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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;
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ST Z 70 IR (M0

AR, d NEZ O RR R
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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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« ARMA BRI BAH SR SR EOHMim AH 5 2R 202 12

J5i

A ACF #1 PACF ER#E EA#E 1 FOA M ARMA A
75 IR0 R RATR .
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ARIMA iU

import statsmodels.api as sm
import matplotlib.pyplot as plt

from scipy import stats
from statsmodels.graphics.tsaplots import plot_predict
from statsmodels.graphics.api import qgplot

dta = sm.datasets.sunspots.load_pandas().data
sm.datasets.sunspots.NOTE

Number of Observations - 389 (Annual 1760 - 2008)

Number of Variables - 1
Variable name definitions::

SUNACTIVITY - Number of sunspots for each year

The data file contains a 'YEAR' variable that is not re
turned by load.

dta.index = pd.Index(
sm.tsa.datetools.dates_from_range('1760', '20608'))
del dta["YEAR"]

dta.plot()

- SUNACTIVITY
175 “

* h | I Y

5 ﬂ

1720 1770 1820 1870 1920 1970
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ARMA 15l

sm.graphics.tsa.plot_acf( sm.graphics.tsa.plot_pacf(
dta.values.squeeze(), lags=408) dta, lags=40)
Autocorrelation Partial Autocorrelation

1.00 v 1.00 -

0.75 ! 0.75 !

0.50 R olle . 0.50

Ll |

0.00 ’l ll Il lf fl llr Ill l' 0.00 17.[“ 'llll'.r'l"lrrl .fi"
SOEOEOME oIT -
-0.50 ! -0.50
-0.75 -0.75 ’
-1.00 -1.00
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arma_mod20 = sm.tsa.ARIMA(dta, order=(2,0,0)).fit()
arma_mod20@.params

const 49.746198
ar.L1 1.390633
ar.L2 -0.688573

sigmaZ 2714.727182
dtype: floato64

arma_mod30 = sm.tsa.ARIMA(dta, order=(3,0,0)).fit()
arma_mod3@.params

const 49.751912
ar.L1 1.300818
ar.L? -0.508102
ar.L3 -0.129644

sigma?2 270.101140
dtype: float64

(arma_mod28.aic, arma_mod20.bic, arma_mod28.hgic)

(2622.637093381597, 2637.5704584891877, 2628.6074811468
43)

(arma_mod38.aic, arma_mod30.bic, arma_mod38.hgic)

(2619.48362924567, 2638.8703356301588, 2626.86661485222
73)

sm.stats.durbin_watson(arma_mod30.resid.values)

1.9564953613365084

stats.normaltest(arma_mod30.resid)

NormaltestResult(statistic=49.843932181367734, pvalue=1
.50150799372108756e-11)

18
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arma_mod38.resid.plot()

1720 1770 1820

1870

1920

1970

%
@
ggplot(arma_mod30.resid, line='q', fit=True)
° @
4
3

Sample Quantiles

-2 -1 0 1 2
Theoretical Quantiles
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sm.graphics.tsa.plot_acf( sm.graphics.tsa.plot_pacf(
arma_mod30.resid.values.squeeze(), lags=40) arma_mod30.resid, lags=40)
—_— Autocorrelation oo Partial Autocorrelation
0.75 0.75
0.50 0.50
0.25 0.25
000 .f_ITT?_II‘I"17f‘f_TTTL.1 f.,,r...lii,, )00 "'ITr"I‘II'*l"l'll'T'I'I""'""""
-0.25 -0.25
-0.50 -0.50
-0.75 -0.75
-1.00 -1.00
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predict_sunspots = arma_mod30.predict(
'1998', '2012', dynamic=True)
predict_sunspots.head(6)

1996-12-31 167.048337
1991-12-31 140.995022
1992-12-31 94.862115
1993-12-31 46.864439
1994-12-31 11.246106
1995-12-31 -4.718265
Freq: YE-DEC, Name: predicted_mean, dtype: floatb4

def mean_forecast_err(y, yhat):
return y.sub(yhat).mean()

mean_forecast_err(dta.SUNACTIVITY, predict_sunspots)

5.63483295981619

dta.loc['1950"':].plot()
plot_predict(arma_mod30,
'1998', '20812', dynamic=True, plot_insample=False)

200
150

100

50

— SUNACTIVITY
gl U — forecast
95% confidence interval
1950 1960 1970 1980 1990 2000 2010
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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. -



BB &

import pandas as pd stl = STL(elec_equip, seasonal=13)
import seaborn as sns stl.fit().plot()
import matplotlib.pyplot as plt

Observed
from statsmodels.datasets import elec_equip as ds 195
from statsmodels.tsa.seasonal import STL 100

elec_equip = ds.load().data

Flec-eauip.deseribel £ EZ /\/\/v
STS.M.I7.W.TOVT.NS@@16.4.600 "

count 257.000000

mean 100.574591 § ,

std 15.698298 %

min 65.150000 -20

25% 90.260000

H0% 100.9906000

15% 111.550000

maX 13414@@@@ 1996 2000 2004 2008 2012 2016

24
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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 AJYAZERITM: 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
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https://mc-stan.org/
https://facebook.github.io/prophet/

Prophet Al']

