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REQF A| 2t
RO| SMI2t Al

« ROJIA SRQ AlZH SelfA
« Date : 2%

7t

-

- 19704 18 1€ 0|2 BitEl 2 &8 N¥

« POSIX(Portable Operating System Interface)

o UNIXZE A5 7ts3t =2 028 OIH 0| A {F9f
« POSIXct(continuous) POSIXt(POSIXIt)(list time)

« R2 EM, AlZE HIO|HE X2

POSIXt(POSIXItH)EHAE 0|
e POSIXct : ERp-AlZt

Sk A O]

= T A

oFLt,

- 1970 18 120|A Btz = 2 E

« POSIXIt : ERt-A| 7L

+ 19000 A Butel Ha F AL

2| AEQ| HENE M

0o
Iy
o
>

£ 5 POSIXct,

= d «- Sys.Date()
= print(d)
[1] "2019-11-17"
= class(d)
[1] "Date"

= T «<- Sys.Ttimel)

= primt(t)

[1] "2019-11-17 14:06:26 KsT"
= Class(t)

[1] "posIxct” "pPoOsIxXT"

= unclass(d); print.default{d)
[1] 18217

[1] 18217

attr(,"class™)

[1] "Dpate”

= unclass(t); print.default{t)
[1] 1573967187

[1] 1573967187

attr({, " class™)

[1] "pOosIxXct” "pPoOsIxXT"



> ## IW ZOH

= as.Date('1,/15/2020" ,format="%m/%d/%y")

[1] "2020-01-15"

= as.Dpate('april 26, 2020",format="%6 %d, %y')

[1] wa

= sys.setlocale”"LC_aLL”, "English")

[1] "LC_coLLATE=English_uUnited States.1232;LC_CTYPE=English_uUnite:

LC_NUMERIC=C;LC_TIME=English_United States.l1252"
= as.Dpate('april 26, 2020",format="%6 %d, %y')

[1] "2020-04-28"

Canversion
specification

%3
254

%b or %h

%B

%d

%]

el

Description
Abbreviated weekday
Full weekday

Abbreviated month
Full month

Day of the month
01-31

Day of the year
001-366

Month
01-12

Weelk

01-53

with Sunday as first day of
the week

Example

Sun, Thu

Sunday,
Thursday

Way, Jul

Way, July

27,07

148, 188

05, 07

22,27

ZaW

SaY

Sl

%D

Yot

=X: https://www.r-bloggers.com/date-formats-in-r/

Wesekday
0-6
Sunday iz 0

Week

00-53

with Monday as first day of
the week

Date, locale-specific

Year without century
00-99

Year with century

on input:

00 to 68 prefixed by 20
69 to 99 prefixed by 19

Century
Date formatted %m/%d,/ Sy
Weekday

1-7
Monday is 1

Mewline on output or

Arbitrary whitespace on input

Tab on output or

Arbitrary whitespace on input

Q4

21, 27

84, 05

1984, 2005

19, 20

05/27/84,
07/07/05

7,4


http://ds.sumeun.org/?p=1111
https://www.r-bloggers.com/date-formats-in-r/

L QF AlZH
=SR2t Al 77

SR B[ 84
o 22|Lt2} 20204 1€ 3
. O|=: 'Jan. 3. 2020

« £33 Jan. 2020

1ISO 8601 =&}

1ISO 8601 A[ZF

ISO 8601 = Mp-A|Zt

"2020H 1& 3

ol
=

A B H7|

= (+- )YYYYMMDD

g3 g (+- )YYYY-MM-DD

== (+- )YYYYDDD

=tEd (+- )YYYY-DDD

== (+- ) YYYYhiwwD

=hEkd (+- )YYYY-Www-D

AEFY '

7|22 hhmmss(,ss)(Z)(+-hh(:)mm)
=EE hh:mm:ss({,ss)(Z) (+-hh(:)mm}

16A| 148 15% 99"

26286163161415,99
28286163T161415,99
28286163 161415,99

s
SRt

W3-

1<

ojoj

AE2E(,10022] 1

=N
.-""\-\.II_I

— =

of
282
20828-8
28260808
2626-063
2626We13
2828-Wa1-3

288163

[ T v

=

L

-a

L

o] r e el T I ol I, oy
H-2-2 (10022 1Z=)(z )(EAE)

=X http://ds.sumeun.org/?p=1111
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O} Al 2
HREQF A

- =W ®H7|

- #% 2% B7 @D

= ¥ =- Sys.time()
= format(x,

- 25}

7t

-

—

"wey -mm-%d HHIEM:IXS')

[1] "2019-11-17 14:13:58"

= format(x, "¥y-%EjTH

» O - O r
H %M 155 :}

[1] "2019-321T714:13:58"

- format(x,
[1] "2019-wA6-7

. AAE] LR
O

_I_

D -

ol AL Ol H 5}

- X[ 9™ O
. B2

"HE-WHEV-L BHIEM XS
14:13:58"

-A|ZE 77

= HE

-> 0= -> ¢ 727

H/

= #% W PN 4 HE

lTibrary(magrittr) # O/4A/A| install.packages("magrittr™)

= 7sys.setlocale) # Query or Set Aspects of the Locale

= d =- c("May 27 1984", "July 7 2005")

= (]

[1] "may 27 1984" "July 7 2005"

= Sys.setlocale(”LC_alLL™, "English™)

[1] "Lc_coLLaTE=English_United States.1232;LC_CTYPE=English_uUnited States.l1232;LC_MO
LC_NUMERIC=C;LC_TIME=English_united states.1252"

= Sys.setlocale("LC_AaLL", "Korean")

[1] "LC_COLLATE=Korean_Korea.249;LC_CTYPE=Korean_Korea.949; LC_MONETARY=KOrean_Korea.
rea. 949"

= d «=- c("May 27 19847,
[1] "may 27 1984" "July 7 2005"

= Sys.setlocale(”"LC_aLL™, "English™)

[1] "Lc_coLLaTE=English_United States.1232;LC_CTYPE=English_uUnited States.1232;LC_MO
LC_NUMERIC=C;LC_TIME=English_United States.12532"

= o <=- as.Dpatel'Jan 01 2020°, fTormat="%b %d %v')

=

[1] "2020-01-01"

= d =- as.Date('January 03 20207, format="%B %d %v')

=

[1] "2020-01-03"

= Sys.getlocale("LC_ALL™) %% strsplit(”;’
[[1]]

[1] "Lc_coLLAaTE=English_United states.1252"
[3] "LC_MOMETARY=English_United States.1252"
[5] "Lc_TiMe=English_United States.1252"

W

"July 7 20057)

"LC_CTYPE=English_united states.1232"
"LC_NUMERIC=C"

= Sys.setlocale"LC_aLL”, "Korean")
[1] "LC_COLLATE=Korean_Korea.949; LC_CTYPE=Korean_Korea. 949; LC_MONETARY=KOrean_kKorea.
rea. 949"

> d =- as.Dpate('10€ 20 2020, format="%b %d %v')
=
[1] "2020-10-20"
=X: http://ds.sumeun.org/?p=1111 6

=X : https://www.stat.berkeley.edu/~s133/dates.html



http://ds.sumeun.org/?p=1111
https://www.stat.berkeley.edu/~s133/dates.html

]

> #% =W
= 75ys.Date() # the current day in the current time zone.
= d «- Sys.Date() # T W =

e

=
[1] "2019-11-17"
= class(d) # 4 =¢

[1] "pate"”

= ?format() # EW-> ERE Z0 BE . https://stat.ethz. ch/R-manual/rR-de
> tt <- format(d, format = "%v:%m:%d") # EWE BENZEE HE

= TT

[1] "2019:11:17"

= Class{tt)

[1] "character"™

= dd <- as.Dpate(tt, format = "%v:%m:%d") # EXAZE Zrlz HE
= dd

[1] "2019-11-17"

= Class{dd)

[1] "Date"

> ## IR GA: APEIGA B OTEI3 BAT JHs

= d0 <- as.Date("09,/28/2020", format = "%m / %d / %Y")
= 0

[1] "2020-09-28"

= dl =- as.Date("2019-11-17")

= 02 =- as.pate(”2019-12-11")

> dix=d2 # 27| B i

[1] FALSE

> d2=dl # 27| Blm A2

[1] TRUE

= dl - d2 # 24

Time difference of -24 days

= dl + d2 # TdE7 =ER7E HH0 ¢E= olFe7
Error in “+.Date” (dil, d2)
ok HHR + = "pate” B B2l RIFE HsUC
= dl * d2 # 24
Error in Ops.Date(dl, d2) : "Date” AEHH FTEF HE =LULIC
= dl / d2 # Lisd
Error in Ops.pate(dl, d2) : "pate" WHH HeZX 2 SELLCH
=dl -7 # 24
[1] "2019-11-107
>dl + 7 # T4
[1] "2019-11-24"
=dl * 7 # &8
Error in Ops.Dpate(dl, 7) : "Date"” WH o Feg/x| XS =YUL|Ct
=dl /7 # Lted
Error in Ops.pate(dl, 7) : "Date"” WMo Fe|g/x| ¥E YULCt



## ALt

# petails, W& =2
T «- Sys.time() # B LW 2 ofL[2r AT
t
[1] "2019-11-17 14:36:11 ksT"

WoONOM OV Y

= class(t) # the classes "POSIXIt" and "POSIXct” representing calendar dates and times.

