Average daily value traded (past 20 days)
Momentum 1M 1M price momentum

Momentum 12M-1M 12M minus 1M price m

Source: J.P. Morgan Quantitative and Derivatives Strategy


https://dotblogs.com.tw/dragon229/2013/01/23/88750
https://baike.baidu.com/item/BP%E7%A5%9E%E7%BB%8F%E7%BD%91%E7%BB%9C
http://jitas.im.cpu.edu.tw/2005-2/2.pdf
http://www.wseas.org/multimedia/journals/information/2016/a065809-712.pdf
http://www.wseas.org/multimedia/journals/information/2016/a065809-712.pdf
https://ieeexplore.ieee.org/document/7488630/
http://leoyeh.me:8080/2017/11/19/%E8%B3%87%E6%96%99%E5%88%86%E6%9E%90-XGBoost-1/
http://djjowfy.com/2017/08/01/XGBoost%E7%9A%84%E5%8E%9F%E7%90%86/
https://zhuanlan.zhihu.com/p/31182879
http://cs229.stanford.edu/proj2015/198_report.pdf

e Model:

o EFIEIA(LASSO), BEEEIRF (XGBoost)FnLk i E)3

SMERA R

o FIRFEIEEBFEMERIIES, XKE

e Errori%’E:
%*IJ 58 (Gross Profit) A =)
BENE S PR AN IREHITIFIE

o HHRmodelEEELER

x1: BFROE. BENEMIOIREMEHNREIHZE

1705k

Y #8 3 (ROE) £ 7 & F

B SRSCHI

HBFI 5%

RKREMAZE, TNEFNERNTTE 5 P B ARFE AR T X0 R T S AT R A

SVM. Logistic [@}3. Lasso [E])3%

—FhEFENEIESMAEIEMES ETEENESNTEEE SRR ASERNEM

BERERRE . FoRE R &%

—MAFEARBRBEMARXE> BERBMAERNIL EPSEZAES

HHEMIEMIREIE R Tl AR E F I PCA. ICA

BRI RS H i XFF R 1T T ITEEH BT FRS/RAIR . Softmaxsy 2
—INEHERENBRRESRE BIREBEAH TN REER . BEHLARAA. LogisticE)3
EREFREPIRES B =B ST RIBIEHEEE. SYM
—RXER-BXFHREEE. TH  AFLENEBEHT RS AR EHSRE (TF-IDF)
BLE R WM T E DR K-meansZ 24347

THHERPEY RS EFHE N L5

RIBITEE HF A WED REIKRERARLF S

EFABWMARBIUNR IR

RRBRZEEN. SVM

ZRIRIE: JP Morgan Macro QDS, STiE&4HFRFT

s QDA, GDA, SVME HATEAI
Stanford SVM forecast
m bayesian regression

MIT Bayesian
e Output:
o BE+/\ELHERSEEETFE T —BRXMIRBRRESR
e Reference:
FEAP A HE B I A e 2R P R 2 ST

(@]
2018/4/15%@%T$%ﬁ§5ﬁZ?%EFaﬁ?‘ﬁ
ZHEIEEREE  EAREREHEE (Foursquare IR EH#)
° Input:



https://www.ravenpack.com/blog/jpmorgan-valuation-strategies-machine-learning-sentiment/
https://zhuanlan.zhihu.com/p/30890615
http://pg.jrj.com.cn/acc/Res%5CCN_RES%5CINVEST%5C2010%5C5%5C20%5Cb01d818f-2e2a-4386-ae8f-bd37f7a9bcd8.pdf
http://pg.jrj.com.cn/acc/Res/CN_RES/INVEST/2017/7/27/3f9daa7c-a1e6-4747-b848-be88ba0391b1.pdf
http://cs229.stanford.edu/proj2013/DaiZhang-MachineLearningInStockPriceTrendForecasting.pdf
https://arxiv.org/pdf/1410.1231v1.pdf
http://cmr.ba.ouhk.edu.hk/cmr/oldweb/n7/981060.html
https://sites.google.com/site/yangdingqi/home/foursquare-dataset