Prophet {#/H sklearn iy API, fE8I& Prophet L4 )5 R] LA

import pandas as pd

VAL fit K predict 7774, from prophet import Prophet
Prophet E’J?ﬁ‘ﬁ)\ﬁ@@ﬁﬁ”@@@ (dS ﬂl y) H@?&Eﬁ%@o HH df = pd.read_csv(
ds (datestamp) N pandas FIfEZHIEIEGT, HEFN 'data/example_wp_log_peyton_manning.csv')
T HEARS 0 YYYy-mM-pD,  H AR [RIAE TR YYYY-MM-DD df .head()
HH:MM:SS, vy FIRAITUNBUERE FRRFAT TP 75 2 F il Yy ds y
{H B 2007-12-18 9.590761
1 26067-12-11 8.519590
FA 1A Wikipedia H! Peyton Manning DTN T AIIE] 2 2007-12-12  8.183677
A0SR A Prophet BYRE S IIRE, 3 2087-12-13 8.072467
4 2007-12-14 7.893572

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


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

Prophet Al']

JE IS S5

. Prophet XS F4E

e No A

] fit FTEH

= Prophet()

m.fit(df)

f A

FE A

SR

)3)?7@“ ZARAES
(RES=F

<prophet.forecaster.Prophet at 8x13/daf8cB>

SEBIE IS

M, =B — AR
Prophet.make_future_dataframe . H KZEA] DAFYEE—

HYELE AR K H HHRYZIEAE -

future = m.make_future_dataframe(periods=365)

future.tail()

ds
3265 2017-681-15
3266 2017-681-16
3267 2017-61-17
3268 2017-081-18
3269 2017-681-19

= ds HIRIEEENE, I
NEIE

28



Prophet Al']

predict JTVAZ R FUMME PRFAELGENERY yhat F1JA,

forecast = m.predict(future)

forecast[[

'ds', 'yhat', 'yhat_lower', 'yhat_upper']].tail()

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

yhat vyhat_lower

8.208400
8.533418
8.320838
8.153458
8.165398

1.4606380
1.791344
7.5725838
1.457548
1.367720

yhat_upper

8.920662
9.275319
9.098316
8.898186
8.932301

Al

] Prophet.plot A DA Fil&5 5

S TR AL

m.plot(forecast)

13
12
11 . . . of

10

2008 2009 2010 2011 2012
ds

2013 2014 2015 2016 2017
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HI A Prophet.plot_components 77 72%A] DA = MAE A ZH RER

AN
JJo

PONENL ML EEs, F20, BRI, SRS
TERERNES, BRI

m.plot_components(forecast)

0.2

weekly

0.0

-1.0

2008

Sunday

January 1

2009 2010

Monday

March 1

2011

Tuesday

May 1

’P ‘
8D
A>'4£
2012 2013 2014 2015 2016 2017
ds
Wednesday Thursday Friday Saturday
Day of week
July 1 September 1 November 1 January 1

Day of year
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Prophet Tt {3 1< &

BRI UL T Prophet FIFIRIEBTUMETHI. EFIME  4e[cap'] - 8.5
i, BRI E—ANEAANAEIN A, Bl AR
B, NDREGS, BMRHOVREGE)], WALERIIEIR e gy RN BOERE R S — (T HRR B cap, I HLA

N

RIS EEA, e MR, WARMIMEE KIS, A2 cap A] ELY—1
AR,

Prophet {8 H I 45 € A& EHE JJHY Logistic Growth Trend 4
AT, DA Wikipedia - R ing |
iiﬁ]\v\ {\}J :/é : 1.pe 1a (programming language) m = Prophet(growth="'logistic")

df = pd.read_csv('data/example_wp_log_R.csv"') <prophet.forecaster.Prophet at 8x137993b96>

JEIL cap AlIHEE K EHE

31


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

Prophet T34 K

KLz, HANFEQE—TH TN EHERE, PRtz

ANBATIE TR BTG E — DR EEE T, ’
FEIXE ) AR AZGRE & E R REAMEE], FFmmioR

K 5 FEHIEER °
future = m.make_future_dataframe(periods=1826) ,
future['cap'] = 8.5

fcst = m.predict(future) 5

fig = m.plot(fcst)

2009 2011 2013 2015 2017 2019 2021
ds
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Prophet T34 K

Logistic Growth 57 [F] I r] DAACFE TR TEATBY B/ IME,  T&

T MR 77 SR A K — e R A A NN R Iy pam—
df['y'] = 10 - df['y'] :

df['cap'] = 6

df[ 'floor'] =

future['cap'] = 6
future[ 'floor'] =

= Prophet(growth="'logistic"')
m.fit(df)

fcst = m.predict(future)
fig = m.plot(fcst)

2009 2011 2013 2015 2017 2019 2021
ds
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Prophet 4 34 5848 i

MZETHRBIAa] DURIR, - SN RIS R] e 21 =L Fr s
HARE, NSO, Prophet & Hal Xt 584E
R, T BEIE AR, RN E BN A T —
Eofajidt, Bian: Prophet /NG | — PN IE R AL
s X P EREE BB EL ISR, HENEH
VARSI AR HCE iy B Ts,  w] PAEERT NI 28 LAY 75
%o

Prophet B/l E REIEERYRE R (RHERREE)
TR B
(S (]~

[EEA

Z[x I Prophet 1£ 5
ZENWIER RN, HRASRARE DS

ZJExt

- L1 1

M), 5

(HOBEE AR B
217 LR
e,
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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 &3 %} 7% £