[1] "POSIXct” "POSIXt"

J2|3 A7t (timezone) EEIX

= format(t, format="%HA| 3ME") # 2AE HE: FHEC Y 243 29

[1] "144] 32"

> format(t, format="%ySE %mE %dE %HAl WE™)

[1] "2019F 118 178 144 36E"

= 7as.numeric() # 2, &, A, £,
= as.numeric(format(t, "%¥v")}) #
[1] 2019

= as.numeric{format{t, "%m")) # 2
[1] 11

= as.numeric(format(t, "%d")) # =
[1] 17

= as.numeric(format{t, "%H")) # Al
[1] 14

= as.numeric(format(t, "%M")}) #
[1] 36

= Sys.timel)

[1] "2019-11-17 14:36:18 KsT"

= (T «=- Sys. time())

[1] "2019-11-17 14:36:19 KsT"

= Sys.Time() - 3600 # an hour ago
[1] "2019-11-17 13:36:20 KsT"

> as.PosIX1t(sys.time(), "GMT") # the current time in ovT 122X HECHS| A7 (tz="aMT")

[1] "2019-11-17 05:36:20 GMT"

= T

[1] "2019-11-17 14:36:19 KsT"

> attributes(t)3tzone =- "asia/Seoul”™ # A
> T

[1] "2019-11-17 14:36:19 KsT"

= T + 3600
[1] "2019-11-17 15:36:19 KsT"
=t - 3600
[1] "2019-11-17 13:36:19 KsT"
= T #% 3600
Error in Ops.POSIXT(t, 3600) :
"posIXt" ZEH O Folzlof SR E =" YLC
=t / 3600

Error in Ops.POSIXt(t, 3600)
"posIxt" ZEH O FolElof R EE /UELLD

# the current date, as class "POSIXct”

i (zone) SE& 2E

TSys.time() # an absolute date-time walue which can be converted to various time zones

=3
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Al A

< AAE A=
- HEEYAAE K=

AAE 240 AHEE[7]| Cia 022 MHECFRZS| Rt=)

« BE8 NAE A=

HIEE AMAE R2E CHRY| 4|2 Hetet K2

o HEhZ §) A2, 2oote] Sdd AR= Hat

« AAE E5H(Decomposing)
« HMAA vs. HIHAX 24 (components)

- 8

. 7

a

i

Systematic: Y&d £= M (H)d 24

Non-Systematic: 2HIL|O{X| = k= 24

Level: The average value in the series.

Trend: The increasing or decreasing value in the series.
Seasonality: The repeating short-term cycle in the series.
Noise: The random variation in the series.

HIE S8 2o

Additive Model: y(t) = Level + Trend + Seasonality + Noise

Multiplicative Model: : y(t) = Level * Trend * Seasonality * Noise

dUE Bz 2YE 2802 R, O &AE 1245HA| Zettt= oA

Decomposing the airline passengers
dataset

Trend
g i 0, T T N U )

Seasonal

Residual

1949 1951 1953 1955 1957 1959
Month

» Seasonality S seasonal trends (e.g. gym memberships rise at the start of the new year)
s Trend T;: overall trends (e.g. the global temperature is increasing)

= Error : unexplained noise (the less the better for a time-series model to be valid)

= Additive: amplitutdes of seasonal effects are similar in each period. Yy = S + T + €

= Multiplicative: seasonal trend changes with the progression of the time series. y — S, T, e



AA S

N

NEXTREEE

AMAE A=t 83

.« d&H(stationarity)

- AAE Xt=2o| Bat, 40| YHS

- OEZL AAE Xtz= CHREZ] o |
=457 2 Bdd AMAE ARz Het

sk 74

[, SE 40| A[Xtof| 2 o| =8 F2
o2 HEdd AAE At=0|7] =0

Stationary Time Series

- b
|, | A

/ I, J J' A |||
o - | | ll-l:uu lelillhjf* ~| | “. 4| Il||' Iu ,1J'I|I|I'ril-|rlﬁ1

» The statistical properties of a process generating a time series do not

change over time.
o d2&(stationarity) A|AHE 2
« HE A[AIZO| &|7] O|FMK|= AAE ZEE 75

- ZHYH: Dickey Fuller Test of Stationarity

1514

A
T HA

o Ao} g detrendlng, differencing, Seasonality & =

«  Detrending(&FA) :

series.

- Differencing(Xh&): the Integration part in AR()MA

« Seasonality(A 2 A): easily be incorporated in the ARIMA model directly.

| U=

simply remove the trend component from the time

o ADF = ‘.- 128
o 200 200 GO BOO 1000
t
Non-stationary Time Series
e ALY L
ey l v‘. l ~
3 ADF 0
:-E 'v
o 00 400 600 BOO 1000
t
A A A
|
stationary mean non-stationary mean stationary mean
stationary variance stationary variance non-stationary variance

=X: https://towardsdatascience.com/stationarity-in-time-series-analysis-90c94f27322 12



https://towardsdatascience.com/stationarity-in-time-series-analysis-90c94f27322

¥ AtEot 2 Jia
|E AEeF 83

Al A=0 M O AlH A2 E M= A

» =4h: AlZEel o[t A Blo] =
- =AO| EFOHA| EH2 AAE=2
of ‘Y=t
- sath 7 AE 2o SE 40
o ST AXOE o EE F,
o

ALO| QUK

H 2l (transformation)2 =

@
2 - SR >
1%1 0
m o

t

Non-Stationary series

£ X: https://www.analyticsvidhya.com/blog/2015/12/complete-tutorial-time-series-modeling/

13
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AMAE

Atz REE JHe

=2H8 AAEL 22T

=0HY A|A 1t Random Walk(R2HQ| sHE)

2. gt {Random Walks) P&
Y =Y +
e =1 fegp grn) q71g) v o) 1712 YEIEF 12 AR olH BEES A S

