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ARIMA iU

ARIMA #H! (Autoregressive Integrated Moving
Average model), ZE7MREGRAFLHEBIHAARL, XHRE
aRd) R BRI (BaitelbrEEal), e

T B FITEZ

ARIMA (p,d,q) ', AR ZHEIH, pyHRVITEL;

MA HiagdFe, g Nias)s
ST Z 70 IR (M0

AR, d NEZ O RR R

ARIMA(p, d, q)
dRED l
ARMA(p, q)
To BN I 7c B [E])315
(9=0) (p=0)
Y Y
AR(p) MA(q)
p=0 q:o
—>» BHRE <

O’A‘
@)
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AR 1517

BAW MERIEy p [ B EIEE, 120 AR (p):

Yi=e+¢1Yi 1+ @2Yy o+ .. +0,Y;

AR (p) B = AR5 1

1.y # 0, XIS EETT AR 5 B A EH p:
zquﬁm@,ﬁA@ﬂ AR TS e, SPIE N B IR 5,
3. E (Ye,) = 0,Vs < t, JXANGHERERSRIRIREHLTHt 538 200808 I ETE 3,

WA IR AR AR BAIIBIA S, LA AR (p) BAIEIT

p
= Z OiYi_i + ey
i—1

O’A‘
@)
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MA il

BAWN AR q g s~FEI, 120 M A (q):
Y;g — €t — 91615_1 — 926t_2—. .. _qut—q

M A (q) HA H AR S

1.0, # 0, XANFRHIZ AT DUR IR S ECH g

2. e ~ N (0,02), XANBHIZATRBEHL

dE FIRMA SR AMARB AR ERIA A,

A

SR ey B IIENEF HEFE A,

HER MA (q) BBLETEA:

q
Yt — €¢ — E giet—i
i=1

O’A‘
@)
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ARMA 15l

QnER—/ ] A

2>
n_E=Crl &5 .

“H AR fIl MA #8757, JH2FRERY, N ARMA &8, —f% ARMA (p,q) FIZRIEAN:

p q
Yi = e + Z OiYi i — Z 0iei;
i=1 =1

®(L)=1—¢L— ¢sL°—... —¢,L*

O(L)=1+61L+0:L*+...+0,L7
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ARIMA 1571

§ 2
,v
)

ARIMA 1 ARMA X2, "o\ Y, sionznEr, B
® (L)AY; = 6+ O (L)e; (11)
ENETH
AY, =Y, -Y, 1=Y,— LY, = (1- L)Y,
AY, =AY, —AY, 1 = (1-L)YY, — (1- L)Y, ; = (1- L)°Y; (12)
A%Y, = (1 — L)%,
ZEAL:

1. FIEZE DL d, MIMRIEZE 73 5 I R R 2 S FE Y
2. HiE AR Fl MA BRI E p #1 g, HIlU0 AIC &5,
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ARIMA BA%l S

HAHREREL (ACF): fEIEY kI, JX2AMHEE k& DINTRIERE A ACF 1 PACF ERYfE ML BAIN ARMA 7

I B TR B AE S 175 B R R

lmﬁna@mwaz@maaé @ maﬁuwmlm N | i i

WA B 14t Iy EHNE  EEHANF
s S

RS BEE, RATE kT3NS o e AR (p) e pheRE

TE (HAE 0 WDEREHLIEED) . BURIEAR TSI k MA (g) g NIEHE i

PRI T 0, ARMA (p,q) qWEHE p W/GHERE

« AR A HARREGERE, WAHKCREGEE
« MA A BARREGEE, WHXREGERE
« ARMA BRI BAH SR SR EOHMim AH 5 2R 202 12
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ARIMA iU

skirts.txt ZEICF T 1866 2| 1911 FEFEL NTFETHY
17
BHiZ: 1000 -
skirts < read_csv("data/skirts.txt", skip = 4) 000 -
skirts_ts < ts(skirts, start = c(1866))
Eg 800 -
7y

skirts_df < data.frame(
time = time(skirts_ts), 700 -
skirt = unname(skirts)

) 600 -

ggplot(skirts_df, aes(time, skirt)) + 00 -

geom_line() 1870 1880 1890 1900 1910
time

16



ARIMA %1

auto.arima(y, d = NA, D = NA, max.p = 5, max.q = 5, max.P = 2, max.Q = 2, max.order = 5, max.d = 2, max.D = 1,

start.p = 2, start.q = 2, start.P = 1, start.Q = 1, stationary = FALSE, seasonal = TRUE,
ic = ¢c("aicc", "aic", "bic"), stepwise = TRUE, trace = FALSE, approximation = (length(x)>156 | frequency(x)>12),
truncate = NULL, xreg = NULL, test = c("kpss", "adf", "pp"), seasonal.test = c("ocsb", "ch"), allowdrift = TRUE,

allowmean = TRUE, lambda = NULL, biasadj = FALSE, parallel = FALSE, num.cores =2, x = vy, ...)

p, q, d, P, Q, DN ARIMA %,
ic NEM F %
seasonal NS HEHZET M ARIMA #H41,

trace N AL R 2RISR,

17



ARIMA iU

library(forecast) forecast(skirts_arima, h = 6)
skirts_arima < auto.arima(

skirts_ts, seasonal = F, trace = T) Point Forecast Lo 30 Hi 80 Lo 95 Hi 95
1912 H34.8045 509.2442 560.3648 495.7134 573.8956
1913 539.8663 489.4465 590.2861 462.7558 616.9767
ARIMA(2,2,2) : Inf 1914 544.5513 463.3459 625.7567 420.3583 668.7442
ARIMA(B,2,0) : 393.6216 1915 549.3492 433.1138 665.5846 371.5825 727.1159
ARIMA(1,2,0) : 391.6212 1916 554.1133 398.8886 709.3379 316.7177 791.5089
ARIMA(0,2,1) : 392.0664 1917 H58.8875 361.1287 756.6463 256.4415 861.3335
ARIMA(2,2,0) : 393.9273
ARIMA(1,2,1) : 393.9276
ARIMA(2,2,1) : Inf

