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BIZFE—TIEFS]: {Vi|t =0,4+1,42,...}

BIEE SN w = E (V)

¢ 2X\)

JiZEE®SCH: o2 =F ((Yt — ut)2>
HEMGTEE NN s = Cov (Y, Ys) = E((Ye — pe) (Vs — ps))

EREREOE O pry = —
\/7t,t78,s

R BRETTERR B AFPAIIX — 55, BFHERNE S EEBRSTTH AR,
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FZER—NNREFPY, 1Et WZRIRERBBEET ¢ MEZHM, 1% {e1,e2,..., e ... } INEESKIEES, N1

Yl = €1
Yo —e1 + ey
2 (2) )

Yi=ei +ext... e “ ] fog |
e =E(er+...+e) = E(er)+...+E (&) = 0 } e WP
o2 =Var(e1+...+e;) = Var (e1)+... +Var (e;) = to? s | % .':._f; e
SEH ET DA B E R R SR MBS, Al Fle ¢
T HIE —ER A I EE, R R, H T
77N A R K B TS A, XERE R o I
SRS K, BEHLI R SIHE T AR B E, | B . . .
(EHROEE I EAL, YIRS 25 PR 2 B oo e e
RN, BN FARIEE, BRENHSERS, "
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ARIMA 53754

ARIMA #7%I (Autoregressive Integrated Moving
Average model) , ZEEESHFYEREIIHER, X
RSP BRI Bt rirfEEsh , 2
HSF 1R FUF A T3 TR Z

ARIMA (p,d,q) 7, ARZHEIH, p wHEEVIIEL;
MA NEaE, g MIEEPFIIEL,  d AEZ N
TR IR Z k8 (&

),
M

\/
Al

ARIMA(p, d, q)
dRED
Y
ARMA(p, q)
FoiBFEIIm FoBE3Im
(9=0) (p=0)
AR(p) MA(q)
p=0 g=0
> HIZE <
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HAW NERIERAEDY p B EEEE, 1259 AR (p):
Yi=er+d1Yi1 + @2V o+ . +0,Yi
AR (p) #8G =N RIS

1. ¢p # 0, XPBRAN SR ARIERRL R B = [ 50N p;
2.e; ~ N (0,07), IXMREIZAZRBENLTITY] e, ZIIENTHIEERE 7,

3. E(Yser) = 0,Vs < t, XDAAREIZATRIBENL TP 51 ZRIEIR P YIETC R,

wHE_EIA= 5N AR BAIRIEGA RS, RWIER AR (p) SAIRICY:
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M
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MA 175 02
YR
BEAEW TEMHBEREDN q rigsEsasil) 189 MA (q):
Y;g = €t — 016t_1 — 026t_2—. .. —0qet_q (5)
M A (q) BB FHANBREIZ A
1.0, # 0, XMBRAIZEA AT DARIERBIA i =B 209 ¢;
2.e;,~ N (0,07), XMREIGFMZRBENTFITS e, 2IENT HMEE T,
HE LIRS IMABRTIRERIA R, KRILER MA (¢) BAIREICY:
q
Yi=e — Z 0ies i (6)
i=1
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ARMA 15784
R
MR —ANEFFIHE AR F1 MA #5y, HEEFRM, MR ARMA 55, —#% ARMA (p, q) MZRIEAN:
p q
Yi =€+ Z GiYii — Z 0et—; (7)
i=1 j=1
2
®(L)=1—¢1L — poL*—... —¢,LP (8)
©(L)=1+6,L+0,L*+...4+6,L" (9)
NSV KSR
®(L)Y: =0+ 0O (L)e (10)

Hr, LRz AmERET.
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ARIMA F57%Y
R
ARIMA #1 ARMA BJXAELZE, KA Y, By EnrH+, Rl
$(L)A%Y,; =6+ 0O (L)ey (11)
EZRETN
AY;=Y; - Y1 =Y, — LY; = (1 - L)Y;
A%, =AY; — AY; 1 =(1—-L)Y,— (1 - L)Y, = (1-L)*; (12)
A%Y; = (1 - L)%,
SR :

1. FEZEDNE d, MITRIEZE 7 G B R 2 A i,
2. HiE AR F1 MA BEIFSE p #1 q, 40 AIC %,
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ARIMA 53754

B (ACF) @ ZERy ki, 1X2AHEE k(A
[ R Y 7 7 ME < R AE SR

fw EAHREREL (PACF) o fEIRN kY, IXZAHEE kS
ARl R PP IEZ RIRIAE S, IR SIER 1 ARk — 1
A BENAZ BRI T

HRAGEAIETRE, ~27E kR TRDMELZERIE
TR (BUE 0 akEblsn) » BUERTERTHE
Bk PUsET 0,

« ARBRL: BMHRARBIERE, (WiHCREEE
- MA AL BMRREE, WEXREGERE
« ARMA BRI BARSR R BRI mAH R R

FIFH ACF #1 PACF ERIHE R & 4 B W ARMA #
A IEW FRTR:

e ACF PACF
(o SUNT  RUHNE
AR (p) file  pWEER

MA(q) g MiEEE iR
ARMA (p,q) qWJE4ER p MR
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ARIMA 53754

skirts.txt FIEICR T 1866 H:F 1911 FEFELZNTETHIELZ:

skirts < read_csv('data/skirts.txt', skip = 4)
skirts_ts < ts(skirts, start = c(1866))

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

)

ggplot(skirts_df, aes(time, skirt)) +
geom_line()

1000-

900-

skirt

700-

600-

200-

800-

o,
A Ab

Q;V
x\

1870 1880 1890 1900 1910
time
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ARIMA 754 &

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)>150 | 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, D N ARIMA =84,

ic NEM 7

seasonal NG HAHZETME ARIMA A,
trace /B & T AR L,
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ARIMA 53754

library(forecast)

¢ 2X\)

## Registered S3 method overwritten by 'quantmod':
##  method from
## as.zoo.data.frame zoo

skirts_arima < auto.arima(skirts_ts, seasonal = F, trace = T)

