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s REEETWISE R4

n ARSI ER A B L

s HEIRIERBIBEIE: ubridate B#
s FRIFSIE

n FERIERNERE

s [FERIIER TR B

= Multiple Regression

= AR, MA, ARMA, ARIMA

4=4 =5

s ZEEFEEEHEE: The Stationary Vector Autoregression Model
VAR(p)

n BEMERNZFEERSZH (Interval Time Series Analysis)
n BRI(BE)ZE VBRI (Categorical Time Series Models)
n PHETMERSTEH: quantmod & tidyquant
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Maintainer:
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Version:

URL.:
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Contributions:

Citation:

Installation:

Basics

CRAN Task View: Time Series Analysis

Rob ) fyndman, Rebecca Killiek — htng: //cran.r-project.org/web/views/TimeSeries.html

Rob.Hyndman at monash.edu

2023-07-26

hittps:// CRAN.R-project.org/view=TimeSeries

hittps://github.com/cran-task-views/TimeSeries/

Suggestions and improvements for this task view are very welcome and can be made through issues or pull requests on
GitHub or via e-mail to the maintainer address. For further details see the Contributing guide.

Rob J Hyndman, Rebecca Killick (2023). CRAN Task View: Time Series Analysis. Version 2023-07-26. URL
https://CRAN.R-project.org/view=TimeSeries.

The packages from this task view can be installed automatically using the ctv package. For example,

ctv::install.views("TimeSeries”, coreOnly = TRUE) installs all the core packages or
ctv::update.views("TimeSeries") installs all packages that are not yet installed and up-to-date. See the CRAN Task

View Initiative for more details.

Base R ships with a lot of functionality useful for time series, in particular in the stats package. This is complemented by many packages
on CRAN, which are briefly summanzed below. There 1s overlap between the tools for time series and those designed for specific
domaing including Econometrics, Finance and Envircnmetrics.

The packages in this view can be roughly structured into the following topics. If vou think that some package is missing from the list,
please let us know, either via e-mail to the maintainer or by submitting an issue or pull request in the GitHub repository linked above.

» Infrastructure ; Base R contains substantial infrastructure for representing and analysing time series data. The fundamental class
is "ts" that can represent regularly spaced time series (using numeric time stamps). Hence, it is particularly well-suited for annual,

Series Data ~

Basics ~ Times and Dates ~ Time Series Classes * Forecasting and Univariate Modeling ~ Frequency analysis -
Decomposition and Filtering ~ Seasonality ~ Stationarity, Unit Roots, and Cointegration * Nonlinear Time Series
Analysis ~ Entropy » Dynamic Regression Models ~ Multivariate Time Series Models * Analysis of large groups of time
series ~ Functional time series ~ Matrix and tensor-valued time series » Continuous time models * Resampling ~ Time

Miscellaneous
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Z ERFRBIFE S(multiple time series )HZS 2= 1 Fe 3l (multi-variate time series) B T E =517

ChatGPT

"ZEREEE A" ( Multiple Time Series ) B"ZEs iR RS ( Multivariate Time Series ) 5w {& i
BRI RS AT D ERER =R

B BN BE
30.97 403.55 17.
30.54 348.98 16.
32.01 339.96 14.
30.35 328.65 15.
29.40 335.42 14.
34.68 311.57 14.

1. ZHEFEREFEF ( Multiple Time Series ) :
* EREZERERIIEIEENES -
* FERERIEERBE2 ENE 2SN EERS - Se 47 274 .35 13,

 HRHEREERERIAZEZEN (BEEERKRE—2E ) - EARsWSEEENE 30.13 262.09 11.
5| « .11 26.17 309.66 11.

.70 23.39 329.66 12.
* flan » FROIEEA R EMEMRGRE  BEMERNERRYIEE - 55— B 2E2ERE R W03 22.74 302.52 12.

EMEREA—ERRSE - BBk TS BRRR - 00 16.96 268.01 12.
© TR BRSNS BT RSN E AR LM E TERE—ERES -

2. £ SIEEES ( Multivariate Time Series ) : _ .
- SEBIEERE IS RE R BRSNS AR EE - _ Tompesninss | o cover [lasidity: e
C HLEEREREIID  BLEREEEAEREN - WA EEIER T IR RN A SR l5:00am 59 °F 97% 74% 8 mph SSE
t -
C . —ESEEEEREN TSRS/ NS0 EENRERE - 58 . fARERERE
AENBEE . T2 T P S AR RIZA AT B RME A A -
- ERBEANAT ESER  BATH RERS ESE 7 BRI RIS 08 AR S B e
}EH s

Lo sl BN N T O

[6:00am  59° 89% 8 mph SSE
|7:00am |58 °F 79% 76% 7 mph SSE
8:00 am 7 mph S
[9:00 am °F 7 mph S
[10:00 am 62 8 mph S
RERS > MENBAERZENEEST . "SERERFIL BRBENBI M TZEEEE [11:00am 64 °F 8 mph SSW
FERS . T TSREREFS L HRINTASSEHEHRBEENE /55 - S 1200 pm 66 ° 8 mph SSW
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ts, mts stats: R statistical functions This package contains functions for statistical calculations
and random number generation.

timeSeries timeSeries: 'S4’ classes and various tools for financial time series:

. . . . . Basic functions such as scaling and sorting, subsetting,
Financial Time Series Ob-] ects mathematical operations and statistical functions.

(Rmetrics)
ti ti1sS: Time Indexes and Time Indexed Functions and S3 classes for time indexes and time
Seri indexed series, which are compatible with FAME
ke frequencies.
Z00 Z00: S3 Infrastructure for Regu]ar An S3 class with methods for totally ordered indexed

d 1 - - o observations. It is particularly aimed at irregular time
&l Irregu ar Time Series (Z . series of numeric vectors/matrices and factors. zoo's key
Ordered ObSCI’Va'[iOIlS) design goals are independence of a particular
index/date/time class and consistency with ts and base R
by providing methods to extend standard generics.

XtS XTs: eXtensible Time Series Provide for uniform handling of R's different time-based
data classes by extending zoo, maximizing native format

information preservation and allowing for user level
customization and extension, while simplifying cross-class
interoperability.
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Date base

POSIXct base

POSIXIt base

chron chron: Chronological Objects
which Can Handle Dates and Times

Yearmon Z00: S3 Infrastructure for Regular
(yearqtr) and Irregular Time Series (Z's
Ordered Observations)

timeDate timeDate: Rmetrics -
Chronological and Calendar Objects

Date.Time

i

Represent calendar dates as the number of days since 1970.01.01

Represent calendar dates and times within the day as the (signed)
number of seconds since the beginning of 1970 as a numeric vector.
Supports various time zone specifications (e.g. GMT, PST, EST etc.)

Represents local dates and times within the day as named list of vectors
with date.time components.

Provides chronological objects which can handle dates and times.

Represent monthly (quarterly) data. Internally it holds the data as year
plus O for January, 1/12 for February, 2/12 for March (Quarter 1, 1/4 for
Quarter 2) and so on in order that its internal representation is the same
as tsclass with frequency = 12 (4).

The 'timeDate' class fulfils the conventions of the ISO 8601 standard as
well as of the ANSI C and POSIX standards. Beyond these standards it
provides the "Financial Center" concept which allows to handle data
records collected in different time zones and mix them up to have

always the proper time stamps with respect to your personal financial
center, or alternatively to the GMT reference time. It can thus also
handle time stamps from historical data records from the same time zone,
even if the financial centers changed day light saving times at different
calendar dates.

http://www.hmwu. 1dv.tw




o RLJ\"Date" BRI~ AERKE)HE: £85H -

= Internally, Date objects are stored as the number of days
since January 1, 1970, using negative numbers for
earlier dates.

m The as.numeric function can be used to convert a Date
object to its internal form.

> as.numeric(as.Date('1970/1/1'))
[1]1 O

Code | Value
td  |Day of the month (decimal number)

'm  |Month (decimal number)
b |Month (abbreviated)

*B  |Month (full name)

vy ||Year (2 digit)

Y ||Year (4 digit)

> as.Date(''1985-6-16"")
[1] "1985-06-16"
> as.Date(''2019/02/17'")

a5 7oL T

[1] "2019-02-17" > (lct <- Sys.getlocale(""LC_TIME™))
> as.Date(1000, origin = "1900-01-01") [1] "c”

[1] "'1902-09-28" > Sys.setlocale("'LC_TIME"™, "C')

> as.Date(''2/15/2011", format = "%m/%d/%Y"'") [1] "cv

[1] ""2011-02-15"

> > Sys.getlocale("’'LC_TIME™)
> as.Date("April 26, 1993", format = "%B %d, %Y') | [1]1 "Chinese (Traditional)_Taiwan.950"

[1] "1993-04-26""

> as.Date("'22JUNO1", format = "%d%b%y'")

[1] "2001-06-22"

> seq(as.Date("1976-7-4"), by = "days®, length = 10)

[8] "1976-07-11" "1976-07-12" "1976-07-13"

[1] "1976-07-04" "1976-07-05" "1976-07-06" "1976-07-07" "1976-07-08" '1976-07-09" '1976-07-10"

> seq(as-Date("2010-2-1%), to = as.Date("2010-4-1%), by = "2 weeks")
[1] "2010-02-01" '2010-02-15" *2010-03-01" "'2010-03-15" "2010-03-29"
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%g'% _ POSIXt

s RAV"IFAE"A"POSIXct"sl "POSIXIt" #ERIFRT - > now <- Sys.time()

s AIMEBZEL "1970F1H1H" E2SHWMWEERT > as.POSIXct(now)

m  (UTC, Universal Time, Coordinated, tt 57 73 8 B &) [1] '"2027-06-03 17:46:44 CST"
= (GMT, Greenwich Mean Time, &M & A 1R 2E /5 ) > as.POSIXIt(now)

[1] "2027-06-03 17:46:44 CST"

> Sys.time()

[1] '"2028-10-14 21:16:07 &ibiEAERERT"

# extract date

> substr(as.character(Sys.time()), 1, 10)
[1] '"2028-10-14"

# extract time

> substr(as.character(Sys.time()), 12, 19)
[1] "21:16:07"

> date()

[1] "Tue Oct 14 21:16:09 2028"

> class(now)
[1] ""POSIXct™ "POSIXt™

sec, min, hour,

mday (# day number within the month),
mon (#January=0),

year (#+1900),

wday (#day of the week starting at O=sunday),
yday (#day of the year after 1 january=0)

> my.date <- as.POSIXIt(Sys.time())
> my.date

[1] '"2028-10-14 21:18:31 &dbiZ*ERERT"
> my.date$sec

[1] 31.304

> my.date$min

[1] 18

> my.date$hour

[1] 21

http://www.hmwu. 1dv.tw

> my.date$mday

[1] 14

> my.date$mon

[1] 9

> my.date$year + 1900
[1] 2028

> my.date$wday

[1] 2

> my.date$yday

[1] 287




POSIXt

POSIXIt POSIXct

m  Functions to convert between character representations and objects of classes "POSIXIt" and
"POSIXct" representing calendar dates and times.
m Character input is first converted to class "POSIXIt" by strptime.
= Numeric input is first converted to "POSIXct".
= Any conversion that needs to go between the two date-time classes requires a time zone:
conversion from "POSIXIt" to "POSIXct" will validate times in the selected time zone.