Best model: ARIMA(1,2,0)

18



§ 28
&

ARIMA %l

skirts_arima > forecast(h = 6) > autoplot(lim.size = 3) +
theme(text = element_text(size = 25)) + theme(title = element_blank())

1000-
800-

600-

400-

1870 1880 1890 1900 1910

19






U )

STL (Seasonal-Trend decomposition procedure based on Loess) ! NI F o — /i WAV E R, T REEIIH (Loess)
RN ZIEHE Y, nfeEhiEH & (trend component), [El7r & (seasonal component) FIZRII (remainder
component) :

Y,=T,+8S,+R, v=1,...,N (13)

1. Cleveland, Robert B., William S. Cleveland, and Irma Terpenning. “STL: A seasonal-trend decomposition procedure based on loess.” Journal of

Official Statistics 6.1 (1990): 3. -



ZntkEapr

nybirths.txt ZHEICS T M 1946 4 1 A% 1959 4 12 AR
A2 FGHHENOE, AASARENOREREE S
HIEE, ZFHINEHINEFA,

nybirths < read_csv(
"data/nybirths.txt", col_names = F)

nybirths_ts < ts(
nybirths, frequency = 12, start = c(1946, 1))

nybirths_df < data.frame(
time = time(nybirths_ts), nybirths = unname(nybirths)
)

ggplot(nybirths_df, aes(time, nybirths)) +
geom_line()

V
/)

(A
SEX
YR
30.0 -
27.5 -
)]
=
= 25.0-
=
-
225 -
20.0 -
1950 1955 1960

time

22



ZntkEapr

IR B VAT 2 5

decompose(x, type

o x NI E] A

c("additive", "multiplicative"), filter = NULL)

o type NIRIFHIZEA  additive AN, multiplicative JHHTE,

A Loess #1721 4701

stl(x, s.window, s.degree = 8, t.window

s.jump = ceiling(s.window/18), t.jump
inner = if(robust) 1 else 2, outer =

NULL, t.degree = 1, l.window

ceiling(t.window/18), 1.jump

if(robust) 15 else B, na.action

nextodd(period), 1.degree = t.degree,
ceiling(l.window/18), robust = FALSE,
na.fail)

23



ZntkEapr

nybirths_components < decompose(nybirths_ts)
plot(nybirths_components)

Decomposition of additive time series

observed
24 28

20

26

trend

1.022 24

seasonal
0.5

14.0

random
0.0

-1.5

1946 1948 1950 1952 1954

Time

1956

1958

1960

24



ZntkEapr

library(ggseas)

ggsdc(nybirths_df, aes(time, nybirths), method = "decompose") + geom_line()

30.0 -
27.5 -
25.0 -
22.5-
20.0 -

28 -
26 -

24 - \

22 -

Hhoa
] 1 ] [ ]

—_
1

1
-
1

1950

observed

trend

/

-

seasonal

irregular

1955

9.Q

1960
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Prophet

Prophe

Vsl e BA I
Gy AL PR S H {E

o W HPHE: Prophet 1£ Facebook HIVFZ M H
'E IR e H AR 77 TAABZE4f s Prophet H|

t12 El_./\ﬁ‘

/L

« ©H3N: LHENANL
i

\

o AJYAZERITN: Prophet
o AJ{E R 8L Python FH{# M : 1£ R Al Python H

Lo

TR Z

1. https://facebook.github.io/prophet/

aRIEIBIE/RE:

=il k€

TIMARTIR S 8] e S R0 R,

HAp R e

SRR S B

HH

P, J, HEYZE TR R E AN TS
EHIH A4, Prophet XT?QTE@%%WL%%#R%Eﬁ

A DA T LRV B PRI PR 45 2R

2. Taylor, Sean J., and Benjamin Letham. “Forecasting at scale.” The American Statistician 72.1 (2018): 37-45.

{H, ZAEGRK AN TR 51 F

=

\

SR B E

TP R AL TV REERIR, Al DO s IR 1% B 7 T BE R B Z LT S Tl Rk
IYSEEE T Prophet, HALEAHFEIRYEAD Stan A,

=R, %%TWE

1N TR AR IE AT Rl SR, FERZEUE T, FA1ARI
] Stan LS A,

1, Prophet Xf =5

27


https://mc-stan.org/
https://facebook.github.io/prophet/

Prophet Al']

Prophet {#/H sklearn iy API, fE8I& Prophet L4 )5 R] LA
VR fit 1 predict 7715,

Prophet HJ%i AN’

2 AR

g (ds My) HYEGE

EAE, HF

m|

ds (datestamp) 4 pandas RI#32HEHEMG, BARIE
NHBFEZY YYYY-mM-0D, HEAR AR YYYY-MM-DD

HH:MM:SS, vy FIAUNEES

/EO

FATEA Wikipedia

AR ERA Prophet FIHE IS TIEE,

SAL, FONBATI P R

1 Peyton Manning DTN Ya = 1 HYIN [H]

§ 2\

library(prophet)

df < read_csv(
"data/example_wp_log_peyton_manning.csv")
head(df)

# A tibble: 6 x 2
ds Y
<date> <dbl>
2007-12-186  9.59
2007-12-11 8.52
2007-12-12 8.18
2007-12-13 8.07
2007-12-14 7.89
2007-12-15 7.78

o~ O1 &~ O N —

1. https://github.com/facebook/prophet/blob/master/examples/example_wp log peyton _manning.csv

28


https://en.wikipedia.org/wiki/Peyton_Manning
https://github.com/facebook/prophet/blob/master/examples/example_wp_log_peyton_manning.csv

Prophet Al']

J@II YA prophet() X
B

m < prophet(df)

PRIZA] AL S AR 25

— P SEONL R

TR, 752

LA

make_future_dataframe() T.H.[K

AR H HIHYZHEE :

A5 ds SIHVEUENE, A
PRIZSCA] DA — N S T HY

future < make_future_dataframe(m, periods = 365)

tail(future)

ds
3265 2017-61-14
3266 2017-81-15
3267 2017-681-16
3268 2017-61-17
3269 2017-681-18
3270 2017-681-19