BTE AR YA E ] LB IS 52 B n_changepoints ZECKTE

I R A A
€, Hid 02 AR E NI RER BB 1k, TRl
S db
from prophet.plot import add_changepoints_to_plot i i TR AR
| S L S S
: TR IR L
df = pd.read_csv( RIS TEY T l'{r’ .
'data/example_wp_log_peyton_manning.csv') | E | 4. ufﬂi_. N if_' 3 I
o BB o
m = Prophet() o " E . *! i . '”1 .
m. Fit(df) Y Bt g s
) Ly | . : "
fig = m.plot(forecast) , : :: ii' :: i i i
add_changepoints_to_plot(fig.gca(), m, forecast) A AR T
A T R T
. . . NS S . I I 11 [ 1
AONEOL N, AHERTRIFFSIRTET 80% MEWTRAE A, DAEH 1P
JEBHY 2 (B SR PN EE - e e E N R AR L&, BR 5 L L It B I
iA{EEj(%%‘Q’[‘%}RTEE * E]’(], ;\[Eﬁ Changepoj_nt_range ﬂ 2008 2009 2010 2011 2012d82013 2014 2015 2016 2017

DO AT IR E,
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PREHTHEES I TRE) BRPE (RIEEA

%), BILUEISE changepoint_prior_scale SEUAZEMICL

PR, BOANBM N, SEUEN 0.05, HEINXME= S 12
PSS EIM A

13

11

m = Prophet(changepoint_prior_scale=0.5) 10
forecast = m.fit(df)

future = m.make_future_dataframe(periods=365)
result = m.predict(future)

fig = m.plot(result)

2008

2009

2010

2011

2012

ds

2013

2014

2015

2016

2017
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Prophet

WX, 2

)
dr
>\+<‘>Pl

[ERZEI

= Prophet(changepoint_prior_scale=08.001)
forecast = m.fit(df).predict(future)

fig = m.plot(forecast)

ARG MR,

13

12

11

10

§ 2\

\/

2008

2009

2010

2011

2012

ds

2013

2014

2015

2016

2017

V
/)

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

m = Prophet(changepoints=["'2014-01-01"'])
forecast = m.fit(df).predict(future)

fig = m.plot(forecast)

12

11

10

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds
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Prophet Z=1 LI 1 1 H 3.

AR

QR 2
EORER(E
XEET R E A

A P R G

1%

e ULP ST

eI MR
AT 5 F O T R AR — 1
PR AE %

upper_window ,

[lower_window, upper_window] ., MBI~
W7 B BRI E lower_window=-1,

, T

XHTER

hiti b

EXT B8

4= 37
_l_

LRI
ST ZE

AT BN T A B — T REEE, H
holiday FH HHHEL ds ), EHBHEL ]
I T B R A, anER
TH{ERH, Prophet L
A AE AR SR H A= A

T

21| Tower_window AL

MR R EIA TR R Eé‘, LI E

lower_window=8, upper_window=1,

L ENE, HAEE A Peyton
Manning Z/JIid )28 H 1A -

NHEEATEE

AN

upper_window=0; Y15

= MA

= A

< =

X [A]

=5]

playoffs = pd.DataFrame({

'holiday': 'playoff',

'ds': pd.to_datetime([
'2008-01-13"', '26009-01-083',
12010-81-24", '2018-82-87",
12013-81-12", '2014-81-12",
12014-82-82", '2015-81-11",

'2010-81-16"
'2011-01-08"
'2014-81-19"
'2016-81-17",

'2016-01-24", '2016-62-07']),

'lower_window': @,
'upper_window': 1})

superbowls = pd.DataFrame({
'holiday': 'superbowl',
'ds': pd.to_datetime([

'2010-02-07"', '2014-02-02',

'lower_window': @,
'upper_window': 1})

12016-02-87'1),

holidays = pd.concat((playoffs, superbowls))

§ 28
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Prophet Z= 15 PEFN Y5 I H 300,

J:;\llkﬁﬁg\m%iﬂ‘ﬂ%ﬁﬁ?&@m B,H‘H?,E%f?y%%maﬂﬂﬁﬁ forecast[(forecast['playoff'] + forecast['superbowl']
NEF, ICSRIE 7 admi g H HIZEENE A, X =18 iE ).abs() > B8][['ds', 'playoff', 'superbowl']][-18:]
i H BA RO, =1 R 28 H HHIEH R 2RI,

ds playoff superbowl

B 2922 2816-02-07
A @IS forecast ZUIBHE, RERTTERHERN 2923 2016-82-08

219131 1.221194
908490  1.474741

— EXANEARME QLT 7, shal DUEI S N holidays S5k 2196 2014-62-62 1.219131 1.221194
(EHAE TIN5 8 L T B R, X FARATT) A Peyton c171 2014702705 1,798 147474
Manning R B 2532 2015-61-11 1.219131 0.060000
2533 20615-61-12 1.9068496 0.000000
2901 20816-61-17 1.219131 0.060000
= Prophet(holidays=holidays) 2982 2016-01-18 1.908498  ©.000000
2908 2016-61-24 1.219131 0.000000
forecast = m.fit(df).pFEdiCt(fUtUFE) 2009 2016-01-25 1.9688490 0.000000
1
1




Prophet Z= 1

TELL RS e

[5]

~

iN|

PER R H RN

7] PAFE 2 i H RN,
A& 2 tad H HA

, WHEEITR,
DUREN, 1E 9%% HHAMA — 12708,
%@ﬂ”%ﬁﬁﬂﬂl&o

7

fig = m.plot_components(forecast)

Al DAA]
@Wﬁﬂ’plot forecast_component(m, forecast,

J plot_forecast_component BX|

2l jE8 2R 1R H R o7

PRIE =l 2 N B o7
'superbowl') 1X

V
/)

§ 2\

\/

trend

o~ ,/“\uﬂxhxhhxh

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds

0.25
>
3 000
¢ 0
=

-0.25 ‘HHH\““HHH~

holidays
M

o

Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week
1
=
@ 0
2
-1
January 1 March 1 May 1 July 1 September 1 November 1 January 1
Day of year

A
Y
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Prophet Z=1 LI 1 1 H 3.