. o= 2
. CRIO| SHE A| . s
Random Walk(f2t¢| @&, #&: drunkard walking) S (o BHEy 5 202l S ECH
- Qo Weo 2 oSt AEAQ A2 S LEH = =8 JiE HEEHO| A2 wold EHESE LIEMNCIHE CHS 2} 20| LIE £+ 3.0k
t
= 27tstt dER HE0| 0 e A =3
0% 27 | ol ofx 5
o A|ZHOf| IHE XS] " 0| 00| X| 2k Z4H2 A[ZHO| BB S 7t =1
. OjEtA, QtS|2 X9l 20| EUSICHD S5 A|7H0] S20f met I ] _
et el 2 S ?Ol S SOttt o 1Ztol ol et 8 3. E57t 9= ¥EL#H(Random Walks with drift) 2
oM HA HOojL= dYE EY Y =atY,_ +e
. =1 rep 20| HERH @M A5F| £2HE EF0(0h
ob Y AlHQ mE ES7} s HER#OUE Wold EHHCE LERCIN CHS 0 200 LIERE 2 9
[y
« ZEHEYM ZEH(random walk model) Y, =at+¥ + z e,
B AAIZO Tisto] 74 =2l DA X0 &S DAt 7HY e
R Y = 242 52 3 e 2 Eww el ER0L s 2Eew2 s A2 247tk
o ERVYe SEEY 2 E(Random Walks with drift)
=R —JpEE ; P
SERHDHO| Tt A2 FANIE FIHE AAZHE =AM ) 4 o7 A TRS EIjI}{Epurluus EEEITESSIDH] = = = ._
E0FEEY ME2 EHEAN AMEE EF ME Q20| Bls RS0 ME FEEHE07F =)
«  BIFE(ZHdA) 2|3 (Spurious Regression) 2 375 B2 HS = .:.I_ 21#0| 30k 0|2 & 3™ 3 7|2kD Tk
0122 TEO| GOL SHYO|X| YOf Rol02 SR HO| THEE HO Kot ¥ 2F THRI20] SACkD FRLIX-I01)) B K S0t OFEE0|T| 2 BEE40|h 283 K
2t vz 0FFE 20| Bl= B530(240 AL '3'1| SHEAL
ot gamag mas 0 DT T s s 2y

e
wal M2 Pio| Selsicin HEE D M2 57alm eIk

= X: http://blog.naver.com/PostView.nhn?blogld=jahyone20&logNo=220934340547

14
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MAZ AR 22T 7R
AMAZE 22 ARLF MA

« X}7|2|H(Autoregressive, AR) &2
. p A® Mo XtEV} MK K20 S FL Y

«  ¢i(coefficients) = weights measuring the influence of these
preceding values on the value x/#/

« vector autoregressive (VAR) model « ¢ = constant intercept
* & = a univariate white noise process (commonly assumed

to be Gaussian)

T =c+ A1+ ...+ Ay, + ey

» Generated as a linear function of its past values, plus a random
noise/error

« P AIE OJFAIXhe| Atz 7t Al At=0| SEE &

* AR model to the multivariate case; now each element of the
vector x/t/ of length k can be modeled as a linear function of all
the elements of the past p vectors

- O|&E+ (Moving average, MA) 2 &

. S20| o8} HO|E{7} YAIHO R HAZtA Ho{H M 10| T}
A HAZto 2 ot 2Xe BHE B
o MAHEY = Hol FXMA |2 HIO|E 7t EHE|0{F

*  MA(qg) = a linear function of the last g+7 random shocks
ar 4o nor rt =&t + 01641+ ... —|—6’q€f_q

generated by €, a univariate white noise process

» Autoregressive moving average (ARMA) model(1)

*  ARMA(p,q) model = a linear function of the last p values and
the last g+7 random shocks generated by ¢;, a

univariate white noise process . . : . : : .
=X1: https://www.datasaencebqu.net/post/machlne—Iearnlnq/forecastlnq—an—lntroééctlon/
=X2: https://towardsdatascience.com/stationarity-in-time-series-analysis-90c94f27322



https://www.datascienceblog.net/post/machine-learning/forecasting-an-introduction/
https://towardsdatascience.com/stationarity-in-time-series-analysis-90c94f27322

ANAL xt2ot 22l e
AAEYE ZE- ARTF MA

* Autoregressive moving average (ARMA) model(2)

ARMA stands for autoregressive moving average. ARMA models are only appropriate for stationary
processes and have two parameters:

= p:the order of the autoregressive (AR) model

® q: the order of the moving-average (MA) model

The ARMA model can be specified as

p q
Y, =C+f1+z¢fy: i_zgjff I
i1 i1

with the following variables:

s ¢: the intercept of the model (e.g. the mean)

= ¢,: random error (white noise, residual) associated with measurement ¢ with €, ~ N(0, o2).

» ¢ c P 3 vector of coefficients for the AR terms. In R, these parameters are called ART, AR2, and
so forth.

" y,: outcome measured at time ¢

» § & RY: avector of coefficients for the MA terms, In R, these parameters are called MA1, MA2, and
so forth. 16
= ¢, noise associated with measurement ¢ Z=XM: https://www.datascienceblog.net/post/machine-learning/forecasting-an-introduction/
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AA S

Xt2ot malal e

-Xp7| At tA| 4 (AutoCorrelation Function, ACF)

D RP2) Ak 4 (AutoCorrelation) : k 2|7 Qo Xl ZHE2| At A4
GI E—II _l e A, B Cov(Y,,Y,_,)
[ ] e
= 2= ARdf MA RN
[ ]
where A = Cov(Y,)Y, ) : XP2|B32LHAutocovariance)
£ t—k
o Xp7|AFZISHE -Xp7| 442 4 &4 (Autocorrelation Function, ACF) : A&7 4k2 &4 He2 34| ¥
i E
- : : 2t -1 ¢ P 1 01% £ X 7re) 27t YoPHA B (kI HUAE) ACFE 022 43
« X}7|akEteka=(Autocorrelation Function, ACF) : k 7|7t EO{ Xl = = =" =
of &2tA = o
-2 2(H) X2 2A 4= (Partial ACF)
A = SE= A
* x|'7|)<§>|"T'|:|'7:”—|—(ACF)- 5 AMAE %!'EET(ME)ZI'QJ A2k A T ME CHE £ K& Alo|o] A2 =ME o Z7H0)| Ol 25 0| HSES M| QA7) AbmbabA| Jfu
oF ALt
=NEDN PNt ES ial - ME CH2 = A|™9| =7H0| Q= Corr(Y, Y, .IY .. ...% )
s T S 2 (partial ACF) : = T+ AEE S40 Re e t—k! ¢ t—k+1
=2 = Mol &A=+
Lo A o2 b A S IPI%!J’.JE*#(ACF)
o BEXZ|EEA T F AAG EHFAIE) U0 T2 AEQl jwsnes z2as 22 nass =2 soms g5z 448 00z 24
2tEHSO) %ﬂgtﬂj,% SHN|SFD abmtobA OF A A o|gg% MA) EZHA 22 OIS EE A0 siEets AlR0| S22{F 2103, 0] Al 0l20ls 2% 022 EH
3)% TEHATHZHE|Of Ok A2 02 B MM 24
A AKX
° p9f q9| Kt 278 ) -
‘.‘iIPIJéF'.JE.*—r(PACF)
« ARQ| p Xt A7 R7I87(AR) Z2AA FS : RIS K40 TSt AKO] AT AT0|3, 0 Al 0120 B 002 FE
G|CCH MA) BEHA ZS: ASEs T2 AQI3Y HES A8 028 24
. W= AHl ZFA ol AIXOIM ACIHS 7t
ACF W27 Z4, PACF= = A|EHO|M EEHEE Z= 2= TEAAZL SHEI| Qi 42 - 08 88 A3 24
«  PACFZ} 2AIEOIAM EEE ZHXE AR(T) 2
« MAZQ| q K= 4 28 ACF PACF
AR(p)  [xI4Mo2 Paspiy aWste stelgs Ye[xa polzole 0029 By
e O3BlS} FHAO| HHAMXRIS 7S O SHAF A AFAM O
'|T°|_|'°|_|' A‘I‘—| e 2R OI—E SO SSS |_|-—| Malg) AEF ge|Rdle 02 28] FHHEHE] Flame s tratru £S®ahs spelabs el
- ACF7p HEHEES 410, PACFE HIEA 2 e |PTaPRIFAE NGRS GATAT L8[ UAp-ao T NAAOE AT 58
TR [ete AwswE st selgts def
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PACF A3 p o130 0 HHH o e

AR(2) series P_ AR[3) series q = MA(2) series
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AMAGE Xtz REZE Tl

AAEYE ZE- ARIMALRF 238l A|AH L

The ARIMA model

ARIMA stands for autoregressive integrated moving average and is a generalization of the ARMA model. In
contrast to ARMA models, ARIMA models are capable of dealing with non-stationary data, that is, time-
series where the mean or the variance changes over time. This feature is indicated by the [ (integrated)

. X'_ 7 | 2| __I_|_| L x—l O | % ré:' E_(Auto reg reSS|Ve iﬂteg ratEd mOV| ng of ABIN1A: an in.it.ial differencing step ca.n elirni.nate the nun—statior?arity. Ff}r this purpose, ARIMA models

require an additional parameter, d. which defines the degree of differencing.

ave ra g e, ARl MA) E Eél Taken together, an ARIMA model has the following three parameters:
. = p: the order of the autoregressive (AR) model
- HEGAAE 2

= d: the degree of differencing

o
o o ey " = q: the order of tf - (MA) model
- |_|=|0||_|_ 2}% %OH AR MA EEE Ol %% o] Xel ¥ ARMA E%’ q: the order of the moving-average mode

—

In the ARIMA model, outcomes are transformed to differences by replacin with differences of the
oz XA} yrepacng vt
— oo form

« ARIMA(p, d, q) @ By,
d . x|_ = Xl'A The model is then specified by
‘ ‘r’l’p(B)(l - B)dyt = gq(B)ft .