B ARIMAC2,2,2) . Inf

## ARIMA(9,2,0) : 393.6216
# ARIMA(1,2,8) : 391.6212
B ARIMA(D,2,1) : 392.0664
# ARIMA(2,2,0) : 393.9273
B ARIMAC1,2,1) : 393.9276
B ARIMAC2,2,1) . Inf

ittt Best model: ARIMA(1,2,8)
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ARIMA 53754

forecast(skirts_arima, h = 6)

¢ 2X\)

#it Point Forecast Lo 80 Hi 806 Lo 95 Hi 95
#1912 b34.8045 509.2442 560.3648 495.7134 573.8956
## 1913 539.8663 489.4465 590.2861 462.7558 616.9767
#1914 b44.5513 463.3459 625.7567 420.3583 668.7442
## 1915 b49.3492 433.1138 665.5846 371.5825 727.1159
#t 1916 554.1133 398.8886 789.3379 316.7177 791.5089
## 1917 b58.8875 361.1287 756.6463 256.4415 861.3335
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ARIMA 578 5

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

§ 2)
111]
LYY
Py

1000-

800-

600-

400-

1870 1880 1890 1900 1910
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—NENENEFIE S - NESE T, — TR
TR DA Ty 73 N TR] 7 51 5L ARG N TR
FPBN o fERE IX =807, @ T X =80

nybirths.txt ZAEICFK T M 1946 4 1 A F| 1959 £F 12
AAL A HAENOHE, AL8H EENOEHER
EEZFHIEHE, LFFIRSHINEFH,

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()

30.0-

27.5

nybirths
on
o

22.5-

20.0-

1950

time

1955

9.9

v

V
A

\/
Al

Qv
x\

1960
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M HE S A TZ 1M 0 i
decompose(x, type = c("additive", "multiplicative"), filter = NULL)

o X NN EFS
. type NAFRIFFHIZEAY, additive JAHMN, multiplicative JMAHZE,

I Loess AT 1470 -

stl(x, s.window, s.degree = 0, t.window = NULL, t.degree = 1,
1.window = nextodd(period), 1.degree = t.degree,
s.jump = ceiling(s.window/10), t.jump = ceiling(t.window/10),
1.jump = ceiling(l.window/16), robust = FALSE,
inner = if(robust) 1 else 2, outer = if(robust) 15 else 0,
na.action = na.fail)

D

9.9
Q;V
x\
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nybirths_components < decompose(nybirths_ts)
plot(nybirths_components)

Decomposition of additive time series

I
E -
-
R
o _
° g
= H
£ 3
> ]
— =
m -
E -
2w
m T
b o
o
=
E ~ ]
2 =
'E o
.
D 1 1 1 1 1 1 1
1546 1948 1950 1952 1954 1956 1958 1960
Time
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library(ggseas)
ggsdc(nybirths_df, aes(time, nybirths), method='decompose') + geom_line()

observed

30.0-
27.5-
25.0-
22.5-
20.0-
trend

28- _-_-_"‘--.._.--'—
26-
24 -
22-

= seasonal
1_
ﬂ_
_1 =
_2-
irregular
1_
ﬂ_
_1 =
1950 1955 1960
X
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Prophet [ 2l @ —ANEETF BB I R FGIFTNEL, HrhdpmtaSmid 4, &, Iz E s Tl
G EREE EABNE TN Z 0 FT I R BERIN R 5, Prophet XM BHEERKFIEZ LM BHERNE, WHE
Al DR G Hu A PR 5 {E

o (A HPIE: Prophet 1£ Facebook HYF 2 N FH R T4 T XIFN H bRisE AT AT SERY T, (ERZEUGEN T, BATE
eI E L HA AT 77 158824, Prophet FH Stan #LEHAY, AT DATE ) LD NIRIS HUMIES SR

- 2H3N: LFEANL TR RIS AELBGERN S HEMN, Prophet X S {H, HdRsA DU 74 HY SR A
AEEN,

o AIHRERYTAN: Prophet WA FIRAE 7R RIAEEIN, ] OB WUSIR I E 5 T BRR S BN & BRCR

o A[{E R 8¢ Python Ff#i/H: 7£ R 1 Python HI¥5IH T Prophet, HAL=HHEEAL Stan HiA5,

[1] https://facebook.github.io/prophet/
[2] Taylor, Sean J., and Benjamin Letham. "Forecasting at scale." The American Statistician 72.1 (2018): 37-45.
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Prophet A']

Prophet {f i HALRIERL & AP, $24E prophet() bR
BANE IR B, FIF predict() F1 plot() EEELAT DA
XS R A T T

Prophet I A ELEZFIEHR (ds Fly) RYEHEHE,
Hrf ds (datestamp) 9IS HHERIN [E)A% N8 dE, BEARTS
O HEARS R YYYY-MM-DD, H HARS TRIRS =0 YYYY-MM-
DD HH:MM:SS, y FINEERES, FnBA P s E
THIME,

FRATTLA Wikipedia H? Peyton Manning T i i W & 11 Bt i
FE 31 9125 BH Prophet FIAHSEINRE,

library(prophet)

(>

S 2\
N
/

\/
Al

df < read_csv('data/example_wp_log_peyton_manning.c

sv')

head(df)

#t # A tibble: 6 x 2

it

g

i 1
i 2
i 3
i 4
## 5
i 6

ds

<date>
2007-12-10
2007-12-11
2007-12-12
2007-12-13
2007-12-14
2007-12-15

y
<dbl>

9.59
8.52
8.18
8.87
7.89
7.78

[1] #4844 https://github.com/facebook/prophet/blob/master/examples/example wp_log_peyton manning.csv

28 / 74


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

Prophet A']

LI prophet() BT UG, B30
P SR

m < prophet(df)

A, FEME—DFEAEAE ds FIEIERE, FIF
make_future_dataframe() T EREA] IMHE— D EIE
HHL & AR H HARY EREHE |

future < make_future_dataframe(m, periods = 365)
tail(future)