Code |Meaning Code Meaning

%2 |Abbrewviated weekday 5n [Full weekday

b |Abbrewviated month B [Full month

%¥c  |Locale-specific date and time |3 |Decimal date

*H  |Decimal hours (24 hour) %I |Decimal hours (12 hour)

%] ||Decimal day of the year sm  [Decimal month

M |Decimal minute P |Locale-specific AM/PM

%5 |Decimal second 50U Decimal week of the year (starting on Sunday)
3w |Decimal Weekday (0=Sunday)|¥W |Decimal week of the year (starting on Monday)
tx |Locale-specific Date 5% |Locale-specific Time

By [2-digit year Y | A-digit year

%z |Offset from GMT %2 [Time zone (character)

> as.POSIXct('1969-12-31 23:59:59", format = "%Y-%m-%d %H:%M:%S", tz = "UTC")
[1] "1969-12-31 23:59:59 UTC"

> as.POSIXIt(Sys.time(), "GMT™)

[1] "2017-08-27 13:17:45 GMT"
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strptime {base}

> x1 <- c(''20040227", "20050412', '19930922'")

> strptime(x1, format = "%Y%m%d"™)

[1] "2004-02-27 CST'"™ '2005-04-12 CST'™ '1993-09-22 CST"

>

> x2 <- c(''27/02/2004", *27/02/2005", '14/01/2003'")

> strptime(x2, format = "'%d/%m/%Y")

[1] "2004-02-27 CST'™ '2005-02-27 CST'"™ '2003-01-14 CST"

>

> x3 <- c(""1jan1960™, "2janl960", "31marl960', "30jull960'™)
> strptime(x3, "%d%b%Y™)

[1] "1960-01-01 CST™ '1960-01-02 CST™ '1960-03-31 CST'™ ''1960-07-30 CDT"

> dates <- c('02/27/92", "02/27/92', '01/14/92', '02/28/92", ''02/01/92")
> times <- c(''23:03:20", "22:29:56'", '"01:03:30", "18:21:03", "16:56:26")
> X <- paste(dates, times)

> strptime(x, "%m/%d/%y %H:%M:%S'™)

[1] "1992-02-27 23:03:20 CST™ "1992-02-27 22:29:56 CST"

[3] ""1992-01-14 01:03:30 CST™ "1992-02-28 18:21:03 CST"

[5] ""1992-02-01 16:56:26 CST"
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mydate. txt

1;73;2017/01/27 11:30:20
2;52;2017/03/05 12:01:40
3;57;2017/05/12 03:20:00
1;74;2017/08/27 14:00:00
2;51;2017/10/17 21:03:50
3;60;2017/12/08 08:40:30

> mydate <- read.table("mydate.txt",
sep = ;")
> mydate
V1 V2 V3
73 2017/01/27 11:30:20
52 2017/03/05 12:01:40
57 2017/05/12 03:20:00
74 2017/08/27 14:00:00
51 2017/10/17 21:03:50
60 2017/12/08 08:40:30
> lapply(mydate, class)
$V1
[1] "integer™

OUlhAWNPE
WNEFPWNPE

$V2
[1] "integer™
$V3
[1] "factor™

http://www.hmwu. 1dv.tw

> # A
> varNames <- c("ID", "Values'™, "DateTime")
> mydate <- read.table('mydate.txt”, sep = ";",
col _.names = varNames)
> mydate
ID Values DateTime
73 2017/01/27 11:30:20
52 2017/03/05 12:01:40
57 2017/05/12 03:20:00
74 2017/08/27 14:00:00
51 2017/10/17 21:03:50
60 2017/12/08 08:40:30
> lapply(mydate, class)
$ID
[1] "integer™
$Values
[1] "integer™
$DateTime
[1] "factor™

OO0, WNER
WNEFEPWNPE

> mydate$DateTime <- strptime(mydate$DateTime,
%Y /%m/%d %H - %M:%S")
> lapply(mydate, class)

$ID

[1] "integer™

$Values P
[1] "integer" > # AT
$DateTime HEEBIURE

[1] "POSIXIt™ "POSIXt"




Iibrary(readxl)

>
> mydate <- read_excel("mydate.xlIsx"™, col _names = FALSE)
> mydate _ 7
# A tibble: 6 x 3 e A 5 c
1 .2 .3 wE  EEsRT TR A =5 RS 1 1' 73‘|---215T']71717'ﬂ:?@3|
<dbl> <dbl> <dttm> — 71 2 | 2 521 2017/3/5 12:01:40
1 1 73 2017-01-27 11:30:20 3 201701127 11:3020 3 | 3 57 1 2017/5/12 03:20:00
- P ﬁfﬁ/d e 4 1 741 2017/8/27 14:00:00
6 3 60 2017-12-08 08:40:30 = s 5 | 2 51y 2017/10/1721:03:50
$ -1 [hﬂq?"? .;swo NTS* 20 - _NTE @
[1] "numeric" NE§£#0§§2§T$ ##og)” NT§E 22 - @ ;EJ EEIEKIEEE
h-T\n?:]OAOM;PM bk Ensn?ss -0
$...2 .
[1] numeric i ARERREAE ) LR DAMEEN LSS -
$...3
[1] "POSIXct™ "POSIXt"
LR | > mydate2 <- read_excel (“'mydate2.xlIsx", col_names = FALSE)
| > mydate2
# A tibble: 6 x 4 . ..
A 8 ¢ b 123 4 Further modification is needed!
1 1 73 2017/1/27 11:30:20
2: 2 52 2017/3/5 12:01:40 <db I > <db I > <dttm> SC_It_t_mE ——
3 3 57 2017/5/12 032000 | 1 1 73 2017-01-27 00:00: OOI 1899-12- 31| 11:30:20
4 1 74 2017/8/27  14:00:00| | _ _ _ I
5 2 51 2017/10/17  21:03:50 R . R _
5 3 e 2017/12/s 084030 6 3 60 2017-12-08 00-00-00{1899—12-31:08-40-30

lLibrary(writexl)
write_xlIsx(iris, path = "iris.xIsx™)
write_xIsx(list(sheetl = iris[, 1:2], sheet2 = iris[, 3:4]), path = "iris.xlIsx")
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lubridate

lubridate 192

lubridate

lubridate
o

Overview

Date-time data can be frustrating to work within R. R
commands for date-times are generally unintuitive and
change depending on the type of date-time object being
used. Mareaver, the methods we use with date-times must
be robust to time zones, leap days, daylight savings times,
and other time related guirks, and R lacks these capabilities
in some situations. Lubridate makes it easier to da the
things R does with date-times and possible to do the things
R does not.

If you are new to lubridate, the best place to start is the date

and times chapter in R for data science.

Installation

# The =asiest way to get lubridate is to install the
install.packages{'tidyversae'}

LINKS
View on CRAN

Erowse source
code

Reporta bug

Learn maore

LICENSE
Full license

GFL (==2)

COMMUNITY

Caontributing
guide

Caode of
conduct

Getting help

CITATICN

Citing lubridate

DEVEI NDEDG

Garrett Grolemund, Hadley Wickham (2011). Dates
and Times Made Easy with lubridate. Journal of

Statistical Software, 40(3), 1-25.

Base R method

lubridate method

date <- as.P0SIXct("01-01-2010",
format = "%d-Ym-%Y", tz = "UTC")

as.numeric(format (date, "¥%m")) or
as.P0OSIX1t(date)$month + 1

date <- as.P0SIXct(format(date,
"Y-2-%d"), tz = "UTC")

date <- dmy("01-01-2010")

month (date)

month(date) <- 2

Table 1: lubridate provides a simple way to parse a
change it to February.

ate into R, extract the month value

Base R method

lubridate method

https://lubridate.tidyverse.org/

date <- seq(date, length = 2,
by = "-1 day") [2]

as.P0SIXct (format(as.P0SIXct(date),
tz = "UTC"), tz = "GMT")

—— i ——————— -

date <- date - days(1)

with_tz(date, "GMT")

U e N S S S S SN M S N S S N N
=
o

Table 2: lubridate easily displays a date one day earlier and in the GMT time zone.

https://rawgit.com/rstudio/cheatsheets/main/lubridate.pdf

https://cran.r-project.org/web/packages/lubridate/index.html

Do more with dates and times in R: https://cran.r-project.org/web/packages/lubridate/vignettes/lubridate.html
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lubridate

Dates and times with lubridate : : CHEATSHEET

lubridate

Date-times

2017-11-28 12:00:00

2017-11-28 12:00:00

A date-time is a point on the timeline,
stored as the number of seconds since

1970-01-01 00:00:00 UTC

dt = as_datetime({1511870400)
## "2017-11-28 12:00:00 UTC"

PARSE DATE-TIMES (Convert strings or numbers to date-times)

1. Identify the order of the year (y), month (m), day (d), hour (h),
minute (m) and second (s) elements in your data.

2. Use the function below whose name replicates the order. Each

accepts a tz argument to set the time zone, e.g. ymd(x, tz = "UTC").

2017-11-2%
RO17-22-12
11/2%/2017
1 Jak RO17

20170131

Jul.-J &4 2000

4bh .'.JuLg 99
2001 032
o7-2020

201

ymd_hms(), ymd_hm(), ymd_h().
ymd_hms("2017-11-28T14:02:00%)

ydm_hms(), ydm_hm(), ydm_h().
ydm_hms(*2017-22-12 10:00:00%)

mdy_hms(), mdy_hm(), mdy_h().
mdy_hns("11/28/2017 1:02:03")

dmy_hms(), dmy_hm(), dmy_h().
drmy_hms("1 Jan 2017 23:59:597)

ymd(), ydm(). yrnd(20170131)
mdy(), myd(). mdy("July 4th, 20007
dmy(), dym(). dmy(*ath of July 997}
yal) Q for quarter. yq("2001: 03"
my(), ym(}. my("07-2020%)

I hms() Also lubridate:hms(),
hm() and ms(), which return

periods.' hms:hms(seconds =0,
minutes = 1, hours = 2}

date_decimal(decimal, tz = "UTC")
date_decimal(2017.5)

now(tzone = "") Current time in tz
(defaults to system tz). now()

today(tzone = ") Current date in a
tz (defaults to system tz). today()

fast_strptime() Faster strptime.

2017-11-28
Adate iz a day stored as

the number of days since
1870-01-01

d < as_date(17498)
## "2017-11-28"

12:00:00

An hms is a time stored as
the number of seconds since
00:00:00

t < hms:as_hms{8s)
## 00:01:25

GET AND SET COMPONENTS

Use an accessor function to get a component.

Assign into an accessor function
component in place.