AT AR

] add_country_holidays J7i%&f% F N B RV E E 5 H
XHITRH. faEEZMmX B8R, WER T HIH holidays

ERTEREIN, XEEZMIX A EE2 S E |

UL

m = Prophet(holidays=holidays)
m.add_country_holidays(country_name='US")
m.fit(df)

<prophet.forecaster.Prophet at 8x1383bf330>

Al

] train_holiday_names A] CAZEH P

A EHY TR

m.train_holiday_names

0O~ O~ O N WO DN O

O

10
11
12
13
14
15

playoff

superbowl

New Year's Day

Memorial Day

Independence Day

Labor Day

Veterans Day

Thanksgiving Day

Christmas Day

Christmas Day (observed)
Martin Luther King Jr. Day
Washington's Birthday
Columbus Day

Veterans Day (observed)
Independence Day (observed)
New Year's Day (observed)

dtype: object
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Prophet Z= 1

d\

5 E

N HAAFRIE DLIX E
PR H :
L3R Pg )
(PH),
(BD),

1£ 1

\

Python H
_EHE%ﬁ

SORIENES

R R IRAE A AT o0 &

ZHH T RH

. (MY),

R (EG),

zl-bb

| &

| = Ho

Wl %

PER R H RN

holidays ¥ &t
PRI Z AP, Prophet ﬁ:i‘mf TEARER
 (ID), EPE (IN),

(TH),
R (PK), &A0hiE
(CN) #HZH (RU),

, Kb mikHEr ettt 5y, Rtk
CHEfE 7 —EE
E[ 54t

e (BR), EE)
W (VN), %
+HH (TU),

b [E

, AR

1

1 EFnid

H

forecast = m.predict(future)

fig =

m.plot_components(forecast)

[E P T

x

\

Ol FR AL,

ol

trend
oo

AT FH A

SIS =

FHIIX S FF

X 2 BT R H

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds
®
2
2o
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds
0.25
>
% 0.00
2 :
=
-0.25
Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week
1
=
@ 0
2
-1
January 1 March 1 May 1 July 1 September 1 November 1 January 1
Day of year
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https://github.com/dr-prodigy/python-holidays

V
/)

728
A
Y

Prophet Z= 15 PEFN Y5 I H 300,

2N — Partial Fourier Sum {74110, EIAR
HHREEEIFENIR S, Wikipedia HHHYX 5K E# A 7 —1 o
Partial Fourier Sum s2dMii&ir — ™MEERE G S
1), Partial Sum I NEOUE T2 HEZR P E, 4
FEZT BRI 800 10:

LH

0.75

0.50

from prophet.plot import plot_yearly 0.25

yearly

m = Prophet().fit(df)
plot_yearly(m)

QD
I

-0.25

-0.50

-0.75

-1.00
January 1 March 1 May 1 July 1 September 1 November 1  January 1
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] A U A ] DA X N2 EUE, SN2 20 K

from prophet.plot import plot_yearly

m = Prophet(yearly_seasonality=20).fit(df)
a = plot_yearly(m)

HEIMEAZ T N E0AT PAEZR PRl SE PRy 2R A A 1A,
(BIFINE AT REFEOI NS N DMESZH-TION b 21 J&] 3 2

2N R

_I_LO

g‘l-t
M3

1.0

0.5

yearly

0.0

-1.0

January 1

March 1

May 1

July 1
Day of year

September 1 November 1

January 1
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Prophet Z=1 LI 1 1 H 3.

GRS R F A AR EHACA L, Prophet KF=ENATUS
ERIERIZ ST, X HUFR BN A 24 A B
M. K add_seasonality 7715 F] CATSINELMBZ= 51, f]
an: H, =R, /P RERZETE

ZERBIZE R 0 SRR, CAR VAR ZE

JEIHA, PARZFETIEESIM 2. BRANEOL R, Prophet X7
JEIZ= T A AN - 8 3, N TR M N H Y
BN 10,

m = Prophet(weekly_seasonality=False)
m.add_seasonality(

name='monthly', period=38.5, fourier_order=5)
forecast = m.fit(df).predict(future)
fig = m.plot_components(forecast)

weekly
-]
o

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds
Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week
January 1 March 1 May 1 July 1 September 1 November 1 January 1
Day of year
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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

TR

AT AR

CA Peyton Manning %53

CAEHFIRE HEZARIRY, XA Z

1T I TE

Y8

BB, BOARYEZE T PR ]

MR AE—Er R AR, (BB R 2

F5HZ (4

A DAA]
s

A HIA EEEE) FEHEZERE A

TR

IRPMARR S A

A, BT

H 2

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

def is_nfl_season(ds):

date = pd.to_datetime(ds)
return (date.month > 8 or date.month < 2)

df['on_season'] = df['ds'].apply(is_nfl_season)
df['off_season'] = ~df['ds'].apply(is_nfl_season)