. o
« p:ARZH Xt
For d — 0, the model simplifies to the ARMA model since (1 — B)%, — y,. For other choices of d we
. " a ) <hi ials. :
. q - MA Eoo:l Xl. obtain backshift polynomials, for example

{l—B}lyczyt—y( 1
o —E—-é-H A'ﬁl% (§|:|'L|)El:él (l—B)de=(l—23+32)yt=y,—2jgt 1+ Y2

In the following, let us consider the interpretation of the three parameters of ARIMA models.

o AAEO 2 F= LU 20212 A|AS0A 22| 2
Motz W T, : 4% 29l
. BlREA Ol wy Z, = f(T,,8,,C,,1,) S s
i eCeYe e
- AE 2Ql(seasonal factor), =2t 2 Ql(cyclical), Al £ 2l(trend), | r: g3 ol
2714 29Ql(random) zt AR 3

~

f oomel ge

=X: https://www.datasciencebqu.net/post/machine—Iearninq/forecastinq—an—introdﬂjgtion/
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AMAE X2t E2E 718
MNAFA X
oo TWo

. SIEM X N|Q H| AN The Dickey-Fuller test is testing if ¢ — 0 in this model of the data:
« =EH FM7F EMNStE B K20 2B AAEXNESE Y=let 2 24E Y o | g
. ZEE FA7F UL BOE FHES 2O ZHAIFO & Ay =4 — Y1 = a+ P+ +e

where g 1s your data. It is written this wav s0 we can do

[ ]
oA
02
0x

M

dal

]
rn
-0
ry
I oY

Il
cC
>
=
=
(@)
(@)
—
~—
(O]
wn

=

a linear regression of Agy against ¢ and g1 and test if
¥ is different from 0. If -y = 0, then we have a random

walk process. [fnetand —1 < 147 < 1, then we have a
« Dicky-Fuller Test: &dS LOtE7| ?oh B2 AE aEXNQ YUY & ot stationary process.

« The Augmented Dickey-Fuller test allows for higher-order

autoregressive processes Ay =a+ Pt +yyr 1 +01Ay 1 +0Ay: 2 +. ..
- 37K BF

1. Test for a unit root:

o gk gl FME Qe BF Ay, = dypq +u
o« AMpTt2 9,1_7_, N7t Sl= 4342 2. Test for a unit root with drift:
- MREE QD FMNTLUE B2 Ay = do + oy + s
. 7|'§' 3. Test for a umit root with drift and deterministic time trend:
_ Ay = ag + art + dyp1 + wy
o AHRIIE(HO0): A=z 0l EI201 &XH etC.(random walk)
 DHRIDPE(HL): A K20 B S S OESITHEE 54 HASE O 20
=5t[}).



o BHMZELS (white noise)2t &
HH A RF S AE7| &b 2t (autocorrelation)O] Si= AlAE

- XS 2ol U oEF0] Gls

. I:I_I-IIAHII-%F_

A7t S5 S2101 HQ ZH(Strictly) WA 20| 2t Fhot

(£ HQ O|E 72 A|9HGaussian) 2AEEr2 atdo|2t 0 St

o AAGE 7| MEHE BE: E(jung)-EfA(Box) B

h a2
- gEA P
n=4xw%=7T — L2

Q=mn(n };?_Lﬂ' :

Q= 710|230 SAES ZAMH2E

ol

o ANAZO mAIK[ S Xp7| &2t A 7F EXOHA] HE=tt= HF7tEE A8ok= AO|L.

rl

o HEZFE:HO:p(1) = pR) = ... = p(m) = 0, TtXt= EHO|CL,

Rax—Pierce teet &= KF7|AFOFA HX™ 28K

O 2 7H4: H,: The data are not independently distributed; they exhibit serial correlation.

€ ™ lld P\'T[J'J'._,ijj
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« Complex seasonality = CHE A & \Aﬁ W\/V‘W\mmrﬁ
. =2 HIEO| A|HHO|M 27) O[AL AjAHBY - &N‘/WUW i

T 0] LbEbL |

. 2w 279 GlojEet 2e| Y AIA Holy /
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NAY Rpot @ 8d e
MABA =R LS AZS

e [I=AEMNE 180l= 5™ X334 ™Y f | R a2 o
= N - B 39tE et ARMA K2 CHE
* (&%) E=telTi(dynamic regression) . O AEA ARIMA BRI 8 @Y 0, AEA0| 1
- ARMA X2 CHE = B AAE S92 18{5t= o ACt D 74
2|0 &= 0[83t= Z=2t2[F{(harmonic regression)
—~ _
H Al « CIEAEE ARIMAR & T{7|X]
- AZEYE Tt ZElof e RO msts If{7|X| 28: mstl() &

|
- HOjE=s2 Xe| « auto.arima()0| A 2| fourier() &=

- FE2|0f —;i—r: AZE 7t oA 2L AZE =710 & . fourier)C| X BT QT ABAN =J| mIt 2=
2|0 & & o 2

0f| % #H 4= (predictor variable)?| Z0|& &
- AtQlut AR SOl g2 ool FI|H ol & . T HR U3 KOZ AQIDF TAIQI BS H Y ES
AMXIE & == UACE INIPAES
- Offet Zolo] AZEE 7ts e A K=m/27HX| XA
- AZE MEHel N Yr(HEL, - m2 AZYE F7|: Z[UUES AERY| IEof, ¥
smoothness): F2|0 AtQlap I ARl #Of TH4= A7 ™M JHEHSE AR E [eF e

ol K =H



AS Al 0

MAE A= E
O| trend, seasonal, random
O = FolotRUL} O XAtz Q)
S840 Lot dFoIA| 2,

: ‘—'T-'—l' &

= Trend:

the estimated trend component shows a
small decrease from about 24 in 1947 to
about 22 in 1948, followed by a steady
increase from then on to about 27 in
1959.

= Seasonality:

12708 F7

Random walk:

B 20| B HEHO|HA S Al
Mo Mol AT =X

seasanal trend abserved

randarmm

120 -10 0o

-13 -3 03

Decomposition of additive time series
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A=Al 02

- 25 A& EAH 5= (pach)2] =& 7} Of2jet &0
E'01I)\10| p Xt==(order)= @0I= ot= AO| &

Partial ACF

<

v
o

el -y
o

-10 05
| 1

e ‘ ------- HU}HW -------------------

5 10 15 20 25
Lag

| LIEFSICE ARE
=7t

Some further PACF coefficients up to lag 10 seem significantly different from zero, but are
smaller. From what we see here, we could try to describe the wave tank data with an AR(2)

model.

25
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-ACFsar PACF°| ¢++7r oremr 20| LtEFSICH ARZHIOA 2] p

é ;||]TH‘{‘IH % ;ql -------- Inln|“|"|"J:'|"|"| """ |||
7 H‘ H : 2

That is a bit less clear, and several orders p (2,4,7,11) come into question. However in
summary, we conjecture that there are no strong objections against fitting an AR p() . The
choice of the order is debatable, but the parsimony paradigm tells us that we should try with
the smallest candidate first, and thatisp = 2.



