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B EOES R BB ST RESOEREN A tREER » EE
PREE LR - BUBH S BIRRR R SR - A BT MRS AR B R AR
B o AR > BUNFTRMER ABGGET - EBTREBIR T BIER - R ERER
(Data Economy)HYEE S - (iI40 : B BTV A RO B ~ Rl i R R BB % -

R EEIE R 2 E A ie s T EF ARV ET B BIPREL » AR R T REIE 4
ALOBETAFE IR T - DRI 4RGSO TE SRS B S (E - SSEIER
AT EREAVIEMN - TR LR AR AR AR B LR - RS E
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FENINAREZFE I HL(UC Irvine) Ry & EFEARTTATLIRE: » BRI AINA
BRI e A3 R(UC Berkeley) ~ J&AZEE I RA(UCLA)Y RS 44 © HOMIRERE I 73k 1L
172 1965 4 » BRI B BRI - S2Alapicnt Kb ZE e /MR & 7o - B2 S
OF 3 firsa i H M Ess - A AR HER ST -

INAEE R B ke it 192 (EEArERAE - sTA M 30,000 F4524 - HEEH
B EBF9(Division of Continuing Education)s% 4 B4 742 (International Programs) > 2
HEEEER AR B - AR 2018 FHFINY " HHEFEFRIE (Accelerated
Certificate Programs) ;> AHSEGT 181 fir£2 8 - FEAREER - HA - B
SRR R T R R TE A/ #7(Data Science and Predictive Analytics) | 2 S H
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F_E BE
=~ B A
P B A KRB & 54 4 Bk R R BT o M AR FE AR,
SR E 55 P BRI BRI SR 38 2 « (R —#EEA T NN ARB R E A iatiaa b
LSBT PR AE & » 7 T UCI Machine Learning Archive > 7B 3 B B4R EEE (W
TSI AT BA BN Eric Siegel 24%5) © 55 Rk B HUBRIZ BT ATEIAA » B
w BB BT AT BEEREEIRE - HEHTFIRIE - B
1. {55 B9 TR HI 4017 BY 75 755 BR B& 40 #7 (Strategic  Business Analysis using Predictive
Analytics)
2. FEHIA P FH (Applications of Predictive Analytics)
3. BBV EES 2 (Data Preparation for Data Mining)
4, FEHIBRANESE ~ 32 8% Modeling Methods, Deploying, and Refining
Predictive Models)
5. BRI BTG S E FH (Business Applications of Data Science)
6. BUBERE] ~ Bt E{E(Data Exploration, Analytics, and Visualization)
7. REBE LB H7(Big Data Visualization and Analytics)

B REEAE

— ~ {5 B TR RIS AT Y S 75 BBRBS 4517 (Strategic  Business Analysis using Predictive
Analytics)

KERIEFZEREHN Ash Pahwa {81 » A 30 FHIEITHHZCEBLSE S TAF
s EREFEMEEZSIEREL - @EOTEET - B EGERE - ERE
EH - B SO RHE RGN » BRI 5 %2 (General Electric) ~ AT&T HEH
HEiZE (AT&T Bell Laboratories) ~ 2 §% 2\ 5] (Xerox Corporation) 5z & 32 (Oracle)
JRAE NN EE T B2 B3 (California Institute of Technology) ~ HIMN A EI& A2 5 R
(UCLA) ~ Eth 21 8F 531 (UC San Diego)fiif °

SRR T 2 BB R 8 (Data Science) HUELEE AFTREME - SUERIE2 258
A8 25 53 M7 75 7 (analytics) » ¢ K E BV EERE (L S IESEE (L BUE (structured and
unstructured data) - FHECE ERATBHFELEIK - E40 ~ a8 2 mas i Lids - (=
W B R R E - JRGERM LRI GISCT ~ R - R ) REEE

2



FEEEZOHRRER - AR A NBUNE - fE S S T -
(—BEFENEREEH TR

PRI O ERAE A [F)S - (& RHZ % (data mining) »
552 (machine learning) > DURFEUHI T (predictive analytics)SF - = FHL/E
BHERHEE—E My (HRFHE R AR -

—BRHER | sasRE T TR - SR REEE (pattern) -

—WESERY | eI ANY RSB - BRAV BRI -

— TR ¢ SRFER AT T0A o SHESGERETERHELTTEM - LIRS
JEME -

SRR BT A AV EE E8RAG A = * R ~ Python ~ KNIME » =%
MRS T - R BESEGETEES - CEZIERTETRURI T Python H
Google BE& 0 A SRR R EES  KNIME BT HAReZs > g &=\ Ta /57
WS - RIS 5 BB - (FR B Rk -

(TR AR B R

BUE RIS sk ek B A 50k - B (E A2

" ST RIS RR S (cross-industry standard process for data mining * 4
55Ky CRISP-DM) , > 1 6 BB

. EESEBEAE (business understanding)

. BB A% (data understanding)

. BB %M (data preparation)

. BEEEE (Modeling) 5

. PEARYEFAE (Evaluation)

. PRI (deployment) ©

DERER RN R R E - Ry A BRI AR RS g - M TAH A
Bad > DURECRGESRAVA R -

114

114

—_

(O N Y \)



B 1 BTEERIERELERECRISP-DM)REE

P SR
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TR AT HASE AT 53 Ry ¥R (estimation) B2 43 8 (classification) © FEAETE 7T
M B AR A8 {E (number) » WFE ~ RELERERE  BAEE M HEE
Ry RS A (category) » WEFEHE G AR E S -
(=) BB R R M B A
Wi 2 BER B2 BT o A o B EE YRR o BB % 0K T E (reliable)
KA (valid) - By 58 £ B J(missing data) ~ BHEA K (sparse data) ~ £
A IEHE(inaccurate data) ~ 35~ —E(inconsistent data) ~ #iE 257 (redundant
data) FFIL - ReiemErhinE - A TRERZEM (data preparation) > 4 THELSE
ERATR
1. B Ry S BIB A (feature extraction and data portability) : 72EE L 0] T8
HIMERY ESER B (dependent variable)BAH T 1817 HY H 5% (independent variable)
% W BEOETTIAE - R E 8 A R b (discretization) - #EH
2. BRPAEE (data cleaning) * ¥1EHRER  HUEA IEME - BB~ —20 Bdg#
P R TR
3. BB (data transformation) * $TSEEUAEEEIHE -
4. BRHMER (data reduction) : ¥FEEABOETT 73 BE (sampling) » 73 Ryl GBE A
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(training sample) BLHIE R A (testing sample)
(M FERSHTHIRERT

