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iB1tn 4191 MBia7)iA Introduction Time Series Analysis and Forecasting 15 I8 1§
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2 Rob J Hyunman and George Athanansopoulous, 2013, Forecasting: Principles and Practice, page 5

® Douglas C. Montgomery, Cheryl L, Jennings and Murat Kulahci, 2015, Introduction to Time Series Analysis and Forecasting,
2nd edition, page 1

* Ricky W. Griffin, 2012, Management, 11th edition, page 174
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7 Montgomery Douglas C., Cheryl L. Jennings and Murat Kulahci ,2008, Introduction to Times Series Analysis and

Forecasting, page 2-4
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9.¢ Sges Time Series

9.4.9 Sgeus
Time Series Data: A3 SSWIRARIISIUYU ARM SUARARRILINUSMUIM
FemoHnm [WohY Uole NNt YIRMUEY YUsIgImiky
geninn: §gsSwuinmefshSuvipugurmmaumaigiocco Biigivowo

gﬁmﬂ§9.9% [MUUNEN Time-Series Data

Evolution of Global Temperatures

0.5

Global Temperature Deviations (C)
0.0
|

05

T T T T T T T 1
1880 1900 1920 1940 1960 1980 2000 2020

Time

9.4 85538528568 Time-Series Data

SgSwinuinsPmasEUEMIONINNM§isTmEgSw Time Series 18T
mﬁﬁﬁjﬁﬁﬁﬁﬁﬂlﬁgqhmmﬁﬁmﬁQijLﬁH’[,ﬁuiﬁj[,mi'ﬁgé[ﬁm Time Series AHIANNAL
URgIMMSUNEgSw (Data Patterns) iBUWSEIIIIME UUHESSWYSH Trend,
Seasonal, Cyclical 811 Random 4 Irregular Variation1®

JUMNG9.9: UM tUmMETime Series

Components of Time Series

Secular Trend Seasonal Trend Cyvelical Variations Irregular Variations

{ufifis Time Series Modeling and Forecasting. https://bit.ly/3ziEOWo

8 Ratnadip Adhikari, 2013, An Introductory Study on Time Series Modeling and Forecasting, page 12-13
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9.6.10.9 &8558 Trend Component
Trend ANAIMAYURSESSWIAG Time Series IHUIMSIARWMSITIISINLMS

wsmifsigii yswoaunuiinsinhdgsw dnig)a srusiAsidit uswodssgsw
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ISSTAMITIN N BNSURNNGJMR Trend MGIMISIIEH (Upward Pattern) UISi

oo

(Downward Pattern)1  JAUS138 §SWHNSUSHASIEIMAHIL INUNMEL IIRNGISAS)
GgSwium Trend ifNSY WiLSIBAPAGgSWINBWE: HugAhEgSWwis: s
Trend HIFNS GiM: G SSWIRUMGHHGARIN Stationary HighinUGZSW Trend BSMISHY
ifisigih uswy:e® §gSwisimsmApyuEwaNRMERENUEEH mipEuissanmn
miuguistinnkisnmuy MAPHLISESSUMLs MPULUIBHIGN MALLISE ajS:
whiliyms mipguistgsnmifis yginugmidsismimaigg mugiime
U BSSW Trend 1S1EH Time Series Data IUEISATBIAIME Trend

Jumng 9.ms MUUINEMEA Trend Component

Sales Upwafd trend

Business Stafistics: A Decision-Making Approach, 6e © 2005 Preniice-Hall. Inc Tlme ]

FUEUME Trend I8 Time Series MGUINMMBMUIGITE 1 {UiRGH Linear Trend 84
Nonlinear Trendl igtiniiRruainNisEgSwiistiigunpiiin:gsunsing Trend
melisifl (Linear)1  gumIAMzUANNisEgSwisistigunyps Sgswin: Mg
SSrUisifit (Nonlinear Trend)<™

JumMnG§9.as BN Linear Trend 881 Nonlinear Trend

Sales Sales

Time Time
Downward linear trend Upward nonlinear trend

% Keating, J. Holton Wilon and Barry,2008, Business Forecasting with ForecastX™, 6th Edition, page 60
°Gerbing, David, 2016, "Time Series Components.” Portland State University, page 1-2
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9.6 &5\ ESTIE Seasonal Component
FUHEUMIE Seasonal Component BRMATIMBHLS Time Series Data ISTINAIE U
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o

n
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UAUM:ATEGRE T 3NUIANIGIIG)HIS Seasonal Component MISHEEN MIRAMTESMI

B
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Sales

Winter

Spring Fall

Time (Quarterly)

9.c..m &53&5%38 Cyclical Component
Cyclical Component EBEIMAHIS Time Series Data iR UUNMAMAD{UIAS
1gj SRMAG: SSMSUHANISIMUMNURNAGHMINUAMEW Y MUVTPUHUGA Cyclical
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Component ISTEMANAINNMSMAMAGRMAENULAINAIND inwaninigismtinySsifin
msgmtﬁujigmgjﬁqmm:mmtrjmm&gmtm:ig Beintiym:hmot:8§nuhwiiaminn
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JUMNG9.93 MUUINME Cyclical Component

1 Cycle

Sales — A 3
® ° %0 0o
o0 ° % 0
| o®

Year

9.c..¢ 881565538 Random or Irregular Variation
Random Variation U Irregular Variation ﬁmmmmmﬁﬁumis%ém Time Series 136U

msMiuyigG:BsEoisifhmmnumasiuiannul uwamy Trend, Seasonal §%
Cyclical Componentl AUNAIMEIS: RmgMAMADTUSSIghanG mgigidsmsugan:m
s Shvsunnn:uipUETUNIGHS] (Random Variation) {WNHEBIS: Irregular Variation
ManmERUimAI RS mInnAnn 9"
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Sales

Q O
o
|

""Keating, J. Hoton Wilon and Barry, 2008, Business Forecasting with ForecastX™, 6th Edition, page 60
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9.% FUBHPHRNBABINARLSEMBMISMA Autocorrelation

MgIgT 19T UHIBAE NG AN I SRR NI aigmiromnisHis:
IDISIMBIINUIHIM AEHNSENAGSHM (Correlate) iEMGIFMITGANASNAGSH
INHHIBI Correlation 182 ENUIDIBHMNENAGSH Autocorrelation Coefficient U Autocorrelation
Function (ACF)91 Autocorrelate fOIHEIENAESH (Correlation) MMETEAURIGIE IMSUNG
MY UMPARMEUISIRWANMwAgRINUEWIEM Uibs{m (Lagged Variables)

iRyhnndpinedgsw ylisiGgSw (Data Pattern) IHWHRBANNMIANDN TN
i Trend, Seasonal, Cyclical U Random Component itDH[Eif0ANHBEANGDAGSH
Autocorrelation Coefficient IENIHANSMBUBSWNMY UMBAYIR Minitab  SRimaEigirGs)
§3SWisNNMyILHANG ARG SUMBIMUIUES Autocorrelation Function (ACF) tSuffiFYiH
Minitab“]

JUBSUNUANNDIBHANENAGSH Autocorrelation Coefficient 181 lag 4 (r) INHEIY

UG Y, 88 Y idnsimwiigfgiunm & /12

= Ltckn1 =Nk =) k=0,1,2

1] —
k YL (V-7)2

WUk = ARMSAGRINAIR NSO lag

r. = WHMNGNAGSNUTY lag fSﬁ@ﬁﬁGjﬁmﬂjk

y = ujuisHigmUaESSw Time Series

Y, = B AIIEISIUIING ¢

Yo =EGEUMAYSILIN £ GSS A B4 U 1SN 14

Anngesnng
> 088SWwM Trend INHHANENAESH Autocorrelation 1H v, 8y, BISHYHSUH

FUTU Lag BNSHIYYG WU Autocorrelation 1SEEHGIFII8melinaysishinutgs
Lag 1RS1]419 BNitig)n ACF AU Lag 1 tefrmuSimsaiytigin &g 1) wiw

ACF fU[HU Lag 2 fitiie inGstsmyfisnist Lag 115

'2 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 18-20
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> 0688w Seasonal Component INBHANGNAESH Autocorrelation HSHiyHS]
Seasonal Lag U Multiple of the Seasonal Lag*] ﬁifﬂ:@géﬁﬁﬁﬂjﬁjﬁﬂjﬂﬂlj‘[jﬁmﬁj
Seasonal Lag U fieg 4 wWituGim:§gSwiuoiie Seasonal Lag 1Uesh & 124
> 1068SwmM Random INBANNGNAESH Autocorrelation I v, 81Y;_, 181 Lag 4 M
A Avsmyimdiagg) miyisGgsw Time Series USIM HBShUNAGUMIGT ™
9.5 MEAPHIRIMmSisEBImRNSaies
anjnprInnmyivusinanicw Aniianpygaprinnainsaninwigmehd
piueginpigumnnng ima Saminprinhi sapsistHann g Hanjans: mifian]y
iwupin s otssnnprinisinizugrnprinnnsipanisgSw ShigsSwidujns
pywRBmEmMInN[INN ?ﬁﬁﬂlﬁgis:mimsmﬁmﬁmmﬂﬁmm Binudy NGy
Ggdw Shummisngshmfmunigrisishinuaime Shuguigme yiiig)n

a o a o

Banagivus: Amodiigiinfilsiinfomo Savgygmuiigiisapsiinsnn

ianjans: ifmaginuninaign Sudgswinfnmugingun ilfwnvnima
thsapsighiidgsuinulnwnsnnriniigisang Hanjspinsmiwsihimam

(=

AG ShmsagnupusanUEbmInAINNERG MwaIian(ans: mSFugituns

i

sminsigugIEpigituwhsmimMelLigem (Replication) WitHSIFISIARANSME
miiny Sweughgiammides wigiifianpynprinhmsivuufnanis wspineh
i sig)ainuginsydimatmgiel imqhimzﬂgfﬁ Ui SPImaIming AGinu
Regression H1i3f Smoothing 815U Time Series it ﬂjimqﬁﬁﬁﬁﬂj Time Series H1SEIRIU
569058 G GikU Naive, Moving average, BiiifU Exponential Smoothing 81815 (U

Regression My

a 1Mo

9.0 &%smgsﬁm@amsaymaﬁ: (Posposed Times Series Forecasting Models )
Hir Time Series iR uisminpRiAniZufkigasivuighilnigugulg 84
HERMUISHISIYW By NRINNMYISIHNRR Y MICSHUIHIRUNNHIAN Time Series &

ggSwiinfnmumhasaninprinniniasng wms:ginusafmicumnfini§gsw

'3John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 22

Sagjas {fuy fm oY) ANfENEIANST: wf 1) AN



ananignwaBgiBany Sulgnananngiy DRUTMUEA [POERERG

g
(Data Pattern) finrurfinmuissgSw Wiwwars) (Pattern) §hrinNis s gSwiinfinmeu
YAIGMINNAILNIFIHDARD B Time Series B1SANIUILNGS g’ﬁﬁgﬁmmﬁ fuilieummi
nprianighinugRnprinn SharpvEhmsissSwindamufs Snumsmigifgsw
umsisuilBmnns uishnuigsSwmsmipyutbs uiglundy viguhiubis:ighg)n
*é'ﬁﬁmts:rnsn'jmgrsmngﬁr@ﬁiminmmﬁﬁﬁﬁsﬁthmmyﬁmh:m:mmgﬂ‘4

9.9 iSRS Naive

B Naive thiizunprinh s ammwigrsiujpusiibnigoman s sfniamu
isHIBIgem miuA mAsHumY iginprinmeimuno yinig)s Sisuis:Ssdn
ngjriigfgsh Shngnniduuidnmsmmsisnudhpinnnianis Gign Naive

SRR iRssrss MmN snugi asahniinis o § St (Data Pattern)

[

e

Uty _gémﬁsmfmsmﬁlﬁmmﬁﬁsgamm&gmimﬁﬁammkgmigjﬁﬂ
RINAIHSMIHMATSIH Naive Rtizruis:miianuguminprinhansmniin
phGinmuifianiageiinng %ﬁmmimﬁﬁmm@m@g§mﬁﬁigmiﬁﬁﬁﬂimmﬁsﬁméﬁsﬁjé
miMmaEd memnin mtﬁgmqhmmﬁmﬁh ﬁsﬁnmmtﬁsghmmﬁﬁﬁ%ﬁ UMITANGA
GgSw Sumnfuiuimishidu
mgiginiingd sufsnsvye§aminnninhis uns§gSwhsHBINANSMAIUY
IS MINAIANIE UM OEIE Native AMEBNRTRH qmeguminprnminnngn
SRR igthsansinsnn
AN RiEsaIUESHIR N Naives
= INWRYIID
= GAMWAGHREH
- Wsmniui Snwiguust
= INWRYILWN
= HGRUMNRYREINSg
HiRIsMINNAIN Naive 1SHGN:

4 Sunil Chopra and Peter Operation, 2016, Supply Chain Management: Strategy, Planning and Operation, 6th
edition, page 191-192
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9.00.9.9 ES5 No Change Model (NCM)

No Change Model (NCM) {fjitnS gt g Swinfinmuinnugy Amhagomitin

ol o

[e iy iﬁmiﬂﬁﬁiﬂﬂgssmﬂﬁmﬁﬁ“} H‘ENFUIS LﬁfmSiLULmﬁjﬁjL 116 gStith Random

<

JjUBSISHitU NCM & 19

1?t+1 =V

9

1800 7, =DgNNAIN U IN U 147

Y,= MYMAARISIRRINN ¢

9.60.9.1 5485 Absolute Change Model (ACM)

Absolute Change Model (ACM) fHii mmagqmtﬂqﬁ Naive Models {5 FUTiT S
WREMDIM ﬁgﬁmmymnﬁmm@gémmsmm fume UG8 Sw (Data Pattern) @
Trend iRHINNAINN S SSWUIAG Trend Hik ACM UIgEMNgG RN AT AN UGU]S
i8: Sujmysiginiygrumngine HEUN MUY g MY

JUBSISHIR U ACM 162

Vo1 =Y + (Y — Yip)

~

B0 7,y =MPONAINNUIUIN U 147
Y,= ﬁi’twim‘ﬁiﬁgﬂiS’iqﬁitﬁ:mﬂj t
9.60.9.m 45 Relative Change Model (RCM)
Relative Change Model (RCM) fUiEiiGHIEMIS Naive Models TR AUiSHIMUIB UL U
NRMPARAINUUGEUISIS: BRINUYS (Rate of Change) MMMMIIAGURAMIMYAIN
{is: Shpmysitginnrinhiann Situis ot G SWmn Trend FuERMY:

15 Jae K. Shim and Joel G. Siegel, 2009, Budgeting Basics and Beyond, 3™ edition, page 236
16 Jae K. Shim and Joel G. Siegel, 2009, Budgeting Basics and Beyond, 3 edition, page 236
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b
i