29



Prophet Al']

M predict() ERZEA] DAY

Y yhat #1[A,

forecast < predict(m, future)

tail(forecast[

c("ds", "yhat", "yhat_lower", "yhat_upper")])

ds
3265 2017-61-14
3266 2017-81-15
3267 2017-81-16
3268 2017-61-17
3269 2017-681-18
3270 2017-681-19

RETRINME, TRIME PRAF A ZEAE

yhat yhat_lower yhat_upper

1.826116
8.2087902
8.532927
8.320345
8.152951
8.164833

71.115794
7.441911
/.861830
7.590850
1.407837
1.417012

8.556895
8.920763
9.294321
9.0197260
8.917240
8.8838017

9.Q

AR plot() A DO Al &5 BRI T RT AN -

plot(m, forecast)

13_ ®

2008 2010 2012 2014 2016
ds

30



Prophet Al']

HIFH prophet_plot_components() BRZEX AT DARE = T IU{E FY 2H Bk

%Béj\o 'g 80 -

o

~ 75-
BN S, ER, AR SRRE s o , , , ,
—_'I—_Jl“,fEi E&‘k}ﬁl{\;’ g Ejmé—;\‘ ,\Eim—inggﬁ\o 2008 2010 2012 4 2014 2016

prophet_plot_components(m, forecast) > 0.2- /\
$ 0o0-
=

Sunday Monday Tuesday Wednesday  Thursday Friday Saturday
Day of week

January 01 April 01 July 01 October 01 January 01
Day of year

31



§ 2\

)

O
o

Prophet 73 /W39 ;

SRNIBOL B Prophet A ST M, FEFRINE K JAIS cap FllfEE A EHE
[, EEIRE - TERAAREA, Bl TigEM

B, NHEEEE, BATPRHOVAZGEES), Wi £ df$"cap" < 8.5

N RIEETA,

N

o  RERERRERAONEHEER S TENIE cap, FHAN
Prophet { i AIfRER#RE MY Logistic Growth Trend 1R =g g s K-00E, 354 cap 7T B —A
BTN, DA Wikipedia | R (programming language) iy g
DRI 5 1R] H & B

m < prophet(df, growth = "logistic")
df = read_csv("data/example_wp_log_R.csv")

32


https://en.wikipedia.org/wiki/R_%28programming_language%29

Prophet 70|37

KAz |,
ANERATTIE

X, AR ARZEE I E R P SEMER],  FFR

K 5 4EHLES

future < make_future_dataframe(m, periods = 1826)
future$cap < 8.5

fcst < predict(m, future)
plot(m, fcst)

§ 2
,v
o

ﬁff]%ﬁgﬁﬂﬁ%*/l\ IR EEEAE, BRI
THRTE — TR EHE

Yo 8 -

1 1 1
2010 2015 2020

33



§ 2\

Prophet Fiit {35

Logistic Growth 57 [F] I r] DAACFE TR TEATBY B/ IME,  T&
7C B/ IME Y 77 R PG 4 — 4

=

df$y < 10 - df$y
df$cap < 6
df$floor < 1.5

future$cap < 6
future$floor < 1.5

m < prophet(df, growth = "logistic")

fcst < predict(m, future)
plot(m, fcst)

34



B

§ 2\

MZETHRBIAa] DURIR, - SN RIS R] e 21 =L Fr s Prophet B /CIENE R BEERNRZ R (EERREL) H

FHEARDZ, BUMEN T, Prophet & HahiuillfixX L5848 REATIARISR B R AL ), 2 JE A e A AR Y e FE AU i
R, T BEIE AR, RN E BN A T — (FFFIF L1 (ENfk), 5EB5 | Prophet 1R RN R F1ER

Eefajid, an: Prophet A~/ NN 7 —MNEFHHERIIEN  ZRMIERRENA, HA SR A e/ HIE e,
s X P EREE BB EL ISR, HENEH

VARSI AR HCE iy B Ts,  w] PAEERT NI 28 LAY 75

%o

35
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T T i
o @R

ARAERE, AIPAK

U

AJRER RN, {H

i

BT AEIRZ A

CAZ HITHY Peyton Manning DA HY Wi = 283E A1), BK1

=)
+

[LINK;

2y

BETEE

R 2

—a
o

%

NRAE IR

X

IR
P — .

VA D

[BEOL R, Prophet RIRAIH 25 MEAERIRAE R (BI50fm o, SARZHRER

N & AR RY S 2 H XS

TEAERT 80% RIS TR] 221 8HE ) o
EHYRZE TR &

T
10

abueys =1y

_Di‘ E

T T T T
014 2015 2016 2017

T
2013

1 T T
2009 2010 2011

T
2008

T
25

T
20

T
15

Potential changepoint

2012
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https://en.wikipedia.org/wiki/Peyton_Manning

Prophet 4 34 5848 i

BTESAR iR E ] LB 52 B n_changepoints ZECKRTE
T, HEE A EZE ENdE Rk 5 & 1k,

df = read_csv("data/example_wp_log_peyton_manning.csv")

m < prophet(df)
future < make_future_dataframe(m, periods = 365)
forecast < predict(m, future)

plot(m, forecast) + add_changepoints_to_plot(m)

NGO, AXAERNTEFAIHYRT 80% HEWMI R, PAEH
JEE A2 (B R EE e e AE N R R AR Rt il &, 2R
IMEERZZEN MEEHBY, 81 changepoint_range A
DI HIHA TR

13 -

11 -

9_

37



§ 2\

Prophet &334 2345 i &

PREHTHEES I TRE) BRPE (RIEEA
%), FJLUBIT changepoint.prior.scale ZEARE b SC ke

BE, BRANGO T, SBUEN 0.05, HINX ™MESSFEHE - .
S SEIRTE: 12-
m < prophet(df, changepoint.prior.scale = 8.5) 10 -
=
future < make_future_dataframe(m, periods = 365) .

forecast < predict(m, future)

plot(m, forecast) .