ASEXA| 04

« ACF2t PACFe| = H 7t Of2j et Z0| LtEFSC ARMAR EOf A o

p2} q2| Xt==(order)= ZOIZ oSt= A0 H=7}7?
- {H}'H‘ ‘Wl

The ACF has a slow decay and the PACF cuts-off after lag 10, suggesting an AR(10) . We
complement with an exhaustive AlC-based search over all ARMA(p, q) uptop g <= 10.
HE: ARMAQ2,1)



LIO|E H|O|= 242 7R
[AAY 2ed =M
« ARIMA AAE ZHEE o] EMAEX}

= A[AE HO|HZ Hetap G A
= ts(data, frequency = n, start = c(A|ZtEE, &)

= A|Zt3}Q} trend, seasonal, random 4f S22 23|
= decompose(data)

= EHR|2 A7 Dickey Fuller Test of Stationarity: adftest()
= AA Y HOHE O|5HA
» SMA(data, n = 0|
= AAE HOIHE A&
= diff(data, differences = XI23l4x)

b Zh AlA

HA
o

ot

A
o

)5

I 0/E(p, d, q) &

= OO|HE &&910] X|H 2| ARIMA &S MEH
J|AFTA = auto.arima(data)
|- | O - O

(Serial correlation)

ZIE

= AMAQE E2Y HE(Box-Pierce EE= Ljung-Box test): Box.test()
= ARIMARS ZIER ZEX7F S A QI

AMAGE 22 o - MHE ARIMA BHOZ HO|HE 2H(fitting): 28 HTE HEt=AIC
- ARIY'ﬁﬁ%ﬁﬁ' olsff Ed =l HIO|EE &3l O|2f4f2 O|lZ: forecast. Arima(fittedData, h
= 0|20 ==

ANAE o=

AlAE GIO|HE D=2 HH: plotts(A|A SO 0H)
O ==l AlAHQ HIO|EE =2 HH: plot.forecast(CllEEIA| A G G| 0| E)



- 2" AP a2 M 0|l28X4(1949-1960)

# 2% 1: AirPassengers
?airPassengers # WE OO0/ £3: Te ®E
## 1. Loading the Data set
data(airrpassengers) # OO/ 2327

> class(AairPassengers) # OO|E &4 =067
[1] "ts"

> start(airPassengers) # A|ZAIE 22

[1] 1249 1

= end(AirPassengers) # TEAFE =
[1] 1960 12

= frequency(airpassengers) # F7| =2

¥V VY

[1] 12
> summary(AirPassengers) # SUEH
Min. 1st Qu. Median Mean 3rd Qu. Max.

104, 0 180.0 265.5 23[]._3 300.5 622.0
= str{airPassengers) # OO|& 7= Z0I57
Time-series [1:144] from 1949 to 1961: 112 118 132 129 121 135 148 148 136 119 ...

AirPassengers [datasets]} R Documentatior

A

Monthly Airline Passenger Numbers 1949-1960

/l\ Description

The classic Box & Jenkins airline data. Monthly totals of international airline passengers, 19459 to 19610.

Usage

l RirPassengers

Format

A monthly time series, in thousands.

Source

Box, G. E. P, Jenkins, G. M. and Reinsel, G. C. (1976) Time Series Analysis, Forecasting and Control. Third Edition. Holden-Day. 29
Series G.




\ 4

st M 0|8Xt4(1949-1960)

= ## 2. AHE AITERF OfE 24
= plot(AirPassengers) # a trend component which grows the passenger year by year.
= abline(reg=Im(aAirPassengers~time(Airrassengers))) # = HEH FEI5:7

-> address the trend c

500 600
I I

400
I

A

200
I

AirPassengers

300
I

100
I

| | | | |
1950 1952 1954 1956 1958

Time

1960



2 I3 0|8X=(1949-1960)

\ 4

¥ VY Y

Taggregate() # Compute summary Statistics of Data subsets
ggreq P ¥

# a function to compute the summary statistics which can be applied to all data subsets.
plot(aggregate(airPassengers, FUN=mean)) # ZD-L22 HSEGE = &y
Poycle) # the positions in the cycle of each cbservation.
cycle(airrassengers) # Z7| =21

Jan Feb Mar Apr May Jun Jul

Z7\o Mol BmA| =l
Aug Sep OcCt Nov Dec

1949
1950
1951
1952
1953
1954
1955
1956
1957
1958
1959
1960

el e i e e e e

Pl Pl Pl Pl Pt Pl Pt Bt Pl Pl Pl Pl

3

L bt L L Lt L L el

3

EETE S S S i = S S S S S

5

L I I I L B B L B

3

Choh ChCh & O G G Eh G O EN

B Bt B B et B e I T B B Bt

Co o ch 0o ch 0o Ch o ch 0o caca

[te it U Tyt Ryt et Ry T o Ty o RN Rt o ]

10
10
10
10
10
10
10
10
10
10
10
10

11
11
11
11
11
11
11
11
11
11
11
11

12
12
12
12
12
12
12
12
12
12
12
12

= boxplot(airrassengers~cycle(airpassengers)) # Z7[(2)E

A

AirPassengers

200 300 400 500 600

100

-

cycle{AirPassengers)

31



21 29 A2 M 0[8X+4(1949-1960)

> plot(decompose(airpassengers)) # A|HE 23 &

[FI

0.

\ 4

Decomposition of additive time series

500

observed
300

trend

A

- 150 250 350 45000
I N N I Y N R N N N N N N Y N N N N

seascnal
0 40

60 -40

o 20

random

-40

Time
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&1; 99 RS2 M 0[8X(1949-1960)

## 3, AAZE U8E U & £8
Tibrary(tseries) # install.packages("tseries™)
Padf.test() # augmented Dickey-Fuller Test for the null hypothesis of a unit root of a univarate tim
adf.test(AairPassengers,
alternative="stationary", # stationary enough to do any kind of time series modelling.
k=00 # the Tag order to calculate the test statistic

\ 4

+ o+ oW W

augmented Dickey-Fuller Test

data: AirpPassengers
Dickey-Fuller = -4.6392, Lag order = 0, p-value = 0.01
alternative hypothesis: stationary

warning message:

In adf.test{airrassengers, alternative = "stationary”, k = 0)
p-value smaller than printed p-value

= 7BOX.Test() # Box-Pierce and Ljung-Box Tests

= Box.test(AirPassengers,

+ type = "Ljung-Box")

Box-Ljung test

data: AirrPassengers
¥-squared = 132.14, df = 1, p-value < 2. 2e-16

33




21 29 A2 M 0[8X+4(1949-1960)

?diff() # Lagged Differences
plot(diff(log(airrassengers))) # E1 *E
adf.test(diff(logiairrassengers)),
alternative="stationary", # stationary enough to do any kind of time series modelling.

k=00

\ 4

+ + ¥y W

Augmented Dickey-Fuller Test

data: diff{log(airPassengers))
Dickey-Fuller = -9.6003, Lag order = 0, p-value = 0.01
alternative hypothesis: stationary

warning message:
In adf.test{diff(loglairPassengers)), alternative = "stationary",

p-value smaller than printed p-value
= Box.test(diff(loglAirrassengers)),
+ type = "Ljung-Box™)

02
|

Box-Ljung test

0.1

data: diff(logl(airrassengers))
¥-squared = 5.8263, df = 1, p-value = 0.01579

diff{log(AirPassengers))
00

-0.1

-02
|

T T T T T T
1950 1952 1954 1956 1958 1960

Time




21 24 ZHE2 M 0[8xt4(1949-1960)

> ## 4, ARIMARE Df2{0(E EH4

> #### AE(d=7) &= A=
> - 7diff() # Lagged Differences, suitably Tagged and dterated differences.
- dl <- diff(loglairrassengers), differences = 1)
= d2 =- diff({log(airrassengers), differences = 2)
v = d3 =- diff{log(airrassengers), differences = 3)
= d4 «- diff(log(airrassengers), differences = 4)
= par(mfrow = c(2,3))
= plot{airrassengers)
= plot{loglairrassengers))
= plot(dl) .
> plot(d2) g | ° S
- plot{d3) - .
. plot(d4) o 87 2 21 =
- par(mfrow = c(1,1)) g 8 & . o]
Imn E o g o N
T 2{0|Ef(p, d, q) B N_
‘8' - T T T T T T T T T T T T 7 T T T T T
1950 1954 1958 1950 1954 1958 1950 1954 1958
Time: Time: Time
+ o | ;._ 7
1850 1854 1858 I 1850 1854 1958 I 1850 1854 1858

