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本章大綱&學習目標

 學習資源: 參考書目
 R軟體中的時間序列物件
 時間序列資料輸入與輸出
 時間序列資料的處理: lubridate 套件

 時間序列圖
 時間序列資料的平滑化
 時間序列資料統計模型與預測: 

 Multiple Regression
 AR, MA, ARMA, ARIMA

 多變量自迴歸模型: The Stationary Vector Autoregression Model , 
VAR(p)

 區間型資料之時間序列分析 (Interval Time Series Analysis)
 類別(屬質)變數之時間序列分析 (Categorical Time Series Models)
 財務金融資料分析套件: quantmod & tidyquant
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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
Series Data、Miscellaneous

CRAN Task View: Time Series Analysis

https://cran.r-project.org/web/views/TimeSeries.html
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The multiple time series and 
multi-variate time series
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Overview of Time Series Objects in R 
時間序列類別 套件 說明

ts, mts stats: R statistical functions This package contains functions for statistical calculations 
and random number generation. 

timeSeries timeSeries:
Financial Time Series Objects 
(Rmetrics)

'S4' classes and various tools for financial time series: 
Basic functions such as scaling and sorting, subsetting, 
mathematical operations and statistical functions.

ti tis: Time Indexes and Time Indexed 
Series

Functions and S3 classes for time indexes and time 
indexed series, which are compatible with FAME 
frequencies.

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

An S3 class with methods for totally ordered indexed 
observations. It is particularly aimed at irregular time 
series of numeric vectors/matrices and factors. zoo's key 
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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Overview of Date and Date.Time Objects in R

類別 套件 說明
Date base Represent calendar dates as the number of days since 1970.01.01

POSIXct base 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.) 

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

chron chron: Chronological Objects 
which Can Handle Dates and Times

Provides chronological objects which can handle dates and times.

Yearmon
(yearqtr)

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

Represent monthly (quarterly) data. Internally it holds the data as year 
plus 0 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).   

timeDate timeDate: Rmetrics -
Chronological and Calendar Objects

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.
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日期 Dates
The Date Class (base R)

 R以"Date" 類別表示(不包括時間)日期: 年月日。
 Internally, Date objects are stored as the number of days 

since January 1, 1970, using negative numbers for 
earlier dates. 

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

> as.Date("1985-6-16")
[1] "1985-06-16"
> as.Date("2019/02/17")
[1] "2019-02-17"
> as.Date(1000, origin = "1900-01-01")
[1] "1902-09-28"
> as.Date("2/15/2011", format = "%m/%d/%Y")
[1] "2011-02-15"
> 
> as.Date("April 26, 1993", format = "%B %d, %Y")
[1] "1993-04-26"
> as.Date("22JUN01", format = "%d%b%y") 
[1] "2001-06-22"
> seq(as.Date('1976-7-4'), by = 'days', length = 10)
[1] "1976-07-04" "1976-07-05" "1976-07-06" "1976-07-07" "1976-07-08" "1976-07-09" "1976-07-10"
[8] "1976-07-11" "1976-07-12" "1976-07-13"
> 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"

> (lct <- Sys.getlocale("LC_TIME"))
[1] "C"
> Sys.setlocale("LC_TIME", "C")
[1] "C"

請先執行!!

> Sys.getlocale("LC_TIME")
[1] "Chinese (Traditional)_Taiwan.950"

> as.numeric(as.Date("1970/1/1")) 
[1] 0

10/61



http://www.hmwu.idv.twhttp://www.hmwu.idv.twhttp://www.hmwu.idv.tw

日期時間
The POSIXt classes (base R)

 R的"時間"用"POSIXct"或 "POSIXlt" 類別表示，
 內部時間是以 "1970年1月1日" 起至今的秒數表示。
 (UTC, Universal Time, Coordinated, 世界協調時間)
 (GMT, Greenwich Mean Time, 格林威治標準時間)

> Sys.time()
[1] "2028-10-14 21:16:07 台北標準時間"
# 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"

> my.date <- as.POSIXlt(Sys.time())
> my.date
[1] "2028-10-14 21:18:31 台北標準時間"
> my.date$sec
[1] 31.304
> my.date$min
[1] 18
> my.date$hour
[1] 21

> 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

sec, min, hour,
mday (# day number within the month), 
mon (#January=0), 
year (#+1900), 
wday (#day of the week starting at 0=sunday),
yday (#day of the year after 1 january=0)

> now <- Sys.time()
> as.POSIXct(now)
[1] "2027-06-03 17:46:44 CST"
> as.POSIXlt(now)
[1] "2027-06-03 17:46:44 CST"
> class(now)
[1] "POSIXct" "POSIXt" 
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Two POSIXt sub-classes:
POSIXlt / POSIXct 類別

 Functions to convert between character representations and objects of classes "POSIXlt" and 
"POSIXct" representing calendar dates and times. 
 Character input is first converted to class "POSIXlt" 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 "POSIXlt" to "POSIXct" will validate times in the selected time zone. 