32 E. Siegel (Q013)5% » FERI AT HE FHHY LR SIS LA
1. SFREEEE A 4% (family and personal life)
785 ~ BES B8 E (marketing, advertisement, and the web) ;
<Rl Bk BEL R B (financial risk and insurance)
R 5 IR (healthcare)
A BFERER A (law enforcement and fraud detection)
SEERASOH ~ 222 EEFRER (fault detection, safety and logistical efficiency) s
BUR ~ BUE ~ JEEF4H & B2 B & (covernment, politics, nonprofit, and

education) ;

A A s

8. ANMEEES M -~ B4 B 0¥ (human language understanding, thought,

psychology) »
0. 28y : BT Ha{E B (workforce: staff and employees) °

— ~ B4 47 FE FE (Applications of Predictive Analytics)

AERIERGRE AT Robert Nisbet -H R ERIBIE S » TNHFHELHA > B2
T HE R B - IR1T - BEEFREREEEITE > BFE T4HET
oy fr B S B8 3% 5% - it (Handbook of Statistical Analysis & Data Mining
Applications) | » G IESIEEF L EAT-R 2 MRV EERIHARHE 2009 F4%0H »
T ITERRAY) -

IMENE EEE % H KNIME BREGIVEPRERIE - A EB TR BB IZ R
B KRR - FHITH EEENER - EEiesE B EE A
BB BR#RE A (pattern of relationship) » DATE Ry RORIFIEE B - TR
B EMELL S E Y (parametric statistics) VB TEFREAR L » [HEERVEEE(L
FRER K BRI MY B R RR - Rt el d B Rz -
(—EREEE

H e E SIS R R > RBUEEUA BT HERR T - HE S
BHEHARE - BRI s - EENAREEEE =
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1. PRIRA (decision tree) * (EFIRHRSERAC I ITER] - EHEETHREZ N —(ERF
ML - T EF(E o SR — T T REAME i AR - T AR (E S A ETRE A
REIHPERIERC » & HAASRENE R A A B AR PR (random forest) S EE
% (tree ensemble) °

2. THEEYERS (neural networks) : e UK (R4S TeAYEE T 2R &KL -
R P B R R BTy — (i A (nput) Y ERER 1B 18 1€ bX
BHVER - TR E Ooutput) - FHEA N Rt - EFIRE &P
R EE IR -

3. XM E#%E5(Support Vector Machine, SVM) © 7 A4 5122 5 H 55 (statistical
learning theory) SAZFERYVEIER N - RS dEERVERIZEME T - thamIRaRE:
FEE -1 (hyper-plane) » DAZERCIRIEERY TR TAF - & RAYSCRf A B e H
$5H LIBSVM % -

(CHEBERRHE
HFYEBAN I A AER > B S 2% R A H a5 (try and error) » B

DB HEIR - Itf S S E B AR M -

1. R 75 (R-square) * # EHA R ERBEEE IR IR T & E R - Al
APEZSZEEIEN R ST E - ZEMS - BRE EEERTRE o M aE S
(E

2. PIHEEREREE (Mean Absolute Error) - 58I FUEERIA T & HE REEC -
AIEEEER(E R SPIOTME - RHSER @S0l - s HRR - i3
HELEFTS T SE R R -

(SEEENEM

1. THEEBYIRE (market basket) * R TEMIIHTHY FIAZE L IEH 2 — - BT
FOBEEEYIT R CCERE PRy T2 DURDRORE: - S8 B3 s
EHPRAT

2. BEEMAK (churn) © A FIEMINEESE - SHEAFIR P26 nlseiEit 2 5
fEE(E A E o HAlLAEZ R EHMIFEAESE - fli0 - EREHEEAE
B A REBRER BN T ERS RS TR N S R IR E oA -

3. P& (science) : HEEFEEE Al BT RAVRIEER - BlAER s
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HELE T BB s R S T R 2R R - DURAWT
GBIt R AR -

4. BRI REIREE (medical and healthcare) * H &3 52 I 18 /A B AR BH &
[ > FR LR e A el R IR AT B 2y o i - sk MR A T 4
BLHEr - =2 e -

5. FEEEELRS (social media) * HEFEERGHVET R R AR E A MIF4EHYE 2
B Bl c s 548 9B (sentimental  analysis) » TEHIRS i By
(bullish)BAE T (bearish)Z o

6. EEfj(sports) * M E HATC B2 EANEER ~ EEERE R0 EH) -

TR B AR TR RERVIHH 2 2 - whBhfisafis - 2Tk ELEE
R -

7. R (entertainment) : £z/E Ky A\ KIHIIE R ZE 051 Fs AR E ERAR 525
& Netflix fEHE 1855 % (search engine) EHFE=ERE - 0T Z4r
A HERS B -

8. Prb&(insurance) © [FLHHIE I S BRlG 35 B5 43 M (cross-sell analysis) » %
EEHAERES - SRR o - DA IS & S -

= ~ BB IR EIE 245 (Data Preparation for Data Mining)

AR PSRN Ry Robert Nisbet 1 > {5 T &t o i Ed s 208 - |
— = & KNIME #8G » mMEEFRRENEBETERBERELEER
(CRISP-DM) H (1Y S8 2 68 A B 11 - SO AR (A R TEURI 53 A7 v i R BRSO A
SIS RS LRI 2/ DRE » I IREEE 90% » [RRTER B TE R
R » HEREN X EE IR o SRS S E R — 2 - FyfifE
FREBHE TGS RIS » VHGREEIEE R » (URBEATTEREAE - K5
e BHEAEHEA THIEEEE
(—)E R PE(data integration)

RGBS EERERERR - B A TR R B RO - Al
FEFR AT AT E H Y KR 22 - SRRty se BB m A A I -
It - RZEHVE R OB R\ EEEREIE K0 AR



RHEE RIS TR O - HA I R A RE B B A S EE Bl e - &
RO % - VBRG] B R 1 751 5 #A(transposition) ~ A8 X FZ(cross tabulation)
S @A 7> fr(data pivoting) ¢ - HEFTERIHVICHT T1F -

(—)ERIAER (data cleansing)

BREEHFSE R - MRS IERR AR B RHE T TER S BIE KGR (data
cleaning) T{F * B oA Z F— BN S OA N Reiar s A g - &
CE R B ER A S B BCE RS A — 2 F R E - E il E 4R
(recoding) » BIANIERIE R S HIE B LR B IES — B IS - 5500 » E8E
P& A BEEF(E (outliers) » AR EREZIFREERHE > SA B E B AT LI
5 MBS BE P BE R E S -

(=)EREERM (missing value imputation)

FF i e 22 8 0 B AR R PR AUZ S (case-by-case)s T » BIR{EHVIFIE
R AR R BN TE RIS 4E S N R E VS T & DB -
HHRITAA=
1. AR % (constants )EEL{F » USRS P8 T EL -

2. MIHEEE A (formula) » PLERIN HA S8 &R S T REAH(E -
3. FIAERAE (modeDHEMGFAHIE -

(MG R BB (deriving special variables)