2008 2010 2012 2014 2016
ds

38



>

AR B
IR

(3

Prophet

9.Q

B/ DIXME, 2FE0EBIES R IETERR,
m < prophet(df, changepoint.prior.scale = 8.0081) 19°
forecast < predict(m, future)

plot(m, forecast)

2008 2010 2012 2014 2016
ds

39



Prophet &334 2345 i

9.Q

I8 SN changepoints F] A8 5848 ri-H g Bk

s
13- = -
m < prophet(df, changepoints = c¢("2614-81-01")) i I T “& :
11 é e
forecast < predict(m, future)
> 9-
plot(m, forecast)
.
]
5- , - | | |
2008 2010 2012 2014 2016

ds
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Prophet Z=1 LI 1 1 H 3.

REAT IR N A — A, HAE WA

(i H holiday A1 HHARY ds ) HHEAELNEL ZFTA HET
H TR, Joitie R EEE IS 2 R Al R 2dE A, aiR
XTI H A AR AU AR A, Prophett
A P R B eI, BRI 2 2 A
BRI,

AR

< =

TEIX P EERE LA b B @2 %)) lower _window AT
upper_window , MTRETIER H BYR R R — 1N X [H]
[lower_window, upper_window] ., IUTRFEZRMEINAR] “3%
WL B BRI E lower_window=-1, upper_window=0; Y15
AR 2R IS R E E:', WX B

lower_window=8, upper_window=1,

NEFAEE N EE, HA
Manning Z/JIid )28 H 1A -

AN

(% T 8 Peyton

§ 2)
Y
A

\/
A

playoffs < tibble(
holiday = "playoff",
ds = as.Date(c(
"2008-01-13", "2009-01-03", "20610-01-16",
"2010-01-24", "2010-02-07", "2611-01-088",
"2013-01-12", "2014-01-12", "2014-01-19",
"2014-02-02", "2015-01-11", "2016-01-1/",
"2016-01-24", "2016-02-07")),
lower_window = 8, upper_window = 1
)
superbowls < tibble(
holiday = "superbowl",
ds = as.Date(c(
"2018-02-07", "2014-02-02", "2016-02-87")),
lower_window = 8, upper_window = 1

)
holidays < bind_rows(playoffs, superbowls)

41



Prophet 2= AT 1 i H 33U

RS FRBRATPRF R Y H T IE S TH%%E’J H HHLIE Sorecach [

25 2016-02-97
26 2016-02-08

225691 1.204372
.965785 1.4606325

)Hi':', &iﬂ%ﬁ?%@&ﬁ%ﬁ@ﬁﬂﬂ?ﬁ%@t /\\ﬂiﬁi 732))71 Se]_ect(ds, playoff, Superbow]_) >
it H BRI RN, = AE 3R HERBIE R R 2N IR filter(abs(playoff + superbowl) > 8) >
tail(10)
— HX N EAERQEL 1, #n] DUEIEIE A holidays 24X
(EHAE TIN5 8 L T B R, X FARATT) A Peyton I playof® superboul
Manning (R 17 2014-02-02 1.225691 1.204372
18 2014-82-83 1.905705 1.4609325
19 2015-81-11 1.225691 0.600060
m < prophet(df, holidays = holidays) 20 2015-81-12 1.905705 ©.000000
21 2016-81-17 1.225691 0.000060
forecast < predict(m, future) 22 2016-81-18 1.905705 0.000060
23 2016-01-24 1.225691 0.000000
A @I forecast ZXHEME, SRERTIERHRIMN : 24 2016-81-25 1.985765 0.000060
1
1

42



Prophet 2= A1 H 3™,

HEHRER A, A EPTR, WA PG 2R H R,

[5]

iN)

7

JTOAURHL, £ %%EIEH i — 2%, Mm@k H i

%@ﬂ”%ﬁﬁﬂﬂl&o

prophet_plot_components(m, forecast)

Al LRI plot_forecast_component() P PRIZEA T 251 2H D
77, U0 plot_forecast_component(m, forecast,

"superbowl") (X2 HilEZ i T i H 557

§ 2)
Y
A

\/
A

- 8.5~
O
= 7.5~

7.0-
2008 2010 2012 2014 2016
ds

n 3°
T
: ) l " l l d ‘ \l
o 1-
.c

0 - 1 L] ] 1 1

2008 2010 2012 2014 2016
ds
> 0.2
®
3 0.0
= -0.2 \
Sunday Monday Tuesday Wednesday  Thursday Friday Saturday
Day of week

1.0~
> 0.5-
8 0.0-
>.0.5-

'1 0 = I I 1 1 1

January 01 April 01 July 01 October 01 January 01
Day of year
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Prophet 2= A1 H 3™,

A] AR add_country_holidays() 7L AN E R EE S
X BT H, faEEZEMX AR, WER 7 A holidays
IRENTREAN, XEEEZEHX El"LI_;rTJ HW=S#as 2
PR

—

m < prophet(holidays = holidays)
m < add_country_holidays(m, country_name = "US")
m < fit.prophet(m, df)

A train_holiday_names R DAEFETELZHY R A :

m$train.holiday.names

[1] "playoff"

[3] "New Year's Day"
Jr. Day"
[5] "Washington's Birthday"

[7] "Independence Day"

[9] "Columbus Day"

[11] "Veterans Day (Observed)"
[13] "Christmas Day"
bserved)"

[15] "Christmas Day (Observed)"
erved)"

"superbowl"

"Martin Luther King
"Memorial Day"
"Labor Day"
"Veterans Day"
"Thanksgiving"
"Independence Day (0

"New Year's Day (Obs
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§ 2
,v
o

Prophet Z= 15 PRI Yo I H 30N

BPEZPHTEH B holidays ¥ RETEMAL, FIHHIEZR 85

NEAFRENIXE, BRittz5), Prophet ﬁi‘mﬁt?%?fﬁ g T~ /\\
TR E: B (BR), EIERHYE (ID), EIE (IN),
R (MY), #8E (VN), ZE (TH), JEHEE %

(PH), =EHH (TU), BEHHE (PK), &INbiE :

