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E—
Time Series

@ Time series data is represented by R classes that keep track of the times at which the data was observed.

@ The dataset beer has observation on monthly Australian beer production in megalitres from Jan 1991 to Aug 1995.

> library(fma)
'tseries' version: 0.10-22

'tseries' is a package for time series
analysis and computational finance.

See 'library(help="tseries")' for
details.
This is forecast 2.03

> data(beer)
> class(beer)

[1] "ts"

> start(beer)

[1] 1991 1

> frequency (beer)
[1] 12

> end(beer)

[1] 1995 8

> summary (beer)

Min. 1st Qu. Median Mean 3rd Qu. Max.
119.0 135.5 145.5 149.3 156.2 192.0
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I————
Making your own time series

@ The ts() function turns a numeric vector into a time series
> x <- c(1, 3, 9, 4, 6, 22, 0.5)
> class(x)

[1] "numeric"

>y <- ts(x, freq = 4, start = c(2010, 1))

> class(y)
[1] ngg!
>y

Qtrl Qtr2 Qtr3 Qtr4
2010 1.0 3.0 9.0 4.0
2011 6.0 22.0 0.5
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-
Plotting time series

> plot(beer, col = "brown")
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N ———.
Seasonal plots

> monthplot(beer, col = "brown")
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|
Seasonal plot (quarterly)

\4

gbeer <- aggregate(beer, 4, mean)
> monthplot(gbeer, col = "darkred")
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E—
What color names are available?

> length(colors())
[1] 657
> colors()

[1] "white"

[3] "antiquewhite"
[5] "antiquewhite2"
[7] "antiquewhite4"
[9] "aquamarinel"
[11] "aquamarine3"
[13] "azure"

[15] "azure2"

[17] "azure4"

[19] "bisque"

[21] "bisque2"

[23] "bisque4"

[25] "blanchedalmond"
[27] "bluel"

[29] "blue3"

[31] "blueviolet"
[33] "browni"

[35] "brown3"

[37] "burlywood"
[39] "burlywood2"
[41] "burlywood4"
[43] "cadetbluel"
[45] "cadetblue3"
[47] "chartreuse"
[49] "chartreuse2"
[51] "chartreuse4"
[63] "chocolatel"

I
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"aliceblue"
"antiquewhitel"
"antiquewhite3"
"aquamarine"
"aquamarine2"
"aquamarine4"
"azurel"
"azure3"
"beige"
"bisquel"
"bisque3"
"black"
"blue"
"blue2"
"blued"
"brown"
"brown2"
"brown4"
"burlywoodi"
"burlywood3"
"cadetblue"
"cadetblue2"
"cadetblued"
"chartreusel"
"chartreuse3"
"chocolate"
"chocolate2"
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-
Monthly averages

@ cycle() gives us the sub-period for each time series observation.
@ aggregate() for ordinary data can group data on the basis of a list of classifying variables.

@ unclass() can convert time-series data into ordinary data.

> aggregate(unclass(beer), list(month = cycle(beer)),
+ mean)

month b4
147.80
138.80
156.20
140.20
140.60
128.00
134.40
143.80
140.50
10 10 167.25
11 11 183.75
12 12 186.50

0N O WN R
0N O WN R

©
©

Jyotirmoy Bhattacharya (IIM Kozhikode) Advanced Forecasting Methods Winter 2010 8 /45



N ———.
A simple forecast

@ The training set

> beer.t <- window(beer, end = c(1994, 12))
@ The test (holdout) set

> beer.h <- window(beer, start = c(1995, 1))
@ The forecast

> seas.mean <- aggregate(unclass(beer.t),

+ list(month = cycle(beer.t)), mean)
> beer.fore.seas <- ts(seas.mean[1:8, "x"],
+ start = c(1995, 1), frequency = 12)
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Comparing forecast to actuals (graph)

> plot(beer.h, col = "red", ylab = "Beer production (megalitres)",
+ main = "Accuracy of seasonal means forecasting")

> lines(beer.fore.seas, col = "blue")

> legend("topright", c("Actuals", "Forecast"),

+ lwd = 1, col = c("red", "blue"))

Accuracy of seasonal means forecasting
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-
Measures of forecast accuracy

Forecast error

€ =

Yt_Ft

PE; = [(Y: — Ft)/Y:] x 100

Measure

Formula

ME
RMSE
MAE
MPE
MAPE

(> e)/n
(> ef)/n
(> [eel)/n
(3 PEe)/n
(2C[PE¢[)/n

Table: Some measures of forecast error

Jyotirmoy Bhattacharya (IIM Kozhikode) Advanced Forecasting Methods Winter 2010

11/ 45



E—
Theil's U statistic

Definition
> (FPE; — APE;)?
U= 3
> APE;
where
FPE: = (Ft — Yi-1)/ i1
APEt = (Yt - Yt—l)/Yt—l )
Use
A naive forecast using just the previous value gives U = 1. We must do
better.
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Comparing forecast to actuals (numbers)

> accuracy(beer.fore.seas, beer.h)

ME RMSE MAE MPE
-3.7187500 11.9383180 10.4687500 -3.2530246
MAPE ACF1 Theil's U

7.7651967 -0.4130891 0.5499421
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N ———.
The components of a time series

Trend+Cycle Long-term slow movements of the data.
Seasonal Fluctuations of fixed periodicity. Usually a year.