R EDRHEE A BB S B o B H WY B (SE R BRI 9t RV A 7220E - (R
BAEZHIBEN T » BT EAERIN B E SRR - 25 A
REA AT HRERERE
1. HE A BR Rl ER s L - RILMERE B Y o0 S0 88 B 5 FE 1 S8

(dummy variables) 5 {E (number) » WAEERFEE SR AE (B (standardize) 5
o
2. HEHHEEFEME BN - AR SRR SR A [RRTER %
RS S EE S HARSEE B AR » NI el S bR S E
3. HBERHR YRR > AR 28 (lag variables) » M AR >
DR e A g i )7 - I S B 4 2 8 st o Y ARIMA LAY
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(Autoregressive Integrated Moving Average)fH{EL »
(F1) BRI (feature selection)

Ntk E NS - AR SRR E I ER T - TR —
BE(EE > A R B LAY TRRIBE ) - AL - 1ESE AT S EE R
MRS o DVFHETE APk - Mam b FIFRE B E R SR
fres gy RE SRR HEB LA ST - REEERHE - SHERYITAREL
A BB EEBH A NSETRTE - SR EEE S B (ow variance)
BT B H A 2 8 L = AH R 4 (high correlation) Y888 55 — HILE A1 F s iy
MBI TR AL E B THRIE -

(7S)EELEP I (algorithm selection)

WM EEE EREEDE - DIRFE BB A 2 &R RV E

TR ER - TEEHAVEEE EAENA =

1. #EFRIE R (logistic regression) * Y& R B RE b BEUEAIRE - HIT G
HRE G - BRHZTRY H AR DS B S S i e R B AR (% -

2. fHARAELE ¢ [FIRFE A H RS B BUE BRI R R RE
WEAR A > WI[EI SR & T (black box) » i) AE— D HefE H AL By B AR R S B
FIRA % -

3. DRSRAS AR EIRE A H AR SR RE B B - (H B it
FEAELL > HEr iR m R EL o] AR o H TT F AR R R [ BB A
H RS ColrsseasE= > e

(1) &8N (data conditioning)

FEHEL T Z A WVHHEETTE R 7 E(data partitioning) K B - (data
balancing) i A TAfE -
1. B & - RER I R R E R (modeling data) 5o HIEUE Bh(testing data)
B A AR R A A oy R dlll SR &R training data) KR & (validating data)
SRR R e A ISR T - P A ERas Eba BE A - e fe IR
BRI RS AR
2. BB ¢ A RS Y B BRI RS R N
S 4ERAEN - ALNVETTREE Pl - DRTHEEDATHIEE ST - P
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A H Y %805 under-sampling) K B0/ D # (over-sampling) R F <
(/ORI B TL (preliminary model building)

EERC2BFEEEN - HERETREEENERAR - BIATE#r%
HEFI RS > G fE TR Pk EETEOMIRE 1) B RIS Y - (HIS—2HY2E » &
BHEEFEERT - WIRZ R R BRI ETT - BB LR EEEeH
AER - NEARR - SHEEERE - AR Se R B YA AE

70~ FEHIERNEE - Y2 BKEModeling Methods, Deploying, and Refining
Predictive Models)

RERIEFGEREHT Ry Ash Pahwa {84 B EHEEHEEBRNEIEEIE R K&
Python » /M4HESTT SR BUR ZIRAAAEIE 5 (CRISP-DM)HY AT (Modeling) FH
SRS EAE -

(RS
T AR ES S E E BUA B S EER ST (regression) ~ k-FTHEIA Kk nearest

neighbor) ~ E&&f H FK7A(Naive-Bayes) ~ BFEE VA (clustering) Kz 1 &R 48 B (neural
networks) » AR NAIRAESIA |
| RFESEE - 7] 7 RyB{E (numerical) BB (categorical S H -
2. BEGE "] R -

— BB\ (supervised) TR G BT R & HAR |

— JEETE F(unsupervised) Ry = A AL BHEHIRE AR -
3. BRERNE ¢ MLy Ry VWA -

— FER ERZZHIEREE (error based learning)

— E MUY ERE (similarity based learning)

— FFAHERAYEEE (Probability based learning) 5

— {5 AN JEAHS (mimicking the human brain) °
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R 1 RSEEEEEDE

HEA RESE | 287G SERE
e BEEH BiEC Y N
k-5 Vil BiEC EAR IS
BAiHRE JERISEEL BiE FReRATER S
BERA - FEEE
AL LS BEEE BB LD PN
i
(BRI A

1. B (regression)
AT — TRz (E BRI 774 - IR B e iR
SRR AR MR RR (RAVIEAY » B — =0T
y=Bo+ B X1+ B, X+ + B, Xn
EEFREE AT A REREREE - HUEE S REE -
IR] B > AH TR Ry FE B B (dummy  variables) > DAAARSIHY o HHA
TEHEAS AL AR MR RR (05 RIHEEERETA( 8 ) B & THHIB A5,
B, B BRFHEUINFE T A (ordinary least square) > SRR FECHIEL
BB EFEMIVERZ VT RGN R/ - NI BAA R SRS E R
B -
2. k-#T#B7E(k nearest neighbor)
AR AR E ERNER A BT R R E R
B TR EERE - W2 SR k (D ERY 2 B I - #E DR
m LM - SRR E RAFA

Kk
Euclidean distance = \/ E (Pi — q11)?
i=1

k
Manhattan distance = Z |pi — qail
i=1

A AR B EAEE - REBREURERIEE AR R EW
R A EEREACR Z HA DU - DREEAS R AR (TR A ER S TRl © k-2
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SEMER TN EAR > H M aiEE K E - ER L kK BEELUE
RHEE L PRI R L -
3. B4 HKZANaive-Bayes)

HAHREAZ S BN ETE - DHREHEZAZAT)
Ry BEHE - IR IBERIET R - F DUHIE R AR R BB EZ 8 T — {1
JA1 -

P(BIA) -P(A)
P(B)

HAHRERERAEE » ESERFHIEE > BEFEE
sTEMA > HIP(A) ~ P(B) ~ P(B | A) » FHEMAURE S0 MR ZE S
AUt > BIP(A | B) » B LLUHIERES B —FE S5 - EREEAE R B ey
B o IO R T B E B IR DL o AR
ARG E B MBI SR o NIRE R BT - BEN G R L
B4 H AR E B AR EAEERARCR I 774 -

4, B E(clustering)

BROESRER DN ITE - RIFREREE - AEMERET
TYEE o A SHEMERAIE A ERE TS © B HEVEEREE — Tk
SEEREER A (k-means clustering) DA K P& J@EFER % (hierarchical clustering)
W B K72 AT AT & e e E A T BV E R BT 0B - &l
ENTEIT BRI E AT L - SEZRTTEA AR o (B B Ry
/INMBZE A 88 B (within-cluster-variation) » SEE N AT -