Time Time Time



\ 4

o0/ E(p, d, q) &~

R T R T U P

A=)
0f0

At=(1949-1960

##4 p, q BM AT ZAGI(H: q)
saas 0|STI T3
Tibrary(TTR) # O/€#*|A] install.packages("TTR™)
7sMal() # calculate warious moving averages (Ma) of a series.
mal <- sMa(log(airPassengers), n= 1) # q = 7
maz <- sMa(loglairPassengers), n = 2)
mai <- sMa(loglairPassengers), n = 3)
mad <- sMA(log(airPassengers), n = 47
par{mfrow = c(2,2))
plot{mal)
plot{ma2)
plot{ma3)
plot(mad) e
par(mfrow = c{1,1)) - -
w | w |
-— o
2 : g
o | (=}
L |
I | | I I I I I I | | I
1950 1952 1954 1956 1958 1960 1950 1952 1954 1956 1958 1960
Time Time
[ o |
W [~
@ W
£ N S 1
_ o |
[Te] w
I | | I I I I I I | | I
1950 1952 1954 1956 1958 1960 1950 1952 1954 1956 1958 1960

Time Time



### ACFSL PACFE EHY
par(mfrom = c(2,2))

\ 4

pact(log(airPassengers))

R T T

p should be 0 as the acF is the curve getting a cut off

c(1,1))

= par{mfrow =
]

Series log(AirPassengers)

1.0

06
l

ACF
02
| |
I
]
]
I
]
]
I
|
I
|
I
I
I
.
IR
—_
L
-
I

o0/ E(p, d, q) &~

Lag

Series diff(log(AirPassengers))

! °
! ___ﬁTI]ﬁ@IIQJIT_IILIII
U|0 U.IS 1IU 1I5
Lag

= pactf(diff{log(airrassengers))) # wvalue of q should be 1 or 2.

Partial ACF

Partial ACF

acf(diff(Tog(airrassengers))) # # lag 285 FEH 2o =34, lag ETHL = 2.

04 00 04 08

Do D4

0.4

0| Xt£=(1949-1960)

actf(loglairrassengers)}) # the decay of aCF chart is very slow, which means that the population is not stationary.

-->= Ma(l): after regressing on the differel

Series log(AirPassengers)

B T

37



21 29 IHEZ M 0[8X+4(1949-1960)

> #% 5. ARIMA 2ZEE

= Tarima() # arRIMA Modelling of Time Series
= (fit =- arima(log(AirPassengers),
+

c(o, 1, 13))

\ 4

arima(x = log(airpPassengers), order = c(d, 1, 13)

Coefficients:
mal

Q. 2768

s.e. 0,0944

sigmar2 estimated as 0.01072: Tlog likelihood = 121.36, aic = -238.73
= Box.test(fitiresiduals, type="Ljung-Box")

H—H E:||:|| E-I (p/ d: CI) El:ll-)k_ll4 Box-Ljung test

data: fitfresiduals
¥-squared = 0.15568, df = 1, p-wvalue = 0.6932

AFJEA
F7]&h2hE
(Serial correlation)

LI




&1; 99 RS2 M 0[8X(1949-1960)

= library(forecast) #install.packages("forecast”)

= 7auto.arimal) # Fit best ARIMA model to univariate Time series

> fit2 <- auto.arima(log(AirPassengers)) # AEFSE ARIMA 2T p,d,q 9
> summary (fit2)

\ 4 series: log(airPassengers)

ARIMA(OD,1,10(0,1,1)[12]

\ 4

Coefficients:
mal smal
-0.4018 -0.55689
S.e. 0.0896 0.0731

sigmar? estimated as 0.001371: Tog likelihood=244.7
ATIC=-483.4 ATCC=-483.21 BIC=-474.77

— = Training set error measures:
'U'H E-I I:Il E-I (p/ dl CI) |:|I-A_I-|I ME RMSE MAE MPE MAPE MASE ACF1

Training set 0.0003730622 0.03504883 0.02626034 0.010988%98 0.4752815 0.21695322 0.01443892
= Box.test(fit2fresiduals, type="Ljung-Box")

F7| AF2EA Box-Ljung test

(Serial correlation)
PN data: Tit2%residuals
- L—

¥-squared = 0.030651, df = 1, p-value = 0.861
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A& 2 ZHE2 M 0]8X4(1949-1960)

= ## 6. MAZE 6
> = Tpredict()
> pred <- predict(fit2, n.ahead = 5%12) # 53 Z 7% o=
= 7ts.plot() # Plot mMultiple Time Series
\ 4 = Ts.plot(airrPassengers,

+ exp(predipred), # AHED e (= 2.718...)

+ log = "y",

+ Tty = c(1,3), # WFEIA=EFX], 2=0Z=])

+ gpars=1list{xTab="Month", ylab="Int. Air Passengers(Z'g: HZE)"))
(o]
(=
=

P )
< =g |

*F P &

i}

)

o

wn

i

m

o

< 8 -

E o

(@] ol 77| E
ANAE =22 IO
(o]
= I I I I
o = 1950 1955 1960 1965
AMAE o5

Month
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ZeNOfOf 742 K| <

e 2:8t= 22 FHO5E Rl
> ### 1. CGIO|E EH27|2 BE57
> setwd("K: W\ FIERN 20198 2= 7\ =R S\ 2 S H 0 H ™)
= Tist.files() # IHY =2
[1] "(2018Y Z[&) MEMUH0 ZAE_FIHE. pdf"” "apt2.csv"
[3] "apt3.csv” "chicago_crime_data_2019. csv"”
[5] "data_by_sigungu (1).csv" "data_by_sigungu_201E8. xIsx"
[7] "df.seoul.csv” "df.seoul.riders.csv"
[9] "df.seoul.worker.csv" "df. M EMH 0. P E. csv”
[11] "df. MdSMH 0. 773, x1sx” "gdp_growth_rate.x1sx"
[13] "GIs_pata” "ridership_weather_gasprice.xTsx"
[15] "EEE _THS2SEH. x15x "CH7| "
[17] "ClO|E _OfmHE (OHOR) _ZHEq 7 S5 ME. x1sx” "ClO|H_OtIIED{Oi 7+, csv”
[19] "GIO|&_OfZt=OHOH7F 2. x15x™ "ME 7MEDE CHo|EHES r”
/l\ [21] "MEMHO|_7tTE. x1sx" "ME MY 0 _7tE_H0|H _7tE _v1_2019-09-26.R"
—_ [23] "MEMHOI_FFE_HOol&_7t5_v2_2019-09-26.R"  "MHEMHO|_TFE, x1sx"
[25] "MEALISLS" "MHMEAZERNEG"
[27] "2SME_MESMH|0_7I&.x1sx" "MEIE MEMHO_IEE w2 xTsx"”
[29] "EE_MEAM_FUSEUF . x1sx" "EE_TEHIEE R = AR x]sx”
[31] "SIF10HEET_LEADAYR = _0oECD. xTsx” "EEA MEA_EIATONTIE . x1sx”
l [33] "BF_OLMIE_AHEAI=E. csv”

= Tibrary(readxl) _

> # TEOfOIFFE R FEMHOFIEE 7l&A B (2017.11=100. 032 ZAMA[FE 7r5E

= df.h <- read_x1sx("E_FHMI 7SR =_AE. xTsx", 1) # JELXNE EH27
L

—_ =

7 > str(df.h) # GIO|E X E2IBH7
Classes ‘thl_df’', 'thl1’ and 'data.frame’: 121 obs. of 19 wvariables:
g id_ym : num  Ze+05 Ze+05 Z2e+05 Z2e+05 2e+05 ...
i E= D num 6E.6 BE.1 67.7 B7.8 67.9 08 6B G67.8 G67.6 B67.4 ...

=
T MEEEA : num 63.5 63 62.9 63.1 653.4 653.6 63.6 63.5 H£3.3 B2.9 ...

|2 /830 7|FAIHO| 1009 SAZ TADE 2



= 7ts() # to create time-series objects

ZEHOj Oy 7} 2 K|

= ts.h <- ts(df.h3E=, # AMAHE HEE HE: T3
+ start = c{2003, 11), # A& =
+ frequency = 12) # ZE
= class(ts.h) # A|HE A=RTo=E HEE%= 7| =0
— [1] "ts"
= start(ts.h)
[1] 2003 11
= end{ts.h)
[1] 2019 9
= frequency(ts.h)
[1] 12
= summary(ts. h)
Min. 1st Qu. Median Mean 3rd Qu. Max.
a6, 20 B, 83 92.40 B7.94 97.35 101.20

-

!