> 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.POSIXlt(Sys.time(), "GMT") 
[1] "2017-08-27 13:17:45 GMT"
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strptime {base}: Date-time 
Conversion Functions to and from Character

> 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", "2jan1960", "31mar1960", "30jul1960")
> 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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時間序列資料輸入與輸出: 純文字檔

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

1  1 73 2017/01/27 11:30:20
2  2 52 2017/03/05 12:01:40
3  3 57 2017/05/12 03:20:00
4  1 74 2017/08/27 14:00:00
5  2 51 2017/10/17 21:03:50
6  3 60 2017/12/08 08:40:30
> lapply(mydate, class)
$V1
[1] "integer"

$V2
[1] "integer"

$V3
[1] "factor"

> # 方法一
> varNames <- c("ID", "Values", "DateTime")
> mydate <- read.table("mydate.txt", sep = ";", 

col.names = varNames)
> mydate

ID Values            DateTime
1  1     73 2017/01/27 11:30:20
2  2     52 2017/03/05 12:01:40
3  3     57 2017/05/12 03:20:00
4  1     74 2017/08/27 14:00:00
5  2     51 2017/10/17 21:03:50
6  3     60 2017/12/08 08:40:30
> lapply(mydate, class)
$ID
[1] "integer"
$Values
[1] "integer"
$DateTime
[1] "factor"

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

> lapply(mydate, class)
$ID
[1] "integer"
$Values
[1] "integer"
$DateTime
[1] "POSIXlt" "POSIXt" 

> # 方法二
自定讀取類別

mydate.txt
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時間序列資料輸入與輸出: EXCEL檔

library(writexl)
write_xlsx(iris, path = "iris.xlsx")
write_xlsx(list(sheet1 = iris[, 1:2], sheet2 = iris[, 3:4]), path = "iris.xlsx")

> library(readxl)
> mydate <- read_excel("mydate.xlsx", col_names = FALSE)
> mydate
# A tibble: 6 × 3

...1  ...2 ...3               
<dbl> <dbl> <dttm>             

1     1    73 2017-01-27 11:30:20
...
6     3    60 2017-12-08 08:40:30
> lapply(mydate, class)
$...1
[1] "numeric"

$...2
[1] "numeric"

$...3
[1] "POSIXct" "POSIXt" 

> mydate2 <- read_excel("mydate2.xlsx", col_names = FALSE)
> mydate2
# A tibble: 6 × 4

...1  ...2 ...3                ...4               
<dbl> <dbl> <dttm>              <dttm>             

1     1    73 2017-01-27 00:00:00 1899-12-31 11:30:20
...
6     3    60 2017-12-08 00:00:00 1899-12-31 08:40:30

Further modification is needed!

滑鼠右鍵
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時間序列資料的處理
lubridate: Make Dealing with Dates a Little Easier

• https://lubridate.tidyverse.org/
• 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

Garrett Grolemund, Hadley Wickham (2011). Dates 
and Times Made Easy with lubridate. Journal of 
Statistical Software, 40(3), 1-25.
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Parsing Dates and Times
> library(lubridate)
> 
> today()
[1] "2023-09-10"
> current1 <- now()
> current1
[1] "2023-09-10 08:17:32 UTC"
> class(current1)
[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"

> two_dates <- ymd_hms("2023-01-01 01:15:00", "2023-02-01 01:30:00")
> minute(two_dates)
[1] 15 30
> mean(minute(two_dates))
[1] 22.5
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時區 (Time Zone)
 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() ## typically around six hundred names

[1] "Africa/Abidjan" "Africa/Accra" "Africa/Addis_Ababa" "Africa/Algiers"                  
[5] "Africa/Asmara" "Africa/Asmera" "Africa/Bamako" "Africa/Bangui"                   
[9] "Africa/Banjul" "Africa/Bissau" "Africa/Blantyre" "Africa/Brazzaville"              

...
[589] "US/Mountain" "US/Pacific" "US/Samoa" "UTC"
[593] "W-SU" "WET""Zulu"                            
attr(,"Version")
[1] "2022e"

> Sys.timezone()
[1] "UTC"
> Sys.setenv(TZ = "UTC")
> ymd_hms("2023-08-17 08:50:00", tz = "Asia/Taipei")
[1] "2023-08-17 08:50:00 CST"
> ymd_hms("2023-08-17 19:25:00", tz = "Europe/London")
[1] "2023-08-17 19:25:00 BST"
> 
> departure <- ymd_hms("2023-08-17 08:50:00", tz = "Asia/Taipei")
> departure
[1] "2023-08-17 08:50:00 CST"
> with_tz(departure, "Europe/London")
[1] "2023-08-17 01:50:00 BST"