o NYC Restaurant Rich Dataset (Check-ins, Tips, Tags)
m $T-& (user ID and venue ID)
m & (user ID and venue ID)
m #Z:F (user ID and tag set)
o NYC and Tokyo Check-in Dataset
. User ID (anonymized)
. Venue ID (Foursquare)
. Venue category ID (Foursquare)
. Venue category name (Fousquare)
. Latitude
. Longitude
. Timezone offset in minutes (The offset in minutes between when this
check-in occurred and the same time in UTC)
8. UTC time
o Global-scale Check-in Dataset
1. City name
2. Latitude (of City center)
3. Longitude (of City center)
4. Country code (ISO 3166-1 alpha-2 two-letter country codes)
5. Country name
6. City type
o User Profile Dataset
1. User ID
2. Gender
3. Twitter friend count
4. Twitter follower count
e Output:
o MRiEERR?
e Model:
o Mining Frequent Patterns, Associations, and Correlations
o Classification, clustering?
o CNN?
o HEE R (content-based filtering, collaborative based filtering)

~NOoO O, WON -

BZHLE:
o LR8I 5/25(F dataset, =8 B EBAHE, & B 17 th vl LIEK S HR)
o REZEFRHEERFEHEZERE?
o BUNEZR. X\ I 419 (B ffBiRdataset, A BEH &, B FHMifkEEH A
LUE{e)
EE&E@_%MS/ZO(/xﬁdataset TM?E‘.EFZ{HQE. MESE—TELE)

EuﬁiﬂﬁﬂﬁﬁﬁﬁiﬁﬁﬁaMﬂ%K&%ﬁEmgﬁﬁn)J

2018/04/07#¢ L 54w 1E 40 8%
o Ll—{Astage® 4y, Fl—{EwaferfE —{Esensor®E F{E(Xi), iFHsensorBERE, Y&
yield{E,


https://en.wikipedia.org/wiki/Recommender_system
https://tbrain.trendmicro.com.tw/Competitions/Details/2
https://opendata-contest.tca.org.tw/method_1.aspx
https://www.aplustart.org.tw/contest/contests_info.aspx?id=u0HcGTIm0UA%3d
http://www.gpmcorp.com.tw/zh-tw/about/index/20
http://www.gpmcorp.com.tw/zh-tw/about/index/20
http://www.gpmcorp.com.tw/zh-tw/about/index/20

o =>EEHERZMEEN(EEwafer&H)
o Ll—{ArecipeZ 4y, Rl —{EwaferfE—{Esensor® F#{E(Xi), iFsensorfiERE, YR
ZwaferfdyieldfEo
o =>HEER F—EEZE LirecipesgroupiiiE & recipe R € F— Frwafer id(
MEeEE—E7RHRNER?)
o Recipe = RCP D1(tool) 1(chamber)_2(process stage)
o HINAME EOAEE/METY?
o F{EIEE SVID(sensor)# I E => BREERBx1 x2 HMEX8? => £ EER#E— #Ix
o
o H#RMKENE A Efeature?
A EE ERES(E R M Echamber @ A waferf B 0E) => L ERE
o ZEFREHwafer logtg E (1B EEstage 2 FHM)=>REFRAH BAAD
o EFNAIMREEQLIA. BIE.HE.BR(C).PCA(IFE). EHABRLLCRE. 2#). ®E
(KK)
B AT - 1545 =8 H s Recipe,Wafer_id, & {BsensorfstepT 14
PCA: 81 =4 FMyield& A& B & stage
o SE{RE%300 stage &= {EEE B 4{Esensor HIFHE
o ZFiB4{Bsensor FIT{EEE pcalfif, % HABEA S A0 7E — 2 (18 2 XMk FN
'S IEHERE, wiAT LR )
54 sensor * 7 step =281 —XRpca B & EMstagetkyieldFHEAZR &
(4/10)#5 &= B sensorf T A stepffiPCA(ex:stage1E 4{Bsensors, B & HIF4{E
B), &%k EsensorflyieldZ KMAERZREEARE

array
pca

vector #list
correlation

for loop

tHE 1L scatter[@ 537
SVM &8I (FR1E)
CNN (T FR1E)