(BD), &M (EG), H[E (CN) #EZHr (RU),

holidays
= O = N W
—4

£ R WY, 1995 = 2044 F1Y T HEFRRFEEHY data- ds
raw/tmp_holidays.csv R, @0 EATIR, B HIIX Z51 0 2-
T H R R I A R o7 B

weekly

o o O
N O N
1

Sunday Monday Tuesday Wednesday  Thursday Friday Saturday
Day of week

forecast < predict(m, future) 1.0-
prophet_plot_components(m, forecast) %‘22 W
> .0.5-

-1 0 - 1 1 1 I I
January 01 April 01 July 01 October 01 January 01

Day of year
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https://github.com/dr-prodigy/python-holidays

Prophet Z= 135 P11 1 {1 HROM

2N — Partial Fourier Sum {74110, EIAR
RIS, Wikipedia HHVIX 5K EH#IA T —1 1.0
Partial Fourier Sum ;2 {iEir — MEE E M E S

%], Partial Sum AN EEE TS Bg, 4
FE 2= A BRI AL [ £ 10: 0.5-
=
m < prophet(df) <
L oo0-
prophet:::plot_yearly(m)
0.5-
10- | | | |
January 01 April 01 July 01 October 01 January O

Day of year
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https://en.wikipedia.org/wiki/Fourier_series#/media/File:Fourier_Series.svg

Prophet 2= A1 H 3™,

BEEE PROMEZ SIER), BT TR IS B S

2] B AL IS T e ] AR I 25

Ho =¥ hnzl 20 K-

m < prophet(df, yearly.seasonality = 20)

prophet:::plot_yearly(m)

HEIMEAZ TG N 0AT PAEZ T PELS S PRy 2R ALl 1A,
(BN ATREFEOLINE . N AMESL IO B 21 fa] B s

H 2N M5

_I_AO

)
RO
R
1.0~
0.5-
=
@
2
0.0-
-0.5-
-1.0~- 1 I I 1 [
January 01 April 01 July 01 October 01 January O

Day of year
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§ 2\

Prophet Z="13 411 {E H 330w

QIR R P EER D E LA, Prophet K= ERAUE ] .

RUERGZSTE, AT H A FREER RS 202 B, -~

A add_seasonality() 77 7AA] AUSINEfRZ= T4, Hldn: =75

Ha é;@, /J\Hj‘)i[‘gﬂ\ P, . 2008 2010 2012 2014 2016

ds

ZRBNZ AN bR, AR ABARYZ T EE 10-

I, DURESHEMSIE, BIALF, Prophet HTHE 2

TGO 3, K TG B EON

10, 0 January 01 April 01 July 01 October 01 January 01

Day of year

0.10-

m < prophet(weekly.seasonality = FALSE)
m < add_seasonality(

m, name = "monthly", period = 308.5, fourier.order = 5)
n < fit.prophet(m, df) o 01/02 01/09 01/16 01/23 01/30
forecast <« predict(m, future) ds
prophet_plot_components(m, forecast)

0.05-

monthly

0.00 -
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Prophet Z=1 LI 1 1 H 3.

RO, FtErlgEBUR T HMN R, flan: A
=N HEAEE RS —EREMA S ERAE; HEZE

PR T
] DURIF 4 (TR M T

CA Peyton Manning %53

CAEHFIRE HEZARIRY, XA Z

Y8

BB, BOARYEZE T PR ]

MR AE—Er R AR, (BB R 2

F5HZ (4

A DAA]
s

TR

FAE HEYFHEER) HAERF 2 AR, FA

BERMAERF AR AT

B, BAIRBIEMEASIN— " /RES, HFEr=mid
R TP IR ES:

is_nfl_season < function(ds) {
dates < as.Date(ds)

month < as.numeric(format(dates, "%m"))
return(month > 8 | month < 2)

}

df$on_season < is_nfl_season(df$ds)
df$off_season < !is_nfl_season(df$ds)

Nia, TATZEHNEREZTE, FMAEERESIRIRAE
M T E R, XEWREZTE{UEH T condition.name
A True 1Y HEH,
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Prophet 2= A1 H 3™,

/NS 1 B T] DAL 3 2

JE H i TR EE 2, B H A
EAERENZE LA,

I::lJ_LZI_Ao ‘J‘L/{%L—l, 7_‘7
JA—=AR=EHK,

m < prophet(weekly.seasonality = FALSE)

m < add_seasonality(

m, name = "weekly_on_season",
fourier.order = 3, condition.

m < add_seasonality(

m, name = "weekly_off_season",
fourier.order = 3, condition.

m < fit.prophet(m, df)

period = 7/,
name = "on_season"

period = 7/,
name = "off_season")

future$on_season < is_nfl_season(future$ds)
future$off_season <« !is_nfl_season(future$ds)

forecast < predict(m, future)

prophet_plot_components(m, forecast)

V
/)

(A
SEX
R

8.5~
@
= 75+

7.0~

2008 2010 2012 2014 2016
ds

1.0~
= 0.5-
-
S 0.0-
> .0.5-

-1 O = 1 1 1 I I

January 01 April 01 July 01 October 01 January 01

= Day of year
)
©
(b
® 0.0-
=
©.0.1-
=
ﬁ '02 - 1 [ 1 1 1 1 i
g Sunday Monday Tuesday Wednesday  Thursday Friday Saturday
< Day of week
S 0.75-
%I 0.50 -
- 0.25-
OI 0.00-
>-0.25- \
ﬁ -0.50 - i | 1 i | 1 1
g Sunday Monday Tuesday  Wednesday  Thursday Friday Saturday

Day of week
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Prophet Z=1 LI 1 1 H 3.