Uy

1800 7, =DgONAINN U IN U 147
Y,= MymiiagnSIgIwn ¢
9.03b %58&5 Moving Averages
mmiiames 1s1gﬁmﬁiﬁ§ HAEUENIah U Shansmnigih iR uEgis)
msmaiminnrinnaig nsomu) ynasigigtibmin e mind yu§iitums§Smm
ifisyey MR aﬁlﬁﬁlﬁﬁﬁsmﬁmﬁﬁéﬁﬁnjrmﬁmhﬁgﬁ@miﬁﬁjmﬁinﬁééméqmj
msigjw wnms: ifgrmonpminhonsings ghpUEREiigmliiangapminos

gniEanE nwivia ShEsEamwiBsguminnminng Fig:giin Moving Averages
hginain mmmﬁmﬁmﬁﬁnyﬁmhqﬁ@Smngﬁms:ﬂ

AE0 Moving Averages Mitianjafitunssysisaiyumniiniommn I
§gSwwmsmnings maugwmipAigieuasgSwinnugimianminn

Hitity Moving Averages IHIUIRMIGABAINAINNESSW Trend ¥18 ficun|ay Double
Moving Average (DMA)§ﬁ Simple Moving Average( SMA)“1

9.9 %%‘3&5 Simple Moving Average (SMA)

Moving Average F3ENU k f mﬁiyamjﬁis k (Consecutive Observations) Moving Average
f{’jtmﬁnﬁ?ﬁﬁﬂlﬁnjismmﬁﬁmh%ﬁmimmmmSﬁfgmtﬁﬁﬁi—gm BHjuS [HinSHANSINW
UIgBMFISHIBIGMWUR A WIEMGOMYYSINURATSIHMINLNS A Moving Average

1SN k, MA(K)*]
i

~ _Yt+Yt—1+'“+Yt—k+1
t+1 — k

B8 v, = BYONRINNESTNUIE N U 147

17 Jae K. Shim and Joel G. Siegel, 2009, Budgeting Basics and Beyond, 3 edition, page 236
18 John E. Hanke and Dean W. Wichern, 2014, Business Forecasting, 9" Edition, page 113

Sagjas {fuy fm 08 ANfNEIANSs wf i) AN



ananignwaBgiBany Sulgnananngiy DRUTMUEA [POERERG

Y, =igMATMOHILIN ¢
k= ﬁgs:m:mmgﬁ Moving Average (number of periods in moving average)

Moving Average MgigtiiimagiigSwmsmnm yismywmnumaisignsgsw
1 Time Series*] ﬁijﬁ§§§ mwsﬁﬁmmmamnmsm MA (4) Moving Average 91912 MA (12)
i gSwmsing wagmnimsingimiygs

9.0 %Eﬁm Double Moving Average (DMA)

?ﬁﬁﬂlﬁg Double Moving Average (DMA) ﬁm?ﬁmlﬁgmlmﬁnyﬁmh@gém Time Series
IHUEI S AMAM Trend] MNFAJ Moving Average AUIIH IR anjrgis minprnnizast
NS MY UIMAEYW BRjudARimSHNN IR WUIURTYISHIBIGMWUY AT WS
G EYYSInUY USRI MIAANS Y USIUBA Moving Average 18:{fjitnswriginnAmn
ﬁjijm‘['j[,mﬁgﬁlj"l Moving Average i&i UMy Wwes §t0 Trend & Double Moving Average
HigsigRminnAINnmegii DMA DEYRHRNNAIN{EIEANS Moving Average 18888t
NGRS YW (M,) UHUBARANS Moving Average 18§ g SR dw iwijiugRu
§8Swhl Moving Average §utis (M) JuBSRIMBIS M SUINMAIERANUAEIANAIAND
MY Double Moving Average (DMA) ijGiig1s '

e M, N Moving Average §i—gtﬁﬁ Y;

~ Yt + Yt—l + A + Yt—k+1
My =Yy = e

e M, T Moving Average §ifi M,

_ M+ Mg+t Mg
k
o WRANISUBMITISIF (Coefficients of Linear Equation)

at = ZMt +Mt"

M

2 /
b, = 1(Mt _Mt)

k—

o aSmMASMINNAINNISIMU

Yesp = @ + bep

1® John E. Hanke and Dean W. Wichern, 2014, Business Forecasting, 9" Edition, page 116-118
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180 7, =HignnAinn
Y, Mg AtgH kit N ¢

k= ﬁgs:m:mmgﬁ Moving Average (number of periods in moving average)

9 =3

p = Ggsisitu:inuigigmyaiuipinpRnn
9.¢l.m %35&5 Exponential Smoothing
Exponential - Smoothing  ifianjafiEUHRAURNINMEWEIRkwABARS UM

IPAINNINET 8AN:NMIRNAT Moving Averages whtnGgSwi stgnunicunmny

mifafigyumumIRLNaiganAInNIEan(n Exponential Smoothing WAYHIHEYS
38 8SWMAIANHGNYUR SpUMINDRIANT Sitniis: gjsysgsthuimetibaymi

-

UMEG Y ey SHsisllRyMIM NN AT INREGRINUUIBAAWG Bhwingt oy

a a o

nprinnigiHEs Alvigniniyd sfndamumhhimyo s umsmiiwghniam« is)

b=y

#iAN]RY Exponential Smoothing 182 MynpRINNRIcISAnNsIgRimnnUnsdgSu

QW -4}

IgRMINNAINN HANGESISIHAN]Y Exponential Smoothing AmigssamuwifeiliyiiG
MIANAIAD SRSMAANED WiyuEhmat FRugntunin gist ishnumns
nggimngminprinniglibu§iiiumséSmnomsnng Manjay Exponential Smoothing
ROMINNAINNMS Y WD SINWABMDIM MMRINT42°

9.¢0.00.9 485 Single Exponential Smoothing (SES)

Biz ses Amgig! ifthywd gSwuuiR S SISUHAN: Trend U Seasonal ik
MemesmMiginG: MgishPimasmhytwsgSwth Random SES AMYIUIRAS Exponential
Smoothing fﬁmmimSﬁj”ijfﬂisuiggiéﬁtsjﬁmaﬁ%gﬁgﬁjg SUHBRM ()18 Time Series
MGG (v,) SYSURNMMNW o (O<a<l) MPMSHRAIIEH () sySuHMSInRGIT
a(1-a)

JUBSRUTHU Single Exponential Smoothing (SES) f3?'

?t+1 = aYt + (1 - a’) ?t

20 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 73

21 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 119
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WY, = MYONAINNG UMyONRINN DI INI2HYES

Y, = MyMAlARISIGRILIN ¢
7, = MYNNAIRNILNN 7
o = Smoothing Constant (0 <a<1)
9.¢d.m.o %Eﬁm Double Exponential Smoothing ( DES)
Double Exponential Smoothing (DES) m?f‘smpﬁs Exponential Smoothing {DEITHU
NNAINNE S8 Time Series IXUMNSUMUME Trend*!
BYinpRINNIgIHRRMBYIE DES [[iHSIHMUjUBS MMy 2
e RN Exponential Smoothing §’Ej[ﬁ
Ss=aYe+(1—a)S;_4
e IR Exponential Smoothing &
Si=aS;+ (1 —a)S{_4
o imuRANISAUBMIGiSTHI (Coefficient of Linear Equation)
a, = 25, — S}

bt=ﬁ(5t_5t’)

o UfineuSminnminn

?t+p =a; +bp

0
=t
=

Prrp = ERGONAINNESTNUILING pIGIHHN
¥, = MyMAlARISIGRILIN ¢

p = GgsnuinuigiyaiRuSaEinpAnn
o = Smoothing Constant (0 <a<1)

> ANNHENTE 5im: Smoothing Constant (a) MY o IBUINGHE Ahmyitunggms

AT (Error) HEEARMAIGNAINNT

22A. Reza Hoshmand, 2014, Business Forecasting: A Practical Approach, 2th edition, page 118
AfNEIANS: wn i) AN
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9.¢d.m.m %%&3&5 Holt’'s Method of Exponential Smoothing (HES)
?ﬁﬁﬂ['fg Holt’s Method of Exponential Smoothing (HES) mi;ﬁﬁﬂj’tgtﬁ[,‘iﬁﬁGiG:]ﬁ iﬁiﬁj
nAINNESSW Trend WAIESSW Times Series IHAN|AYIS: Arusumigifuiinnainh
muifian(y DES it iwsmngrumil DES At HES 1§85 Stw Trend Butinmsignmiy

-]

1888w Time Series NSMAINYS NI Smoothing Constant ANGRE (« 81 p) 1916k

an.f
= ¥

FNjAIEEIEISMNINS
jusgGsstinugimsybauifianiey HES As*
e The Exponentially Smoothed Series or Current Level Estimate
Lt = OCYt + (1 - 0()(Lt_1 + Tt —_ 1)
e The Trend Estimate

To=PLe— L) + (A =BT — 1
o EUBMINNRIANESTNUIIING p 1GTHSEE

17t+p = L; + pT;

i L; = the new smoothed value (estimate of current level)
a= ‘ﬁ%’i‘g smoothing constant for the level (0 <a<1)
v, = Miiumng ynigmatgisigi:nm ¢
B = ‘ﬁ%’i‘g smoothing constant for the trend estimate (0 < <1)
T; = the trend estimate
p = IR EINNRINNISIHNER
§evp = DIYONAINTNVILTING p IGHNUHSEE
> AN 5iM: Smoothing Constant (o 88 ) iy o 88 g idrUNURH Bty
%ﬁmttjs’ajmsm@]a (Error) EIATIMINAIN

23 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 127
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9.¢d.m.¢ %%‘3&5 Winter’s Method of Exponential Smoothing (WES )

Winter's Method Exponential Smoothing BgisgtynAgisn igfnpminnigtis
G8SWw Time Series Data ISTNARRUIFZSWM Seasonal MISMAL Sanprinhigicd
GsSwikuMSUMIUMES Trend

juugGgsa i ﬂj[jﬁuii‘[ﬁimgﬁ Winter's Method (Multiplicative)s **

e The Exponential Smoothing Series or Level Estimate:

Y
St-s

e The Trend Estimate

Ty =B(Le—Li—1) + (1 =BT
e The Seasonality Estimate

Y
S; = VL_ + (1 =y)St-1
t

e The Forecast for p period into the future

1?t+p = (Le+pTe)Se—s+p

1N L, = the new smoothed value

a= ‘ﬁﬁ‘j smoothing constant for the level (0 <a<1)

S¢= the seasonal estimate

Y, = Miiumng yalgmAtasIgiwnm ¢

y = ﬁ%i‘g smoothing constant for the seasonality estimate
p = ﬁfig smoothing constant for the trend estimate

p = NSRS REINRINNISIHNER
§erp = IPONAINOTNUILING p IGHNUHSE

9.¢0.é $Eas Autoregressive (AR)

9

gitifu Autoregressive Mifian gty iduinhinim sinSwuniimaumgisinn

v

IRANJAINNAINN Time Series Forecasting MIisturunGANAINNE§SLw Time Series iU

(2]

24 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9™ edition, page 131
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1S Autocorrelation] §iHifJ Autoregressive (NIl AN{EINNAINME VLN ATYANAINTSHIG]
MHgAuSisSHiyiysJisHIBn 9 Hikn Autoregressive FINTGEY S AR (1) fUicHigith
émﬁésmhhﬁiiﬁsmﬁsﬁﬁgnmqﬁ§§§ 1ij Time Series] BIfU Autoregressive (UG AR
2) ﬁ"jtmﬁn'jémﬁéSmhﬁﬁigismﬁﬁﬁmtm@ﬁﬁgwﬁﬁ%&jﬁmmﬂ Bl Autoregressive
BIGE p AEHGEMREIMMMgsHGARUSATR pHgRINY»

JUYS Autoregressive Model FURNUEH AR (1)32°

Ye =B+ B1YVe-1+ &

JUYS Autoregressive Model GG AR (2)3

Ye = Bo+ P1Ye—1 + B2Yi—z + &

JUYS Autoregressive Model hGE p AR (o)

Yo =Bo+ B1Yeo1 + BoYeza + -+ BpYep + &

9l Y; = the response (dependent) variable at time ¢
Yi_1,Y:_5, Y;_3 = the response variable at time lags 7, -2,..., t-p
respectively (Independent variable)
Bo, B1, B2, ..., B3 = the coefficient to be estimated

&= the error term at time ¢

)

9.0.6.9 musSasiiasbenninions Autoregressive 835 Partial Autocorrelation

v

Function

4

HHIE ol EUISTIR Autoregressive IEURIBIRIBRITNUMINNAIND GING]
iﬁﬁifﬁﬁp?ﬁ‘lﬁiﬂi[ﬁ' Partial Autocorrelation Function (PACF)“1 PACF ﬁmfmsmmg@sm
mmﬁnnngmmﬁqﬁm:ﬁnnﬁn"jmﬁis AR models B8 AR (1) U AR (2) U AR (p) Sigig]nn
minpRINNaEGE g SwisHSAR UBRGANNHRINN

25Mark L. Berenson, David M. Levine, Timothy C. Krehbiel, 2012, Basic Statistics: Concepts and Application, 12th
edition, page 684
%A, Reza Hoshmand, 2014, Business Forecasting: A Practical Approach, 2th edition, page 272-273
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9

SUNSAYNANMIRANSMUISHIRN Autoregressive AJFIHANSINMY PACF My

v

o

MYIt Software G Minitab {WIWEGANISHTY PACF Higliniin -1 84 +1 intinea Suns
&7 Aipitwnnly PACF IR SUANMIBRANSIMY Software 191t US4 Pattern i PACF iiifu
MSUPNMEEHUMAGEEWmY

gUiﬂﬂﬁ‘D.G% Autocorrelation and Partial Autocorrelation Coefficients for AR (1) SHAR (2)

Autocorrelation Partial Autocorrelation

(a)

AR(1): Vy=dg+9, Yy +5

A :

(c)

AR(2): Yi=dp+ 8,V +8Yi 048y

Autocorrelation and Partial Autocorrelation Coefficients
of AR(1) and AR(2) Models

= MANNRUN GIUINARRINS iR AR mimsigRminpRnmstinus
G8Sw (Data Pattern) 15EIG S MISIHEHLN Autocorrelation Coefficient SHigRAISJUSE
yH9 SUnYIBENN Partial Autocorrelation Function (PACF) & itititiigl amsingsigi8nig!
INEJST NNMBIBAMNG9.G (a) 841 (b) IEUINME Pattern IS Autocorrelation Function 8
Partial Autocorrelation Function fd[,‘iﬂi'j AR(1) 81 gﬁmﬂ§9.(§ (c) 8%(d) Uﬁﬁmﬁ Pattern iS
Autocorrelation Function 8% Partial Autocorrelation Function ﬁj‘ij:i‘l’t'i AR(2) itHia ﬁjiﬁﬁilidjmm

Pattern fS%

2727 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 403
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« AR (1) MISIBHAN ACF hayhmsaigh inusiginsaiygodnisiaysuioyh