PRV EENL 11:59:59
pLhk-81-31 11:59:59

2018-[11-31 11:59:59

2018-01-Ef1 11:59:59

2018-01-31 [E:59:59
2018-81-31 11:F:59
2018-01-31 11:59:E)
2018-01-31 11:59:59

d i “2017-11-28"
dayld) #i 28

dayld) = 1

tochangea
d #4°2017-11-01°

date(x) Date component. date(dl)
year(x) Year. year(dt)

isoyear(x) The IS0 8601 year.
epiyear(x) Epidemiological year.

menth(x, label, abbr) Month.
manth(dt)

day(x) Day of manth. day(dt)
wday(x, label, abbr) Day of week.
qday(x) Day of quarter.

hour(x) Hour. hour(dt)

minute(x) Minutes. minute(df)
second(x) Seconds. second(dt)
tz(x) Time zone. L2(dl)

week(x) Week of the year, week(dt)
isoweek() 150 8601 week.
epiweek() Epidemioclogical week.
quarter(x) Quarter. quarter(dt)

semester(x, with_year = FALSE)
Semester. semester(dt)

am(x) Is itin the am? am(dt)
pm(x) Is it in the pm? pmdt)

dst(x) Is it daylight savings? dst(d)

leap_year(x) Isit a leap year?

Round Date-times

K
. Feb y e

tan Mar gt
1sn Fabs Mar Apr
I |
' ' o
1sn Feb Mar Apr

floor_date(x, unit = "second")
Round down to nearest unit.
floor_date(dt, unit = "month”)

round_date(x, unit = "second")
Round to nearest unit.
round_date(dt, unit = "month")

ceiling_date(x, unit = "second”,
change_on_boundary = NULL)
Round up to nearest unit.
ceiling_date{dt, unit = "month®)

Valid units are second, minute, hour, day, week, month, bimonth,

quarter, season, halfyear and year.

rollback(dates, roll_to_first = FALSE, preserve_hms = TRUE) Roll back to
last day of previous month. Also rollforward(). rollback(d)

Stamp Date-times

stamp() Derive a template from an example string and return a new
function that will apply the template to date-times. Also

stamp_date() and stamp_time().

1. Derive a template, create a function
sh<- stamp("Created Sunday, Jan 17, 1999 3:347)

2. Apply the template to dates
sifymd(*2010-04-05%)

Tip: usea
date with
day =12

## [1] "Created Monday, Apr 05, 2010 00:00"

Time Zones

R recognizes ~600 time zones. Each encodes the time zone, Daylight
Savings Time, and historical calendar variations for an area. R assigns

one time zone per vector.

Use the UTC time zone to avoid Daylight Savings.

OlsonNames() Returns a list of valid time zone names. OlsonMames()

Sys.timezone() Gets current time zone.

5:00
Mountain

6:00
Central 7-00

Eastern

with_tz(time, tzone = "") Get
the same date-time in a new
time zone (a new clock time).
Also local_time(dt, tz, units).
with_tz(dt, "US/Pacific®)

force_tz(time, tzone = "") Get

the same clock time in a new

fast_strptime(*3/1,/01°, “oy/%m,%6d") leap_year{d) 7:080 Ez;&?n time zone (a new date-time).
Also force_tzs().
parse_date_time() Easier strptime. update(object, ..., simple = FALSE) 7:00 7:00 force_tz(dr, “US/Pacific”)
parse_date_time("09-01-01", "ymd") update(dt, mday = 2, hour= 1) Mountain  Central
CC BY SA Posit Software, PBC - _inf o+ posit.co + Learn more at arg - HTML¢ at pos 192 - 2023-07




lubridate

M ath Wi t h D ate—t| mes Lubridate provides three classes of timespans to facilitate math with dates and date-times.

Math wnh date-times relies on t‘he tlrl'lllll'll Periods track changes in clock times, Durations track the passage of Intervals represent specific intervals Not all years

Add or subtract periods to model events that happen at specific clock
times, like the NYSE opening bell.

Make a period with the name of a time unit pluralized, e.g.

p=-months{3) + days(12) years(x = 1) x years.

p Y months(x) x months.
3m 12d OH OM 0S' weeks(x = 1) x weeks.

days(x = 1) x days.

D': um:al a hours(x = 1) x hours.
minutes(x = 1) x minutes.
seconds(x = 1) x seconds.
milliseconds(x = 1) x milliseconds.
microseconds(x = 1) x microseconds

ds(x=1) x onds.

picoseconds(x = 1) x picoseconds.

period(num = NULL, units = "second", ...)
An automation friendly period canstructor.
period(5, unit = “years”)

as.period(x, unit) Coerce a timespan to a
period, optionally in the specified units.
Also is.period(). a5 periodip)

period_to_seconds(x) Convert a period to
the "standard" number of seconds implied
by the periad. Also seconds_to_period().
period_to_seconds(p)

== posit

Add or subtract durations to model physical processes, like battery life.
Durations are stored as seconds, the only time unit with a consistent length.
Difftimes are a class of durations found in base R.

Make a duration with the name of a period prefixed witha d, e.g.

dd <- ddays(14) dyears(x = 1) 31536000x seconds.
d " dmonths(x = 1) 2629800x seconds.
12096005 (~2 weeks) dweeks(x = 1) 604800x seconds.

Exact [ Equivalent ddays(x = 1) 86400x seconds.
length in | in common dhours(x = 1) 3600x seconds.
seconds L units dminutes(x = 1) 60x seconds.

dseconds(x = 1) x seconds,
dmilliseconds(x = 1) x ¥ 10-* seconds.
dmicroseconds(x = 1) x ¥ 106 seconds.
dnanoseconds(x = 1) x x 10 seconds.
dpicoseconds(x = 1) x * 10-12 seconds.

duration(num = NULL, units = "second", ...)
An PPt A e

y
constructar. duration(, unit = "years”)

I

) Coerceat
duration. Mso |s.durat|onﬂ, u.dlmlme(]
as.duration(i)

make_difftime(x) Make difftime with the

specified number of units,
make_difftime{99999)

CC BY SA Posit Software, PEC - info@posit.co « posit.co « Learn more at

which E in how which ignore time line irregularities. physical time, which deviates from of the timeline, bounded by start and are 365 days 'u bridate
the timeline behaves during: clock time when irregularities occur. end date-times. due to leap days.
Anormal day nor + minutes(90) nor + dminutes{so) interval(nor, nor+ minutes(8a)) Not all minutes
nor < ymd_hms{"2018 01-01 01:30-00°"US/Fastern’) are 60 seconds due to
I leap seconds.
L‘En w m 4;0'; = i‘ ::in lin “in'r‘ A m o An = =i i ) Itis possible to create an imaginary date
’ by adding months, e.g. February 31st
The start of daylight savings (spring forward) gap + minutes(a0) gAp + dminutes(a0) interval(gap, gap + minutes(ao)) jan31 = ymd(20180131)
pap = ymd_hms(72018 03-11 01:30:007t7="US/T astemn”) jan31 + months(1)
#i NA
1:00 00 00 4:00 100 200 200 unl 1:00 200 200 w00 100 200 00 w00 Yom+% and Y%m-% will roll Ima.ginaw
1 ¢ daylight i date?ﬁo the last day of the previous
The end of daylight savings (fall back) | = 90! | dminutes(so 5 iflan. | - mon
lap = ymd_hms{"2018 11 04 00:30:00"1z="Us/Eastern’) ap + minutes(30) ap + dminutes(30) interval(lap, lap + minutes(50)) st gt
—_— ——p '_|_|... #4# "2018-02-28"
g add_with_rollback(el, e2, roll_to_first=
12:00 1:00 200 300 1200 190 200 00 100 00 =00 300 1z00 1:00 200 00 TRUE) will rell imaginary dates to the
Leap years and leap seconds leap + years(1) leap + dyears(1) interval{leap, leap + years(1)) n:;: da_}lr'nf “lll':; ne:_m:'m th(1),
- .- e add_with_rollback({jan31, months(1),
leap <-ymd('2019-03-01') toll_to, first = TRUF)
#4# "2018-03-01"
2019 020 2031 2019 1020 021 018 2000 2021 1019 2030 031
PERIODS DURATIONS INTERVALS

Divide an interval by a duration to determine its physical length, divide
an interval by a period to determine its implied length in clock time.

Make an interval with interval() or %--%, e.g. EE

i <= interval(ymd("2017-01-01"), d) ## 2017-01-01 UTC--2017-11-28 UTC
= d %--9% ymd(*2017-12-31%) ##2017-11-28 UTC--2017-12-31 UTC

a%within% b Does interval or date-time a fall
| within interval b? now() Yowithin® i

int_start(int) Access/set the start date-time of
-| an interval. Also int_end(). int_start(i) < nowl();
int_start(i)

» int_aligns{int1, int2) Do two intervals share a
boundary? Also int_overlaps(). int_aligns{i, j)

m int_diff(times) Make the intervals that occur
between the date-times in a vector.
w==c(dt, dU+ 100, dU+ 1000); int_diff{v)

|- int_flip(int) Reverse the direction of an

interval. Also int_standardize(). int_flip(i)

‘l int_length(int) Length in seconds. inl_lengthii)

int_shift(int, by) Shifts an interval up or down
| ‘ the timeline by a timespan. int_shift{i, days(-1))

as.interval(x, start, ...) Coerce a timespan to
an interval with the start date-time. Also
is.interval(). as.interval(days(1), start = now())

Org « HTMLC atpos. ts « lubridate 1.9.2 « Updated: 2023-07
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> library(lubridate)

>

> today()

[1] "2023-09-10"

> currentl <- now()

> currentl

[1] "2023-09-10 08:17:32 UTC"
> class(currentl)

[1] "POSIXct'™ "POSIXt"

>

> current2 <- date()

> current2

[1] "Sun Sep 10 16:17:32 2023"
> class(current2)

[1] "character™

> my _date <- ymd(*'20230910'")

> my_date

[1] "2023-09-10"

> class(my_date)

[1] "Date™

>

> mdy(*'09-10-2023"")

[1] "2023-09-10"

> dmy(*'10/09/2023™)

[1] "2023-09-10"

>

> ymd_hms(*'20131219101707"")

[1] "2013-12-19 10:17:07 UTC"

> ymd_hms(**'2013 Dec 19 10:17:07")
[1] "2013-12-19 10:17:07 UTC"

>

> mdy(*'Dec 19, 2013"™)

[1] "2013-12-19"

>

> mdy_hms('December 19, 2013 10:17:07"")
[1] "2013-12-19 10:17:07 UTC"

>

> dmy_hms(*'19-Dec, 2013 10:17:07")
[1] "2013-12-19 10:17:07 UTC"

> minute(two_dates)

[1] 15 30

> mean(minute(two_dates))
[1] 22.5

> two_dates <- ymd_hms(*'2023-01-01 01:15:00", "'2023-02-01 01:30:00")

http://www.hmwu. 1dv.tw
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The default time zone for the lubridate functions is Greenwich Mean Time (GMT,
formerly)/Universal Time, Coordinated (UTC)

Taipei: CST (China Standard Time), Offset: UTC + 8 hours
London: BST (British Summer Time) (Apr. ~ Oct.), Offset: UTC/GMT + 1 hour

> OlsonNames() ## typlcally around six hundred names

[1] "Africa/Abidjan™ "Africa/Accra’ "Africa/Addis_Ababa"™ "Africa/Algiers”
[5] "Africa/Asmara’™ "Africa/Asmera’ "Africa/Bamako’™ "Africa/Banguil’’
[9] "Africa/Banjul™ "Africa/Bissau’ "Africa/Blantyre™ "Africa/Brazzaville”
[589] ""‘US/Mountain®™ "US/Pacific™ ""US/Samoa’™ "‘UTC"
[593] "w-SuU'"™ "WET"*"'Zulu"
attr(,"Version™)
[1] ""2022e™
> Sys.timezone()
[1] "uTC™
> Sys.setenv(TZ = "UTC™)