Nia, TATZERHNEREZTE, FAHERESIRIRAE
I TR, XEWEZETHAOEH T condition_name
F8 True BV H HA,
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§ 28
/=y
A/
Y

Prophet 2= AT 1 i H 33U :

PN DU RS I R, AT AR, 1669 )
ROEBETHRGRS, AOMA—2ERRIGHE, T 0~ //A\\f«\\\\\\ﬁ
FEA BB S 2

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds

= Prophet(weekly_seasonality=False).add_seasonality( to
name='weekly_on_season', period=/, fourier_order=3, gjj
condition_name="'on_season').add_seasonality( 0
name=lweek1y_0ff_season ! 9 periOd=7, e Januar y 1 March 1 May 1 5 Ju\yf‘l September 1 November 1 Januar y 1
ay of year
fourier_order=3, condition_name='off_season') ) .
S o0 ////////
L—I
future[ 'on_season'] = future['ds'].apply( >l o1
is_nfl_season) ® 02 |
Sunday Monday Tuesday Wednesday Thursday Friday Saturday
future[ 'off_season'] = ~future['ds'].apply( Day ofweek
is_nfl_season) 3 o5
forecast = m.fit(df).predict(future) 5 00
fig = m.plot_components(forecast) ¢ T
7 Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week
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Prophet Z=1 LI 1 1 H 3.

AR ERHIN AL EE T, BHRESE
holidays_prior_scale AJ CAVAZE A THY e u e R &
e, BNEOLR, ZZ8UEN 10, XANEZ TIR/DRYIEN]
ft, D IXDZEUE ] AT R H RO,

m = Prophet(
holidays=holidays, holidays_prior_scale=0.85)
m.fit(df)

<prophet.forecaster.Prophet at 8x138del1ab6>

forecast = m.predict(future)

forecast[(forecast[ 'playoff'] + forecast['superbowl']
).abs() > B][['ds', 'playoff', 'superbowl']][-10:]

2196
2191
2532
2933
2901
2902
2908
2909
2922
2923

ds
2014-02-02
2014-02-03
2015-01-11
2015-01-12
2016-01-17
2016-01-18
2016-01-24
2016-01-25
2016-02-07
2016-02-08

—_— ) ) ) ) L L

0.
.992116
.000000
.000000
.000000
.000000
.000000
.000000
.965417
992110

O 0O 0O 0O 0000000 oo

playoff superbowl
.209303
.856933
.209303
.856933
.209303
.856933
.209303
.856933
.209303
.856933

965417
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Prophet 2= A1 H 3™,

Mz aifEEE, FERBERN AR, TR T EE
/DI, I — N34 seasonality_prior_scale AJ DA

\_I

RACHE A AR 27 M R BRI S R

I EZGEAE I I — 4] prior scale ] IYEEE
1EXEIIRETHE/J%&W*E 184 add_seasonality H
NETHERESCRAEE, flan: REBENZETE:

m = Prophet()

m.add_seasonality(
name="'weekly', period=7,
fourier_order=3, prior_scale=0.1)

AT
AN

(EE

add_regressor J7{AA] DLRFERSMHY
HIZRIERR 7, AR AN BRI 270 R IN AR LS 280
- NFL 28258 5 9%

LR W'JQD: BATR] AN — 1ok

ANV, FEHRER T B, XN B2

extra_regressors i N

def nfl_sunday(ds):

date = pd.to_datetime(ds)
if date.weekday() = 6 and \

(date.month > 8 or date.month < 2):

return 1
else:
return 6

R % =yl 1 Eell Rt
5 A T




Prophet Z= 1

PER R H RN

df[ 'nfl_sunday'] = df['ds'].apply(nfl_sunday)
= Prophet()

m.add_regressor('nfl_sunday')

m.fit(df)

future[ 'nfl_sunday']
forecast =

fig =

= future['ds'].apply(nfl_sunday)
m.predict(future)

m.plot_components(forecast)

8.5

5 80

7.5

7.0

0.4

0.2

weekly

0.0

-0.2

1.0

0.5

rly

0.0

-0.5

0.4

additive

1 0.3

0.2

10.1

0.0

2008

2009

2008

2009

2010

2011

May 1

2012 2013 2014 2015 2016
ds
Wednesday Thursday Friday
Day of week
July 1 September 1 November 1
Day of yea

V
/)

§ 2\

\/

2017

Saturday

aaaaa

2010

2011

2012

2013

2014

2015

2016

2017

A
7
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Q)
ViV
\\av/A
Ve

Prophet e A2 1% :

BT, Prophet IIATKRAIEAF L, s
M ANERE SR, 41 R Eh — M 1 o~ /\\
ARSI S A A BRI 151 ?

trend

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds

df = pd.read_csv( 0.25
'data/example_air_passengers.csv') > Oho ’//////HHEHH“““ﬁuhﬁ_
)
® 025 \

= Prophet() Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week

m.fit(df)

1
future = m.make_future_dataframe(58, freq='MS') E ’ //F\\\H,a\\/,ﬁ\h_Hh###f,r—///ﬁ\_#ﬁhdfﬁhuj
forecast = m.predict(future) -1

January 1 March 1 May 1 July 1 September INovember 1 January 1
Day of year

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

fig = m.plot(forecast)

extra_regressors_additive
o o
o )
o o
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Prophet e {20 Z= 15 1k