SiNNARIERAN PACF MNSHiIYHEIS] Time Lag §9 iiwmAG:iglinaySjuguf
Time Lag §94
« AR (2) MISIBELN ACF AyNMSHiygh inusiginsmygosnislysjuioyh

SINNANIBEHLN PACF MIAG:HUNSIUSIGH Time Lag 5194

NHEBISIUIW AR (1) it Sifishinf PACF msaiggaithiainis! Time Lag §1

USIUH Time Lag §9 PACF @At iglinaySiuisuh §oanumngo.c (a) 8i()9 AR (2) 11
MSHDISHNUIBRAN PACF MAG:ISIRYSIUQUH Time Lag §1 §oaljumngo.c (c) &

=3 v
1

(@)%
90.0.é b mugnaSsdugernsimsiensige

By GwAGiEm AR(Y) iSInpRINNAMIUAISIHOARNS HMIBINGHEIBSMI
Ltjﬁﬁéﬁjiﬂtﬂ“jmga@ﬁﬁméfsmtg]m msmﬁﬁ§ﬁj191m°‘jmgangﬁﬁmt'ﬁsmi§]ﬁms
i Sthgiy iluigpnnprinhius gisuisminprinhin:msifimadfmsizums
iwinnBgSwmspumsuie 1 ginuisminprinhituny fmsnprinigiiaanmsy
§ﬁg3n'jgfmi§]ﬁ (Residuals) UINENIUHSANGIN M jHENSE

9. Flji‘"gi]ﬁ (Residuals) HISM AN (Normal)

. nﬁ;i]t& (Residuals) SR SEYIBHRATE IRUTIMSIHALNHEIT Homoscedasticity

M. ﬂjﬁ;i‘]ﬁ (Residuals) ﬁqwgﬁﬂ&gmgﬁ ﬁmsmﬂﬂﬁﬂﬁj (Independent)

?ﬁﬁﬂlﬁgiﬁﬁjﬂﬁiﬁﬁgLﬁjﬁﬁ§ﬁjimiﬂ?m§85laﬂgﬁﬁﬁmhiﬂdjisz §18ijGig1s

. ?ﬁﬁﬂlﬁgiﬁiﬁj@iﬁﬁgmﬁﬁ§ﬁjﬁ1l§‘lﬂﬂiﬁ1l§i‘i (Normality) %smt,tj]ﬁ (Residuals) ANy
?ﬁmé&ﬁﬁ‘glﬁm (Histogram)*!

. ?ﬁﬁﬂlﬁ;iﬁﬁjiﬁiiﬁfgmﬁﬁ§ﬁjmiﬁﬂji§]ﬁ (Residuals) 81 SNijRISIATMUIS
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2 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9™ edition, page 356-360
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Plot of Residuals versus Time Indicating Independence
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jumn§9.993 Lmﬁﬁﬁﬁmﬁmigi]ﬁ (Residuals) B1SANNANG

Plot of Residuals Depicting Homoscedasticity
' Residuals

2 Gerald Keller, 2014, Statistics for Management and Economics, page 668-670
Sagjas {fuy fm Gl

ANfNEIANSIs wn 1) AN



ananignwaBgiBany Sulgnananngiy DRUTMUEA [POERERG

0.8 muswsisensigelemnnmnrh

isighminprnn 8sesdgSwinunprinhome gumsugRUARRRBEYWIL
MANDIG T UGRUISMINNMINNMGZ MY YSumhimyhnm il hmjpdunglidmi
A IsMInNRIANI: 9 Mngrumikmynpninn Sumymiiaiunny Error
(Forecast Error) igigminnminn HANNRIANTERIR T o gis il s U I YR
nparan iWiwidfia o] wuah m§mapuigvain widim asiueg g his
minpAImBiianiAER Im 9 ugsuitug gumsimadmeaitianuyn ﬁ'ﬁiﬁm@]ms:
%anﬁﬁLﬁﬁjgmngamimﬁﬁ§§tﬁﬁﬁﬁﬁmmﬁﬁtt§mmyﬁmﬁﬂ fi‘im:ﬁ‘[ﬁﬁ%Smﬁj]ﬁﬂm
msingownsSwe Ginninnuwnumd Ahditn Bungdse slyjwnsmiminpninn
minpAInhis ufsEg Ansan:dnsama ifigfuilissiésnty SummBmaitganaig)
SImuETY WhNGIEMINSaNS éaﬂf{j%mmtg]a%smmyﬁmh%tﬁjms mEmhmh)

JUUSEEMIMY:®

et = Y — 17t

WUy, = MENAROHIIN /
7,= S ONRINN NGNS £
e = mt;%\]hismmyﬁmhgmm:mm t
wsifanjanasiuglamids ifigmnp)uguiitaisminprinnSywy 8
Y g RIRAU ATIGRIS UMY ANHY ?ﬁmlfg%smmﬁﬁihmﬁg]ﬁmsgﬁm Mean
Absolute Deviation (MAD), Mean Squared Error (MSE), Square Root of the MSE (RMSE),
Mean Percentage Error (MPE), Mean Absolute Percentage Error (MAPE)ﬂ?ﬁﬁﬂLﬁgQg}ﬁLﬁﬁgh
MmN i mta]ﬁ%smmyﬁmh pinswasmidiliy]s
. tLiﬂUtﬁjﬁm mBuiEing Gikunprinn i yiB e
. Destmfignnpings Samnigumoid gndams
o Gwiisiomginunprinnitunshiinthng

30 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 82
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31 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 82
32 John E. Hanke and Dean Wichern, 2014, Business Forecasting. 9" edition, page 82-84
33 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 82-84
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34 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 83

35 John E. Hanke and Dean Wichern, 2014, Business Forecasting, 9" edition, page 82-84
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36 J. Holton Wilon and Barry Keating, 2009, 6™ edition, page 56-59
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o SIPEIGSMAMIADRE Widest Selection of Products*
©.&D BHHRS
UEIARYIUEOIBNS Amazon “pritiudasiuigsuiistssimpituau By
MK Smnnwipg mmﬁiﬁﬁﬁﬁ (We strive to offer our customers the lowest possible prices,
the best available selection, and the most convenience)”

fnm:anminid meumAtNLGa iginunittshilihgnfiinui]s Amazon®
muElEtEa ARugsHASHsIMWIRAgiimOmEn gmimssmums nlyauBIY]
(Affordable Price) i‘[ﬁSﬁi[ﬁﬁj (Varity Selection) §hmﬂmﬁj’[ﬁgﬂj (Convenience)
o HiEUHIY] (Affordable Prices): Amazon Saéimivi)sitnwnbngnehaiimi
SAMIUAIHAGESY ivuis: Aifgimsguiistssgrumssdmitumsigyy it
fubiy] SHMSORR RN SHANMNBHTSE-

“7 https://mission-statement.com/amazon/ (GRIBAIIGE9 B39 WOW9)
“ https://amazongo581338975.wordpress.com/more/ (GRUIBAIGE9 B39 WOW9)
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o BUBAUIGMIEM  (Varied Selection): IEHOINMIUISARYBIMSN  [ivUISEAGMS
puEsSniGinanymyds Sufundionny Suédmuninfitns INWNAUPUSIERN
SMHUIMISITIANG(TT Amazond IMWaNHGATUISS Sis:fiw AnngEu
YWHNGINMENARUAAS TRUFEUS  Amazon §§UMSMBWMAmiiG 8

9

MUK UBS AR I SMMNWRIL AMNGEME JunaHusisinighinyw-

=

o MOMNWIRJIY (Top Convenience)$ Amazon B1ERMIGMERMMEHSGNM hHEMAN
whfnumpwdngyw  Egsinmagimivaontcns  Sgnittsmsinmsmn
MR tﬁﬁjajmsﬁﬁﬁ@sms'%ﬁmsmnmtﬁmjmﬁmﬁﬁﬁﬁs Amazon TSI
NYWYLMEY)S tﬁﬁjﬁnﬁﬁﬁs;ysnmmiﬁqnémsﬁﬁjﬁﬁﬁﬁsajméiﬁmsm MUt 88
DR USIiRig

&M ﬁ@ﬁ?g(CoreValueS)
ROANGIGIVES Amazon BMEF? (B8 Amazon BSHANGEIGMIES ily]s WHNMIATET

IMUBANY §aSTAT SRUARRYIUAIZS HURI:NSEEN:
+ WAtHgRINAIIGHAGRS Customer Obsession

*,

> UgRUISMIERRMSESM Deliver Results

L)

v smin)AMYoYAEe Earn Trust of Others

°e

*,

°e

UIRBM MBS S9eNB Invent and Simplify

ANIyHHsIS:  Adamuggnnumisupssoagatthigidins Shmign
YWISIUESIUTBU]SSMYURRIE Amazon fighaieSighilimitundagnehtibng
muuinitas Saammiisig)s iMugwsimgvmsivnaydyoss Seonmicsipim
JURGHRAGRS
0.5 sERESYSIBR5HBBIR Amazon

iS’i‘gl’tﬁ[ﬁHLﬁS Amazon RN Jeffery Bezos AM{UMS SRMQA[EU] S@ﬁ@;ﬁfﬁﬂIﬂH

ef mdnsididhimipviisundmiuniga sinmifiusiups Shitsmins
EWwhEY]S Shswrpiuinsgniuidsasgumigusamps S pnwsem

“ https://mission-statement.com/amazon/ (GIIBUIGEL B3 WOV 9)

Sagjas {fuy fm GO AfNEIANS: wf 1) AN



ananignwaBgiBany Sulgnananngiy HAUTMUE FOEREIRG
Hymemnss  utsiwubimutuingisi]smingnuingiopiosy  isinunduism

[PUIEY (Top Leadership Level) Uf0 Amazon BNSUMSIGAUINIR (CFO) IRUIMUMS

HUERgINUUIMUITNIRsiHA gwlmig)msiniimirnpeds  ymimatumaigdy
MAGISE USNURBYIS AfmstymemipsEIuRpmsigRuiminine sim:pms
IBRUIGMIgNUM SIRRHAIGIHNINY [UMSIGA E-commerce platform (M SIRRUASROENL
Supmsigmeshagiaing i fagmsinBadvisizn g gIsMIpELRRIUATIBUIS Amazon®
pmsigAgiuns:  Apiuticmgimuignmifsigmeingaugt  Widimagmstn
mﬁﬁﬁﬁ@séém AmsaLNmMN Samstinmbmuanitnga®

jUMN§Y.0: IBNUYSIBUIS Amazon

amazonca

Jeffrey P.
Bezos

Prasdert Cret
Erec et and
Board

Jeffrey A. David A. Beth Galetti Jeff Blackbum
d: ’ Wilke Zapolsky BRSO SVP, Wordeice Business
C " ’ i f Develogment
e CEO Worvde SV, Gevers Counsel o
] 0 Consumer and Secretary Recent news
J AN AN J

A
BrianT.
a Oslavsky
Bio
A\ S AN
a— e a—

—
)]
Tom Szkutak Carla Stratfold Greg Pearson
4 Chvel Fnancal Officer, Q\ VP Amencas Sales. AWS VP Amencas Sakes, ANS
Amazon. com
PR )\ . ),

Bio

Bio Bio

Christine
@8 Beauchamp
Presdct Anacoo
b Fasin
AN S

Andrew R.
‘.l B Jassy
\ J—
A\ ]
\

{UfAf$ Amazon Organizational’s Structure. https://bit.ly/2W9AJuO.
.c) 286y SciasING

Jd 9

[BtS Amazon fugigBsifuinufing)imintinmes UigisuSMmeMAUUSIM
SHURIMINWEGIAS ISTREIANEANUAT Amazon (neSiuuiingionnyigig B
DMaIENWUNG Software™

©.00.9 8863

umuis: Amuineg§8mitumsichigimuign ShmsmhAmumsibimun g

Amazon.com 3

%0 https://thesisleader.com/essays/organizational-structure-of-amazon/ (t;mﬁ?imﬁj &m ?ilj 1 VoV9)
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G
RECHREHNIES 3

i‘[jﬁ"l]tﬁ aﬁﬁiﬂhiﬁgﬁ Amazon device accessories
SURINNHSIHE|G{ERG Kindle

NS twSAutomotive and powersports

REOE% AU Baby products

i‘[jﬁ'i]ﬁ fUtNBeauty

i)firiBooks

iy 81jUSH Camera and photo

> o

gieunis SgumnnimAUISY Cell phones and accessories
AJMHEIGEHRG Electronics

aﬁﬁiﬁfﬂﬁﬁﬂg Entertainment

RS Fine art

tLﬁ]mem SUHNUNI Grocery and Gourmet Food

il:giiji—ﬂimi Food

I’[ﬁ]hfﬁiﬁj‘l fyemn SHUMBUMBIMAIH El'i% S Health and personal care
AMUImE: S410jSTN Home and garden

FUBIGAIPUNRY §t&?§’]ﬁﬂlﬁg Industrial and scientific

i‘[ﬁ]ﬁ guni [fﬂiﬁ§‘iﬁ ﬁijﬁﬁTﬁ-ﬂ SIHS|G{5H1SG Kindle accessories and amazon fire tv
fi[§ Music

aﬁﬁiﬁfﬂﬁ’lg Musical instruments

FURIMILN G Office product

I‘[jrfﬂﬁ Software

EUEIASN Sports
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gURIRN 8 URRIUYIRUIENS Tool and home improvement
EUinRUh 821UY Toys and games

§ Video and DVD

IHEHIU)Y Video game

mtc&g]ﬁf_’imﬁmﬁtﬁtﬁg Fashion 1

©.AL EsSINS

Amazon Prime3 tﬁﬁﬁuf‘mmsqhgﬁmooc: ANIEUNAYGIN B RAMNIGES
[BUIS Amazon %ﬁmgmrgssaﬁﬁﬁssuﬁmhﬁgﬁﬁmQS Uoigl ypoie mesmi
uipealy yMWmUBEAMMMWanAnGIThEd Prime Video, Twitch Prime,
Amazon Drive

Amazon Kindle3 5190061 Sielnimirui Kindle EIMgURINNMSIHGGHRGHELHR
ENWRYBUISY

Amazon Musics G100 HEM{IERIEMUNMUARIEMEASITANG

Amazon Airs §B09¢ ENAEMMBINNERESMINGYSIUES Amazon i
[astwgitm:meusandmiuiingSmunHAGHS

Amazon Web Services §19001 ticsiimsin uRssipduamnunaygmidsist
ubpigimannSmungEimuBemi ononnYHom wntgRsgSumma
wronpvERssSw wnayRnNS wigaiimn suninhima A Software &4
wgigM NG amnHs

Amazon App Store: §19099 MAGiIMIAYN fUgURIRNShIMITE
{06l Android UAtIEUNAYIS ISR AR SISt WO OUIG EU

Amazon Home Services: §1009¢ HBMIBUARUMGINIRIUNAYIGMIMS
HoM gt grRome wuhugganu®

°" hitps:/plentyofgadgets.com/amazon-products-and-services/ (§ s Flﬁij§ & "EitiSﬂ vowv9)
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.6 FInSHNSsRYIsasIsSie Amazon,