# ds
## 3265 26817-81-14
i 3266 2617-81-15
## 3267 2617-81-16
# 3268 26817-81-17
## 3269 2617-81-18
## 3270 2617-61-19
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Prophet A']

A predict() BRIECAT DIARERIUNME, FM{E PR1FAEEY

ERERY yhat FlIN,

forecast < predict(m, future)

tail(forecast[c('ds', 'yhat', 'yhat_lower', 'yhat_up

per')])

#H# ds
# 3265 2017-01-14
# 3266 2017-01-16
# 3267 2017-01-16
# 3268 20617-01-17
# 3269 20617-61-18
# 3276 2017-01-19

yhat yhat_lower yhat_upper

1.828844
8.210649
8.535688
8.323117
8.155765
8.167783

1.121955
1.586637
1.814438
1.557168
1.3783b4
1.489715

8.558913
8.893123
9.2556111
9.803713
8.886496
8.910616

v

V
A

\/
Al

¢ 2X\)
')'
w\

A plot() AT DO IS SR T Al AL :

plot(m, forecast)
13- =

11-
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Prophet A']

FIFH prophet_plot_components() BR%A] DA /RFINIE
FIZH B 57

BONEO NMEEES, £20lE, AFTE. SEAg
SR ERBNE, B EIER T

prophet_plot_components(m, forecast)

8.5-

T 30-

T 75-

7.0-

0.2-

weekly

0.0-

-0.2-

yearly

o
’r"<
W{=)%
o=t
2008 2010 2012 2014 2016
ds
Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week
January 01 April 01 July 01 October 01 January 01
Day of year
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Prophet 3 {1 33

FRNEDL R Prophet FIFH S MERRIIEA T, ££ T4
K, JEHEIWE - PRATRZIN S, flan: dimiE
MR, NHEEER, BATFRHOUA&RREES), Wi i
FERX IR F AT,

Prophet i FH Al +57E #& % HE /11 Logistic Growth Trend
BRGEA TN, DA Wikipedia _I R (programming language)
DL A5 IR H &)

df = read_csv('data/example_wp_log_R.csv')
IS cap Fl+a7E K EHE

df$'cap' <« 8.5

T B ER AR O BHRE R & —1THIZ & cap, FFH.
R — N E. RIS KEIE, A2 cap A
DI — RIS,

m < prophet(df, growth = 'logistic')
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v

V
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Prophet 3 {1 33

KUzl BANFHECIE— T INEEIEE, PR
ZHNBATIE T E S E — D AREEET o

FEXH, BATTPRAZRE IR E R P EEA R, FFRi

oK 5 LEHILER: g
future < make_future_dataframe(m, periods = 1826) >\7-
future$cap < 8.5
6-
fcst < predict(m, future)
plot(m, fcst) 5-
4 - [ ]
2010 2015 2020
ds
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o,
A Ab

Q;V
x\

Prophet 3 {1 33

Logistic Grow th AR [w] iy AT DAL PR F 00 A Y /)M,
A€ e/ IMEHY 77 T[] T < — A -
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)

2010 2015 2020
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J M)

Prophet £33 34 5345 ki

MZBTERBIER AT PUZER,  SEIE IS [R] 217 Bz
ZEXARZL, BNEI N, Prophet & Halu XLk
R, FXNEBMOE LA, RN EEERN %
%T*lﬂ:l‘ﬂ &, PIa: Prophet ~/INORRE T — a2

%%ﬁﬁiﬁﬁrﬁﬁﬁﬁﬁﬁkﬁﬁﬁMéﬂﬁ,
T XA B AR R e i BT TE, AT DAER R
HET 8 TR T,

Prophet /GBI ERBIBENRE R (EILHERR
) TR IR K, ZJERiE A 2R E
fgmER e (FF[FF L1 ENIfL) , SEFR L Prophet £
I SAF AR 22 AR RALHY & '5 {HR R AR/ D HbfsE
Hell
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X O
Job
O §

ok, PRZBRENHAIZESEREIES,
NEPR, @ISR R AT R EH A,

BIRFAERZ N ERARES RN, HETM T
A PUZ X — R

PAZHITHY Peyton Manning T I X b E 2l 1,  BRIAIR
IBEN R R PTERIALE :

UK, Prophet iRt 25 MEERNRLER (35010

FEFERT 80% HINEFFIEHEH) o FEAPRESIEHX

Ji=

T
2buey> 218y

10

T T T T T T
2012 2013 2014 2015 2016 2017

T
2011

T
2009

T
2008

T
5

T
20

15

Potential changepoint
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Prophet €334 2828 xi

TBHE SR AT p % ] DUBIL % B n_changepoints 4k
F67E, (HE 2 FEREN SRR BB IE,

df = read_csv('data/example_wp_log_peyton_manning.cs

v')

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

plot(m, forecast) + add_changepoints_to_plot(m)

BRINEOLT, ATENEFFIRTET 80% HEWTRZL A, DA
A TR 23 (A RTINS A5 1 S LR I R) e 1R 2 S
B BRMEERZEIG MEEHD, 83
changepoint_range 1] DUN HHATIRE,

o0,
A Ab

Q;V
x\

13-

11 -

14 2016

2008 2010 2012 2
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Prophet 3349348 xi

BB TENE (ETRE) X WUE (RIEEAR
fig) , m]DAUE changepoint.prior.scale A% FH
Gisei iR E, BINEN T, SEUEDY 0.05, X ME
XGBEEWESEEMRTE:

m < prophet(df, changepoint.prior.scale = 8.5)

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

plot(m, forecast)

o0,
A Ab

Q;V
w\

12-

10 -
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J
o0,
A Ab

Prophet 21 34 2% 2% k3

Q;V
w\

BIXME, 2FBEBUSHE RIEERR,

m < prophet(df, changepoint.prior.scale = 8.001) 137 . .

forecast < predict(m, future)
11-

plot(m, forecast)

39 /74



o0,
A Ab

')'
w\

Prophet 3349348 xi

BT ZS% changepoints A] AFBhEERZE s B3l

i
13- .