VS R P ) EL ST PP, (LTI o 28 5
WK, TEEERAA/ N, TEXAMIEFSI, 2505
4% Prophet FTRHHII—FER—MEBOIER T, Ti/Lhs
BRI, XTI,

Tl

b b

Prophet A] DU % & seasonality_mode= 'multiplicative’
R Fet e TR TR 2 AR Y

= Prophet(seasonality_mode='multiplicative')
m.fit(df)
forecast = m.predict(future)
fig = m.plot(forecast)

V
/)

728
A
Y

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds

~0.25 \

Sunday Monday  Tuesday Wednesday Thursday Friday Saturday

Day of week

1
=
@ 0
2
O -1
> January 1 March 1 May 1 July 1 September INovember 1 January 1
5 Day of
g y of year
ml
&
S 025
w
o
3 0.00
;| 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
&

54



Prophet e A2 1%

Z= MR AEAH R o0 [ AR R B A A I B o L

fig = m.plot_components(forecast)

B %2 B seasonality_mode='multiplicative', {iHZXXN

U] DRBDATRIEBI, (LRI e
SRR, (L3R DARARfE A E
SO, I, RERGIF R T — AN
FERU, EEEIE T — MR T
ETIEIER

AN

m = Prophet(seasonality_mode='multiplicative')
m.add_seasonality(
'quarterly', period=91.25,
fourier_order=8, mode='additive')
m.add_regressor('regressor', mode='additive')

-5 B
CLARI]
S
Fi— /M

trend
oo

2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
ds
>, 025
%
o 0.00
g \
-0.25
Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week
1
=
T 0
2
-1
) January 1 March 1 May 1 July 1 September 1 November 1 January 1
2 Day of year
©
©
© 04
<
O
$ 02
o
o
EI 0.0
© 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017
x ds
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Prophet Fuiill[X_[i1]

FRNEL R, Prophet X TMHE yhat IR [AIFUX [E], X

B FRMX I 1 7 2

FEFRN,

TH
ZHINAF

1 AHHE

IV AE R EEARIE R Z R,

AHEMRIET = a0 EE AR
M, ST E PEAI R

R ANHPRIEFE FARKEZAIN L, £

HHYIN TR P A1 7R 1)

A, AT AR B SR EUiE B B

THYES M, Prophet REMERMIZIF R E Y, HZ2FA]

MRS 2 HE BB R

Rez AP 2 B AL 35
-2 2R 2y R R e JFEE AT AT T 21 3 B S B2 —
Y, JEETX AT, IR eI 2 fiok i E

ESZLR

il

X [,

A ZENE? BOFIXTCiAIE,
A BAT 77 ZR AT RE AR e = BRI HEE T,  BRATIEOE “ AR

o JLHEZRZE, FFE

IXR & A HE R TIEER DO MER : B ER R E
BHORE GRS KZSEX changepoint_prior_scale HJ{H), Tl
MBI EE =R R, R EAE TSR B 2R+
HZHER A 7 W ERBNTA RS
VIS 2, FLS IR X (8] 509 I i 215 B FR S,
WX R BE . (BRIMEDY 80% ) A] DUEIT BEE
interval_width 2R

forecast = Prophet(interval_width=0.95).fit(
df).predict(future)

ALRE,  EH IR DX RS T IR E AR AR S A R PR — A
TR FIME AL, X MG rTREFAS IR, AT AT
DX TR & T AN AT BE 52 2 HE
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Prophet Fuiill[X_[i1]

BRINTEIL T,  Prophet H 23R A4 SAFIWLIME M7 ) A
e, AT HREEE N R AHE Y, DT 52 .

DUM-H SRR, XA DU 155 B meme_samples 2280 (ERINE g .

N 0) KL, DA Peyton Manning ZE 1

m = Prophet(mcmc_samples=300) 04

forecast = m.fit(df).predict(future) -

fig = m.plot_components(forecast) g_zz

KRR MCMC SRAEEA MAP i, JFrlREFRE K

IRl BARBUR TR SEE =, QEREAT 172 2 RATE, 0

RRATEL RIS I R B R R, I e

m.predictive_samples(future) 77 1A R] DIARIS IR IGHY 5 5 o g 00
-0.5

FEAR

’P 1
48P
A>'4£
1950 1952 1954 1956 1958 1960 1962 1964
ds
Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week
January 1 March 1 May 1 July 1 September 1 November 1 January 1
Day of year
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Prophet 5% {H

s i (H B 2B AT 220 Prophet FNIZSE R, N HIFX
(M5 H 2 R T Y R 18 S 45 B R DO E0)7 Rl = 2K
PEREEATN, HEPEE 7 REHIREE:

20

df = pd.read_csv( 15
'data/example_wp_log_R_outliersil.csv')

m = Prophet().fit(df)

future = m.make_future_dataframe(periods=10896) 10

forecast = m.predict(future)

fig = m.plot(forecast)

B MEL- 2 & R, EFXEESE, Prophet AJ PAAL
BT SRS AR R EAE, (EHEBE RIS E SRR .
Re AME PERRA = DB IR EE T AR SR 522 1L

2009 2011 2013 2015 2017 2019
ds
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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

df.loc[
(df['ds'] > '2818-01-81") & \
(df['ds'] < '2011-81-81'), 'y’
] = None

model = Prophet().fit(df)

fig = model.plot(model.predict(future))