P(A|B) =

k
minimize z W(Cy)
1

W(Cy) = |C_1k|z Z(xij —x;)”

%L BROEN IR ER Al E R BT 0 - RS
s BRI TS 0 - BEEHRNVERIEIE S - B IRREE
BHEMTE - AU AR
5. TR AEEL (neural networks)
FREACHERE Ry T B RAHE PRV R E FUERDE - HERAE R A 2
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HETEUEITEM > o] DUETTE RIS - AR R nVE R E —
TR NS A R 045 RS LT RE T s 4 AU BUER A > E 5EERIR
EATH A& (nput layer) > FFEHEE R E (hidden layer) 7T HIRE T BLELER
WA - e e B B EUE A 45 -

2 R EUE R

input layer
hidden layer 1 hidden layer 2

f(b+Zwixi)

P&t s A 1Y FE A B 4= R T - P e B 2 1 e &5

o BIERAEEEE (deep learning) » M REERE Y £ HE I AER Bl

PEREL T ~ R R S = R A

(Z)RERIEFRE (assessment)

FHAEPE e ERHEEE AT IR - MRS R AR BB SR
BEATHBIRETAL « F RAVTHRISEJTEAL nT#I%2 R SEJTER square) BLET7HR
FRZ(Root Mean Square Error, RMSE) ; 43¥ERE F7a-E Rl Ky B ¥ FE P (confusion
matrix) &1 ROC B4R (receiver operating characteristic curve) DA K B4R T HEif& (Area
Under Curve, AUC) °

1. BAAITRAIRE JIRPAS © ME& Rat RS B N E B B PR E A 220E > &
HEfEA -
(D) RPHE - REBEEAKEATT) - EFFY0 8 1 Zf - MpEaT 1A%
AR FEMRE TRAE -

13



PR (GRS D

2(y; — ybar)?
(OFFHIRERE © (RIBEE AT - B MUFRBITRE JTREE -

I jzmxa — )2

N

2. 1RALYRRE JIePlh - e R R S B S U SR B PR O R 2 ]

TR ERAE -

(LVEEHERE © N fyiR 22 4Bk (error matrix) » 3 AJ 515 2EHEME (accuracy)
BURL M (sensitivity) S ARFEEME (specificity) o Forp - AEREMEFURE AR ERE
SYHERE T ~ BURE EE R (ERETER A o M BE T ~ T B M HI B R A

RUERETA R P TERRE T - =l > (ARIE

RIS HARE JTRAEE -

. FEiH
T B f
2 HI% Iz
s (True Positive) (False Negative)
ol 18155 Hi
(False Positive) (True Negative)

. __ TPeTN
o HfEME(Accuracy) = TP+TN+FP+FN
G (sensitivity) = =
B (sensitivity) = TPTFN
- FEEL (specificity) = —
S TN+FP

(2)ROC eh&p R ihgr TIEAR « DUE Gy 5 A E3EIIR - SHEETT > [EIPHY
bRy T BURRE ) PR T LR R o BIHhAR EAY—RER A T B
RME S BT IRR SR HUHE - HIHT ROC Hh4RI - DIAA&R B2 H A
#e > 25 ROC Higr Rl - AR BIERIE - St B
Bl For AR R TN R P MRS, - [N SR T R P Y
PEREYE > AIRFRERE R E - EEP A LA - BRI RO,
Fole AR - PREPEERZIERIN > JRTA] A <R T i s A B IRy
FAIE o HhaR TERE/ TR 0 B 1 R - HIBIRREAT

14



e AUC =1 - fERITHERE JIfE
e 0.5<AUC <1 FERIESHERE
e AUC = 0.5 > AR B3 HHRE
B 3 ROC Hh4REZHE ~ Hh4R T HE

AUC=1 05=AUC=<1 AUC=05

f ~ BB R ERAY R £ FE FH (Business Applications of Data Science)

ARERFEHZERAHN F5 Hasan Hboubati B8 53 HTRAR > H AHTREF SERUIMNY
BB HTAE] Alteryx © 3 AEITR EEFTE— U AVEIRRET /TS - (0
R AITE IR E R R/ | SEREIE A ~ AR R BB E L - Ik
MY 2016 F2EEE bhd(Forbes) i Em AR A FIHEHTH%(Cloud 100 LisH)4ER
524 % AREHREEREAEYA > EE RIS > HRITEIER
B PV EBEAER R EEERE T H -

(M EBERER

TEAGIEAES RARHAHERD T il % B AP Y & S (invisible information)
T2 & M b (datafication) » FIAN © +HEFERASHYEZ) S AT E) A PRSI E
UL EEREE EERERA R © 5590 - B EAIRAEEs B AT
TSN AT LR E R EE R (data exhaust) » BIAIEIER H S EEE TH5—H
HIIE EIGE] > TR g E IR A E AR -

s BBREEANEEER " #EEENEEER
BRI EE R E R P AR R A E &N - DI iE
W - 8B40 EEIES R & b SE KB R (Walmart) 73 M B R R BE RV 4 B &
Tl » FEEK EAH 857 (Kellogg's strawberry Pop-Tarts)EIg G g5 £ A
B RS IE W HE an R KB RITF & SRS REEIE R 2 By

& FUzs(Revenue Per Available Room)fHEAI4E S » #EMLE BEAREN =
15



8 o 540 » Bl o] DU EE KSR H R - R AREAVHESE » 2240 ¢
T EEHE S T U SE ER (near miss) B LA BIRF &R > A R )@ NERE S
E"? o

BB EERNTEER T IERAEEER

BRI TAE R EIREE(Let’ s data speak)  (E/E IR OVAE
FHEGGETTIRE - NI MR A T 5 A SR H B E 8 2 TR AR B 1
(causation)HYEFE - B2 AN A A RFEIERTEME L RN B A ZE B

EEEBEE T E > AR IR RS R 5950 AR
PRS- fE 2AH TR - (B AT RE S R I (R RA IRV SR > B0 © Z¢(home)
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Abstract

The purpose of this report is to identify who are the potential customers can afford high-end
products. By carefully examining “Census Income” data set with “Cross Industry Standard
Processing for Data Mining (CRISP-DM)”, we can predict consumers’ income with high overall
accuracy rates, which are 0.816 and 0.819 under the “Random Forest” algorithm and “Tree
Ensemble” algorithm. The report suggests that people who have capital gain or have child are

more likely to have higher income and can afford high-end products.
Introduction

Generally, people at the top of the pyramid have more disposal income to buy high-end
products or luxury goods. Therefore, companies offer not only ordinary products or service, but
also high-end ones to cater those consumers. For example, Apple Inc. released both IponeX
and Iphone8 smart phones in 2017. Undoubtedly, IphoneX is designed for the premium end of
the market. It equipped with up-to-date high-tech, such as a new all-screen design and with

face ID, and its sale price is 40% higher than Iphone8 on average.