> changed <- force_tz(departure, "America/Chicago")
> changed
[1] "2023-08-17 08:50:00 CDT"
> with_tz(changed, "Europe/London")
[1] "2023-08-17 14:50:00 BST"

Central Daylight Time
中部夏令時間
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> departure <- ymd_hms("2023-08-17 08:50:00", tz = "Asia/Taipei")
> year(departure) 
[1] 2023
> month(departure) 
[1] 8
> week(departure) 
[1] 33
> yday(departure) 
[1] 229
> mday(departure) 
[1] 17
> wday(departure) 
[1] 5
> hour(departure) 
[1] 8
> minute(departure) 
[1] 50
> second(departure)
[1] 0

> month(departure, label = TRUE) 
[1] 八月
Levels: 一月 < 二月 < 三月 < 四月 < 五月 < 六月 < 七月 < 八月 < 九月 < 十月 < 十一月 < 十二月
> month(departure, label = TRUE, abbr = FALSE)
[1] 八月
Levels: 一月 < 二月 < 三月 < 四月 < 五月 < 六月 < 七月 < 八月 < 九月 < 十月 < 十一月 < 十二月
> wday(departure, label = TRUE)
[1] 週四
Levels: 週日 < 週一 < 週二 < 週三 < 週四 < 週五 < 週六

Setting and Extracting Information

> Sys.getenv()
> Sys.setenv(LANG = "en")
> Sys.setenv(LANG = "zh")

英文: August, Aug

> second(departure) <- 25
> departure
[1] "2023-08-17 08:50:25 CST"
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Time Intervals
> 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
[1] 2023-08-05 EDT--2023-08-10 EDT

> int_overlaps(JSM2023, camp_period)
[1] FALSE
> union(JSM2023, camp_period)
[1] 2023-07-20 04:00:00 EDT--2023-08-10 EDT
> 
> # Other functions that work with intervals: 
> # int_start, int_end, int_flip, int_shift, int_aligns, union, 
> # intersect, setdiff, %within%.
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Arithmetic with Date Times
> # Periods record a time span in units larger 
than seconds
> ymd(20230805) + 1
[1] "2023-08-06"
> ymd(20230805) + days(1)
[1] "2023-08-06"
> days(0:5)
[1] "0S" "1d 0H 0M 0S" "2d 0H 0M 0S" "3d 0H 0M 
0S" "4d 0H 0M 0S" "5d 0H 0M 0S"
> weeks(1:5)
[1] "7d 0H 0M 0S"  "14d 0H 0M 0S" "21d 0H 0M 
0S" "28d 0H 0M 0S" "35d 0H 0M 0S"
> months(1)
[1] "1m 0d 0H 0M 0S"
> ymd(20230805) + months(1)
[1] "2023-09-05"
> years(1:2)
[1] "1y 0m 0d 0H 0M 0S" "2y 0m 0d 0H 0M 0S"
> 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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Arithmetic with Date Times
 Question: January 31st + one month. 

Should the answer be
(1) February 31st (which doesn't exist)
(2) March 4th (31 days after January 31), or
(3) February 28th (assuming its not a leap year)

> #(1)
> jan31 + months(1)
[1] NA
> jan31 + 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
> jan31 %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"

> jan31 <- ymd("2013-01-31")
> jan31
[1] "2013-01-31"
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Creating ts Time Series Object

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

> ts_matrix <- matrix(round(rnorm(60), 2), 20, 3)
> ts_matrix
> ts_obj <- ts(ts_matrix, start = c(1961, 1), frequency = 12)
> ts_obj 
> class(ts_obj)
[1] "mts"    "ts"     "matrix"
> is.mts(ts_obj)
[1] TRUE

ts(data = NA, start = 1, end = numeric(), frequency = 1,
deltat = 1, ts.eps = getOption("ts.eps"), class = , names = )

as.ts(x, ...)
is.ts(x)
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The R Graph Gallery: Time Series
https://r-graph-gallery.com/time-series.html The R Graph Gallery

See also:
https://r-charts.com/evolution/time-series-ggplot2/
https://plotly.com/r/time-series/ 
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matplot {graphics}, geom_line {ggplot2}

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]))
}

ts.plot(stockdata$加權平均價[1:12])

ts.plot {stats}
Plot Multiple Time Series

27/61



http://www.hmwu.idv.twhttp://www.hmwu.idv.twhttp://www.hmwu.idv.tw

使用 matplot {graphics} 
mat <- as.data.frame(matrix(stockdata$加權平均價, ncol = 5))
colnames(mat) <- unique(stockdata$半導體公司)
mat

matplot(1:12, mat, type = "o", lty = 1:5, col = 1:5, pch = 1:5, 
main = "民國100年5家半導體公司股票月成交資訊(元,股)", 
xlab = "月份", ylab = "價位(元/股)")

legend(10, 240, legend = colnames(mat), lty = 1:5, col = 1:5,
pch = 1:5, cex = 0.9)

type = "l"