151519880 Amazon BYIFBIAMAT SIELWSHY 9Gﬁ|@\,ﬂimiﬁ?ﬁ§ﬁ 9OMAENS i
RGN SHIYIV)EIFIZNT MOOANSHANIHNILIN tmqﬁgﬁ 986 [[iBU)S Amazon DYIFBUS
TRGIE SAYWABMFIYWREH mmm:mg:ismmqm§mmsmsiﬁ8193ﬁmn"jmﬁﬂ §gSw
ISHASRSIUEUTBU)S Amazon MSIASIGIMMUSUNBINHLEN W.VL Ansfigiiedn &

bl

RSIGHIURR ¢o MANURBIU:INUTE M igtigm: EUiash dads tﬁmjjﬁm]mmﬁﬁgﬁ
¥4 {fiuitinnin wiieOMBAMIOTFESNIMI Amazon [T SN SHAS R SIU)HENS
igintANS IR NNSIE] Amazon MMRBUISUAIAJIAGRAE M ISlUigrising®

Amazon MSNHRMTIRGIURIgSMuI:MIREMATIsGysmshiivgiogecs gi
I:SIBUIS U Mg Amazon gjnifinmiinyign:igimS§uiiu Bookpages iEUM
Gl mﬁmﬂitrﬂfﬁ‘fimﬁi‘ﬁfitaj‘ﬁimi;?ﬁﬁmﬁﬂﬁﬁi‘gﬁj MSFURDEEJABUIS Amazon GRS
MSFHpIUAIGSIIW  Telebook %ﬁmmmmﬁSmﬁimf]ﬁmﬁsgmmﬁmﬁiﬁimgﬁlﬁtgm
M EEGIE] Amazon U uigusaniiiag)imn gEnmnEN G iR (iuU)sein
fig:BSifiving] Amazon GruigimSigigpHBdnstivaiing GighisuAMgHABESIUN
Amazon mﬁqmtmiﬁgmﬁmﬂﬁmtﬁﬁmﬁgtmﬁ?mﬁﬁmnﬂﬁqmﬁméﬁﬁﬁfb%m Amazon
it GHpIHSENIMIUR Bookpages 8#1 Telebook SUMWMYINSEA:AUNUZSIIMS
Sipiguiiue®  EwanRRSROINMAEIMHACTSMEM MHRI9EECHEL Amazon M8
niirrnfingmuit:mifiingn§HSENI (Online Music Business) AMImUIGHIA CDs
81 DVDs“ asmmﬁmﬁimnﬁméﬁmﬁis:mgimi Amazon MSIFMEGSHENGMAT Wity
iyAywAgme)s upisAumaa§iotifudmsiiedyn gloced uwmssaniitiug
mijtﬂﬁ 9WE,000 IHUENAUATSTIGE§nI

MY MO R §ﬁmﬁﬁs~igjﬁﬁﬁ§ﬁmm§h§i988S Amazon MSBUIRY
U@méémiﬁ;mm]ﬁ iﬁﬁjmﬁmﬁtmqsmméﬁj Amazon.com iEUSURUURIERIUN
ShguRINNHGIGTH S oI 218)H Qﬁim:iﬁmimsfﬁﬁfﬁﬁéémGﬁﬁimﬁmmiﬁﬁj’iﬁgmﬁﬁﬁ

%2 https://www.mbaknol.com/business-history/history-and-background-of-amazon/ (qmiﬁmitj & Wa grum VOW9)
53 https://press.aboutamazon.com/news-releases/news-release-details/amazoncom-acquires-three-leading-
internet-companies. (G mtﬁm%g § e geum WOWY)
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iﬁﬁjmmﬂmmLﬁgﬂjﬁﬂﬁﬁﬁﬁﬁS‘gﬁﬁi@Wﬁﬁ@méémmﬁlﬁﬁgﬁsgmmiszﬂ ISIHg RN I
il imesEm S MIAMSIASENT 9.DMSANSEANIHILIR UG E)IANA Jeff Bezos 118
ninbanumigpangrmngiiamamsinsgumsintdwy  ennsnutudinng
iUs Amazon MSinis Fntumindms miuttimsinugifisidi fivisAimsuigy
éémm11§819]ﬁqmimqﬁiﬁm§ﬁi Amazon.com HGM i‘[jfﬂ«’:iﬁj»:ﬁiﬁ §mﬁﬁm~@jg§:mmm
P suiRg9™

ishgdo iennm gioeee SupnuaniatIéili Amazon.com msmrunisinidini
U]8 Nasdaq UMY 9€,6€ MSANSHIMIEIN IRUGUYUISNSMY 90E HrnHILin
isinupiocdd lugivooo [putisthifsmspmaunjuns wWiwiugAghmsmimig:m
2 TABUIS Amazon AUMNMAIMAE ShmyMATISIEUMAGENNY VTS Amazon
mSSMAlEIMI WSS HIEINUIgY ilyfruguBSTmMipBTS hgiv009
Amazon MSiRmglUmMMATSWIGEY SumBugwsgsunlbnomooos IXiysH
9G% %Sﬁg‘iﬁnmﬁmmgﬁmﬁtﬁs iwmsisnighisanwiids Shosfeugiganiyg
34 iglinauig:iti Amazon ﬁmsq:ﬁgmﬁnﬂ]ﬁmqmmﬁtﬁsmﬁn WIS HGM Target
Corporation 8§ America Online,Inc. USBRENIAINIGESMBAN Toysrus.com Inc., Circuit City
Stores Inc., the Borders Group §ﬁLﬁHtﬁSﬂjﬁﬂﬁjmt’[ﬁSigjﬁ Amnsimmsistimn§Anu e
Amazon.com*] % tijgﬁﬂlﬁ‘jﬁiﬁfﬁ Amazon Sithimitnsunhingsisigivoo9 filhsismin
MLIASIgH M.91Y MSANSHNIHILIR i UIEh 9ome% iidjiﬁjjﬁmjﬁim%@mfﬁim’[ﬁmﬁﬁ
Gisglv0094 Moo Amazon mﬁiﬁﬁiﬁﬁﬂnhﬂjﬁﬁﬁkﬂﬁﬁmﬁﬁSGjm ighnuismea

ol

SINMEPINSSwH:slfivocs ANSHANHILIAY AUFIVO0W Amazon MSINNSISIRYIR

on /)

4

YEUIUTE Amazon Web Service (AWS) iE Ui s mginSidujfimeasnticonnuign

=3

(&ESIgNI1% Amazon Web Service RHiM Cloud Computing BUEIGIESEUHASES

54 https://edition.cnn.com/interactive/2018/10/business/amazon-history-timeline/index.html (tgﬂjiﬁ ﬂﬁi§§ V& gium
wowo)

% https://press.aboutamazon.com/news-releases/news-release-details/amazoncom-extends-e-commerce-
agreement-target-corporation-2008.( (G s Elﬁtj § ve geum VOVY)

% https://aws.amazon.com/about-aws/ (GRUIBIIIGEVE grum WoOW9)
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SHEUNAYIME Cloud Service IS iHumMoPmMes ShumeigswiuniHAtngiginy

Server NUIINUMS{UIRG I iNMUZ §ﬁﬁ@sﬁﬁmsmsmﬁnﬁmﬂ fUDiG Amazon Web
Services MSHMI]grdRgAT Migew ShpinSiim ﬁhimqﬁmﬁiﬁamgnﬂ:ﬁs GNSM
nhsisighuigumi 9 goisaStuliiamNA1Y mMuIWIMARWATEU]S Amazon
wspviisufiaimsisig)ansmnsmGmiingesgnmmils  wwhngmuvis
Amazon“ i1 FNUNRIN:E N1 Jeff Benzos isTintagtingin g ilyjfommagiminfitng
g ISIgGIv00E Amazon mSAGMSIES MG IniB spreuiguig)nmSEsm
TAJHSIOIRRG fwiglAdmA Shgurnidim e ig)as

191451 VOO (fjBU]S Amazon MSMMAIAGUAIAN Kindle IRAIMBUAINNIHEIGERG
msigifropimsiainl umsiaimEgioic)d guRnNIS HSMAEWHASINAT
HIGESUGMAS UNSEJH S §mﬁyqmﬁﬂﬁmﬁsjﬁméﬁﬁjﬁh%smm tmgﬁgﬁﬁiﬁm
AN Jeff Bezos mSitjimiLUﬁ]fdﬁmﬁ§i[iﬂﬁiﬁﬁ'j§u SOREU]S Blue Origin (IARREH Seattle
imstufinu§misippniphi ShnfigjsuiprignMigogiaAn iwhmsmigimimh
ngitithighan o usistsidum staniifdulhnd §Him s wmivHmA s
FUU{FNY00,000 &G moo,ooor@@imiﬁiﬁqﬂqmsﬁﬁﬂ‘iﬁm IS1RgII099 Jeff Bezos

5}

DRI SLIBIUE Tablet MO

a oV o

MSMABUIS Amazon ajtgmlﬁﬁuﬁlﬁiﬁhgﬁ%pi g
UM ASiE GRS Kindle Fired isigiiengnasitu MARMSUMATIBIYN Tablet 1651
Bitey Amazon 18135 Kindle Fire HD iH(UMSfBaMNIUMATITNNEY iPad UGBS Apple
ii41% givo9d Amazon mmﬁﬁmﬁsmmwﬂnmnﬂg@mﬂ Seattle BRSNSV
tijﬁjﬁutms:nLEﬁﬁnmmJﬁimn'j9ru§ﬁ°1ms1‘qﬁmmigmiﬁ?ﬁ‘1 iglienngivooc mymat)s
MSIASIgIN v.omemsEAnMIEAGHYWU]S 58 Amazon msmigunssn 98
AnSHANEIEINSIEER Amazon AmwhipsistmuimshiGiamanmg® givowo
fufinic-og meinmumasnminmann i§ernfingmidsisiGhnmunmusiRve

Amazon §gmBIT:MUEINg AN B HASHS HRGAGY ShpnuAvgAmmit:

(3]

https://d1.awsstatic.com/whitepapers/aws-overview.pdf (GIBIIIGE W gaum WOW9)

%% https://www.thehrdaily.com/technology/howamazon-comifirststarted/ (i s nﬁg §199 geum VOV 9)
%9 https://wiredelta.com/how-was-amazon-developed/ (tgﬂﬁ’?j nﬁg §wn geum WOW9)
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mastnguBHiE ilimwiimnssiicss  Shunln [UIS Amazon NSRS
IMUMIANHNSW WM AN WISMOMAN  [UHUEING  MiNungIm
Rirgry AMisgUMShARINMIMIATIN T GRiSHY: (jU]s Amazon MSFUYFAISS
Mi1¢000,00091 SuuRdHNMELRINFTEY iltinmiusigimivasictsitn

[MAGATEIUSGIUMSHRHtIG ¢ HIVOVO0 MISUBIANG 99.8 MSANSHNIHIHIAD®

v v

° J

islieny: gloWo NN Jeff Bezos MSIMAANIMIAN: fiminiuhfsinnhmasm

ral =3

wHUH (CEO) iuaifiBi]S Amazon igiwrRuRURISIBIIANAMUTIBUIS Amazon M)

(2]

WSS UBHPRURGIANG Andy Jassy iSlifitiasdm glwowo4®
.8 wganiss Seimnses
muit: msnnisegimiuonESEs mippapitaisinmesU]stigis)s Amazon

mSHﬁigj§%Simmﬁiﬁﬁinh%iﬁjgﬁﬂlﬁgﬁﬂmiﬁsmjﬁ iﬁﬁjilﬁjﬁgslﬁﬁﬁlﬁ%ﬁaimgﬁ§ﬁ;m
iAmanAY wganaywtys Afuhanmiigimiugwsingéla Suulisimnsnngm
HAUFN MAvgwinuTMcIIuAHASES Sunfinginnnmnismisng{my mngw
Misé8m AmhuigpmwisujisisthiBsidimeas idgjanpoms shmuiiivasmin

igfpnusyeSaumitumGENRnms (U] Amazon MSMAGISIWGAN LGNS

al 1=

9. HMAUSIWg NG HyfiGgnimisist stemifisigiy
v. nsipgiugany Sapiiyng- fuiscrisasmisimsnnam Suginsimnngn
m. vistyg Mg spwiapmdum ilgfuRamiwiiin Shgigspugims§op
T Ui

G. DM AUSIUGAN[ARG (Cost Strategy) IHEIOANMHATHS

& ifwnvigiSuminmin ShapimuvaonitssnuinuisinumoiGisingg®

60 Amazon, 2020, Amazon report,Amazon.com, page 20

® https://www.businessinsider.com/andy-jassy-amazon-web-services-ceo-2021-1?IR=T. (tgﬂjiﬁﬂﬁ@mﬂ‘a gfum
COE)

62 Kelvin, Cherry, 2014, Amazon Business Plan, GRIN Verlag, page 4-5
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o

{[AuUlS Amazon mSmﬁﬁﬁmﬁqﬁmiﬁiﬁﬁmigiﬁjgﬁﬂlﬁg St sg s
fvigmbmipiEhithhiugs gﬁimmﬁnﬂmﬁﬁjm“jﬁﬁtgﬁ'jm‘jﬁﬁm SIENAYIUESTRBUYS
mMuit: §RRIHSEN T MIANILGAN|IRSUATIBU]S Amazon MSUINUSIHEAIGILEN
migwighiivuigneniat Semiviiagimuadugameds Wfanamnitas puu)s
Amazon § §IMSIMARWEZIN JBEmidim At ganfrggipim o SaipsIuAUR
MIUAIGSIW: N AGINgEMUIW MmMBMAISiugan[AnsTibEEn Amazon sgrums
imaswgihhwigmelAmaunifogems The Amazon New Business Platform, The
Amazon Ecosystem, Amazons Leadership Values, Universal Connectors, and Amazons Cloud*1%?
.90 iegpEasice
[fiviS Amazon AniaRRUISIMISEEEhuSinnAisuhywsistaigg)s
ighOG5§I Amazon (I SIEAN S ERPIMINGRYIHE] G 8 G(e-commerce marketplace)
URB SRR SN AYIE St 9 n OISR I sigmwmisniiguoi it
SUUBIH) Amazon MSTHURMAGANMRE USRS EUIASHEIEGM:
e Online Store
e Physical Stores
e Third-Party Seller Services
e Subscription Services
e Amazon Web Service(AWS)
aaijmuis: ibhdhuinmipansanisnenuiifyw pehingpnapithtomy
URe8ywIs
e Online Store: MPISIMMIRUUARURENL SWuiginapwitismuimungs
TURIABUIS Amazon® mﬁtﬁ,sgn'mﬁ}sﬁﬁﬁsmﬁ'j%ssuimﬁ%ﬁjtﬁ?mﬁ'j Shs8mid
aEmywEdnsuitunssph3isnugem nimHgoss I} iy nyin