©ONO Ok WD =oO

e Data Visulization



o Input:
m  FyieldEd{% & KAIStaget2 @ K Sensor
m Correlation#J{E, sensor, stage, yield
o EE&i%:https://plot.ly/python/apache-spark/ ({E& 2 & AKEf. ghiRE, ATLE
Hih NE, BRETREBE S EH AyieldBERMABFER)
o TRIKIR:
m https://mashable.com/2013/03/05/data-visualization-projects/#U.8jD6.
0dgqO
m https://www.awwwards.com/websites/data-visualization/
o Efim:
n IR {Bstep plotA G thE—#x ? AEE Fsensorgl ., EEE FEZyieldfX
REE? !
tHEA R stage Rl ATE— F KBEARFE 2 !
REALBERBRE—EARIEE BAHEEERGERTE? !

u

A B c D [ E F G H 1 I K L M | N o P
ToolID ChamberJD _Recipe WaferID  [¥/ProcessstTime  [Staged $VStage, SVStage. S1Staged S\Stage? SVStaged $1Stage, SVStage S1Stage? S'Stage? SY
TooD! [Chamber]  [RCPDII2  LTOULO3 2 et 1946.496 1932.882 1949384 1925.095 1937515 1943658 1949.902 193677 1932632 NA
ToD! Chamber2  RCPDI22  LTOWLO3 2smssNA N NA 0 NA NA NA NA NA  NA  GBAOTIS
ToolD1 RCPDI13_2 LT0001.03 2 BHEEENA NA NA NA NA NA NA NA NA NA
ToolD1 RCPD14_2. LT0001.03 2 #HHHNA NA NA NA NA NA NA NA NA NA

Q | R s T U | v | w]| X Y Z | AA | AB | AC | AD | AE | AF | 4G

tage2_SVStage2_SVStage2_SStage2_S'Stage2_S¥Stage2_SVStage2_SVStage2_SStage2_S'Stage2_SVStage2_SVStage2_SVStage2_SStage2_S'Stage2_SVStage2_S'Stage2_S1§
NA NA NA NA NA NA NA NA INA NA NA NA NA NA NA NA NA »
6.731017 6.819013 6.757766 6.769 6.773596 6.791062 6.759536  6.7636|NA NA NA NA NA NA NA NA NA »
NA NA NA NA NA NA NA NA 2301.8 2304.376 2309.14 2302.143 2305.479 2293.159 591.6627 584.9417 586.7813 !
NA NA NA NA NA NA NA NA INA NA NA NA NA NA NA NA NA »

AH AT AJ AK AL AM AN A0 AP AQ AR AS AT AU AV AW AX AY
Stage2_S‘Stage2_S)Stage2_S\Stage2_SVStage2_S\Stage2_S‘Stage2_S)Stage2_S\Stage2_SYStage2_S'Stage2_S‘Stage2_S)Stage2_S\Stage2_SVStage2_S\Stage2_S‘Stage2_S)Stage2_SY
[NA NA NA NA NA NA NA NA NA A NA NA NA NA NA NA NA NA
[NA NA NA NA NA NA NA NA NA A NA NA NA NA NA NA NA NA
5907778 588.429 586.5532 25.66952 2528317 25.55069 25.04179 25.22889 25.63125|NA NA NA NA NA NA NA NA NA
[NA NA NA NA NA NA NA NA NA 149.924 145.3762 148.7286 1533133 148.1393 150.3241 1389.818 1390.822 1397.602

AZ BA BB BC BD BE BF BG BH |
[Stage_SVStage2_S'Staged_S'Staged_S\Staged_SVStage2_S'Staged_S1Staged_S\Staged_S |FDC_Stage2.csv|
(ENA NA NA NA NA NA NA NA NA
NA  NA  NA  NA  NA  NA  NA NA  NA
INA NA NA NA NA NA NA NA NA
| 1394072139522 1392.719 638968 6246079 6339324 6429377 6213857 6330401