ts.plot(mat, lty = 1:5, col = 1:5, type = "b")

multiple time series data
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使用 geom_line {ggplot2}
library(ggplot2)
ggplot(stockdata, aes(x = 月份, y = 加權平均價, colour = 半導體公司)) +

geom_point(aes(size = 週轉率百分比))+
geom_line(aes(lty = 半導體公司)) + 
scale_x_continuous(breaks = 1:12, labels = month.abb) +
labs(title="民國100年三家半導體公司股票月成交資訊(元,股)")

ggplot(stockdata, aes(x = 月份, y = 加權平均價, colour = 半導體公司)) +
geom_area(aes(fill = 半導體公司), alpha = 0.5) +
scale_x_continuous(breaks = 1:12, labels = month.abb) +
labs(title="民國100年三家半導體公司股票月成交資訊(元,股)")

stockdata$年月日 <- as.Date(paste0("2011/", stockdata$月份, "/01"))
ggplot(...) +

scale_x_date(date_labels = "%b/%Y") 
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使用 autoplot for ts, mts Object

> 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)
Time Series:
Start = c(1987, 26) 
End = c(1987, 31) 
Frequency = 52 

First.Class Business.Class Economy.Class
1987.481       1.912             NA        20.167
1987.500       1.848             NA        20.161
1987.519       1.856             NA        19.993
1987.538       2.142             NA        20.986
1987.558       2.118             NA        20.497
1987.577       2.048             NA        20.770
> class(melsyd)
[1] "mts" "ts" 
> colnames(melsyd)
[1] "First.Class"    "Business.Class" "Economy.Class" 
> time(melsyd)
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...

> autoplot(melsyd[, "Economy.Class"]) +
+   xlab("Year") +
+   ylab("Thousand") +
+   ggtitle("Passenger numbers (Melbourne - Sydney)")
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使用 ggseasonplot for ts Object

> data(a10) # Monthly anti-diabetic drug (抗糖尿病藥) sales in Australia from 1992 to 2008. 
> a10

Jan       Feb       Mar       Apr       May       Jun       Jul       Aug
1991                                                              3.526591  3.180891
1992  5.088335  2.814520  2.985811  3.204780  3.127578  3.270523  3.737851  3.558776
...
2007 28.038383 16.763869 19.792754 16.427305 21.000742 20.681002 21.834890 23.930204
2008 29.665356 21.654285 18.264945 23.107677 22.912510 19.431740                    
> class(a10)
[1] "ts"
> ggseasonplot(a10, year.labels = TRUE) +
+   xlab("Month")+
+   ylab("Million (USD)") +
+   ggtitle("Monthly anti-diabetic drug sales in Australia (1992-2008)")

autoplot(a10) +
xlab("Month")+
ylab("Million (USD)") +
ggtitle("Anti-diabetic drug sales)")
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plotly package supports the time-series classes:
ts, mts, zoo, xts, data.frame, tbl

> # convert data.frame to ts, and then using ts_plot
> mat_ts <- as.ts(mat, start = c(2011, 1), frequency = 12)
> mat_ts
Time Series:
Start = 1 
End = 12 
Frequency = 1 

台積電 威盛 聯發科 聯電 旺宏
1  74.30 30.97 403.55 17.19 22.19

...
12  75.00 16.96 268.01 12.51 12.17
> class(mat_ts)
[1] "mts"    "ts"     "matrix"
> str(mat_ts)
Time-Series [1:12, 1:5] from 1 to 12: 74.3 72.5 69.7 71.4 75 ...
- attr(*, "dimnames")=List of 2
..$ : NULL
..$ : chr [1:5] "台積電" "威盛" "聯發科" "聯電" ...

> ts_plot(mat_ts)
> ts_plot(mat_ts, type = "multiple")

library(plotly)
# data.frame with one date/time column 
date_mat <- data.frame(date = seq(as.Date("2011/1/1"), 

by = "month", 
length.out = 12), 

mat)
sapply(date_mat, class)
ts_plot(date_mat)
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基本時間序樣態
(Basic Time Series Patterns)

Horizontal Pattern Trend Pattern

Seasonal Pattern
Trend and 

Seasonal Pattern

• 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.

Images Source: Anderson et al., 2019, Statistics for Business & 
Economics (14th Edition), Cengage Learning Ltd

Cyclical Pattern
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自我相關函數
(Autocorrelation Function, ACF)

 Autocorrelation is the correlation between two observations at 
different points in a time series.

 A time series 𝑦 , 𝑦 , … , 𝑦 .

 mean: 𝑦 ∑ .