8 https://www.academia.edu/16774559/Amazon_- Success_Story and_Business_Report ] pUiS Elﬁtj g9 "Eiﬁ N
vowv9)
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u

Software SiNuifiyY [iviIsis misgIApiRGIguGinnnsgprisuns
Lﬁﬁtﬁs JD.com (JD), Wayfair Inc. (w), LightinTheBox Holding (LITB)*]

o Physical Stores$ M{UIRSUNIMIHUHAGHSUASMESMMURIGAIZHY Amazon S
nifii §ﬁﬂlﬁﬁi§mSiﬁﬁ5%SmiLﬁSﬁf§ﬁ ENWHSURUGMIGIUIAGHGM  Amazon
Books, Amazon Pop Up, Amazon 4-star, S4 Amazon Go“ iS‘I@;ﬁLUiﬁGUﬂﬁfUU‘ESZ
Amazon meﬁEj‘[jjfjﬁLUfﬁﬁfimmﬁmSﬁuﬁm Best Buy (BBY), Costco (COST), Target
(TGT), Walmart Inc. (WMT) < Big Lots (BIG)“

o Third-party Seller Servicess HAUAMAGT IRUUARIGRGIIURSHAEENWIDIMN
WEMEHNIHSSNINIUASUUIS Amazon fuUIINAYIS: Amazon BRMHINHANT IS
WINHAGS SumiginuaAsmgag)s SugmAstmySsiin  #idasds
msingrignnty Shnfnmdingnuite Bypnapitadohimshbisisnivus: §
BIS{BU)S eBay

o Subscription Services3 {fiEU]S Amazon FUASHFUNAY Subscription M S{URGIGH
9 WUNAYGIIIN: Subscription Service IRUSEIUMSMANIANBSMUHTEH &
{608 Amazon Prime iHUMISIBINA 9donnsfisiSimianinnm {utishin
[IRGIRINAY Subscription AIUIAGIRIFHEIOHRT 18y HEu) Sumatcn
iR RRURAIRMIS JUTIBU]S Amazon iSigRiRitwiIUNAY Subscription
ﬁLﬁHLﬁIS Netflix (NFLX), Apple with iTunes 84 Google with play store “1

« Amazon Web Service (AWS)$ S{Jifi§ Cloud Platform {& Ut rUicunAumiond 5ot
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Year
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020

Net Sales (in million USD)

2,762
3,122
3,933
5,264
6,921
8,490
10,711
14,835
19,166
24,509
34,204
48,077
61,093
74,452
88,988
107,006
135,987
177,866
232,887
280,522
386,064

[UANS INWMINNUIGRUILRTIBUS Amazon (IBUIFHEURIESE 9 iU)EENIGM)
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JUMNEM. 92 MUBNMAMIATLAHRYTIS Amazon figl W000 HURI BOWO

Net Sales( in millions USD)

500,000
400,000
300,000
200,000
100,000

0

2000
2004
2005
2007
22009
32010

2001
2002
2003
=2006
™ 2008
5’2011
<2012
Z2013
2014
2015
2016
2017
2018
2019
2020

)
~
wn
)
w
=1

{UfAnN< Excel Output

muit:mivnmubidh o andms owuligivooo saigivowo [mAdansismI
URURSIHEUIS Amazon MISMARSIGIMMUMGigwEigywe inudmanaigimtsa
nstsmsnPnRnfttsmui msmiuUYesSMmsigmnsiid Stmsmiuman
fpvugsishibiamann iGuigjmiungdm smmﬁﬁgmmmams Amazon HISfUS:
i uaRUgIvovois: 1 mury:muelitiinbns gagivowo minsis]
gmﬁméﬁ: Amazon iﬂSﬁjgl:iﬁSinjﬁmg'mi‘jlﬁﬁigjﬁm[Ui’ijﬁﬁi’u 98 i‘ﬂ&ﬁﬂﬁﬁﬁSﬁﬁiS’iﬁﬁ
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Singit§isigh Website Amazon fififii
HNRISTMBMUE SSWISMIUAIUASTHBIS Amazon juMnG m.9) idhauanim
B Uine S SSwiSs M Trend IHUMSIUIS (Pattern) 1A8IGH (Upward Trend) SIFGENTG
nigimumimanuhwidiusg Sdimainull Mintab Swbitdhugamst
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.M. MEFHRNFIHEHRRLL SIS Autocorrelation

HWANNGNAESH Autocorrelation Coefficient Function (ACF) iN{Hjuyg Shmuny
i3 Minitabs
_;IEH Y)Y, -Y)

g;uf_.—?f

= WHAMNEAGSUATNG Lag ISHYIBNGHINMIA (the Autocorrelation

k=10,1,2,...

r;\.=“

Coefficient for a lag of k periods
y = URjUISHgIMNUESSW Time Series
Y, = TG ARSI £
Yo =EIGEUMAYSILTIN £G5S A B4 U 1SN 14

MNNM. B WHNEAGSH Autocorrelation Function ISMICUAITAT Amazon

Autocorrelations
Lag ACF T LBQ
1 0.734241 3.36 13.02
2 0.55498 1.76 20.85
3 0.389406 1.09 24.92
4 0.260797 0.69 26.85
5 0.161608 0.42 27.64

{UAAZ Minitab Output
JUMNEM. vz MUUINMASNASSUMIURTUITHYUIS Amazon

Autocorrelation Function for Net Sales (in million USD)
it 55 shaniicance lnits for thi ailosoralations

08 _ S C—

-0.2

Autocorrelation

04 _
06

081 —ees _
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MEBMIAANSIBHAN Autocorrelation (ACF) GUMNNE MY &1 (MU MY BNEMS
WHEANGAGSH ACF i1 v, 8h1y,_, 181 Lag 1 ithid Lag 2 841 Lag USUQUMSIHEGGIFIT
Smglineys] Yolmig)nmiyst Lag 1 52w ( S g alha§hsmes Sgsuitnpyn
ms tEgSwIAG Trend

WNMBMIUAFNWIS §gSwmemuumngimnid m.o Sumiumrnwsgsw
MY Autocorelation IRMNRE MY Sjumng mv SIgFgSWIRUPYUMSAMIUALLY

{NBU1S Amazon & S §UJLUiﬁ G Trend

M.é FAARINIELESAINSHIBES Amazon
isigumadim o8 gSwismIAAIHBUTS - Amazon uini§minihégSwinn
[UHUM SN ASUIGHRIGUNANS) (Descriptive Techniques) MUY WENS HE
B iy
mnhEm.m: minan &g wminAusIgiues Amazon figivooo Zigiwowo

§§§[ﬁﬂﬂfﬂ$1 (Descriptive of Data) FUGHEY

Mean 86204.85
Standard Error 23901.07
Median 41140.50
Mode #N/A
Standard Deviation 106888.84
Sample Variance 11425224403.92
Kurtosis 2.20
Skewness 1.64
Range 382942.00
Minimum 3122.00
Maximum 386064.00
Sum 1724097.00
Count 20.00

{UfiNs Excel Output
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mudgSunSMINAITETIBUIS Amazon itwiiegfinan il aumnbmshs

MU MILANUHIY000 Ziglvowo ibhamENTNS vRBisMILAPEIE
TUETABUISNSGSS GD. W0, G ANSHNIHITHIR
WENSISMIAUGIFIUATIBUIS Amazon NSESS G¢9.9G9,08 ANSHANIHILIA
AYEURMISMIVATICIZINSESS 909.066,6¢  ANSEnNMILIA  yhigsh
99.GVHE.VVG.GOM,EY ANSHNIHITEIR

IRMIAICIFNUITBUIS Amazon BGIFIVO00 HIUFIIOVO HFSURHMSGSS
MG9.09¢ ANSHNHILIA WIWHUUHHNSGSS M9V ANSHANIHILIR
ESLENIRNIGEIY AREsMIAivinANEsign sAfcignd mow.ecv ans

L OLNIHNIYIA ]

M.& FIOPRHRDFINSHIBES Amazon FIBSIMIRNS K565

ugtiifmimamummdmasifanjygennd b Fgsunsmiuniua

19

[ABiNS Amazon 1t:INAIYIFNIS: MPsESSw Trends Foissiw Gikmasuvinm

mewmBimadyinpminhjsmns:

/7
0‘0

3

%

X3

%

0'0

-

Absolute Change Model (ACM)

Relative Change Average (RCM)

Double Moving Average (DMA)

Double Exponential Smoothing (DES)

Holt's Method of Exponential Smoothing (HES)
Autoregressive (AR) Models

m.&.9 $ESRs Absolute Change Model (ACM)
mijfifuiies GiK Absolute Change Model (ACM) BRAPAINNIGGMINAILASTBTS

Amazon NWHIKUIS N SIHWABAPM AN MANUENNNRANSSSWIUAG  Trend

INWHSIHMUUBS MIMys

JUYBSIULS ACM3

Yt+1 =Y+ (Yt - Yt—l)
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AIgRARSMINNAINMIRAMBHIE N ACM MSUNMANMNURIMY:

~

mnLEm.c: MINNRINNMIUAMBBIEU ACM

Year Net Sales ($M) Forecast Error e2 letl letl’Yt et/Yt
2000 2,762.00
2001 3,122.00
2002 3,933.00 3,482.00 451.00 203,401.00 451.00  0.11 | 0.11
2003 5,264.00 4,744.00 520.00 270,400.00 520.00 0.10 0.10
2004 6,921.00 6,595.00 326.00 106,276.00 326.00 0.05 0.05
2005 8,490.00 8,578.00 (88.00) 7,744.00 88.00 0.01 | (0.01)
2006 10,711.00 . 10,059.00 652.00 425,104.00 652.00  0.06 0.06
2007 14,835.00 12,932.00 1,903.00 3,621,409.00 1,903.00 0.13 0.13
2008 19,166.00  18,959.00 207.00 42,849.00 207.00 | 0.01 | 0.01
2009 24,509.00 23,497.00 1,012.00 1,024,144.00 1,012.00 0.04 0.04
2010 34,204.00 29,852.00 4,352.00 18,939,904.00 4,352.00 | 0.13 0.13
2011 48,077.00  43,899.00 4,178.00 17,455,684.00 4,178.00 0.09 0.09
2012 61,093.00  61,950.00 (857.00) 734,449.00 857.00  0.01  (0.01)
2013 74,452.00 74,109.00 343.00 117,649.00 343.00 0.00 0.00
2014 88,988.00  87,811.00 1,177.00 1,385,329.00 1,177.00 | 0.01 | 0.01
2015 107,006.00 1083,524.00 3,482.00 12,124,324.00 3,482.00 0.03 0.08
2016 135,987.00 125,024.00  10,963.00 120,187,369.00 /= 10,963.00 0.08  0.08
2017 177,866.00 164,968.00 12,898.00 166,358,404.00 12,898.00 0.07 0.07
2018 232,887.00 | 219,745.00 | 13,142.00 172,712,164.00 | 13,142.00 0.06 = 0.06
2019 280,522.00 287,908.00 (7,386.00) 54,552,996.00 7,386.00 0.03 (0.03)
2020 386,064.00 | 328,157.00 = 57,907.00 3,353,220,649.00  57,907.00 0.15 0.15
Total 105,182.00 3,923,490,248.00 121,844.00 1.18 1.08

{URAAN< Excel Output
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jumnEm.ms {muuinmimiAthAtagh Samianprinhmugitn ACM

Net Sales (ACM)
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{UfiNs Excel Output

ACM Forecast

MY ﬁm?ﬁﬁﬂlﬁghﬁ'ﬁihmﬁﬁ‘]ﬁfs 315U ACM M85 G MSE, RMSE, MAD, MAPE

81 MPE 161 BMITUAIUESHBUS Amazon

mnudm.as ﬁ%ymi,a]aismmyﬁmhmﬁéﬁﬁmACM

Forecast Error Measures

MSE =
RMSE

MAD =
MAPE

MPE =

{UfiNs Excel Output

206,499,486.74
14,370.09
6,412.84

0.06

0.06

Myt mnig m.e mﬁiﬁﬁﬁﬁﬁmﬁﬁigfsmiﬁﬁﬁmitﬂﬁiﬁﬁﬁﬁfﬁm ACM i5UtSs

MSE HISIUIH]4 206,499,486.74
RMSE B1SAUIE] 14,370.09
MAD msmrg]ﬁ 6,412.84
MAPE msnﬁ;ﬁ]ﬁ 0.06

MPE msm@]h 0.064
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M.&.1 562R5 Relative Change Model (RCM)
MINNAININUIBMATHIE Relative Change Model (RCM) 161138 g StsiSmMiruf

TUEROTBUIS Amazon INWWHSIRMBIUBS MMy

JUYBIUEY RCM

Yioq =Y, X
t+1 t Y

Y

t—-1

UGBS MINNAINNMITUAMBYIE N RCM MSUINMANMNRMIMY:

Year

2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020

Net Sales ($M)

2,762.00
3,122.00
3,933.00
5,264.00
6,921.00
8,490.00
10,711.00
14,835.00
19,166.00
24,509.00
34,204.00
48,077.00
61,093.00
74,452.00
88,988.00
107,006.00
135,987.00
177,866.00
232,887.00
280,522.00
386,064.00

{UfiNs Excel Output

mnbm.o: minpRINMIuAMBYLILL RCM

Forecast

3,5628.92
4,954.67
7,045.44
9,099.59
10,414.69
13,513.02
20,546.84
24,761.41
31,341.49
47,734.04
67,576.83
77,632.85
90,732.17
106,362.01
128,672.23
172,817.08
232,642.19
304,928.17
337,900.32
Total

Error

404.08
309.33
(124.44)
(609.59)
296.31
1,321.98
(1,380.84)
(252.41)
2,862.51
342.96
(6,483.83)
(3,180.85)
(1,744.17)
643.99
7,314.77
5,048.92
244 81
(24,406.17)
48,163.68
28,771.02

163,278.61
95,683.21
15,484.08
371,599.79
87,797.00
1,747,636.98
1,906,724.72

63,712.12
8,193,938.51

117,620.73

42,040,065.00
10,117,822.54
3,042,119.98

414,727.00

53,505,920.53
25,491,620.86
59,930.26
595,661,376.61
2,319,739,798.09
3,062,836,856.62

letl

404.08
309.33
124.44
609.59
296.31
1,321.98
1,380.84
252.41
2,862.51
342.96
6,483.83
3,180.85
1,744.17
643.99
7,314.77
5,048.92
244.81
24,406.17
48,163.68
105,135.64

letl/Yt

0.10
0.06
0.02
0.07
0.03
0.09
0.07
0.01
0.08
0.01
0.11
0.04
0.02
0.01
0.05
0.03
0.00
0.09
0.12
1.01

et/Yt

0.10
0.06
(0.02)
(0.07)
0.03
0.09
(0.07)
(0.01)
0.08
0.01
(0.12)
(0.04)
(0.02)
0.01
0.05
0.03
0.00
(0.09)
0.12
0.16
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jumngm.c: MuUNMAMIUAD AL

(3]

£t ShMIUANNAINMBEIEL RCM

Net Sales (RCM)
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{UfiNs Excel Output

RCM Forecast

gwigmy Anifianjeyn ﬁ'ﬁi’ﬁﬂjﬁj“]ﬁfs 315U RCM BI85 G MSE, RMSE, MAD, MAPE

81 MPE 1§ BMITUAIUESHBUTS Amazon

mnaEm s mgugaismimprnnamsiiin Rom

Forecast Error Measures

MES =
RMES =
MAD =
MAPE =
MPE =

{UfiNs Excel Output

161,201,939.82
12,696.53
5,533.45

0.05

0.01

Mot mniag m.n mﬁiﬂfﬁjﬁ]mﬁﬁfgfsmihﬁﬁﬂjig]mﬁﬁﬁﬁfﬁm RCM 15 Utnss

MSE HISFUIEJH 161,202,939.82
RMSE H1SIUIE] 12,696 53
MAD BISRUIH] 5,533.45
MAPE E1SUIH]4 0.05

MPE E1SUIH]4 0.01
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m.&EM <

)

62085 Double Moving Average (DMA)

MINNAINNIENWP{MATGIE Double Moving Average (DMA) ig1iiGE g StsiSmirufi
JURJTABUIS Amazon INWHSIHMBUESMY:

e M;is moving average o fi Y:

Mt=Y

e M, is moving average 1 M;

!