m < prophet(df, changepoints = c('2614-81-81"'))

11-
forecast < predict(m, future)

plot(m, forecast)

2008 2010 2012 2014 2016
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Prophet 2= 13

HIA 2 B IxX Lo AR Fl,
TEIX N EHENE LA - A3 241 1lower_window F

upper_window , MR R HBII R A — X [H]
[lower_window, upper_window] . BIAIRFFZ2R 00 A

F XU B, Fi%E lower_window=-1,

upper_window=0; NIRAEREEEHAIMAR] AT

B, FLE lower_window=0, upper_window=1,

NHEAGE— N EERE, EPEE THA Peyton
Manning S Bl %€ H HA:

TPERIT B H 30

X R H AT AN R A — N BdEE, HEEw
H CrifiRH holiday MTHEARL ds ) . BHEMELELE AT
AHIMATERE, Joiee D s8R IC 2 Rl £diE
Ho  ANERIX L R H 1A 1A T B EE Fh 4 PA,
Prophet tL23F FH P 52 B8R e AT TR, (B AR SR

¢ 2X\)

playoffs < tibble(
holiday = 'playoff',
ds = as.Date(
c('2008-01-13"', '2009-81-03', '2010-081-16",
'2010-01-24"', '2018-02-07', '2011-01-08',
'2013-01-12"', '2014-01-12', '2014-01-19',
'2014-02-02', '2015-01-11', '2016-01-17",
'2016-01-24", '2016-02-07"')),
lower_window = @,
upper_window = 1
)
superbowls < tibble(
holiday = 'superbowl',
ds = as.Date(
c('2010-02-87', '2014-02-02', '20816-82-87')),
lower_window = @,
upper_window = 1

)
holidays < bind_rows(playoffs, superbowls)

x>

\/
Al

O
~
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Prophet 2= PE A I H .

IR P BATTRE R H BAICSRAE 1 IRZEHT H L
PEAEFR, DAL 1 i@gheny H BRI, X R1E
2R H SRR = AE R EE H HIRIPE T R BRI,

— HIXMEIEERELr 1, BT OB Z A holidays 2

\

RUE AP =5 8 B B E R, IXEBATHIEA
Peyton Manning HJZ#E 9l

m < prophet(df, holidays = holidays)

forecast < predict(m, future)

AlJE forecast ZAEME, RERTERHRMN :

forecast >

it
g
i
it
it
g
i
it
it
g
i

select(ds,

tail(10)

17
18
19
20
21
22
23
24
25
26

ds
2014-02-62
2014-02-03
2015-01-11
2015-01-12
2016-61-17
2016-01-18
2016-01-24
2016-01-25
2016-62-67
2016-02-08

playoff,

_— A A A A a A

superbowl) [>
filter(abs(playoff + superbowl) > 8) >

playoff superbowl

.231255
.896768
.231255
.896768
.231255
.896768
.231255
.896768
.231255
.896768

1

—_, ek, 0O 0O D D™ -

.2081301
464299
.006000
.066000
.066000
.066600
.006000
.066000
.2081301
464299

),
v

\/
Al

O
~
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Prophet Z= 13 AT 1 {5 H UM &

RS, WAEEPTR, Al AE R A . \\J//__J/»\\#ARHHRH\\
B, ATBARHR, FEVRIEFIHINNEA —A 205, mfEmdk £oo

\ \ N 7.0-
Eﬁ El /H\H Hﬁ%@m”%jﬂ HH EL/.O ZOIOS 20'10 20I12 20'14 ZUI‘IG
ds
prophet_plot_components(m, forecast) %Z
0 ) I B B
ﬂ[/){*”)zﬁ plot_forecast_component() @é&é%ﬁ%”%/l\éﬂ o 2008 2010 2012 2014 2016
. ds
RSy, 40 plot_forecast_component(m, forecast,
o A > 02-
'superbowl ") Nl a2 TR H #77o $ ool
= 0.2-
Sun.day Morllday Tueéday Wedn:a-sday Thurlsday Fricliay Salulrday
Day of week
1.0-
> 0.5~
§ 0.0-
> .0.5-
-1.0- ' ' ' ' '
January 01 April 01 July 01 October 01 January 01
Day of year
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Prophet 2= PE A I H .

a] DUFIFH add_country_holidays() 7728 N BRFE m$train.holiday.names
ERMX AR, faEERMXBILER, MER TFH
holidays BRI HSN, XEERMXAEZT H i %H "ﬁlav$ff" )
ey - it "New Year's Day"
Sz TR y
Z%ﬁ{d“bniu*ij:tpo 1ng Jr. Dayn
#t [5] "Washington's Birthday"
m < prophet(holidays = holidays) #tt [7] "Independence Day"
m < add_country_holidays(m, country_name = 'US") # [9] "Columbus Day"
m < fit.prophet(m, df) ## [11] "Veterans Day (Observed)"
#t [13] "Christmas Day"
| . . N P y (Observed)"
FIFH train_holiday_names R DAEEE TSI HIRH ## [15] "Christnas Day (Observed)”
(Observed)"

S 2\
N
/

\/
Al

"superbowl"
"Martin Luther K

"Memorial Day"
"Labor Day"
"Veterans Day"
"Thanksgiving"
"Independence Da

"New Year's Day
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Prophet Z= 13 AT 1 {5 H UM &

fMER RIS B holidays 7R EZIREE, FIAYE \/_/\/\
RRHAFRENICE, FRIEZSP, Prophet (LT bl B

F%E@%{Eﬁa Eﬁ (BR) Y EHEEEE[E (ID) ’ El:l | 20I08 20'10 20I12 20'14 20I16
£ (N) , DREEE (MY) , 8r (VN) , R&E ds