RIS T RS T, BT RS coreoact s
holidays.prior.scale A] CAVAZEUATIHYSEieiE B R - select(ds, playoff, superbowl) [>
%, BINBN, ESEUEN 10, XNEE 7RO EN] filter(abs(playoff + superbowl) > 0) >
tk., B/ DX S EUE ] DA R H R0, tail(10)
ds playoff superbowl
n < prophet( 17 2014-82-82 1.203289 8.9775534
df, holidays = holidays, 18 2014-82-03 1.851627 0.9881714
holidays.prior.scale = 8.05) 19 2015-081-11 1.203289 0.0000000
20 2015-01-12 1.851627 0.0000000
forecast < predict(m, future) 21 2016-81-17 1.203289 0.0000000
22 2016-01-18 1.851627 0.0000000
23 2016-01-24 1.203289 0.0000000
24 2016-01-25 1.851627 0.0000000
25 2016-02-87 1.203289 0.9775534
26 2016-02-88 1.851627 0.9881714

§ 2\ o



Prophet 2= A1 H 3™,

Mz wirHEe, TERHRN A PR, JCHEZRN T dE
/DR, IH — 2% seasonality.prior.scale AJ A
FACUHB A AT 2= PR B BRI SRS

\_I

RIS TEBHEME R —%] prior_scale A] DANEES AR TS
1EREIIRETHE/35’EE}J%)”1‘% JE I add_seasonality() F] LA
PN UHRESRERE, fla0: RESERNZETE:

_I

m < prophet()

m < add_seasonality(
m, name = "weekly", period = 7,
fourier.order = 3, prior.scale = 0.1)

(EE

pARL

add_regressor() F77AA]

PREZIGANER)

o] 4% & IS TN 21 AR

PRIV o, AR BN RS 2 R F
SIS WIJZID BATR] LAY

NI— kT

TS S BRI T

- NFL 2835 HRY

BRI, EERGER T, XN =

extra_regressors i/~

nfl_sunday < function(ds) {

dates < as.Date(ds)

month < as.numeric(format(dates, "%

as.numeric(

11Q/

(weekdays(dates) = "Sunday") &
(month > 8 | month < 2))

mll))
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Prophet 2= A1 H 3™,

df$nfl_sunday < nfl_sunday(df$ds)

m < prophet()

m < add_regressor(m, "nfl_sunday")

m < fit.prophet(m, df)

future$nfl_sunday < nfl_sunday(future$ds)

forecast < predict(m, future)
prophet_plot_components(m, forecast)

§ 2\

\/

8.5~
2 80- \/
275-

7.0~

] ] I ] ]
2008 2010 2012 2014 2016
ds

0.4-

0.2-
0.0-
-0.2- \

Sunday Monday Tuesday Wednesday  Thursday Friday Saturday
Day of week

——=———=——

weekly

yearly
=0 0o
o oo g O

b

=>

= Day of year
o

°)

" 0.4 -

o 03-

B 0.2-

S 0.1-

® 0.0-

cul 2008 2010 2012 2014 2016
>

V
/)

[\

<
/e

= 1 1 1 i i
January 01 April 01 July 01 October 01 January 01
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§ 2)
Y
A

\/
A

N
=

Prophet e {2 2= 1k :

SNIBOL T, Prophet LGV MMATEE 1%, WA ikt
2 MEE AR, a0 N oRBIoy — M IMATE 2T
PEANIE RIS IR B 2= RN TR 41 -

600 - .
df < read.csv("data/example_air_passengers.csv")

m < prophet(df) 00 .
future < make_future_dataframe(m, 58, freq = "m")
forecast < predict(m, future) 200 -

plot(m, forecast)

1950 1955 1960 1965
ds
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Prophet e A2 1%

VN TR LA TR 4F PR IO, (LTI o 285 M

GG R R, TG RAEK/DN, TEIX DI EFEAIHY, AT
14 Prophet BT —HE R — MEBOIEE T, Ti2Hs o
HEHEK, XLERERFTE,
Prophet A] PUEIT % E seasonality.mode= "multiplicative" 600 -
FO TR V2R M R :
400 -

m < prophet(

df, seasonality.mode = "multiplicative") oo

forecast

< predict(m, future)

plot(m, forecast)

§ 2\
7

1950 1955 1960 1965
ds
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Prophet I/ 2= 1 1k:

TN HHTE 7 b

\ma

2 MR AR A RER 70 [T R

600 -

prophet_plot_components(m, forecast)

trend
M~
o
(o]

B %2 B seasonality.mode="multiplicative", ~{fHZXXN

] DA IR, AR as iy 2= ek a] 428 = o

ZERAEE SR gAY HEALR] PLERHRE N H PR 1950 1955 N 1960 1965
AL wlgn, FHEBREIRIRE T — NN IR =T

MR HEASE 7 — NIRRT AR — N

EAL A ) AR &

AN

250/0 =

yearly

m < prophet(seasonality.mode = "multiplicative") 25%-
m < add_seasonality(
m, "quarterly", period = 91.25, | | | | |
fourier.order = 8, mode = "additive") e o1 rorl o Dy o vear October 01 January 01
m < add_regressor(
m, "regressor", mode = "additive")

-50% -
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Prophet Fiiill|[X[&] 2

ANTBOL R, Prophet X TMIE yhat IR BIFRN[X (A, 1X T AN E R TR R DA MR 2RISR RS M

EEFI X R FO A TH R 2 A — SR B AYRIE R Z o BRI GEIIHY KRS changepoint.prior.scale HY{H), Tl
RN, AEPERIET =187 2B HRAE MR RBEZ IR, JRIRTE A0SR L 2fE
M, ST E PEAI R E2Z AR TER, W AERBATAAARBE =

\ ‘ L A2 LSS X 6] BN s IS L5 B R it
A AHE M BRI RIR A E T AR RE A IS, 1+ WX IR R (CBRAMEN 80% ) 7] U@L B

ZETNEFI E A RBA,  a] PR R P 52 2k B BH interval.width SEPE -
THIEAE, Prophet BEBRRZITF RS E, HEF]

WGBS BRI RIPETEME, | L o - 5,95
R FRAT 17 R ] g T B & BEAYHENT, FRATMERE “ AR forecast < predict(m, future)
K=t BAEHEPIER” , THEZRRE, FMTEEAR