M A Mgt Mgy

£ =

k

. WHNNISEUBMI Coefficients of Equation
at = 2Mt - M,t

2 !
by = -1 (M, -M')

. UBMINNAIANIS DMA:

Yt+p= at + bt

UGBS MINNAINNMITUAMBYIE U DMA MSUINMAMMNNNI{MYS

MNiEm .Gz MINDAINMIUAMBHIE DMA

Year Actual Mt M't Valueofa Valueofb Forecast(a+bp) Error e letl let’Yt  et/Yt

2000 2,762

2001 3,122

2002 3,933 3,272.33

2003 5,264 4,106.33

2004 6,921 5,372.67 4,250.44 6,494.89 1,122.22

2005 8,490 6,891.67 5,456.89 8,326.44 1,434.78 7,617.11 872.89 761,935.01 872.89 0.10 0.10

2006 10,711 8,707.33 6,990.56 10,424.11 1,716.78 9,761.22 949.78 902,077.83 949.78 0.09 0.09

2007 14,835 11,345.33 8,981.44 13,709.22 2,363.89 12,140.89 2,694.11 7,258,234.68 2,694.11 0.18 0.18

2008 19,166 14,904.00 11,652.22 18,155.78 3,251.78 16,073.11 3,092.89 9,565,961.68 3,092.89 0.16 0.16

2009 24,509 19,503.33 15,250.89 23,755.78 4,252.44 21,407.56 3,101.44 9,618,957.64 3,101.44 0.13 0.13

2010 34,204  25,959.67 20,122.33 31,797.00 5,837.33 28,008.22 6,195.78 38,387,662.27 6,195.78 0.18 0.18

2011 48,077 35,596.67 27,019.89 44,173.44 8,576.78 37,634.33 10,442.67 109,049,287.11 10,442.67 0.22 0.22

2012 61,093 47,791.33 36,449.22 59,133.44  11,342.11 52,750.22 8,342.78 69,601,941.05 8,342.78 0.14 0.14

2013 74,452 61,207.33 48,198.44 74,216.22 13,008.89 70,475.56 3,976.44 15,812,110.42 3,976.44 0.05 0.05

2014 88,988 74,844.33 61,281.00 88,407.67 | 13,563.33 87,225.11 1,762.89 3,107,777.23 1,762.89 0.02 0.02

2015 107,006 90,148.67 75,400.11 104,897.22  14,748.56 101,971.00 5,035.00 25,351,225.00 5,035.00 0.05 0.05

2016 135,987 | 110,660.33 91,884.44  129,436.22  18,775.89 119,645.78 16,341.22 267,035,543.72 16,341.22 0.12 0.12

2017 177,866  140,286.33 113,698.44  166,874.22 26,587.89 148,212.11 29,653.89 879,353,126.23 29,653.89 0.17 0.17

2018 232,887  182,246.67 144,397.78 | 220,095.56 = 37,848.89 193,462.11 39,424.89  1,554,321,863.90 39,424.89 0.17 0.17

2019 280,522  230,425.00 184,319.33  276,530.67 46,105.67 257,944.44 22,577.56 509,746,014.86 22,577.56 0.08 0.08

2020 386,064 299,824.33 237,498.67  362,150.00  62,325.67 322,636.33 63,427.67  4,023,068,898.78 63,427.67 0.16 0.16
Total 217,891.89 7,522,942,617.42 217,891.89 2.02 2.02

{UfiNs Excel Output
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jumngm.a: MmuunmimirAth Aty Samiranprnhmugitn DMA

Net Sales (DMA 3)
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Net Sales (SM) Actual DMA(3) Forecast(a+bp)

{UfiNs Excel Output

9

NN[MY ‘%m?ﬁmlﬁgﬁfﬁimm@]aisé'gmm DMA H185GH MSE, RMSE, MAD, MAPE

81 MPE 191 DMITUATURSTHBU)S Amazon

mnagm.es mmﬁ'ﬁiﬁmi;i]ﬁmﬁ'jé'ﬁﬁm DMA

Forecast Error Measures

MSE = 470,183,913.59
RMSE = 21,683.72
MAD = 13,618.24
MAPE = 0.13
MPE = 0.13

{UfiNs Excel Output
muit:mnig m.é Sﬁtﬁifﬁﬁﬁﬂmﬁﬁfyismiﬁﬁjmiﬁ]hiﬁﬁﬁﬁfﬁm RCM iHiutnss
« MSE DISUIGJ4 470,183,913 59
«  RMSE BISAUIH] 21,683.72
« MAD BISIUIH] 13,618.24
« MAPE B1SMUIJ4 0.13
« MPE 1SUIGJH 0.134

Sadjas oy fim ol ANNEIANS: wn 1) RN
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m.&.¢e %35&5 Double Exponential Smoothing (DES)
MINNAINNEN IS AR Double Exponential Smoothing (DES) 16138 g§ting
MIURIUESTABU]S Amazon MBBHSHGNIMYS

JUYSIUN DESS

e IR Exponential Smoothing §i:j[ﬁ
Ss=aYr+(1—a)S;_4

e RN Exponential Smoothing &
Si=aSe+(1—a)Si_4

o IMUBNNISUSMIGISI (Coefficient of Linear Equation)

a, =25, — S|
a

bt=1_a(5t_5t')

o UfineuSmInnmInn

?t+p =a; +bp

=0
=6
=

Prrp = ERGONAINNESTNUI: NS p IGIHSER
Y, = MyMAlARISIGRILINN ¢
p = GgsnuinuigiyaiRuSapinpAnn
o = Smoothing Constant (0 <a<1)
gﬁmmjwﬁimhé'ﬁﬁm DES mujuuganibuduigiiney « idnaspouibyji§m
AANS) MPIUESH ENWMRHIMASSIESiNG Solver IUATAYIN Excelfﬁmﬁﬁﬁmqﬁmﬂﬁﬁ Mm.90
(tﬁmgﬁaﬁmﬁgﬁ 19.9)4
MEMIRANNMY « MUAYHTE Solver 1811 Microsoft Excel MIMANNAMSE) My
«=0.96 AMmgiRuytss SYHidimaoginn DES ihFmINNRINNHRMISMIAIUAS

[ABUNS Amazon EMWANNATMSS: S, = ¥, = 2762 ; S, = Y'; = 2762

Sadjas oy fim om ANNEIANS: wn 1) RN
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ananignwaBgiBany Sulgnananngiy HAUTMUE FOEREIRG
PUgGH mismsnyﬁ:mmsmﬁmﬁﬁiﬁ fU DES TSUMNMARMNANIMY S

Year
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020

Actual
2,762.00
3,122.00
3,933.00
5,264.00
6,921.00
8,490.00
10,711.00
14,835.00
19,166.00

24,509.00
34,204.00
48,077.00
61,093.00
74,452.00
88,988.00
107,006.00
135,987.00
177,866.00
232,887.00
280,522.00
386,064.00

St
2,762.00
3,108.61
3,902.34
5,213.36
6,857.50
8,429.29
10,626.15
14,678.48
18,999.12
24,304.10
33,835.84
47,547.40
60,589.27
73,936.47
88,428.26
106,315.13
134,883.56
176,267.57
230,781.44
278,672.25
382,070.32

{UfiNs Excel Output

jumném.vs muuinmim

800,000.00
700,000.00
600,000.00
500,000.00
400,000.00
300,000.00
200,000.00
100,000.00

0.00

mniEm.99: minprILNMuBYitu DES

S't
2,762.00
3,095.72
3,872.35
5,163.49
6,794.50
8,368.50
10,542.19
14,524.66
18,832.72

24,100.63
33,473.81

47,024.03
60,084.80

73,421.36
87,870.19
105,629.20
133,795.65
174,688.13
228,695.44
276,813.72
378,156.04

{UfiNs Excel Output

at
2,762.00
3,121.50
3,932.34
5,263.23
6,920.49
8,490.09
10,710.11
14,832.30
19,165.51
24,507.57
34,197.88
48,070.77
61,093.73
74,451.59
88,986.34
107,001.06
135,971.47
177,847.01
232,867.43
280,530.79
385,984.60

bt forecast
0.00
333.72 2,762.00
776.62 3,455.22
1,291.15 = 4,708.96
1,631.01 6,554.38
1,574.00 8,551.50
2,173.69 | 10,064.08
3,982.47  12,883.80
4,308.06 18,814.77
5,267.91 23,473.58
9,373.18 = 29,775.48
13,550.22 = 43,571.06
13,060.77 | 61,620.99
13,336.55 = 74,154.50
14,448.83 | 87,788.14
17,759.01  103,435.17
28,166.45 | 124,760.08
40,892.47  164,137.93
54,007.32 | 218,739.49
48,118.27  286,874.75
101,342.33 | 328,649.06
Total
0 )
IURAMATYH

Error

360.00
47778
555.04
366.62
(61.50)
646.92

1,951.20
351.23
1,035.42
442852
4,505.94
(527.99)
297.50
1,199.86
3,570.83
11,226.92
13,728.07
14,147 51
(6,352.75)
57,414.94
109,322.07

o

DES ( Net Sales)

5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21

e=@==Actual

forecast

129,600.00
228,269.26
308,066.19
134,410.70
3,782.23
418,504.03
3,807,182.31
123,360.84
1,072,103.83
19,611,832.77
20,303,527.60
278,774.28
88,505.50
1,439,656.62
12,750,819.84
126,043,828.84
188,460,024.75
200,152,086.24
40,357,448.55
3,296,475,703.31
3,912,187,487.71

letl

360.00
477.78
555.04
366.62
61.50
646.92
1,951.20
351.23
1,035.42
4,428.52
4,505.94
527.99
297.50
1,199.86
3,570.83
11,226.92
13,728.07
14,147.51
6,352.75
57,414.94
123,206.55

ShMINNRINMUGIEUDES

leti/Yt

0.01
0.03
0.08
0.08
0.06
0.02

1.33

et/Yt

(0.01)
0.00
0.01
0.03
0.08
0.08
0.06
(0.02)

1.25

Sadjas oy fim
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Wiy Aifian)agnaiig mt;i]ﬁ%s BiiiU DES WS MSE, RMSE, MAD, MAPE
81 MPE 1§ BMITUAIUESTHBUTS Amazon
mnifm.ows mmﬁhimmtgﬂmﬁﬁﬁé'ﬁﬁm DES

Forecast Error Measures

MES = 195,609,374.39
RMES = 13,986.04
MAD = 6,160.33
MAPE = 0.07
MPE = 0.06

{Uff< Excel Output
muit:mnig m.ow mﬁiﬂfﬁiﬁnmﬁﬁfyfsmiﬁfﬁﬂjiﬁlﬁiﬁﬁjﬁfﬁm DES ifumnss:
MES H1SUIE]# 195,609,374.39 RMESHISIUIL]H 13,986.04 MADEISUIH]H 6,160.33
MAPERISUIE]H 0.07 MPEBISRUI] 0.06°9

m.&E& %Eﬁm Holt's Method of Exponential Smoothing( HES )

MINNAIANTEN WHH{M E0BIEU Holt's Method Exponential Smoothing (HES) 16110
§3SuNSMINAIUEGTIBUIS Amazon MUJBLSEBMIMY:

e RN Smoothing Level (L) 1A tiji’[ﬁ smoothing coefficient (a)
Li=aYr+ (1 —a)(Le—y + Ty — 1)
e FIRNS Trend Level (T}) 1N Iiiji‘[fj smoothing coefficient ()
Te=BLe— L)+ (A —=P)Tt —1
o UIREUSMINNAIAN TN p IGTHSIHN
Yirp = Ly + pT;

g muGit HES iy « 89 g IRunmhmasn Simayeins Solver
JURGHYIR Excel 9 UGRUISMIRANSINY Solver MSUPMERMNG m.om Saisin:
guiutgh v.19)4

MUUGHISMIAANSIMY Solver 1SIGMAYIT Excel MSUNIE Alpha= 0.78 8
Beta=1 hmﬁﬁﬁﬁmngmammmﬁmmﬁmﬁgammmmﬁ%ﬁmts:tﬁﬁj@jmsmﬁ]mjm

Sadjas oy fim ot ANENEIANSI: wn 1) RN
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b3

MNuEm.ocs MINNRINMIAMBYILIUHES

Year Actual Lt Tt Forecast Error e? letl letl/Yt et/Yt
2000 2,762.00 2,762.00 0.00
2001 3,122.00 3,045.13 283.13 2,762.00 360.00 129,600.00 360.00 0.12 0.12
2002 3,933.00 3,803.88 758.74 3,328.27 604.73 365,702.29 604.73 0.15 0.15
2003 5,264.00 511424 131036 = 4,562.62 701.38 491,929.30 701.38 0.13 0.13
2004 6,921.00 6,815.01 1,700.77 6,424.61 496.39 246,405.01 496.39 0.07 0.07
2005 8,490.00 849550  1,680.49 = 851578 (25.78) 664.57 25.78 0.00 (0.00)
2006 10,711.00 10,596.77 | 2,101.26 | 10,176.00 535.00 286,227.69 535.00 0.05 0.05
2007 14,835.00 14,378.72  3,781.95  12,698.03 = 2,136.97 4,566,641.15 2,136.97 0.14 0.14
2008 19,166.00 18,951.34 = 457263 | 18,160.67 1,005.33 1,010,692.34 1,005.33 0.05 0.05
2009 24,509.00 24,298.68  5347.33  23,523.97 985.03 970,286.68 985.03 0.04 0.04
2010 34,204.00 33,230.79 = 893211 | 29,646.01 4,557.99 20,775,252.23 4,557.99 0.13 0.13
2011 48,077.00 46,814.23  13,583.44 42,162.89 | 5914.11 34,976,651.23 5,914.11 0.12 0.12
2012 61,093.00 60,944.53 | 14,130.31 | 60,397.67 695.33 483,479.14 695.33 0.01 0.01
2013 74,452.00 74,584.99  13,640.45 75,074.84 (622.84) 387,930.13 622.84 0.01 (0.01)
2014 88,988.00 88,825.18 | 14,240.19 = 88,225.44 762.56 581,496.57 762.56 0.01 0.01
2015 107,006.00  106,164.60 17,339.42 103,065.37  3,940.63 15,528,554.65 3,940.63 0.04 0.04
2016 135,987.00 133,321.66 | 27,157.05 ' 123,504.03 | 12,482.97 155,824,614.70 12,482.97 0.09 0.09
2017 177,866.00  174,153.49 40,831.84 160,478.71 17,387.29 302,317,920.61 17,387.29 0.10 0.10
2018 232,887.00 229,064.66 = 54,911.17 1 214,985.33  17,901.67 320,469,749.43 17,901.67 0.08 0.08
2019 280,522.00  281,259.46 52,194.79 283,975.84  (3,453.84) 11,928,979.69 3,453.84 0.01 (0.01)
2020 386,064.00 | 374,830.85 | 93571.39 ' 333,454.25  52,609.75 2,767,785,757.56 52,609.75 0.14 0.14
Total 118,974.67 = 3,639,128,534.96 = 127,179.58 1.50 1.45