1}

et

b

Description
The function t = is used to create time-series objects.

a=s.tsand is.ts coerce an object to a time-series and test whether an object is a time
series.

Usage
ts(data = HA, start = 1, end = numeric|(), fregquency = 1,
deltat = 1, ts.eps = getlption("ts.eps"), class = , names = |

az.t=2(¥%X, ...)

iz.t=(x)

Arguments

datsa a vector or matrix of the observed time-series values. A data frame will be
coerced to a numeric matrix via data.matrix (See also Details’)

start the time of the first observation. Either a single number or a vector of two
integers, which specify a natural time unit and a (1-based) number of
samples into the time unit. See the examples for the use of the second form.

end the time of the last observation, specified in the same way as staxrt.

freguency the number of observations per unit of time.

deltart the fraction of the sampling period between successive observations; e.g.,
1112 for monthly data. Only one of frequency or delcat should be
provided.
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2005 2010 2015 2020
= ## 2. AAE AldEiet OjE 24 Decomposition of additive time series
= plot{ts.h) # J2f= Fhg _ ;
> abline(reg=Im(ts.h~time(ts.h))) # ZHEH =7} T 87
— > plot(decompose(ts.h)) # AHE 2 I2f= EHd 5 %1
< L
E -
A 2 ;:
l
£ m.:
v g ]
B ZEIIU 5 20|1 o 20‘1 5 ZUIZU

Time



= ## 3. AlAHE rEE e 2 EF

> adf.test(ts.h, # T2 HH

+ alternative="stationary", # stationary enough to do any kind of time series modelling.
+ k=07

Augmented Dickey-Fuller Test

\ 4

data: ts.h
v Dickey-Fuller = 0.42797, Lag order = 0, p-value
alternative hypothesis: stationary

I
=]

. 99

warning message:
In adf.test(ts.h, alternative = "stationary”, k = Q)
p-value greater than printed p-value

= plot{diff{Jog{ts.h))) # E1 A2 8= g
= adf.test(diff(log{ts.h)), # E3 A& CholZ ZH
+ alternative="stationary", # stationary enough to do any kind of time series modelling.
+ k=0
augmented Dickey-Fuller Test § 7

data: diff(log(ts.h))
Dickey-Fuller = -5.0163, Lag order = 0, p-value = 0.01 o |
alternative hypothesis: stationary =
warning message: E
In adf.test(diff(log(ts.h)), alternative = "stationary” 3 & |

p-value smaller than printed p-value £ °

v

2005 2010 2015 2020

Time




&2 83 Y'Y TR X4

—

> ##% 4. ARIMAEE If2{O/E B
= # AE Fes
= 7diff () # Lagged Differences, suitably lagged and iterated differences.
= dl =- diff({log(ts.h), differences = 1)
> = d2 =- diff({log(ts.h), differences = 2)
= par{mfrow = c(2,2))
= plot(ts.h)
\ 4 = plot{log(ts.h))
= plot(di)
= plot(d2)
= par{mfrow = c(1,1))
s 8 g 3
L = (o]
- -
o oy
© | | | | = | | |
) 2005 2010 2015 2020 2004 2010 2014 2020
m ElFA
If 2{ O] (p, d, q) & Time Time
_ -
g - S
(o] L] ]
| s 4 Y g |
] L]
[ -
L] (o]
S 4
I I I I < I I I I
v 2005 2010 2015 2020 2005 2010 2015 2020
Time Time
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&2 03 2 FHUOI7H K|

= par{mfrow = c(2,2))

= act(log(ts.h)) # the decay of aAcF chart is very slow, which means that the population is not stationary.
= pactf({log(ts.h))

> acf(diff(log(ts.h))) # # lag 785 FH 2o &5, Tag BEHL =6 7

= pact(diff(log(t=s.h)}) # lag 2 -» 1

\ 4

Series log(ts.h) Series log(ts.h)

083
0.8

ACF
0.4
| | |

]

1

]

|

]

]

]

1
T
_ @@
_;7
I
_,—

Partial ACF

0.4
| | |

o S T

- e T I B B

JlH E'I Dl E‘l (p, d, C]) EI’A—I]I 0.0 0.5 1.0 15 0.5 1.0 15

Lag Lag
Series diff(log(ts.h)) Series diff(log(ts.h))
2 37 L .

" o [T 4'|'TTH'|'|"|TT'.'|'T'|'HTT'I' : R N T
e T g’ ——T——

0.0 0.5 1.0 15 0.5 10 14
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A

AFJEA
F7]&h2hE
(Serial correlation)

LI

AAE 22 08

SHOfOf 7424 K] <

=

= ## 5, ARIMa 2 EE

= auto.arima(log(ts.h))} # # RS2E apva B =7
series: log(ts.h)

ARIMACD,2,0)

sigmar2 estimated as 6.88le-06: Tog likelihood=837.76
AIC=-1713.53 ATCC=-1713.51 BIC=-1710.29
= fit =- arima(log(ts.h),

+ c(0, 2, 0),
+ seasonal = Tist{order = c(0Q, O, 0),
+ period = 12})

= summary (fit)

Call:
arima(x = log(ts.h), order = c{0, 2, 0}, seasonal = list(order
periocd = 12))

sigmar? estimated as 6.691e-06: Tlog likelihood = 837.76, aic
Training set error measures:

ME EMSE MAE MPE
Training set 2.36417%e-05 0.002609423 0.001528972 0.0006435289
= Box.test(fitiresiduals)

BoX-Pierce test

data: fTit$residuals
¥-squared = 0.47882, df = 1, p-value = 0.48%9

c(a, 0, O,

-1713.53

MAPE MASE ACF1
03468371 0.5019742 0.05008917
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52: ot 28 F

—

\ 4

ANAE o=

A

SHOfo§ 7424 K| <

= ## 6. AAZE HE
= pred «- predict(fit, n.ahead = 5%12)
= ts.plot(ts. h,

+ exp(predipred), # FEE1 e (= 2.718...)
+ log = "y",
+ Tty = c(1,3))
(=]
s
o |
(8]
o
o
o |
F—
| | | | |
2005 2010 2015 2020 2025
Time
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A

=4 MaAl 28 X[5H2 O| X}

> # 28 3: ODEANAE 24: ASA A3E

=5 0
> setwd ("K:ONTIERN zo19 B 2 =P A E A B o B M EACIELE)

= 1ist.Tiles()
[1] "airquality_transit_ridership.pdf"”
[2] "BUS_STATION_BOARDING_MONTH_201501.csv"
[3] "BUS_STATION_BOARDING_MONTH_201502.csv"”
[4] "BUS_STATION_BOARDING_MONTH_201503.csv"
[5] "BUS_STATION_EOARDING_MONTH_201504.csv"
[6] "BUS_STATION_BOARDING_MONTH_201505.csv"

SR

= df.subway <- read.csv("seoul_subway_total_ridership.csv™)

= summary (df. subway)

X =7 total
M. : 1.0 2013-01-01: 1 Min.
1=t Qu.: 348.3 2013-01-02: 1 1st qQu.
Median :1096.0 2013-01-03: 1 Median
Mean :1096.0 2013-01-04: 1 Mean
3rd Qu. :1643.5 2013-01-05: 1 ird qu.
Max. :2191.0 2013-01-06: 1 Max.

(other) 12185
= Ts.subway <- msts(df.subwayitotal,
+ seasonal.periods = c{(7,365.25
+ start = c{2013, 1, 13
=

116675175
:40033317
150949779
145969564
152887589
157604832

),

tot_amPeak

Min.

1=t Qu.

Median
Mean

3rd qu.

Max.