2018/03/30 LR %52

e sparkfclientt fclustertb B 1R (FE 5% EIREIE)

o {EXdataBHZE KKrawdataFi 2Lt

e Data Visulization IE#5R (L2 =) EEplot HER, =EAE=ELLL
e Datall process stage& *

2% & R:(1)https://www.datacamp.com/community/tutorials/scikit-learn-python
(PCAFN%3 B 1k Ftutorial)
(2)https://blog.csdn.net/u012162613/article/details/42192293
(PCAEEAX)
sklearn JR#HEEAY Y Y


https://plot.ly/python/apache-spark/
https://mashable.com/2013/03/05/data-visualization-projects/#U.8jD6.0dgqO
https://mashable.com/2013/03/05/data-visualization-projects/#U.8jD6.0dgqO
https://www.awwwards.com/websites/data-visualization/
https://www.datacamp.com/community/tutorials/scikit-learn-python
https://blog.csdn.net/u012162613/article/details/42192293

(3)https://stackoverflow.com/questions/31774311/pca-analysis-in-pyspark

201 8/03/22 %% n-.I-n %Efi(in% Al ?R?R

o

. R ESEEEETEN(EAMNEEREH) >FTEREEFZ T AT LUGME
#4277
REFIZEE (ERREEBEER)

FFNSFIINE

FNSH: | 18502140932 5 PIRENIIERS

IOIERD:

-
SR AR BSR4 RO S ($7RMB 5 R opendata)

e New York Timeshttps://developer.nytimes.com

e CNNhttps://developer.cnn.com

e BBChttp://www.bbc.co.uk/developer/technology/apis.html

e The Guardian Open
Platformhttp://open-platform.theguardian.com/documentation/

e NPRhtitps://www.npr.org/api/index

Twitter X FAR, TRAISHEHER(GREYR XFREHEY) SHERAE K.
/El‘ '?_.El;s uu.ﬁ%ﬁ)‘l:?rz%(ﬁ*-lnmlf-lzﬁ)

BT Bdatasets nFAEH : KR . ERRA=TERZET

AR TR AR R

facebook 78 :BI(& datar] FH)

a. https://archive.ics.uci.edu/ml/datasets/Facebook+Comment+Volume+

Dataset
b. https://archive.ics.uci.edu/ml/datasets/Facebook+metrics
c. EEtwitter T E (BB EHE)
d. FEREITREE (Ruserid fERBRBAMNERR )

https://www.kaggle.com/c/facebook-v-predicting-check-ins

row_id x y accuracy time place_id

0 07941  9.0809 54 470702 8523065625
} 1 59567 47968 13 186555 1757726713
2 83078  7.0407 74 322648 1137537235
3 73665 25165 65 704587 6567393236
4 40961 11307 31 472130 7440663949
5 38099 19586 75 178065 6289802927
6 63336 4372 13 666829 9931249544
7 57409 67697 85 369002 5662813655
§ 43114 6941 3 166384 8471780938
9 63414 0.0758 65 400060 1253803156
10 20173 4.8627 6 21353 8684462954
11 87101 29442 73 153493 2159916487
12 08829 1.3445 64 574488 7652380351
1324336 8.06 62 238054 8234363596
14 6155 19774 § 325411 2272949794
15 7.6219 9.6208 65 321519 4740742194
16 32494 32096 75 777982 2123587484
17 07084  8.9051 69 320633 8016758016

e. HEEBUBEHMAT—EHE, HEBRUBREHARK
f. FEREMNEH

g. LE#8EF R :classification, clustering, association rulefk H E BRIk S


https://tianchi.aliyun.com/competition/information.htm?spm=5176.100067.5678.2.29fa4558c1GRcM&raceId=231647
https://tianchi.aliyun.com/competition/information.htm?spm=5176.100067.5678.2.447844a9bg9dMd&raceId=231648
https://developer.nytimes.com
https://developer.cnn.com
http://www.bbc.co.uk/developer/technology/apis.html
http://open-platform.theguardian.com/documentation/
https://www.npr.org/api/index
https://archive.ics.uci.edu/ml/datasets/Facebook+Comment+Volume+Dataset
https://archive.ics.uci.edu/ml/datasets/Facebook+Comment+Volume+Dataset
https://archive.ics.uci.edu/ml/datasets/Facebook+metrics
https://www.most.gov.tw/most/attachments/40f53939-d2c7-4def-944b-1af41b2e474c
https://www.kaggle.com/c/facebook-v-predicting-check-ins

h. hitps:/sites.google.com/site/yangdinggi/home/foursquare-dataset(¥T
R &M -->T] AR R B )
i. askZEN EFRNE datasetk Bk