2009

2011

2013
ds

2015

2017

2019
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Prophet 5% {H

ERRIXAREIA, SR E RSN X A ST, H

AV R BB ANZE R yhate (BSEPREIFIEES U0 ’
e,  FHEXD R E ARG B 55 AR S W2 i 1 20
T’ﬁ(ﬂ”?ﬁﬁgi 8
df = pd.read_csv( 7
'data/example_wp_log_R_outliers2.csv')

> 6
m = Prophet().fit(df)
future = m.make_future_dataframe(periods=10896)
forecast = m.predict(future) °
fig = m.plot(forecast) 4

3 e
2009 2011 2013 2015 2017 2019
ds
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Prophet 5% 1H &

TNHXNREA, 1E 2015 4 6 Hhr—HRHEEBIS 73T o
PR T, RIHARSRBI AT E RS2 2 752, [RIRE, &4
HIRR T R R AR PRI e S B

df.loc|
(df['ds'] > '2815-06-81") & \ 8
(df['ds'] < '2015-86-38'), 'y'

] = None

m = Prophet().fit(df)

fig = m.plot(m.predict(future))

2009 2011 2013 2015 2017 2019
ds
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Prophet || H R FE 250 :

IS EBHRRE P I N B EREY ds A1 AT PALE Prophet Fii
AR H RERIN BT, B EEEIRSZUN Y YYYY-MM-DD
HH:MM:SS, HMEEAHIEH RERNZERERN, BHERESHIIEHR
FERZET M, NE/RBIDI—1 LA 5 735 9 A FEHY Yosemite
Hu X & H 1< (mé&i’%

50

40

30

df = pd.read_csv(

'data/example_yosemite_temps.csv') 2

= Prophet(changepoint_prior_scale=0.81).fit(df)
future = m.make_future_dataframe(
periods=300, freg='H')
fcst = m.predict(future) 0

10

fig = m.plot(fcst) -10

2017-05-11 2017-05-25 2017-06-08 2017-06-22 2017-07-06 2017-07-20
ds
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Prophet - H RS2

H R B2 R R A A AGER 0

X

X

fig = m.plot_components(fcst)

30

20
10 \/
2017-05-11 2017-05-25 2017-06-08 2017-06-22 2017-07-06 2017-07-20
ds

trend

Sunday Monday TuesdayWednesdayThursday Friday Saturday Sunday
Day of Week

20

10

daily

-10

00:00:00 03:25:42 06:51:25 10:17:08 13:42:51 17:08:34 20:34:17 00:00:00
Hour of day
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Prophet - H RS2

Btk EEREHESE S 0 N2 6 IHIIINNE

df2 = df.copy()
df2['ds'] = pd.to_datetime(df2['ds"'])
df2 = df2[df2['ds'].dt.hour < 6]

m = Prophet().fit(df2)

future = m.make_future_dataframe(
periods=3008, freg='H')

fcst = m.predict(future)

fig = m.plot(fcst)

TMSCRA-ARZE,  ARKRAYB B2 e S 2R

60

40

20

WNCEZD

X E’Jltﬂﬁ':ﬁmﬁa TR —RARTER T 20E (0 I 22 6 i)

EE—ER, B HRERZE RN

_._Aailz

15 z%ﬂ%ﬁﬁﬂﬁ’] T HY,

AT RIS

2017-05-11 2017-05-25 2017-06-08
ds

2017-06-22 2017-07-06 2017-07-20
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Prophet - H RS2

MRVRI 77 R ELA I S SR B 1
BB 1 A B R 8

future?
future?

future.copy()
future2[ future2['ds'].dt.hour

fcst = m.predict(future?2)

fig = m.plot(fcst)

L] Nm >
1 710 <

fEH,

P 5224

A

< 6]

N JEZE 0 AR JA AR A TAR U

T

AT, A
EHFRHITE 0 BF 2 6 B

BRI TR e L At s & R AR SR I, f31lan . 4
B S TEH, IR EEE R 2

A~

=

50

40

30

20

10

-10

2017-04-28 2017-05-12 2017-05-26 2017-06-09 2017-06-23 2017-07-07 2017-07-21

ds
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Prophet - H RS2

FIH Prophet A] D& H RIESHE, HEWRHETHR
FE BRI AR SRS H IR, 1SS 25 BERES
£, MHEHZEEZS %ikﬁﬁ%éa-;éﬂwﬁﬂ%ﬁ{mﬂ%ﬂ% 10 FERY1E
.

—

df = pd.read_csv(
'data/example_retail_sales.csv')

= Prophet(
seasonality_mode='multiplicative').fit(df)
future = m.make_future_dataframe(periods=3652)
fcst = m.predict(future)

fig = m.plot(fcst)

800000

700000

600000

- 500000

400000

300000

200000

§ 28
/=y
A/
Y

1992 1996 2000 2004 2008 2012 2016 2020 2024 2028
ds
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Prophet E H X S 28

X5 EHEAYAE A, BUEEPEEMUREE, SiPE

EREFEN, TRESTHAAREEGE, FIRD o
PR 2R A ELELA Y, B MCMC A7 AT oo
R e e TR N el g wowe
* 400000
m = Prophet( 08
seasonality_mode="multiplicative', 200008
mcmc_samples=3@@) . fit(df) 1992 1996 2000 2004 20025 2012 2016 2020 2024 2028
40%
fcst = m.predict(future)
20%
fig = m.plot_components(fcst) _ %
> 20%
40%
60%
January 1 March 1 May 1 July 1 September 1 November 1  January 1
Day of year
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Prophet E H X S 28