> ymd_hms("'2023-08-17 08:50:00",
[1] "2023-08-17 08:50:00 CST"

> ymd_hms("'2023-08-17 19:25:00",
[1] "2023-08-17 19:25:00 BST"

>

tz =

tz

> departure <- ymd_hms("'2023-08-17 08:

> departure

[1] "2023-08-17 08:50:00 CST™

> with_tz(departure, "Europe/London')
[1] "2023-08-17 01:50:00 BST™

"Asia/Taipei’)

"Europe/London')

50:00", tz = "Asia/Taipei’)

> changed <- force_tz(departure,
> changed

[1] "2023-08-17 08:50:00 CDT"

> with_tz(changed, "Europe/London'™)

http://www.hmwu. 1dv.tw

[1] "'2023-08-17 14:50:00 BST"

"America/Chicago™)

Central Daylight Time
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> year(departure)
[1] 2023

[1] 8

> week(departure)
[1] 33

> yday(departure)
[1] 229

> mday(departure)
[1] 17

> wday(departure)
[1] 5

> hour(departure)

[1] 8

[1] 50

[1] O

> departure <- ymd_hms("

> month(departure)

> minute(departure)

> second(departure)

2023-08-17 08:50:00", tz

"Asia/Taipei™)

Date Component | Extractor Function
Year year ()
Month month ()
Week week ()
Day of year yday ()
Day of month mday ()
Day of week wday ()
Hour hour ()
Minute minute ()
Second second ()
Time zone tz ()

> second(departure) <- 25
> departure
[1] "2023-08-17 08:50:25 CST"

> month(departure,
[11 \H

Levels: —H < —H
> month(departure,
[11 \H

Levels: —H < —H
> wday(departure,

[11 AN

label

N

< =H
label

label = TRUE)

TRUE)

Levels: #H < #— < #— < F= < @I < @A < \FN

me < #AH < AH < tH < \H < i < +H < +—H < +=H

TRUE, abbr = FALSE) 37 August, Aug

<=A <WMH <AH < XA <tH </J\H<hHA <+H <+—H <+=ZH

> Sys.getenv()

> Sys.setenv(LANG =

> Sys.setenv(LANG

http://www.hmwu. 1dv.tw



[1] 2023-08-05 EDT--2023-08-10 EDT

[1] FALSE
> union(JSM2023, camp_period)

>

> # Other functions that work with
> # 1nt_start, int_end, int flip,
> # Intersect, setdiff, %within%.

> summer_camp_start <- ymd _hms(*'2023-07-20 08:00:00'")

> summer_camp_end <- ymd _hms(*'2023-08-03 12:00:00'")

> camp_period <- interval(summer_camp_start, summer_camp_end)
> camp_period

[1] 2023-07-20 08:00:00 UTC--2023-08-03 12:00:00 UTC

>

> # Toronto

> # Current: EDT — Eastern Daylight Time

> # Next Change: EST — Eastern Standard Time

>

> JSM2023 <- interval (ymd(20230805, tz = "‘Canada/Eastern'™),
+ ymd (20230810, tz = "Canada/Eastern'™))
> JSM2023

> 1nt_overlaps(JSM2023, camp_period)

[1] 2023-07-20 04:00:00 EDT--2023-08-10 EDT

intervals:
int_shift, int_aligns, union,

http://www.hmwu. 1dv.tw



> # Periods record a time span i1n units larger
than seconds

> ymd(20230805) + 1

[1] "2023-08-06"

> ymd(20230805) + days(1)

[1] "2023-08-06"

> days(0:5)

[1] "OS™ "1d OH OM 0OS'™ "2d OH OM 0S™ "'3d OH OM
0S™ "4d OH OM 0S'™ "5d OH OM 0S™

> weeks(1:5)

[1] "7d OH OM OS™ '"14d OH OM 0S' "21d OH OM
0S™ '28d OH OM 0OS™ '35d OH OM 0OS"

> months(1)

[1] "1Im Od OH OM 0OS"

> ymd(20230805) + months(1)

[1] "2023-09-05"

> years(1:2)

[1] "1y Om Od OH OM 0S'™ "2y Om Od OH OM 0OS™

> ymd(20230805) + years(1:2)

[1] "2024-08-05" ''2025-08-05"

> # Durations: record the time span in
seconds

> dweeks(1)

[1] "604800s (~1 weeks)™
> ddays(6)

[1] '"518400s (~6 days)"
> dhours(1)

[1] "3600s (~1 hours)™

> dminutes(1)

[1] "60s (-1 minutes)"

> dseconds(60)

[1] "60s (-1 minutes)"
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0 Question: January 31st + one month.

- RV P
Should the answer be : 12221 <- ymd("'2013-01-31")
(1) February 31st (which doesn't exist) [1] "2013-01-31"

(2) March 4th (31 days after January 31), or
(3) February 28th (assuming its not a leap year)

> #(1)
> jan31l + months(1)
[1] NA
> jan31l + months(0:11)
[1] "2013-01-31" NA "2013-03-31" NA '2013-05-31" NA
[7] "2013-07-31" *'2013-08-31" NA ""2013-10-31" NA "2013-12-31"
>
> #(2)
> floor_date(jan31, "month™)
[1] "2013-01-01"
> floor_date(jan31, "month'™) + months(0:11) + days(31)
[1] "2013-02-01" **2013-03-04" '2013-04-01" *2013-05-02" *'2013-06-01" "*2013-07-02"
[7] "2013-08-01" **2013-09-01" '2013-10-02'" *2013-11-01" *'2013-12-02" "'2014-01-01"
>
> #(3)
> # %m+% and %m-%: roll dates back to the last day of the month
> jan31l %m+% months(0:11)
[1] "2013-01-31" **2013-02-28" '2013-03-31" "2013-04-30" "'2013-05-31" "'2013-06-30"
[7] "2013-07-31" **2013-08-31" '2013-09-30" *2013-10-31" ""2013-11-30" "2013-12-31"
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ts(data = NA, start = 1, end = numeric(), freqguency
deltat = 1, ts.eps = getOption(*'ts.eps'), class = , names = )
as.ts(x, -..)

o 100

Type of data frequency start example
Annual 1 1995

Year Observation Quarterly 4 ¢(1995,2)

2012 123 Monthly 12 ¢(1995,9)

2013 39 Daily 7 or 365.25 1 orc(1995,234)

2014 78 Weekly 52.18 ¢(1995,23)

2015 52 Hourly 24 or 168 or 8,766 1

2016 110 Half-hourly 48 or 336 or 17,532 1

Observation <- ts(c(123, 39, 78, 52, 110), start = 2012)

> Ls_matrix > ts_ob]
11 .21 [,3] Series 1 Series 2 Series 3
[1,1 -0.33 0.14 0.52 Jan 1961 -0.33 0.14 0.52
[2,] 0.44 2.63 0.58 |[|Feb 1961 0.44 2.63 0.58
(3,1 -1.05 -0.37 -1.33 ||Mar 1961 -1.05  -0.37 -1.33
(4,1 -0.42 -2.10 -0.59 ||mpr 1961 ~0.42 ~2.10 ~0.53
5,1 0.6% 0.05 -0.59 ||May 1961 0.63 0.05  -0.59
[6,1 0.85 0.74 0.64 Jun 1961 0.85 0.74 0.64 = H
(7.1 -0.74 -1.97 0.20 ||t 1se1  -0.7a  -1.e7 0.0 || > TS_matrix <- matrix(round(rnorm(60), 2), 20, 3)
(8,1 -0.67 -0.13 0.28 ||aug 1961 -0.67 -0.13 0.28 > H
(9,1 0.42 1.€8 1.18 ||sep 1961 0.42 1.69 1.18 ts_matrlx
[10,1 1.66 -2.16 0.90 ||loct 1561 1.66 -2.16 0.30 > ts Obj <— ts(ts matrix, start = C(1961, 1), frequency = 12)
[11,1 0.30 -1.83 0.30 [|lwov 1961 0.30 ~1.83 0.90 - . -
[12,] -0.03 -1.21 0.60 [|pec 1961  -0.03  -1.21 0.60 > ts Obj
[13,1 -0.10 -0.4% -0.40 [|Jan 1962 -0.10 -0.49 -0.40
[14,1 -0.35 0.1% -1.01 [|Feb 1962 -0.35 0.19 -1.01 CIaSS(tS Obj)
[15,]1 -0.88 -1.26 2.20 Mar 1%62 -0.68 -1.26 2,20 ll ll [T} [T} [T} = 1]
[16,1 1.34 -0.84 -0.05 Apr 1862 1.34 -0.64 -0.05 [1] tS matrlx
[17,1 1.15 1.28 0.30 [|May 1962 1.15 1.28 .o || > IS mts ts obij
(18,1 0.55 0.34 -2.00 [|loun 196z 0.55 0.34 ~2.00 B ( — J)
[19,] -0.03 -0.17 0.59 |[gul 1962  -0.08  —0.17 0.5 [1] TRUE
[20,1 0.53 0.42 -1.25 ||nug 1962 0.53 0.42 -1.25
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The R Graph Gallery

https://r-graph-gallery.com/time-series.html

«— Gallery Q CHART TYPES PKG BEST QUICK TOOLS ALL RELATED SUBSCRIBE

INTERACTIVE VERSION: PLOTLY

Time Series

000

The geplotly () function ofthe plotly library makes it a breeze to build an interactive version. Try to hover circles to get a
tooltip, or select an area of interest for zooming. Double click to reinitialize

GET CODE
20000

TIME SERIES WITH capLOT2

geplot? offers great features when it comes to visualize time series. The date format will be recognized automatically,

resulting in neat X axis labels. The scale x data() makes it a breeze to customize those labels Last but not least, plotly can
turn the resulting chart interactive in one more line of code.

TIME SERIES WITH DYGRAPH 2017 2018

The dvoraphs package is a himl widoet It allows to make interactive time series chart: you can zoom and hover data points to
get additional information. Start by reading the chart #2716 for quick introduction and input description. Then, the craph #3217

i gives an overview of the different types of charts that are offered. To go further, check the graph #2712 {interactive version
below).