7. Social Cluster analysis(Analysing "How ISIS Uses Twitter" using social
network cluster analysis)

A B © D E F G H b S K L M N (0] P Q R S T u
1 name username descriptiojlocation  followers numbersta time tweets
2 GunsandC GunsandC ENGLISH TRANSL 640 49 1/6/2015 ZENGLISH TRANSLATION: 'A MESSAGE TO THE TRUTHFUL IN SYRIA - SHEIKH ABU MUHAMMED AL MAQDISL: http://t.co/73x
3 GunsandC GunsandC ENGLISH TRANSL 640 49 1/6/2015 ZENGLISH TRANSLATION: SHEIKH FATIH AL JAWLANI 'FOR THE PEOPLE OF INTEGRITY, SACRIFICE IS EASY" http://t.cofuagz
4 | GunsandC GunsandC ENGLISH TRANSL 640 49 1/6/2015 ZENGLISH TRANSLATION: FIRST AUDIO MEETING WITH SHEIKH FATIH AL JAWLANI (HA): http:/t.co/TeXT1GdGwW7 http://t.colZ
5 GunsandC GunsandC ENGLISH TRANSL 640 49 1/6/2015 ZENGLISH TRANSLATION: SHEIKH NASIR AL WUHAYSHI (HA), LEADER OF AQAP: 'THE PROMISE OF VICTORY": http://t.co/3ag
6  GunsandC GunsandC ENGLISH TRANSL 640 49 1/6/2015 ZENGLISH TRANSLATION: AQAP: 'RESPONSE TO SHEIKH BAGHDADIS STATEMENT 'ALTHOUGH THE DISBELIEVERS DISLIK
7  GunsandC GunsandC ENGLISH TRANSL 640 49 1/6/2015 ZTHE SECOND CLIP IN A DA'WAH SERTES BY A SOLDIER OF IN: Video Link :http:/t.co/EPaPRIphSW http:/t.co/4VUYszairt
8  GunsandC GunsandC ENGLISH TRANSL 640 49 1/6/2015 ZENGLISH TRANSCRIPT : OH MURARBIT! : http://t.co/mujLj9KGKG http://t.co/t9BMBVGK.

127/1S_BAQT Bagiyals 25 AT1 /52015 éln B s Sk im0 56 S AA 35im e ke Bt

128/1S_BAQI Bagiyals 25 4719/52015 2 e

129/1S_BAQT Bagiyals 25 4719/52015 Z/xGLETeqFS/SIZMIR

130 IS_BAQI Bagiyals 25 4719/52015 I @AK47_PK: This is how coalition Air Reid Destroyed humanity, An infant injured in an Coalition strike at Ar Rutbah, August 6...
131/1S_BAQI' Bagivals 25 471 9/5/2015 715 vear ol US crusdher sent to hell with I fag in his mouth by islamic state in kafra mazra3ah. Hilarious hitp://t co/D/S/CPTe.

132 1S_BAQI Bagiyals 25 4719/5/2015 A Canadion warplane mistakenly broadcast its location over Islamic State controlled temitory http://t.co/Vi8eNgOJCR/S/GHC

133 IS_BAQI Baiyals 25 4719/52015 <Couple of the tweets gives you an idea of the situation at that time.. hitp://t.co/Y6bNSEVSuS/s/G2Wb

134 1S_BAQI Baiyals 25 4719/52015 € What happened to all the AQAP leaders? Story of a mubshala By abu bilal al Yemeni (IS Yemen) hitp://t.coi TMDAlY6ZP/s/xaSU
135/1S_BAQI Baaiyals 25 4719/52015 Islamic state Wilaya alanbar Dead apostates prisoners executed West of Khalidiya http:/t.cousEiyBOxaN/S/FWxZ http://t.cofppaVRVRuKU/S/S
136/1S_BAQI Bagiyals 25 4719/52015 1@update_my_info: #4350 3t tes LY 5 i Kipe