Thus, companies are eager to know whether high-end market exits and to find out who could
afford them. In this report, “Census Income” data set, downloaded from UCI Machine Learning

Repository, is under examination in order to predict whose income exceeds $50,000 per year.

Methodology

To ensure quality of the data set, Cross Industry Standard Processing for Data Mining
(CRISP-DM) is adopted. Also, In order to precisely predict consumers’ income, 2 algorithms
(Random Forest and Tree Ensemble) and 2 balancing methods (unbalanced and equal size

balancing) are adopted to build 4 models.
1. Datainput
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In this dataset, there are 32,650 rows and each has 15 attributes, including age, work
class, final weight, education, education-number, marital-status, occupation, relationship,
race, sex, capital-gain, capital-loss, hours-per-week, native-country, and whether his/her

income exceeds $50,000 per year.

2. Data understanding

a. Learning the data type of each variable and their basic statistical features: 8 of 15
attributes are categorical, including work class, education, marital-status, occupation,

relationship, race, sex.

b.  Confirming which variables have missing value or outlier value: 2,399 rows have

missing value.

3. Data preparation
a. Dealing with missing values: Removing rows which have missing values.
b.  Feature selection: Only excluding irrelevant attribute “final weight.”

c.  Data partitioning: Dividing the dataset into modeling data (including training data and

testing data) and validating data, with a 70:30 ratio.

d. Data balancing: (I) No balancing; (Il) Balancing via Equal Size Sampling.

4. Modeling/Algorithm
a. Random Forest: Doing a random search along various parameter path of change.

b. Tree Ensemble: Doing an optimized search along various parameter path of change.

Equal Size Sampling Tree Ensemble

ﬂ Learner
» >
>
L S
[s]
Node 20 Tree Ensemble
File Reader Missing Value  One to Many Column Filter Partitioning Node 8 Predictor Scorer
> > »
2? 4 i oo
[3» L g > >, pe >
1
Node 15 Node 3 Node 16 Node 14 Node 5 Random Forest Node 9 Node 10
Learner
>
L S

Random Forest
Predictor Scorer

e

Node 17

Node 18 Node 19

Figure 1 CRISP-DM of this report (KNIME)

Results and Discussion
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1. “Equal Size Sampling” is preferred in this report.

a.

Using “No balancing” method, the accuracy value is always higher than “Equal Size
Sampling.”

I For Random Forest, the result is 0.868>0.816.

Il.  For Tree Ensemble, the result is 0.868>0.819.

Row ID | TrueP... | FalseP...| | TrueN...| | False... [ Recall D Precisi...| D Sensiti... D Specifity| D F-me... | D Accuracy | D/Coheni:
7

.<:50K 7107 934 1373 355 0.952 0.884 0.952 0.595 0.917 7
.>SDK 1373 355 7107 934 0.595 0.795 0.595 0.952 0.681 ?
.Dverall 7 7 7 7 7 7 7 7 ? 0.868 0.6

Figure 1 “No balancing” and “Random Forest”

Row ID | TrueP...| | FalseP...| | TrueN...| | False... D Recall D Precisi... D Sensiti..| D Specifity| D F-me... | D Accuracy | B /Cohenis
. <=50K 5975 300 1993 1501 0.799 0.952 0.799 0.869 0.869 7 ?

. >50K 1993 1501 5975 300 0.869 0.57 0.869 0.799 0.689 7 ?

. Overall ? 7 ? 7 7 7 ? 7 ? 0.816 0.566

Figure 2 “Balancing via Equal Size Sampling” and “Random Forest”

Row ID | TrueP...| | FalseP...| | TrueN...| | False... | D Recall D Precisi...| D Sensiti...| D Specifity| D F-me... | D Accuracy | D [Cohenis
7

. <=50K 7102 931 1376 360 0.952 0.884 0.952 0.596 0.917 ?

.>50K 1376 360 7102 931 0.596 0.793 0.596 0.952 0.681 7 7

.DveraH ? ? 7 7 7 7 7 7 7 0.868 0.599

H 13 H » 113 ”
Figure 3 “No balancing” and “Tree Ensemble
Row ID | TrueP... | FalseP...| | TrueN... | False... D Recall D Precisi...| D Sensiti...| D Specifity D F-me... | D Accuracy || D/ Cohen.:

. <=50K 6008 301 1992 1468 0.804 0.952 0.804 0.869 0.872 7 7

.>SUK 1992 1468 6008 301 0.869 0.576 0.869 0.804 0.693 ? 7
.Dverall 7 7 7 7 T 7 T 7 T 0.819 0.572

Figure 4 “Balancing via Equal Size Sampling” and “Tree Ensemble”

However, the gap between recall values of target classes is greater than “Equal Size
Sampling.”

I For Random Forest, the result is 0.357(=0.952-0.595)>0.07(=0.869-0.799).

Il.  For Tree Ensemble, the result is 0.356(=0.952-0.596)>0.065(=0.869-0.804).

Using “Equal Size Sampling” method, its overall accuracy is high enough, so are its

recall values. Thus, the following discussion will base on it.

2. Both “Random Forest” algorithm and “Tree Ensemble” algorithm perform well.

a.

b.

Their overall accuracy values are very similar, i.e. 0.816 and 0.819.

There is only a slight difference in their recall values of target classes.

l. In Random Forest algorithm, the recall values for <=50K and >50k are 0.799
and 0.869.
IIl.  In Tree Ensemble algorithm, the recall values for <=50K and >50k are 0.804

and 0.869.

29




c. Both “Random Forest” algorithm and “Tree Ensemble” algorithm are adopted in the

following discussion.

3. “Capital Gain” and “Owned Child” are the most important attributes in predicting

whose income exceeds 50,000 per year.

a. Partitioning the data set by the rule of “Draw Sampling,” rather than “Linear
Sampling,” in order to make sure the flexibility of our model. In addition, running this
process three times with an aim to gaining a more robust attribution results.

I In Random Forest algorithm, “capital gain” and “own-child” are the only two
appearing in these three top 5 attribution tables.
II.  In Tree Ensemble algorithm, “capital gain” and “own-child” are also the only two

appearing in these three top 5 attribution tables.

b.  Thus, “capital gain” and “own-child” are for sure the most important attributes.

Conclusions

1. By applying CRISP-DM with “Equal Size Sampling” and two algorithms (“Random Forest
and “Tree Ensemble”), the company could be quite confident to predict customers’
income and could aim at those who have capital gain or have children to promote the
high-end products.