18 — valvel — valsed Nov, 7. 2017: Vi 02
if
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stockdata <- read.table(stock-data.txt”, skip = 1, header = T)
head(stockdata, 5)

sapply(stockdata, class)

for(at in 7:9){

stockdata[,at] <- as.numeric(gsub(’,”™, ', stockdata[,at]))

E1E[1:12]
72
|

ts.plot {stats}
Plot Multiple Time Series

ts.plot(stockdata$fifEFEE[1:12])

35T

68

stockdata$il
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[ ]
,, matplot {graphics}

mat <- as.data.frame(matrix(stockdata$jifEEE, ncol = 5))
colnames(mat) <- unique(stockdata$}EFE/N\F])

mat type — IlIll

1
matplot(1:12, mat, type = , Ity = 1:5, col = 1:5, pch = 1:5, 1
main = EREI100F55 £ HBAFRE A RERGE. )", X
xlab = "H5", ylab = "EirGt/E)™) 1
legend(10, 240, legend = colnames(mat), Ity = 1:5, col = 1:5, 1
pch = 1:5, cex = 0.9) 1
1
1
12.
EE 10058 LA R R ARG ) multiple time series data
8 - o
3 F 7
=
& - S -
o BRR
L o EE o
I= =
- - 9—0—p—0—0—0—0—g——g—0—0—20
E - ,—. %___C_E___'Q"'Q" Q O -- o T 0-- 0 --- .-\____)
—e— o o —O—O—o 5 o —6—0 B === B ==g===E J == 8 s} B =0 Q=3 —-—0—=8
. " e - | T | T ! I
- fammmm BB A T A A B
o ot S R Y == & R === g PSR - St 2 4 8] a8 10 12
I 1 | | | |
2 4 6 8 10 12 Time

ts.plot(mat, Ity = 1:5, col = 1:5, type = "b"™)
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geom line {ggplot2}

library(ggplot2)

ggplot(stockdata, aes(x = HAfy, y = M#EFSE, colour = FHEBAF)) +
geom_point(aes(size = FERETSEE))+
geom line(aes(lty = }EHE/NF))) +
scale_x_continuous(breaks = 1:12, labels = month.abb) +

labs(title="RE100F =K BB\ FREARKERCE. B

ggplot(stockdata, aes(x = Hfg, y = MEESE, colour = FEEBNF)) +
geom_area(aes(fill = }EHEE/\F]), alpha = 0.5) +
scale_x_continuous(breaks = 1:12, labels = month.abb) +

labs(title="RE100F =X ER A FREHRIXERCT. &)™)

RE100E=R+BEATREFRTENCT.HR) RE100E=R+BEATREFRTENCT.HR)
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' . ' . ' ' ' ' ' ' . '
Jan Feb Mar Apr May Jun Jul Aug Sep Ozt Mew Dec

Jan Feb Mar Apr Ma Jun Ju\ Aug Sep O t NO\ De
Bz

A#

e
— /2011 I Hi2011 +a/201 ~a/20m

FEH
stockdata$®H H <- as.Date(paste0(''2011/", stockdata$H{7y, "/01'))

ggplot(...) +
scale_x_date(date_labels = "%b/%Y")
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autoplot ts, mts

> library(forecast)

> library(ggplot2)

> library(fpp) # Forecasting: principles and practice
>

>

data(melsyd) # Total weekly air passenger numbers on Ansett airline flights between
Melbourne and Sydney, 1987-1992.

> head(melsyd) > autoplot(melsyd[, "Economy.Class™]) +

Time Series: +  xlab("Year™) +

Start = c(1987, 26) + ylab("Thousand™) +

End = c(1987, 31) + ggtitle('Passenger numbers (Melbourne - Sydney)')

Frequency = 52 |
F i rst. C I ass BUS i ness. C I ass Economy - C I ass Passenger numbers on Ansett airline (Melbourne - Sydney)

1987.481 1.912 NA 20.167

1987.500 1.848 NA 20.161 1

1987.519 1.856 NA 19.993

1987 .538 2.142 NA 20.986 Y

1987.558 2.118 NA 20.497 2’

1987 .577 2.048 NA 20.770 §

> class(melsyd)
[1] "mts™ "ts"
> colnames(melsyd)
[1] "First.Class” "Business.Class'™ "Economy.Class" N
> time(melsyd) 150 158 1850
Time Series:
Start = c(1987, 26)
End = c(1992, 48)
Frequency = 52
[1] 1987.481 1987.500 1987.519 1987.538 1987.558 1987.577 1987.596 1987.615
1987.635. ..
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ggseasonplot

LES

> alo

Jan Feb Mar Apr May

1991
1992 5.088335 2.814520 2.985811 3.204780 3.127578

2007 28.038383 16.763869 19.792754 16.427305 21.000742
2008 29.665356 21.654285 18.264945 23.107677 22.912510

Jul
3.526591
3.270523 3.737851

Jun

20.681002 21.834890
19.431740

> data(al0) # Monthly anti-diabetic drug (##E/#R%%%) sales in Australia from 1992 to 2008.

Aug
3.180891
3.558776

23.930204

> class(al0)

[1] "ts"

> ggseasonplot(alO, year.labels = TRUE) +
+ xlab(*"Month™)+

ylab(""Million (USD)') +

+ +

autoplot(al0) +
xlab(*"Month™)+

ylab(*Million (USD)') +

gagtitle("Anti-diabetic drug sales)™)

gogtitle("'Monthly anti-diabetic drug sales in Australia (1992-2008)")

Monthly anti-diabetic drug sales in Australia (1992-2008)

Anti-diabetic drug sales in Australia (1992-2008)

2007

2006

2008 G
2003
2002

Million (USD)
[

http://www.hmwu. 1dv.tw
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plotly

ts, mts, zoo, xts, data.frame, tbl

library(plotly) Cles mm mma BE
- - aTH s = T 4 P iy
# data.frame with one date/time column 1 74.30 30.97 403.55 17.19 22.19
— T " 2 72.54 30.54 348.98 16.38 21.49
date_mat <- data.frame(date = seq(as.Date(''2011/1/1"), S b4 3201 336 0c 14 95 15 45
by = "month", 4 71.37 30.35 328.65 15.21 18.88
_ 5 74.96 29.40 335.42 14.76 18.25
length.out = 12), & 74.70 34.68 311.57 14.51 17.60
mat) 7 71.59 35.47 274.39% 13.89 17.09
§ €6.61 30.13 262.09 11.13 11.84
sapply(date_mat, class) 9 £9.11 26.17 309.66 11.25 11.55
10 70.70 23.3% 329.66 12.39 11.31
ts_plot(date_mat) 11 74.03 22.74 302.52 12.6€8 12.54
12 75.00 16.96 268.01 12.51 12.17
> # convert data.frame to ts, and then using ts_plot ‘
> mat_ts <- as.ts(mat, start = c(2011, 1), frequency = 12) > date_mat
— date BB HE BHEH BE Am
> mat_ts > mat_ts 1 2011-01-01 74.30 30.97 403.55 17.19 22.19
= = - i i . 2 2011-02-01 72.54 30.54 348.98 16.38 Z1.49
Time Series: Zigitsiries 3 2011-03-01 ©9.74 32.01 339.96 14.92 19.48
— _ 4 2011-04-01 71.37 30.35 3Z8.65 15.21 18.88
Etgrt 121 ?E:q;erlliy =1 5 2011-05-01 74.596 29.40 335.42 14.76 18.25
n = LIEE @D EEnR B Ef?’?} & 2011-08-01 74,70 34.68 311.57 14.51 17.60
= RS = 7 2011-07-01 71.59 35.47 274.3% 13.89 17.09
Frequency = 1 1 74.30 30.97 403.55 17.1% 22.19 8 2011-08-01 €6.6L 30.13 262.03 11.13 11.84
N . Z 72.54 30.54 348.98 16.38 21.49 9 2011-08-01 €8.11 26.17 309.66 11.25 11.55
éﬁ% @@ Hﬁﬁ%%l[' H%ﬁ% E?z 30069.74 32,01 339.96 14.92 15.48 10 2011-10-01 70.70 23.39 329.66 12.39 11.31
4 71.37 30.35 3Z8.65 15.21 18.88 11 2011-11-01 74,03 22.74 302.52 12.68 12.54
1 74-30 30-97 403-55 17-19 22-19 5 74.9¢ 29.40 335,42 14.76 18.25 12 2011-12-01 75,00 16.%6 Z68.01 12.51 12.17
--- 6 74.70 34.€8 311.57 14.51 17.60 '
7 71.59 35.47 274.39 13.89 17.09
12 75.00 16.96 268.01 12.51 12.17 8 ¢6.61 30.13 262.09 11.13 11.84 —
> class(mat_ts) 5 §9.11 26.17 309,66 11.25 11.55 e “ - j'
" " g " = 10 70.70 23.39 325.66 12.39 11.31 -
[1] "mts ts matrix 11 74.03 22.74 302.52 12.68 12.54 — mn
> str(mat_ts) 12 75.00 16.96 268.01 12.51 12.17 /\ ke
Time-Series [1:12, 1:5] from 1 to 12: 74.3|. ; e o
(1] = (1] = .! %W
- attr(*, "dimnames'")=List of 2 ws -
_.$ - NULL B
BRI L BT T T s SR | S —
> ts_plot(mat_ts) o i 2 ‘ s 5 10 l
- - LA} = (A} :.__\-____—-_\\-_‘—'_—
> ts _plot(mat_ts, type = "multiple™) .
- 2 4 & 8 10 12
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Horlz.ontal Pattern Trend Pattern
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Images Source: Anderson et al., 2019, Statistics for Business &
Trend and Economics (14th Edition), Cengage Learning Ltd
[
Seasonal Pattern Seasonal Pattern Cyclical Pattern
180 20 :é 80-
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If the frequency is unchanging and associated with some aspect of the calendar, then the pattern is seasonal.
If the fluctuations are not of a fixed frequency then they are cyclic.

In general, the average length of cycles is longer than the length of a seasonal pattern.

The magnitudes of cycles tend to be more variable than the magnitudes of seasonal patterns.
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m Autocorrelation is the correlation between two observations at
different points in a time series.

m Atimeseries yy, vy, ..., V7.

E Mmean: y =

= The autocorrelation function at lag k:

Z'{I;zl yt

T

ZZ;{C(% V) Wtk — V) _ Z=k+1(3’t —V)Vt-k —Y)

ACF (k) = T ( — ) T ( — _)2
=1Vt y t=1\Vt y

Week Week Week Week
1 68 1 68 1 68 1 68
[ | - - correlogram:
4 92 4 92 4 92 4 92 .
5 72 5 72 5 72 5 72 ACF (k) agalnst k
6 64 6 64 6 64 6 64
7 80 7 80 7 80 7 80
8 72 8 72 8 72 8 72
9 88 9 88 9 88 9 88
10 80 10 80 10 80 10 80
11 60 11 60 11 60 11 60
12 88 12 88 12 88 12 88

lag(k = 1) lag(k = 2) lag(k = 3) lag(k = 4)
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= Randomness/White Noise:
= ACF should be near zero for all lags.
= Non-random data have at least one significant lag.
= When the data are not random, you need to incorporate lags into a regression analysis to model the data appropriately.

= Stationarity:
= The time series does not have a trend, has a constant variance, a constant autocorrelation pattern, and no seasonal pattern.
= Stationary time series : ACF declines to near zero rapidly.
= ACF drops slowly for a non-stationary time series.

m  Trends:
= When trends are present in a time series, shorter lags typically have large positive correlations.
= ACF taper off slowly as the lags increase.