 The autocorrelation function at lag 𝑘: 

𝐴𝐶𝐹 𝑘  
∑ 𝑦 𝑦 𝑦 𝑦

∑  𝑦   𝑦 
∑ 𝑦 𝑦 𝑦 𝑦

∑  𝑦   𝑦 

𝑙𝑎𝑔 𝑘 1 𝑙𝑎𝑔 𝑘 2 𝑙𝑎𝑔 𝑘 3 𝑙𝑎𝑔 𝑘 4

correlogram: 
𝐴𝐶𝐹 𝑘 against 𝑘
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自我相關函數
(Autocorrelation Function, ACF)

 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.

 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. 

Images source: https://statisticsbyjim.com/time-series/autocorrelation-partial-autocorrelation/
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> Gasoline_Sales <- ts(c(68, 84, 76, 92, 72, 64, 80, 72, 88, 80, 60, 88))
> Gasoline_Sales
Time Series:
Start = 1 
End = 12 
Frequency = 1 
[1] 68 84 76 92 72 64 80 72 88 80 60 88

> acf(Gasoline_Sales) # base package
> Acf(Gasoline_Sales) # forecast package
> ggAcf(Gasoline_Sales) # forecast package

自我相關函數
(Autocorrelation Function, ACF)

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"])

plot(ts(Gasoline_Sales))
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Durbin Watson Test
(An autocorrelation test)

 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. 

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

Hypothesis:
𝐻   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, 𝜎 . 
• The errors are stationary.

Test statistic:

𝐷𝑊   ∑
∑

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 

in the range of 1.5 to 2.5 are relatively normal.

> library(readxl)
> Gasoline <- read_excel("Gasoline.xlsx")
> Gasoline
# A tibble: 12 × 2

Week Sales
<dbl> <dbl>

1     1    68
2     2    84

...
12    12    88
> plot(Sales ~ Week, data = Gasoline, type = "o", 
+      main = "Gasoline Sales Time Series Plot",
+      ylim = c(0, 100), pch = 16)
>  
> Gasoline_lm <- lm(Sales ~ Week, data = Gasoline)
> library(lmtest)
> dwtest(formula = Gasoline_lm,  

alternative = "two.sided")

Durbin-Watson test
data:  Gasoline_lm
DW = 2.5478, p-value = 0.5156
alternative hypothesis: true autocorrelation is not 0
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判斷趨勢:
移動平均 (moving average，簡稱均線)

 移動平均法使用𝑛期的資料進行平均。
 簡單移動平均 𝑆𝑀𝐴 ⋯

 期數選擇影響很大，該如何選擇:
 事件發展有無週期性。若有，應以此週期為期數，藉以消除週期影響。
 對趨勢平均性的要求。期數愈多，修勻效果愈平均。
 對趨勢反映近期變化敏感程度的要求。想得到長期趨勢，期數選擇要

大。短期趨勢則選擇小期數。
 加權移動平均 𝑊𝑀𝐴 𝑤 𝑥 𝑤 𝑥 ⋯ 𝑤 𝑥
 指數移動平均 𝐸𝑀𝐴 𝛼𝑥 𝛼 1 𝛼 𝑥 𝛼 1 𝛼 𝑥 ⋯
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Smoothing and Moving Average in R

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(x, n = 10, wts = 1:n, ...)
EVWMA(price, volume, n = 10, ...)
ZLEMA(x, n = 10, ratio = NULL, ...)
VWAP(price, volume, n = 10, ...)
VMA(x, w, ratio = 1, ...)
HMA(x, n = 20, ...)
ALMA(x, n = 9, offset = 0.85, sigma = 6, ...)

• SMA: Simple moving average.
• EMA: Exponential moving average.
• WMA: Weighted moving average.
• DEMA: Double-exponential moving average.
• EVWMA: Elastic, volume-weighted moving average.
• ZLEMA: Zero lag exponential moving average.
• VWMA: Volume-weighed moving average (same as VWAP).
• 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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移動平均範例
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. 

# Arms' Ease 

> # install.packages("TTR")
> library(TTR)
> data(ttrc)
> dim(ttrc)
[1] 5550    6
> head(ttrc)

Date Open High  Low Close  Volume
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

> t <- 1:100
> sma.20 <- SMA(ttrc[t, "Close"], 20)
> ema.20 <- EMA(ttrc[t, "Close"], 20) 
> wma.20 <- WMA(ttrc[t, "Close"], 20) 
> 
> plot(ttrc[t,"Close"], type = "l", main =  "ttrc")
> lines(sma.20, col = "red", lwd = 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"), lty = 1, lwd = 2)
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預測正確率 (Forecast Accuracy)
 𝑭𝒐𝒓𝒆𝒄𝒂𝒔𝒕𝑬𝒓𝒓𝒐𝒓  𝐴𝑐𝑡𝑢𝑎𝑙𝑉𝑎𝑙𝑢𝑒  𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡
 𝑷𝒆𝒓𝒄𝒆𝒏𝒕𝒂𝒈𝒆𝑬𝒓𝒓𝒐𝒓  𝐹𝑜𝑟𝑒𝑐𝑎𝑠𝑡𝐸𝑟𝑟𝑜𝑟 / 𝐴𝑐𝑡𝑢𝑎𝑙𝑉𝑎𝑙𝑢𝑒 ∗  100%
 The mean absolute error (MAE): the average of the absolute values of the forecast errors.
 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 

errors.