2. Inthe future, there are some actions can be taken in order to enhance the model.

a. Applying new algorithms, such as Support Vector Machine (SVM).

b.  Adding new variables into the datasets, such as IQ test scores.
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Abstract

The purpose of this report is to predict which Paralyzed Veterans of America (PVA) donor will
continue to donate. Among 13 data mining models, this report suggests that using
over-sampling method to balance data set and using Random Forest or Tree Ensemble
algorithm is the best model, with high model accuracy (0.995), to do the prediction. This
accuracy can be further enhanced to 0.996 when take the feature selection into the best model.
In this paper, the top 3 decision rules are also provided by the data mining process in order to

offer more well-defined information to PVA.

Introduction

This report highlights the results of the analysis based on the Paralyzed Veterans of America
(PVA) data set. PVA is a not-for-profit organization that provides programs and services for US
veterans with spinal cord injuries or disease. With over 13 million donors, PVA is also one of
the largest direct mail fund raisers in the US. For maintaining its operation, precise prediction
of which donor is still willing to donate next year will be crucial. In this report, a data mining

method is proposed to carefully examine the PVA data set.

The first part of this report is the introduction. The second part is to explain the steps to
prepare the dataset for analysis. The third part is the results and discussion of the

experimental analysis using an array of models. The fourth part is the conclusion.

Methodology

There are 10 steps in the data preparation. In order to precisely predict which donor will donate
next year, 4 algorithms (Logistic Regression, Decision Tree, Random Forest, Tree Ensemble)
and 3 balancing methods (unbalanced, under-balanced, over-balanced) are adopted to build
12 models. Then, the best algorithm and balancing method is filtered by the short-list to

enhance performance of the model (Table 1).
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Unbalanced

Under-sampling

Over-sampling

Logistic Model 1 Model 5 Model 9
Regression

Decision Tree Model 2 Model 6 Model 10
Random Forest Model 3 Model 7 Model 11
Tree Ensemble Model 4 Model 8 Model 12
The best balancing method and algorithm + Short-list Model 13

Table 1 13 Models with different experimental designs
Data integration: Joining data from 4 source data files, including Donors2.csv,

Demographics3.csv, Donor_Hist2.csv, and Promo_Hist.csv.

Data cleansing: Transforming those zips which are negative to positive ones and
transform those zips which are consisted of only 4 figures to 5. Also, substituting outliers

into second-high number in those variables.

Missing values imputation: Missing values of Wealthl variable can be imputed with a
constant, a formula or a model. Here, the Simple Regression model is applied.
New variables deviation

a. Deriving dummy variable: Transforming RFA_2A variable to 4 dummy variables
b. Replacing alphanumeric codes with numbers: Converting categorical variables to
numbers, then deleting the original categorical variables.

c. Deriving new variable: Deriving DOCTOR and GIFT_PER_PROMO.

Data normalization: This step is necessary only for Logistic Regression algorithm.

Feature selection: Using “Feature Elimination” node, which is a meta node, to create

the short-list.

e. Using “Backward Feature Elimination Start” node and “Backward Feature Elimination

End” node to set up a processing loop to delete unimportant variables one at a time.

f. “Decision Tree” algorithm is adopted in this process.
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g. Using “Backward Feature Elimination Filter” node to decide which combination

between error level and variable number is preferable.

Algorithm selection: Logistic Regression, Decision Tree, Random Forest, Tree
Ensemble.

8. Data Conditioning
a. Data partitioning: Dividing the dataset into modeling data and validating data, with a

70:30 ratio.

b. Data balancing: Unbalanced, Under-sampling, Over-sampling.

9. Preliminary model building: Using step 1 to 8 to understand which data preparation
technique to use for the final model.

10. Feedback to earlier data preparation

Logistic
Regression Learner
> H._r_ = Logistic Regression
Table Reader Normalizer Partitioning > Predictor Scorer
> > e »>
H + + oo
SF P, P m p—NBGE—Hin g b »
® [ ] [e} Decision [ ] [
Unbalanced Node 5 Node 6 Tree Learner Node 10 Node 11 Decision Tree
Table Reader Partitioning w5l to Ruleset Sorter
_ . ) ! -
> Decision Tree - -
o —H g2 —» »
N > m P ® Predictor Scorer © > i
— » L [ ]
: R - S« QU]
Under-sampled Node 7 » oae oae
Table Reader Random Forest - -
Learner Node 16 Node 12
&, » >
Reference > i":. > Random Forest  Scorer
o Column Filter - Predictor >
Over-sampled P i L *l_ gE >
Table Reader > fode 17 °
- Tree Ensemble e Node 13
N Node 8 Learner Node 18
® > m. : Tree Ensemble  Scorer
Short-ist a Predictor > -
. B
| Node 19 o °
e Node 14
Node 20
Figure 1 CRISP-DM of this report (KNIME)
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Results & Discussion

There are 4 important results of the experimental models.
1. The effect of both balancing method are significant on each algorithm

d. Table 2 shows that Under-sampling method decreases overall accuracy when
modeling with all algorithms. However, it narrows down the gap between sensitivity

and specificity.

e. Table 2 also shows that Over-sampling method increases overall accuracy and

narrows down the gap between sensitivity and specificity.

Unbalanced method

Under-sampling method

Over-sampling

Logistic Regression

® Accuracy: 0.952

® Sensitivity: 0

® Specificity: 1
Decision Tree

® Accuracy: 0.904

® Sensitivity: 0.079

® Specificity: 0.946
Random Forest

® Accuracy: 0.951

® Sensitivity: 0

® Specificity: 1
Tree Ensemble

® Accuracy: 0.951

® Sensitivity: 0

® Specificity: 1

Logistic Regression

® Accuracy: 0.506
® Sensitivity: 0.502

® Specificity: 0.51

Decision Tree

® Accuracy: 0.513
® Sensitivity: 0.544

® Specificity: 0.485

Random Forest

® Accuracy: 0.541

® Sensitivity: 0.566

® Specificity: 0.518
Tree Ensemble

® Accuracy: 0.557

® Sensitivity: 0.558

® Specificity: 0.555

Logistic Regression

® Accuracy: 0.612
® Sensitivity: 0.604

® Specificity: 0.62

Decision Tree

® Accuracy: 0.937
® Sensitivity: 0.966

® Specificity: 0.908

Random Forest

® Accuracy: 0.995

® Sensitivity: 0.991

® Specificity: 1
Tree Ensemble

® Accuracy: 0.995

® Sensitivity: 0.991

® Specificity: 1

Table 2 Comparison b/w each balancing method and algorithm
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Random Forest algorithm performs best with oversample balancing method, so

does Tree Ensemble algorithm with oversample balancing method.

Table 2 shows that under over-sampling method, the performance of Random Forest and

Tree Ensemble algorithm is the same, both with highest accuracy (0.995), sensitivity

(0.991) and specificity (1).

“Decision Tree to Ruleset” node is adopted to examine the top 3 decision rules.

The results of each data set are as following Table 3 to 5.

a.