{UfiNs Excel Output

jumnEm.as MusNmAmMIuAtAiagl SmiuAmBgitn HES

HES Net Sales

800,000.00
700,000.00
600,000.00
500,000.00
400,000.00
300,000.00
200,000.00
100,000.00
0.00 =0=0
123 456 7 8 91011121314151617 1819 2021

=@==Actual Forecast

{UfAAN< Excel Output
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Wiy AnifianjrynAsii mt;i]a%s 51500 HES ©18EGI MSE, RMSE, MAD, MAPE
81 MPE 161 BMITUAIUESHBU]S Amazon
mngm.ods mmﬁﬁiﬁmtgﬂmﬁfﬁﬂﬁﬁmHEs

Forecast Error Measures

MES = 181,956,426.75
RMES = 13,489.12
MAD = 6,358.98
MAPE = 0.08
MPE = 0.07

{URAAN< Excel Output

a b b

MUy Mg m.oc mmn‘”jﬁ’gpmmﬁigismshﬁ'jmﬁg]mim’jﬁ%ﬁm HES iirumnss
« MSE DISUILJH 181956426.75
«  RMSE BISIUIHJ 13489.12
« MAD BISUI} 6358.98
«  MAPE B1S(UIEJ 0.08
« MPE 0S4 0.07

M.&9 %35&5 Autoregressive (AR)

Bititu Autoregressive (AR) BNEIHUNNARINRVISHT p U0 WIwishU8yw &
FSBIRURSNUMINNAINNISIMBESSHW Time Series iHUMS MGSIGSSW (Data Pattern) 15}
M99 MIAANHUNGS AR Aimaiglicl Pattern iS Partial Autocorrelation Function (PACF)
REoISHiw SYHnNaMmmtis AR BNUBEUUENTMINNRNN G SSWSMIATUAT
{ABNS Amazon itHhEiEANS S\imME PACF thySais

M.&95.9 FUARNSHBLIBIRGICRS AR S Partial Autocorrelation Function

Partial Autocorrelation Function (PACF) IZf{Beu{nUIMURIRI AR(p) Hitif p

5SSURS [HImSANNOMBMAHM AL Minitab Software TISIUGR I GMNANI|MY:

Sadjas oy fim ol ANNEIANS: wn 1) RN
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HAUTMUE FOEREIRG

MNREM. 992 Partial Autocorrelation Functions

Lag
1

2
3
4
5

{UfiNzMinitab

Partial Autocorrelations

PACF
0.734241
0.034434

-0.063723
-0.029498
-0.021615

3.36
0.16
-0.29
-0.14
-0.1

gﬁmmém.a : Partial Autocorrelation Functions (PACF)

Partial Autocorrelation Function for Net Sales (in million UsSD)
(with 5% significance limits for the partial autccorrelations)

1.0
0.8

0.5 |

0.4
0.2
0.0

-0

Partial Autocorrelation

-0.5

1.0

U#ANs Minitab

Lag

MmN SLMUSIID 1WRAN PACF BUHiST Lag 1 B1SHigH wWitns! Lag USUQTIBRHAN

msHiygoISmelings Wiwmsnigymungg9 §ois: ubhmsu§hsmet G

Autoregressive RBISIUING 9 AR(1)]

M.&E9.9 s'g"éaszs Autoregressive S5SBR9 AR(1)

NRIgTMBMIUAENWMBIUIBMAEAN PACF itiha§hsmses §gsuwis

MIUATUAITRYBUIS Amazon MBIEI Autoregressive FUENU9 AR(1) RIS NAGSNY

MYISHIGIH IAING Yt 89 Y(t-1) 11505 S Time Series

JUYS Autoregressive model FURNUEHI AR (1) 3

Ye =Bo+ B1Ve-1 + &

Sadjas oy fim
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Y lagged (Y(t-1)) fHIGMANGE] (Independent Variable) fﬁﬂijHﬁﬁﬁiNfS§§§m§1

mNREm.on: MNUANNEARIYY-lagged HRHIEUVAR(T)

Year (X)
2000
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020

Actual (Yt)
2,762.00
3,122.00
3,933.00
5,264.00
6,921.00
8,490.00
10,711.00
14,835.00
19,166.00
24,509.00
34,204.00
48,077.00
61,093.00
74,452.00
88,988.00
107,006.00
135,987.00
177,866.00
232,887.00
280,522.00
386,064.00

{UfiNs Excel Output

o1y (BrumniEm.oc plguiutsy.m)

Y-lagged (Yt-1)

2,762.00
3,122.00
3,933.00
5,264.00
6,921.00
8,490.00
10,711.00
14,835.00
19,166.00
24,509.00
34,204.00
48,077.00
61,093.00
74,452.00
88,988.00
107,006.00
135,987.00
177,866.00
232,887.00
280,522.00

> o

jumnEm.&: gMBBANGIS Yt 89 Y(t-1) (OUMINNRINMBYIEL AR (1)

Yt ($M)

350,000.00
300,000.00
250,000.00
200,000.00
150,000.00
100,000.00

50,000.00

0.00

BNMUNENS ve 81 Y1 OOMINRANMUEIEM AR (1)

50,000.00 100,000.00 150,000.00 200,000.00 250,000.00 300,000.00 350,000.00 400,000.00 450,000.00

Yt—1($M)

Sadjas oy fim
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o

b3

VS
N

§M.9 &2 MNRUGETSMINNRINMBEINN AR(1

)

SUMMARY OUTPUT

Regression Statistics

Multiple R 0.997400904
R Square 0.994808563
Adjusted R Square 0.99452015
Standard Error 7912.554557
Observations 20
ANOVA
df SS MS F Significance F
Regression 1 215952310321.49 215952310321.49 3449.25 0.00
Residual 18  1126953353.06 62608519.61
Total 19 217079263674.55
Coefficients  Standard Error t Stat P-value Lower 95% Upper 95% Lower 95.0% Upper 95.0%
Intercept -1290.542318 2312.98 -0.56 0.58 -6149.93 3568.85 -6149.93 3568.85
Y-legged 1.305127067 0.02 58.73 0.00 1.26 1.35 1.26 1.35
{URAAN< Excel Output
al ° < U " Jo
MNRGM. V02 MIANHIANMIFUAMBYINEU AR(1)
Year X Actual Yt Predicted Sales( $M) Residuals e? letl letl/Yt et/Yt
2000 2,762
2001 3,122 2,314.22 807.78 652,510.72 807.78 0.26 0.26
2002 3,933 2,784.06 1,148.94 1,320,053.04 1,148.94 0.29 0.29
2003 5,264 3,842.52 1,421.48 2,020,598.46 1,421.48 0.27 0.27
2004 6,921 5,579.65 1,341.35 1,799,229.04 1,341.35 0.19 0.19
2005 8,490 7,742.24 747.76 559,141.85 747.76 0.09 0.09
2006 10,711 9,789.99 921.01 848,265.90 921.01 0.09 0.09
2007 14,835 12,688.67 2,146.33 4,606,716.58 2,146.33 0.14 0.14
2008 19,166 18,071.02 1,094.98 1,198,986.18 1,094.98 0.06 0.06
2009 24,509 23,723.52 785.48 616,974.03 785.48 0.03 0.03
2010 34,204 30,696.82 3,507.18 12,300,332.75 3,507.18 0.10 0.10
2011 48,077 43,350.02 4,726.98 22,344,303.09 4,726.98 0.10 0.10
2012 61,093 61,456.05 (363.05) 131,806.54 363.05 0.01 (0.01)
2013 74,452 78,443.59 (3,991.59) 15,932,755.70 3,991.59 0.05 (0.05)
2014 88,988 95,878.78 |  (6,890.78) 47,482,822.90 6,890.78 0.08 (0.08)
2015 107,006 114,850.11 (7,844.11) 61,529,985.72 7,844.11 0.07 (0.07)
2016 135,987 138,365.88 (2,378.88) 5,659,092.22 2,378.88 0.02 (0.02)
2017 177,866 176,189.77 1,676.23 2,809,739.64 1,676.23 0.01 0.01
2018 232,887 230,847.19 2,039.81 4,160,830.32 2,039.81 0.01 0.01
2019 280,522 302,656.59 (22,134.59) 489,939,854.54 22,134.59 0.08 (0.08)
2020 386,064 364,826.31 21,237.69 451,039,353.85 21,237.69 0.06 0.06
Total (0.00) 1,126,953,353.06 87,205.98 2.00 1.39
{URAAN< Excel Output
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FIBMINNAINMIFUAS Y= -1290.5423+1.3051Y-lagged 16U Y UTHANUARNSANS
i G (1) WA Y lag @I (t-1)9 MuitEiy R Square AMBASHTMIUASIRIE (1) ]S
99.48%1

WNMY ﬁmiGMLmﬁMiiﬁmiEi]ﬁ SR HES BI1SEGM MSE, RMSE, MAD, MAPE
84 MPE 191 BMIFUAIURSTHBUIS Amazon

N EURGEE mnhﬁﬁjmiﬁjmﬁﬁ'ﬁéﬁﬁm AR(1)

Forecast Error Measures

MES = 56,347,667.65
RMES = 7,506.51
MAD = 4,360.30
MAPE = 0.10
MPE = 0.07

{UfiNs Excel Output

o

muits:mnig mve swubuinmiaist “smmﬁjmmﬂﬁmmﬁmm AR(1) iEiuSs MSE
H‘ISEUﬁ;i‘]ﬁ 56347667.65 RMSE H‘ISEUI’E%\]& 7506.51 MAD msmt;ijﬁ 4360.30 MAPE ©18

n

ﬂjijtj]ﬁ 0.10 MPE H‘ISﬂjﬁ;j‘]ﬁ 0.07

M. FssSeastiassicrsieminnRniry
Ui msmiHSiEMINNRINMBTRUYWESsEsaul §ﬁmiﬁﬁ'ﬁiﬁﬂji§]ﬁﬁj’[ﬁ‘lﬁ
Byt il oTuninaitugjugtnismInNRINNMSM LGS GUWRMS

u

"o

moimsip|urugkistitin-

[

J

mnadm.o: mnﬁj]ﬁmjﬁmiajﬁ%s BSANAINN ACM, RCM, DMA, DES, HES, AR(1)

MSE RMSE MAD MAPE MPE
Absolute Change Model(ACM) 206,499,486.74 14,370.09 6,412.84 0.062 0.057
Relatiove Change Model(RCM) 161,201,939.82 12,696.53 5,533.45 0.053 0.008
Double Moving Average(DMA) 470,183,913.59 21,683.72 13,618.24 0.126 0.126
Double Exponential Smoothing DES 195,609,374.39 13,986.04 6,160.33 0.066 0.063
Hol'ts Method Exponential Smoothing (HES)  181,956,426.75 13,489.12 6,358.98 0.075 0.073
First Order Autoregressive Model (ARM) 56,347,667.65 7,506.51 4,360.30 0.100 0.069

{URAAN< Excel Output
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wnwipjuugizuaprnngineaind ibhammbos Gk AR() Bisuig
MSE, RMES 811 MAD gGthing S18ithlau§ihsmeth Gl AR(1) MEIHUmieE ik
IR T osRnNRINNMIUAIURST BT Amazon

md mugsdlanBsgernsimsiensige

BYfowAgin AR(1) ginprinnfimiufigiionnms Shidyigjugtnismi
NNAINENSMMPBEIIMGSGUWRNS  SIMGHEIBmsmignilnjishiilnugennsims
isruigl upsAncimSisUEIUAIEIE AR (1) kujpess

9. ﬂjﬁ;ﬂh (Residuals) Lﬁuiiﬂsmﬂﬂmﬁﬁfﬁ (Normality)

Y. nﬁ;i]ﬁ (Residuals) [FiNShHNSHTLISHAIA (Homoscedasticity)

m. ﬂji’,tj]ﬁ (Residuals) ﬁ"tj[ﬁ@imﬁu[ﬁ@ ﬁmsmﬂﬂﬁﬂﬁj (Independent)

IRYGEINIMAI  (Normality) %smt;ﬂﬁ (Residuals) iR AIMY
(Histogram) ‘ismt;i]ﬁ (Residuals) GiM:UIFZANSIMGEY idhgicsdgNmusans ik
MSARFUA MY 9 ﬁﬁjﬁnmismtﬁ%miﬁ]tﬁ (Residuals)q  SNGUIMLW ADR{EIUHMU
‘iﬁmmsﬁﬁjmﬁfﬁmmﬁajmmﬂﬁ (Residuals) FfjHIENISMUENNNI (Time period) i&Hifieay
miﬁmtgﬂﬁ (Residuals) B1SMANAN]UIG]

jumn&m.9o0s ﬁﬁ%Lﬁ]H%SEUi’ﬁ]ﬁ (Residuals) TURIHIHAS AR(1)

Histogram of Residuals
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(MSE), Root Mean Square Error (RMSE), Mean Absolute Deviation (MAD), Mean Absolute
Percentage Error (MAPE) 84 Mean Percentage Error (MPE)“
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AMAZONCOM, INC,

CONSOLIDATED STATEMENTS OF OFERATIONS
(in millions, except per share data)

Year Ended December 31,

IE 2N 202k
Met product sales 5 141,915 % 160408 % 215,915
Met service sales 90,972 120,114 170,149
Total net sales 232887 280,522 3R6,064
Operating cxpenses:
Cost of sales 139,156 165,536 233,307
Fulfillment 34,027 40,232 38,517
Technology and content 28,837 35,931 42,740
Marketing 13,814 13,878 22,008
Greneral and administrative 4,336 5,203 G, 668
Other operating expense (income), net 2% 201 (75)
Total operating expenscs 220,466 265,981 363,165
Operating income 12421 14,541 12 E99
Interest income 440 ®32 555
Interest expense {1,417 {1,6060) (1,647)
Other income (expense), net {183) 203 2371
Total non-operating income { expense) {1,1640) {365) 1,279
Income hetore meome taes 11,261 13,976 24,178
Provision for income taxes {1,197) {2,374) (2,863)
Equity-method investment activity, net of tax 9 {14) 16
MNet income 5 10,073 % 11,588 % 21,331
Basic earnings per share 5 268 § 346 % 4264
Diluted eamings per share 5 2014 % 2301 % 41.83
Wieighted-average shares used in computation of eamings per share:
Basic 487 494 500
Diluted S0 S 510

See accompanying notes to consolidated financial statements.
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AMAZONCOM, INC.