Images Source: Anderson et al., 2019, Statistics for Business & Economics (14th Edition), Cengage Learning Ltd

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.
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> library(readxl)
> Gasoline <- read_excel("Gasoline.xlsx")
> Gasoline
# A tibble: 12 × 2

Week Sales
<dbl> <dbl>

1     1    68
2     2    84
3     3    76
4     4    92
5     5    72
6     6    64
7     7    80
8     8    72
9     9    88

10    10    80
11    11    60
12    12    88
>  
> Gasoline_fc_naive <- naive(Gasoline_ts)
> Gasoline_fc_naive$fitted
Time Series:
Start = 1 
End = 12 
Frequency = 1 
[1] NA 68 84 76 92 72 64 80 72 88 80 60

> summary(Gasoline_fc_naive)
> accuracy(Gasoline_fc_naive)

ME     RMSE      MAE       MPE     MAPE MASE       ACF1
Training set 1.818182 16.13579 14.90909 0.1082169 19.24431  1 -0.4553872

範例: Naive Method

> plot(Sales ~ Week, data = Gasoline, type = "o", 
+      main = "Gasoline Sales Time Series Plot",
+      ylim = c(0, 100), pch = 16)
> 
> library(forecast)
> Gasoline_ts <- ts(Gasoline$Sales)
> plot(Gasoline_ts)
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範例: Moving Average and Forecast Accuracy

> 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
Test set 0.2222222 13.5592 11.92593 -2.129945 15.99248
> accuracy(Gasoline_fc_ema3, Gasoline_ts[2:12]) 

ME     RMSE      MAE       MPE    MAPE
Test set 0.6909722 13.44512 11.98264 -1.502064 15.9555

> # Gasoline Sales Time Series Plot and Three-Week Moving Average Forecasts
> plot(Gasoline_ts, type = "o", ylim = c(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", lwd = 2, col = 2, pch = 16)
> points(Gasoline_fc_wma3, type = "o", lwd = 2, col = 3, pch = 16)
> points(Gasoline_fc_ema3, type = "o", lwd = 2, col = 4, pch = 16)
> legend(8, 40, legend = c("Gasoline_ts", "SMA(3)", "WMA(3)", "EMA(3)"), 
+        col = 1:4, lty = 1, lwd = 2)
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模型與預測: 多重回歸法
 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

Seasonality and Trend
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範例: Fit A Multiple Regression Model to 
Smartphone Sales Time Series Data

> SmartphoneSales <- read_excel("SmartphoneSales.xlsx")
> SmartphoneSales
# A tibble: 16 × 3

Year Quarter `Sales (1000s)`
<dbl>   <dbl>           <dbl>

1     1       1             4.8
2     1       2             4.1
3     1       3             6  
4     1       4             6.5
5     2       1             5.8
6     2       2             5.2
7     2       3             6.8
8     2       4             7.4
9     3       1             6  

10     3       2             5.6
11     3       3             7.5
12     3       4             7.8
13     4       1             6.3
14     4       2             5.9
15     4       3             8  
16     4       4             8.4
> SmartphoneSales_ts <- ts(SmartphoneSales$`Sales (1000s)`, 
+                          start =1, frequency = 4)
> 
> plot(SmartphoneSales_ts, type = "o", pch = 16, 
+      ylim = c(0, 9), xlab = "Year/Quarter", ylab = "Sales", 
+      xaxt = "n", 
+      main = "Smartphone Sales Time Series Plot")
> axis(1, at = seq(from = 1, by = 0.25, length.out = length(SmartphoneSales_ts)),
+      labels = paste0(rep(1:4, each = 4), "/", rep(1:4, 4)))
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範例: Smartphone Sales Time Series
> SmartphoneSales$Quarter <- factor(SmartphoneSales$Quarter, levels = 4:1) 
> SmartphoneSales$Period <- 1:nrow(SmartphoneSales)
> SmartphoneSales_lm <- lm(`Sales (1000s)` ~ Quarter + Period, data = SmartphoneSales)
> summary(SmartphoneSales_lm)
Call:
lm(formula = `Sales (1000s)` ~ Quarter + Period, data = SmartphoneSales)

Residuals:
Min      1Q  Median      3Q     Max 

-0.2988 -0.1569 -0.0075  0.1150  0.3663 

Coefficients:
Estimate Std. Error t value Pr(>|t|)    

(Intercept)  6.06875    0.16250  37.347 6.12e-13 ***
Quarter3    -0.30438    0.15368  -1.981   0.0732 .  
Quarter2    -2.03375    0.15511 -13.112 4.66e-08 ***
Quarter1    -1.36313    0.15745  -8.657 3.06e-06 ***
Period       0.14563    0.01211  12.023 1.14e-07 ***
---
Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