137|1S_BAQI Bagiyals 25 4719/52015 UsimLcEs

8. REREMSE
https://archive.ics.uci.edu/ml/datasets/Stock+portfolio+performance
9. REHIE

https://www.kaggle.com/minatverma/nse-stocks-data
10. BRREREDM
11. Dcard]€ £

https://qithub.com/leVirve/dcard-spider

12.

https://sites. google com/site/yangdinggi/home/foursquare-dataset
"ﬁ = IE.:
13. instagram hashtag-->¥ﬁﬂ${
https://www.instagram.com/developer/authorization/
~applications no longer accepted 2 EE B2 A E H 15

2018/3/23 NBA i =ETEH|

143 £bhttps //www.kaggle.com/c/mens-machine-learning-competition-2018/data
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https://sites.google.com/site/yangdingqi/home/foursquare-dataset
https://www.kaggle.com/jjayaram/social-cluster-analysis
https://archive.ics.uci.edu/ml/datasets/Stock+portfolio+performance
https://www.kaggle.com/minatverma/nse-stocks-data
https://github.com/leVirve/dcard-spider
https://sites.google.com/site/yangdingqi/home/foursquare-dataset
https://www.instagram.com/developer/authorization/
https://www.kaggle.com/c/mens-machine-learning-competition-2018/data
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HEZEE NBALEEH HEFES
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[3]EIEK S 4 [E=ZEEEEF0 p .;@,4 i [21EE R4 BlStas R4
BIEZTEESE1  [BIfEiErE2 N yg% " TR Bl&faz2HE0 BlZEEEAE2
RIEEEEaEN 4 [EFREASH4 (2B kB - 4 [2) SR 1 4
[71S2E5TIREE 2 [MEEZES 0
« HBFSER
Rank NAME TEAM OFFENSE DEFENSE TOTAL Wins
1 Chris Paul LAC 6.26 3.25 9.51 5.61
2 Kevin Durant GS 5.5 1.89 7.39 4.85
3 Jimmy Butler CHI 5.49 142 6.91 4.4
4 James Harden HOU 7.66 ~L12 6.54 4.59
5 Russell Westbrook OKC 6.76 -0.8 5.96 4.47
6 Stephen Curry GS 6.72 -0.99 5.73 3.99
7 Kawhileonard SA 5.14 0.51 5.65 3.67
8 DeMarcus Cousins SAC 5.01 0.44 5.45 3.68
Giannis
9 Antetokounmpo MIL 248 2.85 5.33 3.37
10 Kyle Lowry TOR 5.15 -0.01 5.14 3.87
11 Draymond Green GS 1.23 3.79 5.02 3.43
12 Blake Griffin LAC 26 2.37 4.97 3.66
13 Anthony Davis NO 235 23 4.65 77
14 LeBronJames CLE 3.85 0.33 4.18 2.93
15 Paul Millsap ATL 0.12 3.83 3.95 2.64
16 Trevor Ariza HOU 2.96 0.93 3.89 3.03
17 KevinlLove CLE 2.68 111 3.79 2.59
18 Kemba Walker CHA 4.61 -0.83 3.78 2.86
19 Otto Porter Jr. WSH 271 1.04 3.75 2.63
20 Mike Conley MEM 3.7 0.01 3.71 224
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2018/03/02 &t&m

To-do:

1 *i£¥y§ﬁ'_ Hx—:—~ :|:/

2RBIBHEMRFEEERE

JEMMEZRZ? (REFNACKMAER, HEMAE idea)
4.datasets (£ dataset EmE X ENBE DY feature B EHA R A M)

ik BREHZEEHHE
A Twitter {F#E 7R TEBI IR E I 5
+BF8 paper: method? dataset?