EREFEEENETAY], FuEEARIKAE?E, H
BAIRESRER T2, A Prophet 15 A RIEEHE

I, JEIL % B make_future_dataframe HHHY freq ] LAHAT H o

INYEEAEORGRUU 00000

future = m.make_future_dataframe( 600000
periods=120, freq='M')

fcst = m.predict(future) > 500000

fig = m.plot(fcst) 400000

300000

200000

100000
1992 1996 2000 2004 2008 2012 2016 2020 2024 2028

ds
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Prophet TEHEPEAY

Prophet $&4t 1 58] 5”?&&1‘&%5’]%@&, TR A 522
fEkErETIIRZE, X BB Eh?ﬁi‘)ﬁmﬁi‘%éki =PS
SERCHY, TR R meﬁ%%wAﬁm
ZJa ] DR ME R B SS E T bb B, BERIE R T —

Peyton Manning HI50 7 52 Tl /\m;[:% AR Et'?ﬁﬂ%
FIH4E 5 TS, FHXN Z ER—E T 7 i,

-I\

A cross validation PRIEZ ] DAXY —ETE I HY P S 8dE B 5
M TR X e, B FEE WM RYERE (horizon), A5
?aﬁ%ﬂﬁél}”%ﬁﬂklﬂmz PR/ (initial) FO&%(E HHI 2 Hi
IS TE] [EIRE (period) s

dhl

ANTBOL N, FIE I ZRISS RV FE Dy 0 TR) Y L Y 3 £,
b SRR TN B — 1

15 +

12 -

11 A

10 4

Initial Cutoff

Horizon

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

cross_validation BYH &5 5ROy — NEE MM H 20 df_cv.head()
LS H I S B y AN yhat PORCIGHE, X T

cutoff FI cutoff + horizon Z [RIFYEE I AUAR =21 T 700 o yds utotf yhat yhat_lower yhat_upp
I, 25 AT DA BEEGRAETESE y AT yhat 2 [RITERE 0 1994-083-01 181033.202469 163323.893381 202349.2827

69 192319 1994-82-21

PEEYSEIRRIPAG T 365 ATLHEHIBIMRCE, X 1 1994-84-81 181824.328123 157565.778299 199204.2518
M —TEUERZATHT 730 R TIIZE, AR 180 99 190540 1994-g0-21
KEAT— XTI AEIXT 8 R EI A, AHH T3 2 1994-85-81 195058.538271 172696.644398 215441.7863
A 11 I, 49 194927 1994-82-21
3 1994-86-81 188550.786569 166249.857075 206458.0126
from prophet.diagnostics import cross_validation 96 197946 1994-02-21
4 1994-87-81 208817.334331 181289.747189 225188.08352
df_cv = cross_validation( 52 193355 1994-82-21
m, initial="730 days',
period="188 days', horizon='365 days') initial, period F horizon WX H] pandas Timedelta Ffi{#

: EI’J*%JC, HA% A2 RE B B R Y AT
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Prophet TEHEPEAY

performance_metrics PRELP] AT R —YG BRI RESL 1
g, HiEYTIRE (MSE), WHIRIRZE (RMSE), 4
xf 19% (MAE), “‘FEZaxErEkiR%E (MAPE) DAK
yhat_lower # yhat_upper HU{ETHYEHE], IXEEAHIBIITE df_cv
EARHESE O ERE, BN NN EshE :3@
2 10% By, JEIT rolling_window ZEA] AXARIX

{H,

\

from prophet.diagnostics import performance_metrics

df_p = performance_metrics(df_cv)

df_p.head(3)

horizon mse
mape mdape \
0 38 days 1.373044e+08
25952 0.0820165
1 39 days 1.444286e+08
26665 0.020165
2 40 days 1.468964e+03
27249 0.022117

smape coverage
B0 0.826132 0.55/692
1 0.026894 0.557692
2 0.02/495 0.538462

rmse mae

11717.694845 86083.062879 0.0

12017.845742 8819.963877 0.0

12120.083801 8961.948426 0.0

/1



Prophet TEHEPEAY

A X R E R RETESR AT DA IS

TR . NTHE

200 | o ELiRZE,

Ho

A

HI7RBIH,

X plot_cross_validation_metric

0 B SRR df_cv A FIINAY

& E’J?;J%j:l MAPE, PHEZA &z E

IR RIVETTRESE], WARIDIEH, AKR—THRY

R ZETE 5% KA, —F FH’JI%%AiﬁjJH 2 11% 7=

from prophet.plot import plot_cross_validation_metric
fig = plot_cross_validation_metric(
df_cv, metric="'mape')

490 rolling_window F{EHZ

NIZ R 5K
PEROERANR

CAPRUEAHT AR AR Y A 2L AR 0

H

25

o X

LB

/_

== Ii:zéf/"ﬁ —4

PR N, #)anin

, LHEZT

FRIEE,

XA 2 %Iiz/'\ﬁ JRIREE, SF5Fo

0.20

0.15

mape

0.10

0.05

0.00

M

50 100 150 200 250 300 350
Horizon (days)
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https://github.com/leovan/data-science-introduction-with-python/blob/main/LICENSE
https://github.com/leovan/data-science-introduction-with-python/blob/main/LICENSE
https://leovan.me/