(TH) , JFfE (PH) , LHHE (TU) , EEMHHE %
(PK) , &ho%iE (BD) , Bk (EG) , #H[E (CN) E_?_ L A A O L L I A B A AR
%H{&&m@? (RU) o 2008 2010 2012 " 2014 2016

fER A, 1995 = 2044 FHIT R H BIRARIFE TR data-
raw/generated_holidays.csv X, 0 LAfiA, EZE 2 — | | | | | |
j:m IZ?&%IJ E/‘J_—'ﬁ"fEi El mj%%fmﬁgﬁ}&%gﬁj\ EF' . Sunday Monday Tuesday D\;V;dg:s::;k Thursday Friday Saturday

weekly
S o o
N o M

1.0-
. > 0.5-
forecast < predict(m, future) 5 00-
prophet_plot_components(m, forecast) >-05-
o 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 2= PEAI 19 {1 H 330, £0
R
Z I EZA A — Partial Fourier Sum #47{41THY, B
R REIERIE ., Wikipedia HAYIX K& R T — 1.0-
D Partial Fourier Sum s {0{i& i — ME R B (S
S, Partial Sum IR NEUIRE 721 LHY TR
12, TR ERMESLHFECH 10: e
m < prophet(df) %
= 00-
prophet:::plot_yearly(m)
05-
40- . . . .
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

(>

V
/)

Z R HR) ’
Prophet 2= 1A P 1B H WM. &
WEE FONMERSER, HAFTHFRENUSES
(R B AE FEIUITT DU DA B8, 0% 20 - .

m < prophet(df, yearly.seasonality = 20)
prophet:::plot_yearly(m) 05-
SE DR TR 25 RT DAEZR " M0l & S PR A 2R (18] § ..
Wi, [HEINEATRESEOINE. N ANMEZHTUN A 2 JE |
Wi 2N MR,
_0.5-
40- , : : .
January 01 April 01 July 01 October 01 January O

Day of year
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1 2
Prophet 2= A1 19 1l H . G2
0' >
R
0 AR R R B BEAE P ANELBERA b, Prophet 4B A
LS EFERN T, N T HRASRERBFIISE 20
HZ951, M add_seasonality() 75i%A] AGRHNE Al " 75
éjﬁ‘l\%) 'fﬁ”ﬁﬂ H) ;%&g) /J\Hil‘REE\ éiﬁ'l‘io " 2008 2010 2012 2014 2016
ds
ZREEIZE A AR, AR EARZET 10-
TR, DANRZETPEESI S BROAEOL T, Prophet 2 00°
XTI EON 3, T4 2o
{ESZH 0N 10, a0- | . . .
January 01 April 01 DaJyuI;fD;ear October 01 January 01
m < prophet(weekly.seasonality = FALSE) o10-
m < add_seasonality( > gos.
m, name = 'monthly', period = 38.5, fourier.order g
_ 5) £ 0.00-
m < fit.prophet(m, df) 005- T j i i ;
_Forecast <« predict(m’ _Futur_e) 01/02 01/09 01/16 01/23 01/30

ds
prophet_plot_components(m, forecast)
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Prophet Z= 13 AT 1 {5 H UM &

RO T, F T REBUR T HAR R, Flan: &
BT EE RS —EhHMA 2 FEAR; H
2T PR TR H AR R H AR, XA
MR RT DUR I S R T M EA TR A

LA Peyton Manning a7~ fBll, BROIARIEZETI PRI
AR AE—FE MR, ERITmEREZETMHT
RAERSE (BN EHYEHREE) MAEEFZ AR,
BATIHE AT AR 25 21 MR I BRI E SR 2 AN R Y
2T,

v

V
A

e, FAIAEIRREARIN— ME/RIES], T4
SR ISE o3t 2 Sk

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)

Ria, BOZEHNENEZETTE, FIREfEREFRA
BT TSR, XEREETHIUEHT
condition.name %25 True BY H A,

49 |/ 74



Prophet Z=13 LA 13 { H M. &

PR PSS AT DO I . ATDAEH, 7
9 ST BRI TR, H AR — 2 KR
K, TR 2.

m < prophet(weekly.seasonality=FALSE)
m < add_seasonality(
m, name = 'weekly_on_season', period = 7,
fourier.order = 3, condition.name = 'on_season')
m < add_seasonality(
m, name = 'weekly_off_season', period = 7,
fourier.order = 3, condition.name = 'off_season')
m < fit.prophet(m, df)

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)

A
8.5-
c 8.0-
= 7.5
7.0-
1 1 1 1 1
2008 2010 2012 2014 2016
ds
1.0-
2> 0.5~
T
o 0.0-
05~
-1.0- i 1 i i i
January 01 April 01 July 01 October 01 January 01
c Day of year
o
I}
@
[}
U)l 0.0-
5
|-0.1-
2
=
@ -0.2- i I 1 i I [ I
q;’ Sunday Monday Tuesday Wednesday Thursday Friday Saturday
< Day of week
7} -
S 0.75
wl 0.50
= 0.25-
OI 0.00 -
=2 -0.25-
=
@ -0.50 - ! ! ! ' ' ' !
g Sunday Monday Tuesday Wednesday  Thursday Friday Saturday
Day of week
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Prophet 2= PE A I H .

MR LI ERE RGO EE T, B RESE
holidays.prior.scale F] AVAEE B THY I fE R >~
i, BUMEOS, ZSEUEN 10, XNEE TRDH
EME, B IX S EUE AT DA R H R0,

m < prophet(
df, holidays =
holidays.prior.scale =

holidays,
0.05)

forecast < predict(m, future)

forecast >

it
g
i
it
it
g
i
it
it
g
i

select(ds, playoff, superbowl) >
filter(abs(playoff + superbowl) > 8) >

tail(10)

17
18
19
20
21
22
23
24
25
26

ds
2014-02-62
2014-02-03
2015-01-11
2015-01-12
2016-61-17
2016-01-18
2016-01-24
2016-01-25
2016-62-67
2016-02-08

_— A A A A a A

playoff
.285911
.852532
.205911
.852532
.285911
.852532
.205911
.852532
.285911
.852532

superbowl
.9644850
.9947671
.00000600
.6000000
.6006000
.6006000
.00000600
.6000000
.9644850
.9947671