Unbalanced Data

Top 1 (Record count=7)

Top 2 (Record count=6)

Top3 (Record count=6)

AGE<=75.5
DOMAIN (Num) >12.5
CARDPROM<=

34.5

LOCALGOV<=6.5
STATEGOV<=6.5
CLUSTER<=1.5

B_GEOCODE<=0.5
STATE (Num)<=11.5

AVGGIFT<=7.43

Table 3 Top 3 decision rule from unbalanced data and Decision Tree

Under-sampled Data

Top 1 (Record count=29)

Top 2 (Record count=25)

Top3 (Record count=22)

MAGFEM<=0.5
CLUSTER<=39.5

STATE (Num)>15.5

AVGGIFT<=40.625
CLUSTER2>3.5

STATE (Num)<=14.5

RAMNTALL>71.75
AVGGIFT<=5.408

AGE<=87.5

Table 4 Top 3 decision rule from under-sampled data and Decision Tree

Over-sampled Data

Top 1 (Record

count=3,802)

Top 2 (Record

count=1,415)

Top3 (Record count=576)

X_PERSTRFL<=1

X_PERSTRFL>0

C_GEOCODE2<=1
C_GEOCODE2>0
MALEMILI>0

RAF 2F<=2
RAF_2F>1

X_PERSTRFL<=0

Table5 Top 3 decision rule from over-sampled data and Decision Tree
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4. When short-list is adopted into model, it can slightly improve the outcomes,

especially with Tree Ensemble algorithm (Table 6).

Random Forest algorithm Tree Ensemble algorithm

With short-list With short-list

® Accuracy: 0.995 ® Accuracy: 0.996

® Sensitivity: 0.992 @ Sensitivity: 0.992

® Specificity: 0.999 ® Specificity: 0.999
Without short-list Without short-list

® Accuracy: 0.995 ® Accuracy: 0.995

® Sensitivity: 0.991 ® Sensitivity: 0.991

® Specificity: 1 ® Specificity: 1

Table 6 Comparison best model with and without short-list

Conclusions

This report uses the data mining approach to analyze PVA data set and to predict which donor
will donate next year. In the whole data mining process, data preparation counts an important
role, since the method to balance the data set and the algorithm to fit the data set are crucial to
determine the model accuracy. Also, the feature selection is necessary in data preparation

step to further enhance the best model.

The main purpose of predictive analytics is to provide information from data set and then to
help people to make a better decision. Therefore, the top 3 decision rules have been listed in

this report. For PVA, these rules are valuable when contacting potential donors.
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Whatis Mahout

Introduction to

Mahout and Pentaho

A Mahout is a person who drives an elephant. They just wanted a name that
complemented Hadoop but they see our project as a good driver of Hadoop in the
sense that they will be using and testing it. They are not, however, implying that they
are controlling Hadoop's development.

MAHOUT

For Creating Scalable Performant
Machine Learning Applications™ ~

Unsupervised Learning VS Supervised Learning

v OUnsupervised learning
« Grouping your dataset — you find something useful

v OSupervised Learning
- Training data is used to build model

+ Test data to validate the model

Apache Mahout is a distributed linear algebra framework and mathematically + Apply model to the customer

expressive Scala DSL designed to let mathematicians, statisticians, and data + Predictive Modeling is a supervised learning
scientists quickly implement their own algorithms. It allows us to implement machine
learning, and dealing with Big Data effectively. These algorithms is made from Map
Reduce.

Mahout offers 3 main machine learning techniques

Recommendation

i il

Recommendation uses our information along with community information to
determine the likelihood of our preferring a product or not.

ecommendation

Your Orders s s e ===

et pscnn | 2017
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Recommendation

Your r and featured

nspi by yous purchases Petols

Classification

How does your favorite email system mark them as spam will they use the second
technique classification?

Classification uses known data to determine how new data should be classified into a
set of existing categories, so every time we mark or unmarked an email as spam we
directly influence or emails classification engine for flagging future spam

Clustering forms groups of similar data based on common characteristics unlike
classification. Clustering does not group data into an existing set of known categories.
This is particularly useful when you aren't sure how to organize your data in the first place

 UBHTSASER
Google News uses this powerful technique to make sense of the ever-changing stream
of news articles from around the world enabling you to keep up with the latest events

R

Mahout offer 3 main machine learning techniques
Classification
Q@ «w ¥
R 1

Clustering
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« P %
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‘@) pentaho

e Pentaho is the commercial open source software for Business
Intelligence (Bl)
o Original author: Pentaho Corporation, 2004
Developer: Hitachi Vantara, 2015
o Website: www.pentaho.com =
e Running well under multi platform
Windows, Linux, Mac OS X,...
e Pentaho's Applications are all build under Java platform
e License: Community Edition(CE), Enterprise Edition(EE)

Try Pentaho Now

Leaders Use Pentaho

AV
VA AV
VAV

s OP@WER

-l"
Marketo

= randstad

Why Pentaho?

e One stop solution for all the business analytics need

OLAP
GO g'e \R) (on-line
n analytical
y processing)
et KNIME S
@3 YouTube
Data Reporting
Social . Bigbata _, Medels Teols
Media Platform P b
Sources Models

Pentaho Data Integration

e Enables users to ingest, blend, cleanse and prepare
diverse data from any source. @ @
e Some of the Pentaho reporting features
o Rich transformation library @©
o Advanced data warehousing support @
Enterprise class performance and scalability
Data integration enterprise console
Modern, standard based architecture

®

@
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Pentaho Data Integration

- -~ ( Transformation
Extraction

Source: SlideShare net

Pentaho Data Integration

Extraction

- (Ao fiE

Transformation

Source:

Pentaho Data Mining

e Provides insight into hidden patterns and relationships in data
and also provides indicators for future performance based on
those historical patterns

e Some of the Pentaho data mining features
o Wide range of algorithms
o Powerful graphical design tools
o Provides powerful data engine machine
o Enables embedding of recommendations in applications

Pentaho Data Mining

AssociationRules

Classification

Declislon Boundaries

Leaming Bayes Nets

Source: hitps fiveeevé hitach vantas

Pentaho Reporting

e Allows organizations to easily access, format and
deliver information to employees, customers and
partners

e Some of the Pentaho reporting features

o Flexible reporting

> Broad data source report

o Pentaho report designer
Pentaho User console

o Ad hoc reporting interface

o Comprehensive role based security

Pentaho Reporting

STEELWHEELS

Source: hitps e hita tars co = A

Pentaho Dashbord

e Gives business users the critical information they need to
understand and improve organizational performance
e Some of the Pentaho dashboards features
o Flexible deployment options
o Easy information access by subjects or roles
o Security compliance
o Rich graphical displays
o Pentaho user console
> Pentaho dashboard designer

Pentaho Dashbord T

4 =2 @ pous

Openedv &5 B

Pentaho is a useful tool

ot
;’o’-
Y]
wocasen s
e meeemremeeneeensy
- P e —
Ainaacaes Dot on Deemad
Pentaho
- e