= Seasonality:
= ACF are larger for lags at multiples of the seasonal frequency than for other lags. (wavy correlations)
= When a time series has both a trend and seasonality, the ACF plot displays a mixture of both effects.

amuucmlaﬂnn Funmon for Random A i ancﬁon for Y nuwonmcmon ancﬁun for Metals leucumallbon Funcuon for coz
{with 5% {with 5% limits for the {with 5% for the {with 5%

} H\ | ! | l l |11 H)HH‘WHW'\mﬂﬂlm]M

31 4 5§ & 3 & % m®wm u o0 1 3 3 4 5§ & 7 & 4+ W n wn 1 3 3 & % € 7 @ § @ ¥ D o0 ow % 1 s w1 m 3 m 1 4

Images source: https://statisticsbyjim.com/time-series/autocorrelation-partial-autocorrelation/

Autacorrelation
Beetbeceess
|
|
'|
Autacorrelation
Autacorrelation
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Autacorrelation

Beetbeceess
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> Gasoline_Sales <- ts(c(68, 84, 76, 92, 72, 64, 80, 72, 88, 80, 60, 88)) o ﬁw/\ |
> Gasoline_Sales is. \ /
Time Series: plot(ts(Gasoline_Sales)) ;e / \j
Start = 1 : . '
End = 4 en 8 02

F req uen Cy = 1 Serles Gasoline_Sales Series Gasoline_Sales . __Sf[“js_'_s_u_s??':a_ _S_n_h:; ______________________
[1] 68 84 76 92 72 64 80 72 88 80 60 88

> acf(Gasoline_Sales) # base package ; 21 | | ‘ |
> Acf(Gasoline _Sales) # forecast package ¢ . | || A AT B - —
> ggAcf(Gasoline_Sales) # forecast package ]| et T e ‘ ‘

class(melsyd[, "Economy.Class'"])

acf(melsyd[, "Economy.Class'"], na.action = na.pass)
acf(coredata(melsyd[, "Economy.Class'"]), na.action = na.pass)
Acf(melsyd[, "Economy.Class"])

ggAcf(melsyd[, "Economy.Class'])

Series: melsyd[, "Economy.Class"]
Series melsyd[, "Economy.Class"] Series coredata(melsyd[, "Economy.Class"])
3 3
. i i
| il | Hl
o [TTITTITT 1y '4'FH‘H+1‘1‘IT‘ o [T T T H T
= Loooo e e T T T Tttt e A
yeneT Nl T T T, . T
." 0.0 0.1 0.2 0.3 04 ) 0 5 10 15 20

Lag

http://www.hmwu. 1dv.tw



||

Hypothesis:
Hy, = no first order autocorrelation.

H, = first order correlation exists.
(For a first order correlation, the lag is one time unit).

Assumptions:
 The errors are N(0, 02).
* The errors are stationary.

Test statistic:
DW — 2’11; Z(et et 1)2

yT_.e?
t=1 6t
where e, are residuals from an OLS regression.

DW =2: is no autocorrelation.

DW =0 ~ 2 is positive autocorrelation.
DW > 2 ~ 4 is negative autocorrelation.
A rule of thumb is that test statistic values

http://www.hmwu. 1dv.tw

= One of the key assumptions in linear regression is that there is no correlation between
the residuals, e.g. the residuals are independent. Perform a Durbin-Watson test to
detect the presence of autocorrelation in the residuals of a regression.

m The Durbin Watson Test is a measure of autocorrelation (i.e, serial correlation), the
AR(1) process, in residuals from regression analysis.

> library(readxl)
> Gasoline <- read_excel('Gasoline.xlIsx™)
> Gasoline

Gasoline Sales Time Series Plot

# A tibble: 12 x 2 5
Week Sales &-X/\/A\\//\/ﬁ ’
<dbl> <dbl> S
1 1 68 -
2 2 84 2
12 12 88 2 4 awm al |Ia |I3
plot(Sales ~ Week, data = Gasoline, type = "0",
main = "Gasoline Sales Time Series Plot",
ylim = c¢(0, 100), pch = 16)

Gasoline_Im <- Im(Sales ~ Week, data = Gasoline)
library(Imtest)
dwtest(formula = Gasoline_Im,

alternative = "two. suded")

>
-
-
>
>
>
>

Durbin-Watson test
data: Gasoline_Im
DW = 2.5478, p-value = 0.5156
alternative hypothesis: true autocorrelation is not O

in the range of 1.5 to 2.5 are relatively normal.
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§ |

« BRTIOEEBBOERNETT
a EEESIBENTLY SMA, = FKmatXeat oty

s HHIBGEESERA EZQDH&E
» SHREFEBANY - &8 BLULESHE - ZLOERBHTE -
s HBFIHRNEKX - HEEZ - BI9URAF1T -
» BB NI EREERNEK - BEEIRIABE - HEEESR
X - FREREB R AIZEE/ N HAR -
u 7]”1‘%*%@]:215 WMAt = WpX¢ + W1 Xt—1 + .-+ WnXt—n

s IBERBEFIHEMA, = ax, + a(1l — a)x—q + a(l — a)?x,_y + -

H

Fioo= oY, +(1—-a)F, FR=W.

Fiiq: forecast of the time series for period (t + 1)

Y;: actual value of the time series in period ¢

F;: forecast of the time series for period ¢ Fy = aYs+ (1 —a)l;

a: smoothing constant (0 < a <1) = aYs+a(l —a)Ys+ (1 —a)?Y;
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smooth: Forecasting Using Smoothing Functions
https://cran.r-project.org/web/packages/smooth/index.html

es() - Exponential Smoothing;

ssarima() - State-Space ARIMA, also known as Several Seasonalities ARIMA,;
ces() - Complex Exponential Smoothing;

ges() - Generalised Exponential Smoothing;

ves() - Vector Exponential Smoothing;

sma() - Simple Moving Average in state-space form;

TTR: Technical Trading Rules

https://cran.r-project.org/web/packages/TTR/index.html
SMA(X, n =10, ...)

EMA(X, n 10, wilder = FALSE, ratio = NULL, ...)
DEMA(x, n = 10, v = 1, wilder = FALSE, ratio = NULL)

WMA(Xx, n = 10, wts = 1:n, ...)
EVWMA(price, volume, n = 10, ...) SMA: Simole mov
_ - _ . : Simple moving average.
ZLEMA (X » N = 10 , ratio = NULL y === ) * EMA: Exponential moving average.
VWAP (pr ice, volume, n = 10, ... ) +  WMA: Weighted moving average.
- _ * DEMA: Double-exponential moving average.

VMA(X , W, ratio = 1 LA ) * EVWMA: Elastic, volume-weighted moving average.

HMA (X , h =20, ... ) * ZLEMA: Zero lag exponential moving average.

ALMA (X n = 9. offset = 0.85. si gma = 6 L ) * VWMA: Volume-weighed moving average (same as VWAP).

7 ? 7 7 * VWAP: Volume-weighed average price (same as VWMA).

* VWA: Variable-length moving average.
* HMA: Hull moving average.
* ALMA: Arnaud Legoux moving average.
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ttrc {TTR}: Technical Trading Rule Composite data
Historical Open, High, Low, Close, and Volume data for the periods January 2, 1985 to
December 31, 2006. Randomly generated.

ttre

36

> # install._packages("TTR")
> library(TTR) -
> data(ttrc) ]
> dim(ttrc)
[1] 5550 6 — T
> head(ttrc) 3

Date Open High Low Close Volume o
1 1985-01-02 3.18 3.18 3.08 3.08 1870906 = -
2 1985-01-03 3.09 3.15 3.09 3.11 3099506 =
3 1985-01-04 3.11 3.12 3.08 3.09 2274157 ~ |
4 1985-01-07 3.09 3.12 3.07 3.10 2086758 ”
5 1985-01-08 3.10 3.12 3.08 3.11 2166348
6 1985-01-09 3.12 3.17 3.10 3.16 3441798 e

I l l l l l

> t <- 1:100 0 20 40 60 80 100
> sma.20 <- SMA(ttrc[t, "Close'], 20) ndex
> ema.20 <- EMA(ttrc[t, "Close'], 20)
> wma.20 <- WMA(ttrc[t, "Close'], 20)
>
> plot(ttrc[t,"Close"], type = "I'", main = 'ttrc")
> lines(sma.20, col = "red”, Iwd = 2)
> lines(ema.20, col = "blue™, lwd = 2)
> lines(wma.20, col = "green"™, lwd = 2)
> legend("topright™, legend = c(sma.20", “ema.20", "wma.20"),
+ col = c('red”, "blue™, "green™), Ity = 1, lwd = 2)
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m PercentageError =

errors.

m ForecastError = ActualValue — Forecast

ForecastError | ActualValue * 100%

s The mean absolute error (MAE): the average of the absolute values of the forecast errors.
m  The mean squared error (MSE): the average of the sum of squared forecast errors.
= The mean absolute percentage error (MAPE): average of the absolute value of percentage forecast

Naive forecasting
method: the simplest

of all the forecasting
methods that uses
the most recent
week’s sales volume
as the forecast for
the next week.

Time Absolute Value Squared Absolute Value

Series Forecast of Forecast Forecast Percentage of Percentage
Week Value| Forecast Error Error Error Error Error

1 68

2 84 68 16 16 256 19.05 19.05
3 76 84 -8 8 64 —-10.53 10.53
4 92 76 16 16 256 17.39 17.39
5 72 92 —20 20 400 —27.78 27.78
6 64 T -8 8 64 —12.50 12.50
7 80 64 16 16 256 20.00 20.00
8 72 80 -8 8 64 =13.11 1.1
9 88 72 16 16 256 18.18 18.18
10 80 88 -8 8 64 —10.00 10.00
11 60 80 -20 20 400 —33.33 33.33
12 88 60 28 28 784 31.82 31.82
Totals 20 164 2864 119 211.69

MAE = 164/11=1491 MSE = 2864/11=260.36 MAPE = 211.69/11 = 19.24%

http://www.hmwu. 1dv.tw
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> library(readxl)
> Gasoline <- read_excel("'Gasoline.xlIsx™)

> Gasoline
# A tibble: 12 x 2
Week Sales
<dbl> <dbl>
1 68
2 84
3 76
4 92
5 72
6 64
7 80
8 72
9 88
80
60
88

PR
NFRPOOWONOOUAWNER

>

Time Series:

Start = 1
End =
Frequency =

VVVYV+ +V

plot(Sales ~ Week, data =
main
ylim

Gasoline, type =

c(0, 100), pch = 16)
library(forecast)

Gasoline_ts <- ts(Gasoline$Sales)
plot(Gasoline_ts)

IIOII )
"Gasoline Sales Time Series Plot",

> Gasoline fc_naive <- naive(Gasoline_ ts)
> Gasoline_fc_naive$fitted

[1] NA 68 84 76 92 72 64 80 72 88 80 60
> summary(Gasoline_fc _naive)

> accuracy(Gasoline_fc_naive)
ME

> summary{Gasoline fc naive)
Forecast method: Waive method

Model Information:
Call: naive(y = Gasoline ts)
Residual sd: 16.1358

Error measures:

ME RMSE

Forecasts:

MAE

Training set 1.818182 16.1357% 14.505%09%

Sales

Gasoling_ts

0.