[eviNaviNaviNeviNaviNav i av e BN av N av]

¢ 2X\)

(>

V

\/
Al

O
~
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Prophet Z= 13 AT 1 {5 H UM &

Iz ATAEEL, Tl H RN A FRREAR, TN T LM%
Ex/ D BEgRm, F— 1S5
seasonality.prior.scale A DAZACUHIIE BAR RN 215
MR RIS TRE,

T EBAEEA I —% prior_scale AJ D& HUH
PR H I E ARSI A, @i
add_seasonality() Al DU FT I ELNEE,
Blan: WESEREET

m < prophet()

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

v

V
A

i add_regressor() 7775 A] DRREERAMN[A] 28 = s 0
BB Ze 50 57, HE SRS BRI A 70 [FINAE LS 2L
PRI PR R A, a0 FATTAT DA — N 2T NFL %%
R HAVEANSN, TELARGER B, XN STE

extra_regressors 1 {ioR:

nfl_sunday < function(ds) {
dates <« as.Date(ds)
month < as.numeric(format(dates, '%m'))
as.numeric(
(weekdays(dates) = "Sunday") &
(month > 8 | month < 2))

}
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Prophet Z=13 LA 13 { H M. &

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)

8
8.5-
2 so0-
7]
= 75-
7.0-
] 1 ] 1 ]
2008 2010 2012 2014 2016
ds
0.4-
= 0.2-
x
8 oo0-
=
0.2 -
1] ] 1 1] 1 1 L]
Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week
1.0-
= 0.5-
©
o 0.0-
-0.5-
-1.0- 1 1 [} i []
g January 01 April 01 July 01 October 01 January 01
= Da
= y of year
E
10.4-
i
) 0.3-
w 0.2-
£ 0.1-
2 00-
ml 2008 2010 2012 2014 2016
2
ay
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Prophet 3fe 11584 2= :

BOMBUL R, Prophet IERRIVARIZE T, Bl
PREZET PRI EE S AR, a0 RoR B — AR
RUZE PEANE T 2 i O O I TR 51 -

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

m < prophet(df) 100

future < make_future_dataframe(m, 508, freq = 'm")

forecast < predict(m, future)
200 -

plot(m, forecast)

1950 1955 1960 1965
ds
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Al

Prophet 3fe 158 2= k:

I R e A B TR TR AT, BRI PEE

THBERKR, EERLEAR N ERXIREFSIF, 1

BRI AME Prophet FTBAERT—FER — MR BUNER 7, 800 -
MEEEEE K, XadRERE T,

¢ 2X\)

Prophet 7] PAEIT 1% & seasonality.mode= 600 -
'multiplicative' FEEIEIEIUZR T PEARA _

400 -

m < prophet(

df, seasonality.mode = 'multiplicative')
forecast < predict(m, future)
plot(m, forecast)

200 -

1950 1955 1960 1965
ds
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7.8
Al Ab

Qv
w\

Prophet 3f€ 1A= 1o :

R PR 3 BV RS A FT 43 e :

600 -

prophet_plot_components(m, forecast)

trend
B
o
[=]

JEIT % E seasonality.mode="multiplicative', &

HR58 thm] DA SR bR, AT 2= i [E] o

9725 St S AR RIS A AR {H AR AT DAL A 1650 1955 1950 1665
HO AR, filan, FHEEREIFIZE T — IR
RIgRERI TR HHEARE T MNEREE T
PER A — M ImER e 32 &

25% -

0% -

yearly

m < prophet(seasonality.mode = 'multiplicative')
m < add_seasonality( 25%
m, 'quarterly', period = 91.25,
: ’ T o J | | |
fourier.order = 87 mode = 'additive ) 00% January 01 April 01 July 01 October 01 January 01
m < add_regressor( Day of year

m, 'regressor', mode = 'additive')
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Prophet F3i 1 [X_[i1]

BUNTEUL R, Prophet ZXITNME yhat & BT X [A],
XTI X [A) O f5 T 77 AL A — e E E AT i
o EHIR, AHEMERET =17 @HHHIA
WEtt, Fr ST IE MR,

PR, ASHE TR R BSRIF R T ASKIE B HI S,

FEZHTNA PRI R P FREI, AT DU S8 A
AHEAESE, Prophet REEIRINIZIFF RS, H
BTG RIRE SR X SR NE? BFIX T
BfE, IR ZR AT sEH I i & FRAYHERT, TR
MEE “ARARFG PR BAMES” . JTLHEZER
2, BAMBRE ARG S BT 2E 53R R AN Pl T
TEI P SR(ER—FERY, B X e A2, FHit
AR o A KA E P X 1]

X & ARE MR TR R A UM IR R TE
PEEE KT (G K Z4%) changepoint.prior.scale Y
H) , WEAFEESBEZ R, FRELE TR
P SR B E R B Z B ER AN THRAY i RIRA]
IWARRMESTARE L B S 0 X (8] A f i
M ERIbRS, TIX EIRYSEE (BRIAMEDN 80% ) A RA
JETIZE interval .width Z2ECk#EH:

m < prophet(df, interval.width = 6.95)

forecast < predict(m, future)

[FIRE,  F T X R T AHEROE ARG SR R4 —
FERVRACATCRFINRRE, X MRS RTREFH A IERE, FTEA
T DX TRD B T A RT RESE 2 HERf
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Prophet F3i 1 [X_[i1]

FRINBULT, Prophet HZsiR [AI#EFAFIULIIE = H
AHENM. AT IREETT AN A HEN, SAHITSE
B DIHHERAE, X n] PUBIL I E meme . samples 4L

(BAOMED 0) RSEHL, A Peyton Manning Z5(48°9
-

m < prophet(df, mcmc.samples = 300)
forecast < predict(m, future)

prophet_plot_components(m, forecast)