CONSOLIDATED STATEMENTS OF OPERATIONS
(in millions, except per share data)

YWear Ended Decembser 31,

M1 MG 2017
Net product sales % T9.268 % 94665 8 118,573
Net service sales 27,738 41,322 59,293
Total met sales 107 0 135987 177, By
(Iperating expenses:
Cost of sales 71,651 #E,265 111,934
Fulfillment 13,410 17,619 25,249
Marketing 5,254 1,233 10,064
Technology and content 12,540 16,085 22,620
General and administrative 1,747 2432 3674
Other operating expense, net 171 167 214
Total operating expenses 104,773 131,801 173,760
Operating income 27133 4,186 4,106
Interest income 50 108k 202
Interest expense {459) (4=4) (B48)
Other income (expense), net {256) il 346
Total non-operating income |expense) {66H5) (294 {300y
Income hefore income taxes 1,568 3,892 3804
Provision for income taxes {950) {1,425) (769)
Equity-method investment activity, net of tax (22} {96 4}
Net income % S % 2371 % 3,033
Basic earnings per share % 1.28 % 501 % 632
[nluted eamnings per share % 125 § 490 % 615
‘Weighted-average shares used in computation of earnings per share:
Basic 467 474 430
[luted 477 454 493

See accompanying notes to consolidated financial statements.
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CONSOLIDATED STATEMENTS OF OPERATIONS

Met product sales
Net service sales

Total net sales
Orperating expenses {1

Cost of sales

Fulfillment

Marketing

Technology and comtent

General and administrative

Crther operating expense (income), net

Total operating expenses

Incomne from operations
Interest imcome
Interest expense
Crther income {expense), net

Total non-operating income (expense)
Income (loss) before incomse taxes
Provision for income taxes
Equity-methaod investment activity, net of tax
Net income (loss)
Basic camings per share
Driluted camings per share

AMAFONCOM, INC.

{in millions, except per share data)

Year Emded December 31,

Weighted average shares used in computation of eamings per share:

Basic
Driluged

(13 Incledes stock-based compensation as follows:

Fulfillment

Marketing

Technology and content
General and administrative

Sew accompanying nofes to consolidated financial statements

24 i 1K i

£ TO080 & 60,903 S 51,733
18,908 13,549 9,360

RE 988 74,452 al,093

62,752 54,181 45,971

10,766 B 585 6419

4,332 3,133 2,408

9275 6,565 4,564

1,552 1,129 296

133 114 159

REBID 73,707 60A17

178 745 676

9 38 40
{210} (141) (92)
(118} {134) (B0
(289) (239) (132}

{111y S0 544
{16T) (161} (428)
i7 (71 (155)
% {241) 8 174 8 (39)
% (0352) & 060 5 (009
E3 (0.52) § 059 § (0,09
462 457 453

462 465 453

g 375 8 294 § 212
125 23 &l

B04 603 434

193 149 126
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AMAZON.COM, INC.
CONSOLIDATED STATEMENTS OF OPERATIONS

(in millions, except per share data)

Metproduct sales . ...
Metservices sales . . oL

Total met sales . . .

Operating expenses (1):

Costof sales ... e
Fulfillment . ... i e a e

Marketing
Technoloegy and content
General and administrative
Other operating expense (income), net

Total operating expenses

Income from operations
Interest income

Other income (expense ), net
Total non-operating income (expense)

Income before income taxes

Equity-method investment activity, net of tax

MNet income

Basic carnings per share

Diluted camings pershare ... ... i

T 1 T

Provision for iInCome LANES . . . . ...

Weighted average shares used in computation of earnings per share:

Basic

Diluted

(1} Includes siock-based compemsation as follows:

Fulfillment

Marketing

Technology and condent
General and admanistrative

Year Ended Deoember 31,
i 20 2
2,000 530,792 522273

6,077 3412 2,236
48,077 34,204 24,500
37,288 26,561 18,978

4,576 2 398 2,052

1,630 1,029 6

2,908 1,734 1,240

658 AT0 328
154 106 1z
47.215 32 798 23,380
BH2 1406 1,129
Gl 51 37
(65} (39 (34)
T6 T4 e}
T2 a1 32
934 14497 1161
(291) 1352) (253)
(12) 7 ()
% 631 % 1,152 § 902
5 139 % 258 § 208
¥ 137 5% 153 5 1M
453 47 433
461 456 442
3212 5133 590
Gl 9 27
434 02 223
126 a3 B4

See accompanying mobes o consolidated himancial salements.
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AMAZON.COM, INC.

CONSOLIDATED STATEMENTS OF OPERATIONS
(in millions, except per share data)

YVear Ended Decembser 31,

g 207 2y

i T T 319066 314335 510,711
Costof sales .. 14 8% 11482 8.255
Ginoss profil . ..o 4.270 3,353 2456
Operatng expenses (1):

Fulfillment . . e 1658 1,292 937

I 432 344 263

Technology and comtent ... ... ... et e 1,033 H1E GiH2

General and administrative ... ... L m 235 195

Other operating expense (income), net .. ... ... ... ... (24) ! 10

Tiotal Operating EXPEISES . . . . o e e a e et 3428 2698 2067

Income from OPETatioNS ... .. ... ... i ia i B42 633 389
Imberest INCOME . . . L. e e 33 a0 59
IMEETEsE BXPEOSE . . oo e e e e e (7T1) {77 {T¥)
(rther income (EXPensel, MEL . o .. ottt e i e ia e ia e maeaa e aenma s 47 (L] 7

Total non-operating income (EXPEnse) . .. ... ... ..ol 549 5 (12)
Income before INCOME LENES . . . . ... it e e e bl il 37T
Provision for income BENES . . . ..o e e e e (247} (1543 (18T)
Equity-method investment activity, netoftax ... ... .. oL .. (k)] — —
i 3 645 5 476 5 19D
Basic earnings per share © . . e 3 152 % 115 5 046
Diluted earnings pershare ... ... ... ... L. 5 149 5 102 5§ 045

Weighted average shares used in computation of carnings per share:
T 423 413

I 432 424 424

(1} Includes stock-based compensation as follows:

Fulfillment . .. e 5 a6l % 1 I 24
Marketing . . .. 13 B 4
Technology and comtent ... ... ... et e 151 103 54

General and admimistrative ... ... L. Lo 50 15 19
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AMAZON.COM, INC.

CONSOLIDATED STATEMENTS OF OPERATIONS
(in millions, except per share data)

i B
Cost of sales . . ..o

Gross profit . .. ... ..

Operating expenses (1):

Fulfilllment . .. e
T
Technology and content .. ... ... ... ...
General and administrative . ...... i iin i i i
Other operating expense (IReome) ... ... ... .. ... ...

Total operating exXPenses . .. ... ...t

Income from operations ... ... ... ... L. ...l ...
IMEETest INCOIIE . . . ottt it it s et eaemea e emaamea e e
Interest BXPENSE .. . ... eeieeaaeaeaaaa
Other income (EXPense), BEL . .. ... ..o
Remeassurements and other . ... .. . .o

Total non-operating expemse . ... ... ... ... ......i.a..o.

Income before income LAXES . .. .. oL
Provision For INCOme LRSS . .. . ..o e e e e

Income before change in accounting principle ... ... .. ... ... ...,
Cumulative effect of change in accounting principle . ... .. ... .. .. ...

i BT 1

Basic carnings per share:

Prior to cumulative effect of change in accounting principle ... ... ...
Cumulative effect of change in accounting principle ... ... ... ... _.

Diluted earnings per share:

Prior to cumulative effect of change in accounting principle ... ... ...
Cumulative effect of change in accounting principle ...............

Weighted average sharcs used in computation of carnings per share:
Basie e

Diluted e

YWear Ended Decemiber 31,

IE Md ROad

SEAU0 36921 $5.264
6451 5219 4007
203 1602 1257
745 601 4905
198 162 128
451 283 257
166 124 104
47 (#) 3
L60T 1162 987
432 40 270
44 gL 22
(9] (107)  (130)
2 (5] 7
42 (1 (130
4 (%) (231
424 355 3
95 (233 4
333 sEd 35
% — —
$ 350 % SH8 0§ 35
$08] %145 § 0.9
(71— —
SO8T %145 S 0.9
$074 % 139 § 008
(71— —
S 084 %139 5008
412 406 395
426 425 419
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AMAZONCOM, INC.

CONSOLIDATED STATEMENTS OF OPERATIONS

Met sales . . e
Cost of sales ... ...

Gross profit . . .. ...

Operating expenses:

Fulfillment ... ... .. ..o
Marketing . ... ...
Technolegy and content ... ... ... it
Creneral and administrative _. .. ... . .. .. .. ...
Stock-based compensation{ 1) _. .. ... .. .. .. .. ...
Amortization of goodwill and other intangibles ... ... ... ..
Restructuring-related and other ... ... .. ... ... ...

Total operating expenses . ... ... ... ...,

Income {loss) from operabions . ... ... oononnnneeiiennnnnan.

Intersst IMCOMIE. . . .. ... et

Interest expense .. ..

Other income {expense), met .. ... ... ... ... ...
Other gains (losses), net .. ... ..o

Total non-operating expenses, net _. ... ... .. .. .....

Loss before equity in losses of equity-method investees . ... ...
Equity in losses of equity-method investess, net ... ._.._.._..

Loss before change in accounting principle . ... ... . ... ... ..
Cumulative effect of change in accounting principle . ... ... _..

it

Basic and diluted loss per share:
Prior to cumulative effect of change in accounting principle . .
Cumulative effect of change in accounting principle .. ... .. ..

Shares used in computation of loss per share:

Basic and diboted .. ... ... .. ... ... ...

Vears Ended December 31,

22

2ol

20

{In theusands, except per share duts)

§3932936 $3122.433  § 2761983
2940318 2323875 2106206
992,618 798,558 655,777
392,467 374,250 414,509
125,383 138,243 179,980
215,617 241,165 269,326
79,049 89 862 108,962
68,927 4,637 24,797
5478 181,033 121,772
41,573 181,585 200,311
928494 1210815 1.519,657
64,124 (412,257) {863.880)
23 687 29,103 40,821
(142925)  (139232) {130,921)
5623 {1,900 {10,058 )
{96.273) {2.141) {142,639)
(209 888)  (114,170) {242.797)
(145,764)  (526427)  (1.106,677)
(4,169) (30,327) {304,596)
(149933)  (556,754)  (1.411,273)
A0l {10,523) —

5 (149.132)

§ (567.277)

${1.411.273)

$  (D40) 5 (1.53) % (4.02)
.ol (0.03) —

$  (039) 5  (l36) % {4.02)
378,363 364,211 150,873
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Microsoft Excel 16.0 Answer Report

Worksheet: [Excel Data (version 1).xIsb]DES

Report Created: 7/14/2021 12:48:29 PM

Result: Solver found a solution. All Constraints and optimality conditions are satisfied.

Solver Engine
Engine: GRG Nonlinear
Solution Time: 0.047 Seconds.
Iterations: 4 Subproblems: 0

Solver Options
Max Time Unlimited, Iterations Unlimited, Precision 0.000001, Use Automatic Scaling
Convergence 0.0001, Population Size 100, Random Seed 0, Derivatives Forward, Require Bounds
Max Subproblems Unlimited, Max Integer Sols Unlimited, Integer Tolerance 1%, Assume NonNegative

Objective Cell (Min)
Cell Name Original Value Final Value
SB$29 MES Actual 466116194 195609374

Variable Cells
Cell Name Original Value Final Value Integer
SBS27 Alpha Actual 0.47 0.962812051 Contin

Constraints
Cell Name Cell Value Formula Status Slack
$BS27 Alpha Actual  0.962812051 $B$27<=1 Not Binding 0.037187949
SBS$27 Alpha Actual  0.962812051 $B$27>=0 Not Binding 0.962812051

{UfA0Ns Excel Output
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Microsoft Excel 16.0 Answer Report

Worksheet: [Excel Data.xIsx]HES

Report Created: 7/14/2021 1:25:52 AM

Result: Solver found a solution. All Constraints and optimality conditions are satisfied.

Solver Engine
Engine: GRG Nonlinear
Solution Time: 0.047 Seconds.
Iterations: 4 Subproblems: 0

Solver Options
Max Time Unlimited, Iterations Unlimited, Precision 0.000001, Use Automatic Scaling
Convergence 0.0001, Population Size 100, Random Seed 0O, Derivatives Forward, Require Bounds
Max Subproblems Unlimited, Max Integer Sols Unlimited, Integer Tolerance 1%, Assume NonNegative

Objective Cell (Min)
Cell Name Original Value Final Value
SB$29 MES Actual 635164595.75 181956426.75

Variable Cells

Cell Name Original Value Final Value Integer
SB$26 Alpha Actual 0.35 0.786481608 Contin
SB$27 Beta Actual 0.65 1 Contin

Constraints

Cell Name Cell Value Formula Status Slack
SBS$26 Alpha Actual 0.786481608 SBS26<=1 Not Binding 0.213518392
SB$26 Alpha Actual 0.786481608 $B$26>=0 Not Binding 0.786481608
SBS27 Beta Actual 1 SBS27<=1 Binding 0
SBS$27 Beta Actual 1 $BS27>=0 Not Binding 1
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RESIDUAL OUTPUT

Observ ation Predicted 2762 Residuals Standard Residuals
1 2314.218642 807.78 0.10
2 2784.064386 1148.94 0.15
3 3842.522438 1421.48 0.18
4 5579.646565 1341.35 0.17
5 7742.242116 747.76 0.10
6 9789.986484 921.01 0.12
7 12688.6737 2146.33 0.28
8 18071.01773 1094.98 0.14
9 23723.52306 785.48 0.10
10 30696.81698 3507.18 0.46
11 43350.0239 4726.98 0.61
12 61456.0517 -363.05 -0.05
13 78443.58561 -3991.59 -0.52
14 95878.77811 -6890.78 -0.89
15 114850.1052 -7844.11 -1.02
16 138365.8847 -2378.88 -0.31
17 176189.7722 1676.23 0.22
18 230847.1887 2039.81 0.26
19 302656.585 -22134.59 -2.87
20 364826.3129 21237.69 2.76
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