Residual standard error: 0.2167 on 11 degrees of freedom
Multiple R-squared:  0.9763, Adjusted R-squared:  0.9676 
F-statistic: 113.2 on 4 and 11 DF,  p-value: 7.376e-09
> points(x = seq(from = 1, by = 0.25, length.out = length(SmartphoneSales_ts)),
+        y = SmartphoneSales_lm$fitted.values, 
+        type = "o", pch = 15, col = "red")
> legend(3, 3, legend = c("Time Series", "Regression Fit"), lty = 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.
> predict(SmartphoneSales_lm, 

newdata = data.frame(Quarter = 
factor(1:4), 

Period = 17:20))
1       2       3       4 

7.18125 6.65625 8.53125 8.98125 
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時間序列模型基本概念: 
穩定、平穩、穩態 (Stationary)

ADF Test (Augmented Dickey-Fuller)
https://en.wikipedia.org/wiki/Augmented_Dickey%E2%80%93Fuller_test
𝐻 : The time series is non-stationary.

> library(tseries)
> my_ts_data <- ts(c(13, 54, 54, 65, 66, 71, 67, 67, 
+                    79, 88, 59, 52, 60))
> plot(my_ts_data)
> ggAcf(my_ts_data)
> adf.test(my_ts_data)

Augmented Dickey-Fuller Test

data:  my_ts_data
Dickey-Fuller = -1.6549, Lag order = 2, p-value = 0.7039
alternative hypothesis: stationary
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時間序列模型基本概念
AR, MA, ARMA, ARIMA 模型

移動平均模型: Moving Average Model, 𝑀𝐴 𝑞

自迴歸模型: Autoregressive Model, 𝐴𝑅 𝑝

移動平均自迴歸模型
Autoregressive Moving Average Model, 𝐴𝑅𝑀𝐴 𝑝, 𝑞

有些書是用減號的
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時間序列模型基本概念
(差分)整合移動平均自迴歸模型，𝐴𝑅𝐼𝑀𝐴 𝑝, 𝑑, 𝑞

• p為自我迴歸項數。

• q為移動平均項數。

• d為使之成為平穩序列所

做的差分次數(階數)。

Box-Jenkins backshift operator

When time series 
exhibit nonstationary 
behavior, then the 
ARMA model presented 
above can be extended 
and written using 
differences: 

Replacing in the ARMA model 
with the differences defined 
above yields the formal 
𝑨𝑹𝑰𝑴𝑨 𝒑, 𝒅, 𝒒  model:

𝐴𝑅𝑀𝐴 𝑝, 𝑞
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建模步驟
5. 模型診斷:
 繪製模型殘差的ACF圖。
 進行白噪檢定來評估模型的適合度。
 如果模型殘差不滿足白噪條件，可以考慮重

新選擇模型並進行配適。

6. 模型預測：
 找到滿足條件的模型，可以使用該模型來進

行未來的預測。
 評估模型的預測效能，計算預測誤差的度量

（如MAE, RMSE等）。

7. 結果報告和解釋：
 對模型的結果進行解釋和報告。
 提供模型的預測結果和相應的信賴區間。

1. 繪製時間序列圖並進行初步分析：
 觀察是否存在異常值或顯著的季節性和趨

勢成分。
 如果方差隨時間顯著波動，可以考慮使用

Box-Cox變換來穩定方差。
2. 檢測和確保時間序列的平穩性：
 通過ADF (Augmented Dickey-Fuller 

Test)檢定或KPSS (Kwiatkowski–Phillips–
Schmidt–Shin Test)檢定檢測時間序列的
平穩性。

 如果時間序列不是平穩的，進行一階或更
高階的差分，直到序列變得平穩。

3. 識別ARIMA模型的階數：
 對平穩的時間序列繪製ACF圖和PACF圖。
 根據ACF和PACF圖，判別可能的

ARIMA(p,d,q)模型。
4. 模型配適和選擇：
 使用選定的p, d, q值來配適ARIMA模型。
 通過AIC或AICc來選擇最佳模型。
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ARIMA 範例: 
WWWusage {datasets}: Internet Usage per Minute

library(forecast) 
autoplot(WWWusage) +

xlab("Time")+
ylab("Numbers of users") +
ggtitle("Internet Usage per Minute") ggAcf(WWWusage)

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

auto.arima: Fit best ARIMA 
model to univariate time series. 
Returns best ARIMA model 
according to either AIC, AICc or 
BIC value. The function conducts a 
search over possible model within 
the order constraints provided.