BRAELEM FiE%HFdata, thEEFMMPUERE ERIMET
HRAEBTEWFREREE, ANERE
RN, HEMATERE, BRHELERSERM



Twitter mood predicts the stock market

https://arxiv.org/pdf/1010.3003.pdf
dataset: http://terramood.informatics.indiana.edu/data & F R 5 HIFE

IMPROVING PREDICTION OF STOCK MARKET INDICES BY
ANALYZING THE PSYCHOLOGICAL STATES OF TWITTER USERS

https://goo.g/lUmECRD

UIERFEERE paperPMHZEERSEFHR, ERRERERRF —EMETURAE
HETRRE S R BRI

ZZF 8 %E & ¥ hitps://ggag.ee.ncku.edu.tw
TFERIREN BEARTFELEAE 2
...... (FEREEMRMERE)

A et B RSB M ER

Dataset
(maybe) from Kaggle: https://www.kaggle.com/competitions

Lt EEE B % (B dataset T) :
. S5 T-Brain Al BEIE (47)
R EME . BEREN
o 2018“EFEH (KE)
mREXERBHEBRMNEE D TR AR
e Google Cloud & NCAA® ML Competition 2018 (XE)
FRRERERE
o EXBEZIEAE (K
B CHpattern$f X 82 [= 5
ex. il IE R E R KBURER L EREESENRE, FERAEENEHMRAIT

e MarchZE&'18(IBM)
ETELEESRWM? 2?2
L 3 | 2478 A (T H#f)

5% {4 € 78 A (T W)

Alexathon (Amazon)

MEEEEA BN ? 7 ?


https://arxiv.org/pdf/1010.3003.pdf
http://terramood.informatics.indiana.edu/data
https://goo.gl/UmECRb
https://qqaq.ee.ncku.edu.tw
https://www.kaggle.com/competitions
https://tbrain.trendmicro.com.tw/Competitions/Details/1
http://www.datafountain.cn/#/competitions/282/activity
https://www.kaggle.com/c/womens-machine-learning-competitio%E2%80%A6
https://tianchi.aliyun.com/competition/introduction.htm%E2%80%A6
https://www.hackerearth.com/%E2%80%A6/competitive/march-circuits-18/
https://ai.xaas.tw/top%E2%80%A6/fdfde101-a817-4bd0-8f60-2206dc20fad8
https://ai.xaas.tw/topic/040525cb-fa56-4799-bf40-41b350b5d4c6
https://www.hackerearth.com/zh/sprints/alexa-hackathon/

e 2018 Data Science Bowl
g kcel 8@ Mnuclei, &R EIFEAE

e FashionAIEZkPkERTERITXBATEL FEEE)
fE BB EGIEREEETA

e Shinkenchiku Residential Design Competition 2018 (A &)
FaifkztEF

e Google Landmark Recognition Challenge (Google)
FlR 1 E Ay #zdlandmark

e _CPR2018 HK&k3R
XA

e The General Video Game Al Competition — Learning Track (Deep Mind)
ftait Bk

World C ol o ionshios 2018
Ms. Pac-Man Vs. Ghost Team Competition 2018

/N SRz KB SR B3k K

HESEE
Microsoft Imagine Cup 2018

BEMRE KA ERR

https://imagine.microsoft.com/zh-tw/Country/TW (55 —#w#&k 1k :3/31)
PHERELELENMERIAENEMRRZMERTENERERMYE, BETLUEHRIAR
BEEZMERERR ABERR—EHRBRAE.

Bh 2k #2353 5% 7] LI & & "data mining concepts and techniques"$ = kitiE A Z /) LI T E & (18
% _E 372 B PDF1E)
e Chapter 6 Mining Frequent Patterns, Associations, and Correlations: Basic Concepts and
Methods 243

Chapter 8 Classification: Basic Concepts 327
Chapter 10 Cluster Analysis: Basic Concepts and Methods 443

AILETERERREEEEK


https://www.kaggle.com/c/data-science-bowl-2018#Timeline
https://tianchi.aliyun.com/competition/introduction.htm%E2%80%A6
http://www.japan-architect.co.jp/skc/index.html
https://www.kaggle.com/c/landmark-recognition-challenge
https://tianchi.aliyun.com/competition/introduction.htm%E2%80%A6
http://www.gvgai.net/
https://icga.leidenuniv.nl/?p=2281
http://www.pacmanvghosts.co.uk/index.html
https://tianchi.aliyun.com/competition/gameList.htm?spm=5176.100067.5610723.11.47e444a9a5lpoZ
https://service.standardchartered.com.tw/ssl/campaign/campus-fintech/contact.html
https://css.iii.org.tw/Review.aspx
https://imagine.microsoft.com/zh-tw/Country/TW