307653

110953628
12656469
12134055
12831405
13097891

plot(ts.subway, main="Daily subway ridership”, xlab="vear", ylab="Daily aAdmissions")

= Class(ts.subway)

[1] "msts"™ "ts"

= start(ts. subway)

[1] 2013 1

= end(ts. subway)

[1] 2019 1

= frequency(ts. subway)

[1] 365
= summary (ts. subway)
Min. 1st Qu. Median Mean 3rd Qu.

16675175 40033317 50949779 45969564 52887589 57604832

Max.

4Y



\ 4

A

- ## 2. AMAE AlTEtet oEH &

- plot(ts. subway) #

- 1ibrary(forecast)

- ## 2. MAE ALSIY BH 24
- plot(ts. subway)

> plot{decompose(ts. subway))

ts.subway

2e+07 Ae+07 S5e+07

2e+07

observed
46500000 2e+07  4e+07

seasonal trend

random
-2e+07 Oe+00 208707

X|StE Ol &K=

-5.0e+06 45000000

2013 2014 2015 2016 2017 2018 2019

Timnn

Decomposition of additive time series

2013 P 2015 2016 2my 20818 2M9

Time
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A

WO Ny

Al €28 X[oHE O| 8 A=

0
Z
HO

Tibrary(forecast)

7thats() # TBATS model (Exponential smoothing state space model with Box-Co:
thats <- thats(ts. subway)

plot(tbhats, main="Multiple Season Decomposition™) # A|{f0| =22 ZE

Multiple Season Decomposition

Ae+07
|

observed

46000000 2e+07

level

0.0e+AB500000

season

3e+0Ee+07

season?

-3e+06  Oe+00

2013 2014 2015 2016 207 2018 2018

Time



253 LISAAE =

M.

A=Al

ol

2 X522 O| At

C7'COp|EUDSEES  /|EUDSERS pual] EJE(]

lapulelay

. =
5e+07 -
4e+07 -
N 3e+07 -
' 28+07 -
46300000 -
46400000 -
46000000 -
45600000 -
“520008)-
0e+00-
. 1e+07 -
= Tmst1 () # Multiple seasonal decomposition
= head(mstT (ts. subway)) :EE:&?:
Multi-Seasonal Time Series: ” ;+J_
Start: 2013 1 0.0e+00
Seasonal Periods: 5.0e+06-
pata: 1.0e+07 -
Data Trend Seasonal? Seasonal365.25 Remainder 1.5e+07 -
[1,] 22461407 46255951 3293895 -18319180 -8769259. 3
[2,] 49522564 46255561 7179216 -6724070 2811856.9 1e+07 -
[3,] 48314717 46255171 o81l3456 -2967470 -1786440.5 0e+00-
[4,] 51312257 46254781 5968798 -1414159 502836, 9 1+07 -
[5,] 36274484 4p254391 -8321771 -1065809 -5392327.°2 2e+07 -
[6,] 26229672 46254001 -18118246 -1213188 -6892894.5 “ET . . .
attr,"seasonal. periods™) 2014 2016 2018
[1] 7.00 365.25 Time

= 7autoplot() # ggplot2 to draw a particular plot for an object of a particular class in a single command.
= autoplot{mst]{ts.subway})




=3 LISAAE 24 MaAl €8 X|oh2 O] At

.

A

## 3. AMAHE 2HFE TE H E
adf. test(ts. subway,
alternative="stationary", # stationary enough to do any kind of time series modelling.

k=0)

A=

\ 4

+ + vy

augmented Dickey-Fuller Test

data: ts.subway
Dickey-Fuller = -34.1, Lag order = 0, p-value = 0.01
alternative hypothesis: stationary

warning message:

In adf.test{ts.subway, alternative = "stationary”, k = 0)
p-value smaller than printed p-value

> BOX.Test(ts.subway)

Box-Pierce test

data: ts.subway
¥-squared = 207.71, df = 1, p-wvalue =< 2.2e-16

AFJEA
F7]&h2hE
(Serial correlation)

LI
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=3 LISAAE 24 MaAl €8 X|oh2 O] At

\ 4

=0/ (p, d, q) 4

AFJEA
F7]&h2hE
(Serial correlation)

LI

AAE 22 08

> ## 4. ARIMAEE Tf2{0|F B

> auto.arima(ts.subway) # AESE apima 2F Of2{0|E =2l: A|{I0] 22§ ZE
Series: ts.subway

ARIMACS,Q,00(0,1,0)[365]

Coefficients:
arl arz ars ard ars
a.1105  -0.1617 O0.0651 0.0285 -0.2593
s.e, 0.0226 0.0227 0.0230 0.0227 0.0226

sigmar2 estimated as 1.258e+14: Tog likelihood=-32230.12
ATC=064472.23 ATCC=64472. 28 BIC=64505. 29

= ## 5, apIma B2 _
> fit =- arima(ts.subway, # AZ 22 Z¥

+ c(5, 0, 0).

+ seasonal = Tist{order = c(Q, 1, ),
+ period = 365))

= it

call:

arima(x = ts.subway, order = c{5, 0, 0), seasonal = Tist{order = (0, 1, 0},
period = 363))

Coefficients:
arl ar2 ar3 ard ars
0.1105 -0.1617 0.0651 0.0285 -0.2593
s.e. 0.0226 0.0227 0.0230 0.0227 0.0226
sigmar? estimated as 1.255e+14: Tog likelihood = -32230.12, aic = 64472.23

= Box.Test (fitiresiduals, lag = 1, type = "Ljung”)
Box-Ljung test

data: fitiresiduals
¥-squared = 0.23836, df = 1, p-value = 0.6254
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ANAE o=

A

= ## 6. AAZ HF

= ?s5t1f () # Forecasting using stl objects
= forecast <- stlf(ts.subway)

= summary(forecast)

Forecast method: STL + ETS{A,N,N)

Mode]l Information:
ETS(A,N,N)

Call:

=4 MaAl 28 X[5H2 O| X}

ets(y = %, model = etsmodel, allow.multiplicative.trend = allow.multiplicative.trend)

smoothing parameters:
alpha = 0. 35463

Initial states:
1 = 45060655, 02RO

sigma: 3473210

ATC ATCC BIC
§52852.92 82852.93 B2870.00

Error measures.
ME RMSE MAE MPE

MAPE

MASE ACF1

Training set 4944,234 3471624 1960656 -0.7640662 5.248306 0.2396305 0.0183632

Forecasts:

Point Forecast Lo 80 Hi 8O Lo 95
2019, Q027 447148746 39097048.6 48599844 37341379, 8
2019, 0055 53783989 48712039.4 388535939 46027111.3
2019, 0082 55466933 49842247.6 /1091618 46864719.2

Hi 95
50956113
61540867
64069146
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253 HESAIAE =4: A=Al 28 X|ot2 O|EAt=

2019. 5041 56655747 23462638.0 80848854  5801269.1 107420224

2019. 5068 577091085 24509036.0 91073135 6890583.4 108691587

2019. 5096 57354311 23083557.3 90725065 6318147.3 108390475

2019.5123 43675659 10216436.2 77134883 -7495806.6 04847125

2019.5151 32382669 -1164790.6 65930128 -18923742.8 83689080

2019.5178 55631971 21996507.1 89267435 4190968.1 107072974

2019. 5205 53166600 10443360.8 86880838 1591356.6 104741843

2019.5233 56628707 22818011.1 90439583 4010662.2 108337932

2019. 5260 57665261 23767152.9 91563367  5822580.1 109507941 Forecasts from STL + ETS(A,N,N)
2019. 5288 57697483 23712280.1 91682687  5721600.2 109673367

2019.5315 43709982 0637904.6 77782059 -8398763.6 05818728

2019. 5342 32005585 -1253145.1 67064316 -10335684.7 85146855

2019.5370 55763506 21518341.8 90008670  3300047.0 108136965

2019. 5397 52606853 18365472.7 87028233  101537.8 105202168

2019. 5425 56584811 22167431.1 91002192  3947970.5 109221653

2019. 5452 57811578 23308412.2 92314745 50435320.3 110579618

2019.5479 57886714 23297974.3 92475453  4087801.7 110785625

[ reached 'max’' / getoption{"max.print”) -- omitted 530 rows ]
> autoplot(stlf{ts.subway)) 1e+08 -

A

ts.subway

Oe+00-

2015.0 2017.5 2020.0
Time
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