> WWWusage_arima <- Arima(WWWusage, order = c(2, 1, 2))
> WWWusage_arima
Series: WWWusage 
ARIMA(2,1,2) 

Coefficients:
ar1     ar2     ma1     ma2

0.0215  0.3407  1.2001  0.4394
s.e.  0.2981  0.2356  0.2799  0.1729

sigma^2 = 10.1:  log likelihood = -253.68
AIC=517.36   AICc=518.01   BIC=530.34

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

Coefficients:
ar1     ma1

0.6504  0.5256
s.e.  0.0842  0.0896

sigma^2 = 9.995:  log likelihood = -254.15
AIC=514.3   AICc=514.55   BIC=522.08

> plot(forecast(WWWusage_arima_best, h = 10))

> 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
...
110       216.8413 171.1478 262.5348 146.9592 286.7235
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多變量自迴歸模型
The Stationary Vector Autoregression Model , VAR(p)

VAR(2):

VAR(1):

一般工作: 參數估計、信賴區間、假設檢定、模型檢測 、模型選擇、預測

VARMA(1):

google "ARIMAX (AutoRegressive Integrated Moving Average with Exogenous variables)"
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R Package vars: VAR Modelling
Canada {vars}: Macroeconomic time series
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 (勞動生產率的衡量指標)
• e: Canadian civil employment (民間就業)
• U: Canadian unemployment rate (失業率)
• rw: Canadian manufacturing real wage (製造業實際工資)

• y: 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.
• ic: selects the information criteria.

> class(Canada)
[1] "mts" "ts" 
> str(Canada)
Time-Series [1:84, 1:4] from 1980 to 2001: 930 930 930 931 933 ...
- attr(*, "dimnames")=List of 2
..$ : NULL
..$ : chr [1:4] "e" "prod" "rw" "U"
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Canada {vars}: 
Macroeconomic time series data

See also: VAR.etp: VAR Modelling: Estimation, Testing, and Prediction

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

VAR Estimation Results:
======================= 

Estimated coefficients for equation e: 
====================================== 
Call:
e = e.l1 + prod.l1 + rw.l1 + U.l1 + e.l2 + prod.l2 + rw.l2 + U.l2 + const 

e.l1       prod.l1         rw.l1          U.l1          e.l2
1.637821e+00  1.672717e-01 -6.311863e-02  2.655848e-01 -4.971338e-01
prod.l2         rw.l2 U.l2         const 
-1.016501e-01  3.844492e-03  1.326893e-01 -1.369984e+02 

...

Estimated coefficients for equation U: 
====================================== 
Call:
U = e.l1 + prod.l1 + rw.l1 + U.l1 + e.l2 + prod.l2 + rw.l2 + U.l2 + const 

e.l1      prod.l1        rw.l1         U.l1         e.l2
-0.58076382  -0.07811707   0.01866214   0.61893150   0.40981822
prod.l2        rw.l2 U.l2        const 
0.05211668   0.04180115 -0.07116885 149.78056487 

> predict(var2c_model, n.ahead = 3, ci = 0.95)
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VARselect {vars}: 
Information criteria and FPE for different VAR(p)

> 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

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.
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區間型資料之時間序列分析
Interval Time Series Analysis

• Wang, P., Gurmani, S. H., Tao, Z., Liu, J., & Chen, H. 
Interval time series forecasting: A systematic literature 
review. Journal of Forecasting. First published: 20 
September 2023.

• Zhang, H., Su, J., Tang, L., & Srivastava, A. (2023). Elastic 
statistical analysis of interval-valued time series. Journal of 
Applied Statistics, 50(1), 60-85.

• Lin, L. C., Sung, H., & Lee, S. (2023). Comprehensive 
interval‐valued time series model with application to the 
S&P 500 index and PM2. 5 level data analysis. Applied 
Stochastic Models in Business and Industry, 39(2), 198-
218.

• Zhou, W., Shan, D., Yang, J., & Lu, W. (2019). The 
modeling of interval-valued time series: A method based 
on fuzzy set theory and artificial neural networks. 
International Journal of Computational Intelligence and 
Applications, 18(01), 1950002.

• Islamoglu, E., Islamoglu, A., & Bulut, H. (2015). 
Comparison of forecasting methods for interval-valued 
time series. International Journal of Statistics and 
Applications, 5(6), 317-337.

• Maia, A. L. S., de Carvalho, F. D. A., & Ludermir, T. B. 
(2008). Forecasting models for interval-valued time series. 
Neurocomputing, 71(16-18), 3344-3352. (#citations: 191)
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象徵性資料 (Symbolic Data)

Prices of commodities platform
National Development Council, TW,
http://price.nat.gov.tw
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象徵性資料分析
Symbolic Data Analysis (SDA)

Edwin Diday, 2016, Thinking by classes in data science: the symbolic 
data analysis paradigm. WIREs Computational Statistics, 8:172–205. 
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類別(屬質)變數之時間序列分析
Categorical Time Series Models

to be continuous...
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quantmod: Quantitative Financial Modeling Framework

tidyquant: Bringing financial and business analysis to the tidyverse

• 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

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

http://www.quantmod.com/

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