100

a0

20

60 65 70 75 &0 85 90

1082165 1%.24431

Gasoline Sales Time Series Plot

MAFE MASE ACF1
1 -0.4553872

MPE

Point Forecast Lo 80 Hi 80 Lo 45 Hi 45
13 88 £7.32116 108.6788 E&.374438 115.6256
14 88 5H8.7557T0 117.2443  43.Z274701 132.7253
s 88 22.60775 153.3%22 -12.008805% lg8.0088
RMSE MAE MPE MAPE MASE ACF1
Training set 1.818182 16.13579 14.90909 0.1082169 19.24431 1 -0.4553872
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> library(TTR)

> Gasoline_fc_sma3 <- SMA(Gasoline_ts, n = 3)
> Gasoline_fc_wma3 <- WMA(Gasoline_ts, n = 3)
> Gasoline_fc_ema3 <- EMA(Gasoline_ts, n = 3)
>

>

accuracy(Gasoline_fc_sma3, Gasoline_ts[2:12])
ME RMSE MAE MPE MAPE
Test set 0 12.78888 10.66667 -2.310057 14.35661
> accuracy(Gasoline_fc_wma3, Gasoline_ts[2:12])
ME RMSE MAE MPE MAPE

60 80 100

Sales

40

Gasoline Sales Time Series Plot and
Three-Week Moving Average Forecasts

Test set 0.2222222 13.5592 11.92593 -2.129945 15.99248 — gt
> accuracy(Gasoline_fc_ema3, Gasoline_ts[2:12]) 8 :::Emgg
ME RMSE MAE MPE MAPE

Test set 0.6909722 13.44512 11.98264 -1.502064 15.9555 e : | : | : |

2 4 5} 8 10 12
Week

> # Gasoline Sales Time Series Plot and Three-Week Moving Average Forecasts

> plot(Gasoline_ts, type = "o", ylim = ¢(0, 100), lwd = 2, pch = 16,

+ xlab = "Week™, ylab = "Sales",

+ main = "Gasoline Sales Time Series Plot and \n Three-Week Moving Average Forecasts')

> points(Gasoline_fc_sma3, type = "o, Iwd = 2, col = 2, pch = 16)

> points(Gasoline_fc_wma3, type = 0", Iwd = 2, col = 3, pch = 16)

> points(Gasoline_fc_ema3, type = "o, Iwd = 2, col = 4, pch = 16)

> legend(8, 40, legend = c("Gasoline_ts™, "SMA(3)", "WMA(3)", "EMA(3)™),

+ col = 1:4, Ity =1, lwd = 2)
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o The general form of the estimated multiple regression equation for

modeling both the quarterly seasonal effects and the linear trend in the

smartphone time series - ‘
}; ZZtk}ﬁ—fhrcgtfl %-bg Cgtr2'+-bg Cgtr3-+-b4t

Seasonality and Trend

lA/t — estimate or forecast of sales in time period ¢

S dummy variable
_ 8oF Qﬁl =1 (QILTQ == 1) (QTT?) = 1)
§ 7.0F
Bl if time period 7 corresponds to the first
£ sl (second) (third) quarter of the year; 0 otherwise.
E 4.0k
5]

3.0F

O s 4 T 23 41 2341234

R The estimated multiple regression equation

Sales(1000s) = 6.069 — 1.363 Qtrl — 2.034 Qtr2 — 0.304Qtr3 + 0.1456 t

Forecast for Time Period 17 (Quarter 1 in Year 5):

Sales(1000s) = 6.069 + 1.363(1) + 2.034(0) + 0.304(0) + 0.1456(17) = 7.18
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> SmartphoneSales <- read_excel ("'SmartphoneSales.xlsx"™)
> SmartphoneSales
# A tibble: 16 x 3
Year Quarter “Sales (1000s)"
<dbl> <dbl> <dbl>

1 1 1 4.8 Smartphone Sales Time Series Plot

2 1 2 4.1

3 1 3 6

4 1 4 6.5 7

5 2 1 5.8

6 2 2 5.2 7

7 2 3 6.8 8

8 2 4 7.4 e

9 3 1 6 —e— Time Series
10 3 2 5.6 N —=—  Regression Fit
11 3 3 7.5

12 3 4 7 = 8 = | ! I I 1 | | | 1 I I | | | | 1
13 4 1 6.3 1M1 12 3 U4 21 22 23 24 31 32 33 34 4 42 43 44
14 4 2 5.9 Year/Quarter

15 4 3 8

16 4 4 8.4

> SmartphoneSales_ts <- ts(SmartphoneSales$ Sales (1000s) ",

+ start =1, frequency = 4)

>

> plot(SmartphoneSales_ts, type = "0, pch = 16,

+ ylim = c(0, 9), xlab = "Year/Quarter™, ylab = "Sales",

+ Xaxt = "'n",

+ main = "Smartphone Sales Time Series Plot™)

> axis(l, at = seq(from = 1, by = 0.25, length.out = length(SmartphoneSales ts)),

+ labels = pasteO(rep(l1:4, each = 4), /", rep(1:4, 4)))
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.{}Q

f

% l
A-_

Op o
S /% o
N7 Z z
15

MIn 1Q Median 30 Max
-0.2988 -0.1569 -0.0075 0.1150 0.3663

Coefficients:

Estimate Std. Error t value
(Intercept) 6.06875 0.16250 37.347
Quarter3 -0.30438 0.15368 -1.981
Quarter2 -2.03375 0.15511 -13.112
Quarterl -1.36313 0.15745 -8.657
Period 0.14563 0.01211 12.023

Signif. codes:

cXxkk? €XxXx?

0 0.001 0.01

Multiple R-squared: 0.9763,
F-statistic: 113.2 on 4 and 11 DF,

> SmartphoneSales$Quarter <- factor(SmartphoneSales$Quarter, levels = 4:1)

> SmartphoneSales$Period <- l:nrow(SmartphoneSales)

> SmartphoneSales Im <- Im("Sales (1000s)  ~ Quarter + Period, data = SmartphoneSales)

> summary(SmartphoneSales_Im)

Call:

Im(formula = “Sales (1000s) ™ ~ Quarter + Period, data = SmartphoneSales)

Residuals: Saksﬂooaﬂ::GIMQ—-IBGS(ﬁrl—-ZO&LQhﬂ-—OBO4Qhﬁ—#0q456t

Residual standard error: 0.2167 on 11 degrees of freedom
Adjusted R-squared:
p-value: 7.376e-09

> points(x = seq(from = 1, by = 0.25, length.out = length(SmartphoneSales ts)),
+ y = SmartphoneSales_Im$fitted.values,

+ type = 0", pch = 15, col = "red")

> legend(3, 3, legend = c(""Time Series"™, "Regression Fit"), Ity = 1,

+ col = c('black'™, "red"), pch = c(16, 15))

Forecast quarterly sales for next year. Next year is
year 5 for the smartphone sales time series; that is,
time periods 17, 18, 19, and 20.

PreltD > predict(SmartphoneSales_Im,

6.12e-13 *** newdata = data.frame(Quarter =
0.0732 . factor(1:4),

4.66e-08 *** Period = 17:20))

3.06e-06 *** 1 2 3 4

1_14e-07 ***= | 7-18125 6.65625 8.53125 8.98125

“*7 0.05 “.7 0.1 * ” 1

0.9676
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F_QQ %
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The foundation of time series analysis is stationarity.

A time series {r;} is said to be strictly stationary if the joint distribution of (r¢,,... 7, )
is identical to that of (7 ++,...,7,4¢) for all ¢, where k is an arbitrary positive integer

and (t1,...,%x) is a collection of k positive integers.

WIKIPEDIA

The Free Encyclopedia

my_ts_data
60

40

ADF Test (Augmented Dickey-Fuller)
https://en.wikipedia.org/wiki/Augmented Dickey%E2%80%93Fuller test &

H,: The time series is non-stationary. > 4 s

2

library(tseries)

my_ ts_data <- ts(c(13, 54, 54, 65, 66, 71, 67, 67,
79, 88, 59, 52, 60)) | e

plot(my_ts data)

ggAcTt(my_ts_data) 03-

adf.test(my_ts data)

V V.V + V V

ACF

Augmented Dickey-Fuller Test

data: my_ts data .37
Dickey-Fuller = -1.6549, Lag order = 2, p-value = 0.7039
alternative hypothesis: stationary S ) W sl s [l e s o
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1‘% #Y: Autoregressive Model, AR (p)

D A time series ry is called a white noise if {r;} is a sequence
of independent and identically distributed random variables
Y S with finite mean and variance.
t—C‘|'E OrYi—k + €
1 {€;} is a white noise process

with mean 0 and variance o2

% &) 19 A Moving Average Model, MA(q)
q

Y, =c+ Z‘giet—i + €

1=1

BEFIB ERRR T 7562 2 5 B Y
Autoregressive Moving Average Model, ARMA(p, q) _
q

ARMA(1,1) Y, =Y, 1 +e€e+ 0
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Box-Jenkins backshift operator » BPX; = X

ARMA(p,q) Yi=Y" Vi i+a—> 7 00 ;
o E PR -

p . . , - QBEEIREY -
» 1-> " . o;B" | Yy =(1-) . .,0,B |a; + dRlEZER TSI
2eiz1 9 =t 5 SRR -

B  (B)Y:=0,(B)a
where ¢,(B) = (1 — > _;

When time series
exhibit nonstationary Wy =Y, -Y, 1= (1-B)Y;
behavior, then the Wy Wy 1=Y —2Y; 1+
ARMA model presented = (1- B)2Yt
above can be extended

and written using

differences: d .
N e

¢iB')and 0,(B) = (1 -7, 0,B).

Replacing in the ARMA model
with the differences defined
above yields the formal

IMA(p,d, q) model:

k=1

¢p(B)(1 — B)'Y; = 0,(B)a;

http://www.hmwu. 1dv.tw




f

& "‘75

T E
A
§%¢,g%

N2 =

1. @HSE F5IENEETID 754
» BRESFEEREIBRENTEHMLNE

AR o
» MRFEMEREEZERS - oIZEFEH
Box-CoxERKIEE T = °

2. R E RSB FRIINFEES T

= JEIBADF (Augmented Dickey-Fuller
Test) @ E 3 KPSS (Kwiatkowski—Phillips—
Schmidt=Shin Test)#& & 12 8l i & B2 51 8%
SREM -

» NREGBERINAZFEN - ET—PEE
SENED - BRIRIIEEFIE -

3. i@ BIARIMAE BYAY RS B -

» HYEIENREFRSEEACFEFPACFE -

= RIEACFHRIPACFE - HIBITIBERY
ARIMA(p,d,q) 182! -

4. EBECEFERE -

= FRETERD, d, gE2RECEARIMAEE -

= FEBAICHAICCREZERERE -

5. {5 BIE2 -

s EREAEENACEE -

. ETHERERNEEENESE

. WMRBRREAmEBREGE  JUZREE
AR AU E AT RO

6. IERUFEH :

s HEDmERENERR
TTARRAYTEA -

s FPERAROTRRIREE -
( WIMAE, RMSEZ ) -

7. BERIMSTNEERE .

. HRANERETHRENRS

» RERAENIEIERNEENEERRE -

o] DA a2 AR AU R 2

STEFRNGRENEE
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model acf pacf
AR(p) dies away zero after
geometrically lag p
MA(q) zero after dies away
lag q geometrically
ARMA(p,q) | dies away dies away
geometrically geometrically




WWusage {datasets}

WWWusage {datasets}:
A time series of the numbers of users connected to the Internet through a server every minute.

library(forecast)
autoplot(WWWusage) +

xlab("Time')+
ylab(""Numbers of users™) +
ggtitle("Internet Usage per Minute') ggAct(WWWusage)
Internet Usage per Minute Series: WWWusage
§ 05=
2153 us ) "
2 << B ek ik Al S B B el A i e
5 | | |
: | | } ‘ { ‘
) 5 5 75 1 5 K

o 00 -0. ' ' '
Time 5 10 15
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WWWusage {datasets}

> WWWusage_arima <- Arima(WWWusage, order = c(2, 1, 2))
> WWWusage_arima
Series: WWWusage _ ]
ARIMA(2,1,2) auto.arima: Fit best ARIMA
Coefficient model to univariate time series.
oe Icients:
arl ar? mal ma2 Return§ best ARIMA model

0.0215 0.3407 1.2001 0.4394 according to either AIC, AICc or
s-e. 0.2981 0.2356 0.2799 0.1729 BIC value. The function conducts a
sigmar2 = 10.1: log likelihood = -253.68 search over poss1.ble mode} within
AIC=517.36  AlCc=518.01 BIC=530.34 the order constraints provided.