RIS T Y - 12 28 B AR R RE A P AT DL 21 Y BB 2 — ALRE,  EH IR DX RS T IR E AR AR S A R PR — A
FERY, RIS PNNX e 528 M, FF TR eI 2k FIARACATRAINE S, TIXMECE rIREFFAS R, Fir ATR
T X [, DX TR & T AN AT BE 52 2 HE
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§ 2\

Prophet Fiiill|[X[&]

BRINTEIL T,  Prophet H 23R A4 SAFIWLIME M7 ) A

HEME. N TIREEE T RN B AHENE, UHA T2 5ERY g 40"
DUH-HRAE, XA DAEIS 1% B meme. samples 248 (BRIAE = %0-
70) KB, K Peyton Manning B 1950 1955 1960 1965
ds
m < prophet(df, mcmc.samples = 300) e
forecast < predict(m, future) 2 /\
3 0.0-
=
prophet_plot_components(m, forecast) o | | | | | \
Sunday Monday Tuesday DWedn:sdayk Thursday Friday Saturday
ay of wee
KRR MCMC SRAEEA MAP i, JFrlREFRE K o
IfTR),  BRER TS E s, QEREAT 158K, » 05
W S AE S E B EI B R . FIE 3 or
m.predictive_samples(future) 77 A R] DAFRIS R 4G HY Jo 35 Toa il 40~ , | . .
*jézli January 01 April 01 5 Julyf01 October 01 January 01
o ay ot year
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Prophet 53 &% {H

SEEFEZEET W‘jﬂ'ﬁT fﬂﬁ Prophet A5, RTEIFR
I 2 /i TR R 1E S 455 5 R 3 0O #7214
fERER T, (HEPEEZ T REHEREIE: 20 -

df < read_csv( 15-
"data/example_wp_log_R_outliers?.csv")

m < prophet(df)

future < make_future_dataframe(m, periods = 1896)

forecast < predict(m, future)

plot(m, forecast)

EFH L2 SR, HEMMNXEIESE, Prophet A] AL 5-
I R R R #f%"{g’ (H HGEIR I L &g A2V SR fid 2008 2010 2012 2014 2016 2018
T4 1 + d
Do A MR 2 U BB R T L AR AR 2 L S
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Prophet 53 &% {H

S AR R EE TR @B ERMEAT], Prophet & HEWEALE
SRS EIER, WRED R EEEHRETRENZ (NA),
(BAERFINEEE IR IX T HI, 2 Prophet =Xf1X
BRI T T,

gyum

outliers < (

as.Date(df$ds) > as.Date("20616-01-01")

& as.Date(df$ds) < as.Date("20811-81-81"))
df$y[outliers] < NA

m < prophet(df)
forecast < predict(m, future)

plot(m, forecast)

§ 2
Ky

1 1 1 | 1 1
2008 2010 2012 2014 2016 2018
ds
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§ 2\

Prophet 53 {H

ERIXARBIA, SRR AR 7 R EE T, H
NIV A o 2SR yhato (HSLFRIEOLIFIEER 240

b, NEXADREIAR LRI AR S Wl T E 2R t «®
P ES S - .

df < read_csv(
"data/example_wp_log_R_outliers2.csv") -

m < prophet(df)

future < make_future_dataframe(m, periods = 1096)

forecast < predict(m, future) o

1 1 1 1 1 1
2008 2010 2012 2014 2016 2018

plot(m, forecast) ds
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§ 2\

Prophet 53 {H

NHEIXDREIF, £ 2015 4 6 A —H B EEBN T3
MR T, RIEARSRBITINME RS2 2] T 52, R, &I
IR T AL R PRI e R E A - 10-

outliers <« (
as.Date(df$ds) > as.Date("2015-86-81") 8 -
& as.Date(df$ds) < as.Date("20815-86-38"))

df$y[outliers] < NA ”
-
m < prophet(df)
forecast < predict(m, future)
4 - °
plot(m, forecast) 2008 2010 2012 2014 2016 2018

ds
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§ 2
,v
)

Prophet JF H R 2%

T I AEBHENE SRS I A I [RIERHY ds 41 BALE Prophet il

MEEH REREE A, B REEIRS ZUM A YYYY-MM-DD

HH:MM:SS, HERAEH RIERNEERRN, BAUSHIEHR
=T, FHEAREII—1EA5 78y EIFEHY Yosemite

Hi X & HHYS {DR;&*E 40 -

df < read.csv("data/example_yosemite_temps.csv") >

m < prophet(df, changepoint.prior.scale = 6.01)

future < make_future_dataframe( 0-
m, periods = 308, freq = 60 * 60)

fcst < predict(m, future)

May Jun Ju
ds
plot(m, fcst)
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Prophet - H RS2

AR B M BT 2 s 2 o
prophet_plot_components(m, fcst) g
-

§ 2\

May Jun Jul
ds

1.0-
0.5-
0.0-
0.5-
Sun Mon Tue Wed Thu Fri Sat Sun
Day of Week
20-

10-

-10-

02:00:00 06:00:00 10:00:00 14:00:00 18:00:00 22:00:00
Hour of day
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§ 2\

)

O X
o

Prophet || H R FE 250

Btk EEREHESE S 0 N2 6 IHIIINNE

df2 < df D>
mutate(ds = as.P0SIXct(ds, tz = "GMT")) D
filter(as.numeric(format(ds, "%H")) < 6) 50 -

m < prophet(df2)

future < make_future_dataframe(
m, periods = 308, freq = 60 * 60)
fcst < predict(m, future)

-50 -

plot(m, fcst) May Jun Jul

ds

TR AR, ARKRA BN ZE L SRR KIS 2
X B[R] BT T A — R AR ER -2 (0 B 22 6 )
e —BXR, RtHRERZEDENT— KR SRR
BOBEARBARGTHIAG THHY,
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§ 2
)

Prophet JF H R 2%

ERDRAY 77 S0 OO B T SERE RIS [R) & AT 7], A
P31 AR AT T ERe AR T B 25 s R il 42 0 B 22 6

future2 < future >

filter(as.numeric(format(ds, "%H")) < 6) 40 -
fcst < predict(m, future2)
plot(m, fcst)