Pentaho pentaho

Data at
Integration Integration
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Global Superstore Analysis
Akihiro Oka, Kwei-Ho Lin, Hung-Hao Wang
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L@ BAL

SUPERSTORE

GROUP 3

Table of Content

&

o Business Understanding and Data Understanding
Description
Visualization

o Hypothesis
ANOVA
Post Hoc

Modeling

Algorithm Selection
K-clustering

o Results
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Business Understanding &
Data Understanding

Business Understanding

?
Validate
furniture profit
' by Region in
Verify the U
discount given
v
for furniture in by v
EU (LA J A
.ln(rease(hc v

profit in EU
furniture

SUM(Profit)

e Target Variable: Profit
e Factor: Market, Segment, Category

70 &, -11.663901 58319507
Pp.
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Data Understanding
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Data Understanding

Sales Composition in EU Furniture Market Bt St Salex Compraltion le EAE Nsriet

200000 poon
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400,00 Shipping Cout "
, Othor Exponses othar _—
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100000
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Hypothesis

Hypothesis 1

HO: Shipping cost on furniture has no significant effect between EU Regions

H1:There is a significance effect

o Hypothesis2
HO: Profit on furniture has no significant etfect between EU Region
H1:There is a significance effect

e Hypothesis3
HO: Sales on furniture has no significant effect between EU Regions
H1:There is a significance effect

o Hypothesis4

HO: Discount on fumiture has no significant effect between EU Region

H1:There is a significance effect

Methodology

o Hypothesis 1
HO: Shipping cost on furniture has no significant effect between EU Regions

H1:There is a significance effect g
ANOVA B =
Shpping Cost 2 :
Between Grougy 5499 550 502 005 4
WinnOmes 8209057035 I ]
To snsases is §
— | iy
snapmcon —

=

T 1ses

=
s

B

One Way ANOVA ( F(2,1498)=0.502, p>0.01) ----— Do not reject the null hypothesis

Methodology
Hypothesis 1
» HO: Shipping cost on fumiture has no significant effect between EU Regions

> Hl:There is a significance effect

Mutiple Comparisons
Shipping Cost DependentVariable: Shipping Cost
Tukey HSD** Tukey HSD
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Methodology

e Hypothesis2
HO: Profit on furniture has no significant effect between EU Region

H1:There is a significance effect .
ANOVA . i
Prest y i
Sum of K
Squares dl weanSouare £ sig i3 i
WennGroups 1074809135 1498 1749608 3 =
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One Way ANOVA ( F(2,1498)=1.389, p>0.01) ----— Do not reject the null hypothesis

Methodology

Hypothesis 2
> HO: Profit on fumiture has no significant effect between EU Region

> Hl:There is a significance effect Multiple Comparisons

Profit Dependent Vanable: Profit
Tukey HSO** Tukey HSD
;v'i:ft;v‘;' w:‘:’;ﬁ : 5% Confidance Intenval

magon. i e MRsen () Ragon ) ) rBound _ Ugper Bound
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3 Uses Harmonic Mean
Sample Size = 389.187. =
b, The group sizes are unequal. n
The harmonic mean of the
group sizes is used Type |
error levels are not r
guaranteed.

Methodology

e Hypothesis3
HO: Sales on furniture has no significant effect between EU Regions

Hl:There is a significance effect =
ANOVA )
Sales
Sumof
Squares o Memsquwe ¥ i
BG40 118 ) i
WininGroups  Sar7i4s0s3 1498 3se9ss0n:
Tout sw7a095 1500
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One Way ANOVA ( F(2,1498)=0.640, p>0.01) ----— Do not reject the null hypothesis
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Methodology

Hypothesis 3
> HO: Sales on fumiture has no significant effect between EU Regions

» Hl:There is a significance effect
Muttiple Comparisons

Methodology
e Hypothesis4
HO: Discount on furniture has no significant effect between EU Region

Sales DependentVanatie: Sales
? 5 s
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Model Comparisons Example: Correlation between Sales and Cost
of Central EU region Table

LinearRegression GradientBoosted
Trees

Random Forest

Model 1

Model2 Model3

Tree Ensemble

Model4

Without 0.098 008 0.109 0.129
NontalGer 72,664 63522 71.242 72325
28,332,963 34,182,365 27,688.742 21,945.028
168.324 84.885 166.399 148139
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Model 5 Model 6 Model 7 Model 8
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0 0 0 0
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0 0 0

Cost= Sales- Profits 1.143 Ratio of Variable Cost(114.3%)
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Discount and Profit on furniture in EU ) ) :
EU Furniture Region /Sub-Category ;

k-means clustering SPSS

SUMMARY e o o y=-687.92x + 14993
. Profits :
e ey o Ifprofit =0, discount = 21,79% =
Regression Statistics - y= 56264+ 17686 |*
Multiple R 0.5026382 l . Ny P— e R=0.6045
R Square 02526452 o g, 1 o
AdjustR Square 02521466 - * | sl ‘! 1‘ § . M
StError 23170245 e ye-6879001093) § . " i
Observations 1501 o ° . r.
- o : ¥ . ( @SB RNN s
ANOVA - N i) S ——— Total Discount Rates
o 55 Ms F___Significant F i~ Sen
Regression 127204899 27204899.4 506.74079 6.61026-97 \
Residual 1499 80475353 53686.026 i X
Total 1500 1.08E+08 a ]
’
Coefficient StError __ Statt  P-value _ 95% Lower _95% Upper S »*
Intercept 149.92795 7.558775 19.8349538  6.19E-78 135.101054 164754851 o b L
Discount -687.91771 30.55931 -22.510004 _ 6.61€-97 -747.861263 -627.974163

b2 pe00s

EU Furniture Region /Sub-Category

Profits Discount Rate Results
o 0o s et o own ™ e
. - s s . O
owvormene || [
- o) s o

Improve the Discount Rate about EU Furniture Profit
Region / Sub-Category in the red convert to plus

. Bookcases
Discount Rate North 11.3% Summary &
Central 17.3%

Recommendation

South 2.2%)

Discount Rate
After Improvement ~ North

Central

profit convert to plus ¢

Difference Bookcases | Chairs | Furnishini Tables
North 13.6%
Central 8.0%|
South 11.1%) | 182%

Summary and Recommendation

e Inthereport,wefound that...
Discountrateson furniture are significantly differentin EU
regions and have impacton profitin EU
Discountrates are too high for Furnishings in North

Europe, Tablesin Central Europe, Chairs and Tables in

South Europe

o Sowe suggestthe Superstoreto.
Decreasethe discountrates for Furnishings in North
Europe, Tablesin Central Europe, Chairsand Tablesin
South Europeby 13.6%.8%. 11.1% and 18.2%, respectively
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