XK MCMC KA MAP ff1t, HrlgEFREE K
IR, EARBUR TSR &, RETT5ER
F, MSTEHABRE 2 EH BRI A EM . FIH
m.predictive_samples(future) 772:A] AFASIRIGR) G
S PIIUAE AR o

trend

weekly

yearly

7.8
Al Ab

Qv
w\

40 -

20 -

e e e N

1950 1952 1954 1956 1958 1960 1962 1964
ds

0.4-

0.2-

0.0-

—0.2 -

i N

NS

10-

0.5-

0.0-

_1‘0 -

Sunday Monday Tuesday  Wednesday  Thursday Friday Saturday
Day of week

January 1 March 1 May 1 July 1 September1 Novemberl Januaryl
Day of year
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Prophet 5 &% {EL

S E T @I AT 2020 Prophet FNZESR,  RIH]
BATVEE A Z A IS HY R 16 S 4 R = O BO5 R 2
HOE R AT, (HEAP RS T REETREGE:

df < read_csv(
'data/example_wp_log_R_outliersl.csv')

m < prophet(df)

future < make_future_dataframe(m, periods = 1896)

forecast < predict(m, future)

plot(m, forecast)

B2 5 AT, EMNXEE %, Prophet A]
DARRR G s8R 5 4 H, (AR REE A2l
RAGDL, ASHE TR DAR LR ME BT T AR R A 3

2L,

2010

2012

2014
ds

2016

x>

¢ 2X\)

\/
Al

O
~

2018
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X
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Prophet 5 &% {EL 0

MEFR S HAERIRETT AR BPRAEA], Prophet ZREWS
REBRGRBERR . WRAE DT SR B P R A TRIE N A
(NA) , EEFHINESSEHREEXNEH, A2 ° T
Prophet 2 A X EAEHEA T T,

outliers <« (
as.Date(df$ds) > as.Date('2810-81-81")

& as.Date(df$ds) < as.Date('2011-81-81")) g
df$y[outliers] < NA 6
m < prophet(df) 5-
forecast < predict(m, future)
4 - [ ]
plot(m, forecast) 2008 2010 2012 2014 2016 2018

ds
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o,
A Ab

Qv
x\

Prophet 5 &% {EL

ERIXARBIR, SR SRR T X A R T

(HINVA N EZ R FNEER yhat, HSEPREUIFAEAT

B, NEIXA RSB EAIHETH E E S W2 T

T RIS R - 6 -

df < read_csv(
'data/example_wp_log_R_outliers2.csv')

m < prophet(df)

future < make_future_dataframe(m, periods = 1896)
forecast < predict(m, future)

2008 2010 2012 2014 2016 2018
ds

plot(m, forecast)
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Al

Q;V
x\

Prophet 5 &% {EL

NHEXARBI, AE 2015 F 6 H i —HREEBIS 173
TR, RIRARRBIFE RS2 2] 7 R0, R,
BT HIRROR T T TR R PRIX e S e (L

9.9

10 -

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

df$y[outliers] « NA >

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

plot(m, forecast)

2008 2010 2012 2014 2016 2018
ds
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Prophet I H )R EEZLHH

T ERARE I A N RIEEY ds Z1IR] BALE Prophet
PR H R R TR A, TR B RIS = 9 YYYY-MM-
DD HH:MM:SS, HffAAFHRENSEER, i< H3
BHRENZTH, NERFII—DLA S5 28 E R
Yosemite H1[X & H B IR EHE

40 -

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

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

m, periods = 300, freq = 60 * 608) 0-
fcst < predict(m, future)

plot(m, fcst) May Jun Jul
ds
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¢ 2X\)

Prophet I H )R EEZLHH 3

H R R 2 MR o R RGER 7 E Hh

prophet_plot_components(m, fcst) g% W
10-

X
~

May Jun Jul
ds
1.0-
> 08
S
o 00
=
0.5
Sun Mon Tue Wed Thu Fri Sat Sun
Day of Week
20-
10-
=
®
T -
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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Prophet I H )R EEZLHH

i BRI EIESE R 0 = 6 B RWLITIE :

df2 <« df P>
mutate(ds = as.POSIXct(ds, tz = "GMT")) >
filter(as.numeric(format(ds, "%H")) < 6)

m < prophet(df2)

future < make_future_dataframe(
m, periods = 300, freq = 60 * 608)
fcst < predict(m, future)

plot(m, fcst)

PMRER PR ZE,  ARRAVIRENE L LB RS
%, IXBERREUE AR — KBy 8dE (0 I
E6l) RUEG—EXR, FIEHRERNETENT—XK
HRIR R B BOR AR BAR G R A TR,

50-

-50 -

¢ 2X\)

X

\/
Al

N
~

Mlay

Jun

ds

Jul
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Prophet I H )R EEZLHH

RN 75 02 OO B B S B8 O A R] 78 34 T i
A FR BT 7 B AR5 P A R L PRI 1E 0 B 22 6 I

future2 <« future >
filter(as.numeric(format(ds, "%H")) < 6)

fcst < predict(m, future2)

plot(m, fcst)

X EA R [ o L At B & R A S U], 3l
GRARDIRBHEE S TIEH, A2 HiEEE R 22
WETEH, EARZEEEARX BRARE TR ST,

60 -

40-

> 20-

-20-

v

V
A

v
o

\/
Al

May Jun Ju
ds
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1Q,p'
x\

Prophet I H )R EEZLHH

A Prophet AT DAUE H REEE, (HR2MRMAETH
RIEEHRRIEAITINA RS R EdE, T2 %
HIZER, N SEE T AHE R EERNRK 10

¢ 2X\)

8e+05 -
FERE L
df < read.csv('data/example_retail_sales.csv') 6e+05 -
m < prophet( =
df, seasonality.mode = 'multiplicative') 4e+05 -
future < make_future_dataframe(m, periods = 3652)
fcst < predict(m, future) 26+05 -
plot(m, fcst) 2000 2010 2020

ds
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Prophet I H )R EEZLHH

X5 _EmEARE -, BREHHEMURRE, 20
BEREFTHN, BXEE T8N HRATESdE,
AR HHRZE TR R R ARIRG S PIER. 1@id MCMC
A] DAERERYE 21 F 1 AR B A e

m < prophet(
df, seasonality.mode = 'multiplicative',
mcmc.samples = 360)

fcst < predict(m, future)

prophet_plot_components(m, fcst)

o
c
[
st

s}

700000 -

600000 -

400000 -

300000 -

200000 -

1992

January 1

1996

March 1

2000

2004

May 1

7.8
Al A"

‘;r
:Ir

2008 2012 2016 2020 2024 2028

ds

Ju&l
Day of year

September 1 November1 Januaryl
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Prophet I H )R EEZLHH