> 20~

XS+ BA MU [R] B A HAR 2R IS A0, filan . 4
7 SRR LS TAEH, AR AR S i AN & 0-
CAEH, BRONEZE T AR IR A TIR G IS T

L Nrm

May Jun Jul
ds
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§ 2)
Y
A

\/
A

N
=

Prophet || H R FE 250 :

MM Prophet A] ABLE H RIEESE, HREMRAAEATAR
FEEIRRIEEITONA K HVEHE, TSGR ERIES

Ko N HEEZTEAIHE B LEERINNAK 10 FEHIIE

IR: 8e+05 -

—

df < read.csv("data/example_retail_sales.csv") 6e+05 -

m < prophet( roroe
df, seasonality.mode = "multiplicative")

future < make_future_dataframe(m, periods = 3652) 2e+05 -

fcst < predict(m, future)

2000 2010 2020
ds

plot(m, fcst)
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§ 2\

Prophet JE H R JE 24k

X5 FEARE—E, SRR EENRNREE, S8
FEREZETIEN, BNES T8 ANETEREE, FRH
HAZ=T1 R = 2 R IR BEIa R, #id MCMC 7] DAE
ENEDFTHEAR AT M

6e+05 -

trend

4e+05 -

m < prophet( 26405 -
df, seasonality.mode = "multiplicative", 2000 2010 2020
ds
mcmc.samples = 300)
) 20% -
fcst < predict(m, future)
% 00/0 =
©
prophet_plot_components(m, fcst) 2
-20% -
-40% -
Januéry 01 Aprill 01 July; 01 Octot;er 01 Januz—llry 01
Day of year
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Prophet - H RS2

EREFEEENETAY], FuEEARIKAE?E, H

BARESR)ERT 2, EAM A Prophet IG5 H REZE

I, 18I I% B make_future_dataframe() H
H R R T

future < make_future_dataframe(
m, periods = 128, freq = "month")

fcst < predict(m, future)

plot(m, fcst)

HHY freq A] DABEAT

8e+05 -

6e+05 -

4e+05 -

2e+05 -

§ 2\
7

2000 2010 2020
ds
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§ 2)
Y
A

\/
A

02
o

Prophet PEBEPEfh &

Prophet $2 8¢ /"IN [A] 5 ﬁﬂﬁfﬁﬁ%\ﬁﬁiﬂﬁa, TAHDIEE  BOMBOLT, G YIZRI [RIYE R Dy B RIYEE Y 3 1434,
fER B E TR ZE, X2 AE F%ﬁli‘)ﬁmjﬁ%/ﬁkim% b AR TN e A —

SERR, RN E S > BT EOEE L A,

> JE AT DI AT B S A T e, ARIER T —4 - *
Peyton Manning YR SE T, AR AU FH I s 2300 S initial e
RITTE 5 A TG, FH 2 B —EAT T Hil, n- s v

10 4

HH cross va11dat10n() PRI AT DO — & 7E B Y [ SR &4 5

AT AT, SEIEHEE TN FTEE (horizon), 4R o
E%aﬁ%ﬂﬁéi}lléﬁ\hlkﬂ%ﬁf% /N (initial) FIELLE HH> "
A I R][A] P& (period) s "

| e Horizon

2008 2009 2010 2011 20132 2013 2014 015 2016
ds
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Prophet TEHEPEAY

cross_validation() AV HES SR — MNMER T H 2A
MR A HEAS & B SE y FITHE yhat FUZHERE, X

T cutoff Al cutoff + horizon Z[EJHYE I S ES=3HAT
], SRS A DARI A HEEBERETT L v A yhat Z [RIAYIRZE,

?Fﬁﬁﬁcﬂﬁﬁﬂfrﬁé?* N 365 K70 IR TN 3R, H
M — UL R ZBTHY 730 REGEHITIIZ, R5HEE 180
AT — R, EIXD 8 KR FA A, fHYF—3t
A 11 {RTI,

df.cv < cross_validation(
m, initial = 730, period = 188,
horizon = 365, units = "days")

head(df.cv)

y ds
cutoff
1 192319 1994-03-01
-02-21
2 189569 1994-04-01
-02-21
3 194927 1994-05-01
-02-21
4 197946 1994-06-01
-02-21
b 193365 1994-07-01
-02-21
6 202388 1994-08-01
-02-21

F R F units FEE

S 2\
v
)

\/
A

yvhat yhat_lower yhat_upper

213458.7 162044.76

1654085.7  36590.46

199378.5 152618.07

175871.1 110147.76

2238014.1 179322.33

195304.7 147760.12

as.difftime Frigs2AIYR

289933.7 1994
200455.3 1994
217474.5 1994
285172.6 1994
281795.7 1994

219601.4 1994

e

©)

/1



Prophet TEHEPEAY

performance_metrics() BRIZYA] DATTR —LE
GRS &, B AIRE
(MSE), ¥7iiRiRZE (RMSE), 4
MNiRZE (MAE), ~“FEX4ai 857 hiR%E
(MAPE) DLz yhat_lower F1 yhat_upper
HAE TR, IXEE(EIEETE df.ov A
e O EIRTS, BONEO NN E
S RS 10% R, Eid
rolling_window Z£{ 1] AR IXME,

AN

df.p < performance_metrics(df.cv)

head(df.p)
horizon mse rmse
1 38 days 1448/8005 12036.53 8835.
2 39 days 161937956 12725.48 935]7.
3 40 days 164406429 12822.11 949].
4 42 days 163885712 12861.79 9399.
b 43 days 1760155951 13044.38 96066.
6 44 days 154985022 12449.30 8872.
coverage
1 8.5576923
2 0.5576923
3 0.5384615
4 8.5576923
b 08.5512821
6 0.57/69231

mae mape mdape smape
524 0.82707501 0.02070915 0.02711726
723 0.82938634 0.02070915 0.02962423
190 0.02996462 0.02289171 0.063022004
380 0.02952252 08.062070915 0.02977254
855 0.03024106 0.02365603 0.03052833
374 0.02742595 0.01870199 06.02779736
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https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
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