> WWWusage_arima_best <- auto.arima(WWWusage)
> WWWusage arima_best
Series: WWWusage
ARIMA(1,1,1)

> forecast(WWWusage_arima_best, h = 10)
Point Forecast Lo 80 Hi 80 Lo 95 Hi 95

101 218.8805 214.8288 222.9322 212.6840 225.0770
Coefficients: Tt
arl mal 110 216.8413 171.1478 262.5348 146.9592 286.7235
0.6504 0.5256
s.e. 0.0842 0.0896 Forecasts from ARIMA(1,1,1)

sigma”™2 = 9.995: 1log likelthood = -254.15
AlIC=514_.3 AIlCc=514.55 BIC=522.08

100 150 200 250

> plot(forecast(WWusage arima_best, h = 10)) ' ' T ' ' '
0 20 40 60 80 100
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VAR(I):

Bif fF4A—ATH 1005 #E
5{&5,0008
105 5{87,000%

106 5{%7,0008
107 5{&5,0008
108 5{%2,0008
109 417%8,0008
110 4186,0008
111 31E8,0008

112 481,0008

Y1t = a11Y1t—1 + A12Y2t—1 + €1¢
Yor = Q21Y1t—1 1+ A22Y2¢t—1 + €3¢
Yir | | a1 a2 Yit—1 i €1t
Yot a1 Q22 Yot —1 €2¢
VAR(2): Y1t ) _ ( c1 ) T T ) ( Yie-1
Yot C2 ?T%1 W%z Yot—1

BERERE  BERTER

- ) HERGD) BRABA)

586,244
5{84,9405
4{89,290%
4{85,0228
4{82 6668
3(87,838%

3{%3,626/5,0007T

3{E3,5348

g00 gle "ARIMAX (AutoRegressive Integrated Moving Average with Exogenous variables)"

— AR L{F: &

Y1t—2

Yo2t—2

2 2

n ™1 TH9
?T2 ?T2

21 29

102.3% 28122 28,987

96.4% 27,470 27,992

86.5%

VARMA(1):
x; = 'ug + ¢pxp1 + Wy

u; = (1,¢)" includes terms to simultaneously

24,645 25,042

81.9% 22,511 22,849

82.05% 21,333 21,468

78.83% 18,919 19,029

73.1% 16,698 16,695

fit the constant and trend.

88.25% 15,094 14,528

#1518,000

ZEEE - BEBER - REEE - HEEA - HEEE - TR
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Canada {vars}: Macroeconomic time series

*  €: Canadian civil employment (ER[H5EZE)
e U: Canadian unemployment rate (453£%)
*  rW: Canadian manufacturing real wage (BL&3EE R T &)

> Canada

e e e e e e e
° °

The original time series are published by the OECD. The sample range is from the 1stQ 1980 until 4thQ 2000.
*  prod: a measure of labour productivity (584 R 1Y i EF51E)

VAR {vars}

Estimation of a VAR by utilising OLS per equation.

Usage

VAR(y, p = 1, type = c("const", "trend", "both", "none"),
season = NULL, exogen = NULL, lag.max = NULL,
ic = C(IIAICII, IIHQII, IISC“J .IFPE.I))

V: data item containing the endogenous variables

P: integer for the lag order.

type: type of deterministic regressors to include.
season: inlusion of centered seasonal dummy variables.
exogen: inlusion of exogenous variables.

I C: selects the information criteria.

Yy =AYy + ...+ Ay +CDy + uy

> class(Canada)
[1] "mts™ ""ts"
> str(Canada)

- attr(*, "dimnames')=List of 2
..$ - NULL
..$ : chr [1:4] "e" "prod" "rw"™ "U"

Time-Series [1:84, 1:4] from 1980 to 2001: 930 930 930 931 933 ...
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Canada {vars}

> var2c_model <- VAR(Canada, p = 2, type = "const")
> var2c_model

VAR Estimation Results:

Call:
e=e.ll + prod.11 + rw.11 + U.I1 + e. 12 + prod.12 + rw.12 + U_.I2 + const
e.ll prod.I11 rw. 11 u.l1 e.l2
1.637821e+00 1.672717e-01 -6.311863e-02 2.655848e-01 -4.971338e-01
prod. 12 rw. 12 u.I2 const
-1.016501e-01 3.844492e-03 1.326893e-01 -1.369984e+02 S redict (varic model, m.anead =3, i = 0.5%)
Se
fost lower upper CI
- [1,] 962.6557 961.9446 963.3668 0.7111044
[2,] 963.6538 962.3422 964.9654 1.3116050
Estimated coefficients for equation U: [3,] 964.6932 962.8261 966.5603 1.8670903
s, ., T, . ., T T, T T T S T T S T T ST Sprod
Cal I - fost lower upper CI
- [1,] 417.2623 415.9835 418.5411 1.278808
U==e.ll + prod.11 + rw.11 + U.I1 + e. 12 + prod.12 + rw.12 + U_.I2 + const [2,] 417.7410 415.7854 419.6965 1.955532
[3,] 416.2196 415.7674 420.6€717 2.452134
e.l1 prod. 11 rw. 11 u.I1 e.l2 $rw
-0.58076382 -0.07811707 0.01866214 0.61893150 0.40981822 ] 470_5522 468?2225 P s 1_5293%
prod. 12 rw.12 u.i12 const [2,] 470.68948 468.8195 472.9701 2.075289
0.05211668 0.04180115 -0.07116885 149.78056487 (3,1 471.5380 465.0°92 474.0128 2.476757
sU
> predict(var2c_model, n.ahead = 3, ci = 0.95) [1,] 6.425;?2: 5.8;?793; ¢ 976557 0.5481222
[2,] 5.503915 5.017510 €.790327 0.8864083
[3,]1 5.396177 4.215315 €.573035 1.1768580

See also: VAR.etp: VAR Modelling: Estimation, Testing, and Prediction
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VARselect {vars}

VARselect {vars}: The function returns infomation criteria and final prediction error
for sequential increasing the lag order up to a VAR(p)-proccess. which are based on the
same sample size.

Usage

VARselect(y, lag.max = 10, type = c("const"™, "trend", "both", "none"),

season = NULL, exogen = NULL)

> VARselect(Canada, lag.max = 5, type = 'const")

$selection

AIC(n) HQ(n) SC(n) FPE(N)
3 2 2 3

$criteria

1 2 3 4 5
AIC(n) -5.817851996 -6.35093701 -6.397756084 -6.145942174 -5.926500201
HQ(n) -5.577529641 -5.91835677 -5.772917961 -5.328846166 -4.917146309
SC(n) -5.217991781 -5.27118862 -4.838119523 -4.106417440 -3.407087295
FPE(n) 0.002976003 0.00175206 0.001685528 0.002201523 0.002811116

In(T)

AIO(n):lndet(f]u(n))+%nK2 , SC(n) = Indet(Zu(m) + ==nK*
HQ(n) = lndet(Su(n)) + wnm | — @J_rn)f‘f o)
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Interval time series forecasting: A systematic literature
review

Piao Wang'© | Shahid Hussain Gurmani? | ZhifuTao™* | JinpeiLiu® |
Huayou Chen'*

Interval-valued Time Series Data Plot
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NOTE: No R package is available on CRAN for Interval Time Series
Analysis."
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IMDb Users
1,138,730 IMDb users have given a weighted average vaote of 8.1 /10
Rating
10 24.0%
9 22.0%
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Edwin Diday, 2016, Thinking by classes in data science: the symbolic
data analysis paradigm. WIREs Computational Statistics, 8:172—205.
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FIGURE 1 | From a standard data table (X, ¥) describing a set of individuals X by a set of standard variables Y, to a symbolic data table
(X', Y') describing a set of teams X' by a set of symbolic variables Y.

http://www.hmwu. 1dv.tw




Available online at www.sciencedirect.com

. 2 stochastic
e ScienceDirect processes
and their

applications

Stochastic Processes and their Applications 129 (2019) 3446-3462
www.elsevier.com/locate/spa

On categorical time series models with covariates

Konstantinos Fokianos**, Lionel Truquet”

4 Lancaster University, Department of Mathematics & Statistics, Fylde College, Lancaster, LAl 4YF, United Kingdom
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Abstract

We study the problem of stationarity and ergodicity for autoregressive multinomial logistic time series
models which possibly include a latent process and are defined by a GARCH-type recursive equation.
We improve considerably upon the existing conditions about stationarity and ergodicity of those models.
Proofs are based on theory developed for chains with complete connections. A useful coupling technique
is employed for studying ergodicity of infinite order finite-state stochastic processes which generalize
finite-state Markov chains. Furthermore, for the case of finite order Markov chains, we discuss ergodicity
properties of a model which includes strongly exogenous but not necessarily bounded covariates.

(© 2018 Elsevier B.V. All rights reserved.

MSC: primary 62M10; secondary 60G10 ; 60B12
Keywords: Autoregression; Categorical data; Chains with complete connection; Coupling: Covariates; Ergodicity;
Markov chains

http://www.hmwu. 1dv.tw

to be continuous...




N

)
F@

A‘_

Op
QS‘ |

quantmod: Specify, build, trade, and analyse quantitative financial trading strategies.

http://www.quantmod.com/

quantmod

. tidyguant

quantmod

Quantitative Financial Modelling & Trading Framewerk for R
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documentation

examples

gallery

download

license

feeds

R/quant links

quantmod Updated Charting Tools for 0.3-61
The quantmod package for B is designed to assist the quantitative trader o "\‘
in the development, testing, and deployment of statistically based trading WIMI !l"l!
models _.-"m %, h
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What quantmod is NOT —

May 05 may 27
A replacement for a

analysis toal to sped
elsewhers in R, but
already know and lov

1-02/2008-06
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Explore what is current

This sofware is written and m:

and use. Copyright 2008

*  Core Functions:

Getting Financial Data from the web: tq_get()
Manipulating Financial Data: tq_transmute() and tq mutate()

Performance Analysis and Portfolio Analysis: tq_performance() and tq_portfolio()

*  Comparing Stock Prices, Evaluating Stock Performance, Evaluating Portfolio Performance

*  https://cran.r-project.org/web/packages/tidyquant/vignettes/TQ03-scaling-and-modeling-with-tidyquant.html

https://business-science.github.io/tidyquant/

tidyquant Home Getting Started Tutorials ¥ API Reference News

tidyquant
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tidyquant

Bringing financial and business analysis to the tidyverse

2-Minutes To Tidygquant

Our short introduction to tidyquant on You lube.
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