EEEEENSNHY), FEHEEEEIAE N,
HEARENGERTTZE, EFIH Prophet & H R EEL
B, B E make_future_dataframe() #AY freq 7]
PAHAT A R R 7 -
future < make_future_dataframe(
m, periods = 128, freq = 'month')
fcst < predict(m, future)

plot(m, fcst)

8e+05 -

6e+05 -

4e+05 -

2e+05 -

2000

2010
ds

2020

¢ 2X\)

x>

\/
Al

O
~
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Prophet P HE P

Prophet 24t 1 I Al Fp 41|22 XA S I DIRE, FH TR
SHEHER R PANIRZE, XIS LT S B s R
e RERZERRRY, X TR E R A 2 BTHY BE R A
AR, ZJEn] DR I ER HSHER A TR, GIEIE
s T = Peyton Manning AR SR fil, HrpsAy
A P SR BARRIITAR 5 EHATRLE, HN ZJGH—FiE
177 F,

FMIAH cross_validation() BRELR] DAX — & 70 AT %K

18 B e T2 X An S, I +E E P s [a] v
(horizon) , ZRIGHEEFILEIZRIS 1E]YE R AR/
(initial) AIEIEHBIZATHINREIERE (period) o

BONTEOL T, RGN RIVE B A T TRV LY 3
&, BUE KRR E A — 1,

13

12

11

10

Initial Cutoff

-
Horizon

2008 2009 2010 2011 2012 2013 014 2015 2016
&
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Prophet P HE P

cross_validation() BY%mH 455 0 — MNME ML
HHAFI#UE S H SRS ESHE y FE yhat AYZHR
HE, XIT cutoff fl cutoff + horizon Z[RIAYEEXLM

AT, SAJ5 ] AR M EEERE T & y #1 yhat
ZEIIR 2,

T HE YA XA T 365 K70 A B TIINRER,
HAHE— MR s Z A 730 REAEHATIIZ, KRG
180 RiFHAT— IR, 7EIXA 8 FEHIN TR F A, +H
HBF—HAG 11 RFa,

df.cv < cross_validation(
m, initial = 730, period = 180,
horizon = 365, units = 'days')

head(df.cv)

it y ds
cutoff

# 1 192319 1994-03-01
1994-82-21

#t 2 189569 1994-64-01
1994-082-21

# 3 194927 1994-05-01
1994-82-21

# 4 197946 1994-66-01
1994-082-21

## 5 193365 1994-67-01
1994-682-21

#t 6 262388 1994-068-01
1994-082-21

£ R W units R as.difftime FTEEZHY

0,
A Ab

'v
.

yhat yhat_lower yhat_upper

194501.6

195944 .8

2082662.9

284602.7

289871.7

212530.1

194193.8

194660.7

199952.3

208213.6

203524 .2

203860.8

194847.6

197177.3

2085186.9

208463.4

215559.7

228119.8

KA,
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). 3
) Ah ‘ , qr <}
mp e Hlﬁ (o<1
R
performance_metrics() BEEA] DAt head(df.p)
A—SHHNINERES T &, BE
BIiRZE (MSE) |, ¥ RIRE ##  horizon mse rmse mae mape mdape smape
IS ## 1 38 days 133486172 11553.62 8381.781 0.82489319 8.81927167 8.82501512
(RMSE) , Trﬁj?@mf\% . # 2 39 days 139850416 11825.84 8544.227 8.82534888 0.81927167 8.02548938
(MAE) , ~PFEI4E% |0 iRz ## 3 40 days 142064216 11919.87 8678.873 8.82590226 0.02121641 8.82685837
(MAPE) DA yhat_lower Fl Bt 4 42 days 141766289 11986.56 8640.661 8.82575818 8.81927167 8.82591151
GEELEREL XteE g 5 43 days 148277981 12176.94 8853.447 8.02648596 8.82121641 8.82667632
yhat_upper MURTLIEEL JXERAEDEIE 00 0 40456802 11935.49 8519.593 082570994 0.81927167 8.82587455

E df.cv J:*U%(’%’ij]ﬁ Dﬂ‘ﬁﬁﬁ", i coverage

HINBN N MEshE O 10% # 1 0.3653846
BTN, JEIS rolling_window gy B# 2/8.3461538
sy A ## 3 8.3269231
AP ZIXMES # 4 8.3269231

## 5 0.3265128
df.p < performance_metrics(df.cv) ## 6 0.3461538
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Prophet P HE P

28 AGK I RESE AR AT LAE T
plot_cross_validation_metric() M4Tnlfifk, T~HEHY

R, B/ EFROR df . ov R IR 40 5 57 bR 0.20-
7%, BEORZN MAPE, HEZHHEShE DRI R
FIEITTESEZE], MWHRIDIEH, RE—HBIRZE 0.15-
£ 5% KA, M—FERESEME] 11% £, o
S 010
plot_cross_validation_metric( =
df.cv, metric = 'mape') 0.05-
YN rolling_window FM{ESSLE LB N, #)4h 000-

VE R N2 e W5 K DAPR U B R P B L AR o, JUH
B TEMEIMNY AR, NTERTERDE —F
ROEHE, X TRZETER DA —EESEE, F95,

),
)\

\/
Al

W

100 200 300
Horizon (days)

73 | 74



AT
[@osle

AAE TS A CCBY-NC-SA 4.0 Z4X

AT © JEI5E

M


https://github.com/leovan/data-science-introduction-with-r/blob/main/LICENSE
https://leovan.me/