Erratic High-frequency fluctuations in the data.
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-
Decomposing using simple average

> e <- rnorm(20)

>x <- 50 + e

> f1 <- rep(mean(x), length(x))

> plot(x, type = "1", col = "pink", lwd = 2)
> abline(h = 50, col = "gray", lwd = 2)

> lines(f1, col = "brown", lwd = 2)
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The sampling distribution of the mean (N

> N <- 20

> sm <- replicate(10000, mean(rnorm(N)))

> hist(sm, freq = FALSE)

> theory.x <- seq(from = min(sm), to = max(sm),

+ length.out = 100)

> theory.y <- dnorm(theory.x, sd = 1/sqrt(N))
> lines(theory.x, theory.y, col = "salmon",
+ lwd = 2)

Histogram of sm
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-
Decomposing using simple average

> N <- 50

> trend <- 50 + 0.2 * (1:N)

> e <- rnorm(N)

> x <- trend + e

> f1 <- rep(mean(x), N)

> plot(x, type = "1", col = "pink", lwd = 2)
> lines(trend, col = "gray", lwd = 2)

> lines(f1, col = "brown", lwd = 2)
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Decomposition using regression

>t <- 1:N

>1 <= Im(x ~ t)

> plot(x, type = "1", col = "pink", lwd = 2)
> lines(trend, col = "gray", lwd = 2)

> lines(fitted(l), col = "brown", lwd = 2)
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-
Decomposition using regression

> N <- 50
> B <- 25
>t <= 1:N

> trend <- 0.2 * abs(t - B)

> x <- trend + rnorm(N)

> 1 <= Im(x ~ t)

> plot(x, type = "1", col = "pink", lwd = 2)
> lines(trend, col = "gray", lwd = 2)

> lines(fitted(1), col = "brown", lwd = 2)
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-
Simple moving average

Fe=(Yi—1+ Ye + Yi1)/3
> £2 <- filter(x, rep(1/3, 3))

> plot(x, type = "1", col = "pink", lwd = 2)
> lines(trend, col = "gray", lwd = 2)
> lines(f2, col = "brown", lwd = 2)
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-
Simple moving average

£2 <- filter(x, rep(1/11, 11))

plot(x, type = "1", col = "pink", lwd = 2)
lines(trend, col = "gray", lwd = 2)
lines(f2, col = "brown", lwd = 2)

vV V VYV

o 4
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-
Choosing a moving average order

A higher-order simple moving average:
@ Gives a smoother trend.
@ But has more omitted values at the ends.

@ May smooth away interesting features.
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-
Simple moving average of even order

@ Suppose we want to calculate simple moving average of order 4. Do
we use,

Ge = (Yee1+ Ye+ Yeg1 + Yeio)/4
or
He=(Yi—o+ Yec1 + Ye + Yeq1)/4
neither of which are symmetric.
@ Solution: take moving average of moving average
Fi = (Gt—1+ Gt)/2
1
-8

@ F; is known as the 2 x 4 MA of Y;

1

1 1 1
Yt_2+ZYt_1+ Zyt—i-ZYH_l + 8

Yito
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-
3 MA passes through a linear trend

Suppose Y; = a+ bt

Ft = (Ye1 + Ye+ Yer1)/3
=[la+b(t—1)+a+bt+a+b(t+1)]/3
=[la+bt—b+a+bt+a+bt+b]/3
= [3a+3bt]/3
-,
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N ———.
..but not a quadratic trend

Suppose Y; = bt?

Ft = (Y1 + Ye+ Yer1)/3
= [b(t — 1)> + bt*> + b(t +1)?]/3
= [bt*> — 2bt + b+ bt* + bt*> + 2bt + b]/3
= [3bt2 + 2b]/3 = bt® +2b/3

# Ve
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N ———.
3 MA, pure quadratic trend

N <-9

x <= (1:N)"2

f <- filter(x, rep(1/3, 3))
plot(x, type = "1", col = "red")
lines(f, col = "blue")
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N ———.
A filter that passes through a pure quadratic trend

>N <= 11

> x <= (1:N)"2

> f <- filter(x, c(-0.1, 0.4, 0.4, 0.4, -0.1))
> plot(x, type = "1", col = "red")

> =

lines(f, col "blue")
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-
Passing through arbitrary polynomials

A filter {a;} passes through arbitrary polynomials of order k, i.e.
Yi=> aYe
J

if and only if,

° Zjajzl
ozjj’ajzo, forr=1,...,k

Jyotirmoy Bhattacharya (IIM Kozhikode) Advanced Forecasting Methods Winter 2010 28 / 45



N ———.
Passing through arbitrary polynomials (example)

@ In our example a_p = —0.1,a_1 =0.4,a0 = 0.4,a1 = 0.4,a, = —0.1.
We can verify,

@easr,ta1t+atata=1
o (—2)a_o+(—1)a_1 +(0)ag + (1)a1 + (2)a, =0
° (—2)2872 + (—1)2871 + (0)280 + (1)231 + (2)232 =0

@ So quadratic trends are passed through unmodified.

@ What happens to cubic trends when passed through the same filter?
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]
A seasonal series and 3 MA

N <- 40

seas <- c(2, -1, -3, 2)
trend <- rep(5, N)

e <- rnorm(N)

x <- trend + seas + e

+VVVVVVVYV

plot(x, type = "1", col = "pink", lwd = 2)
lines(trend, col = "gray", lwd = 2)

lines(filter(x, rep(1/3, 3)), col "brown"
lud = 2)
© -
© -
x
< -
~ -
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|
A seasonal series, 5 and 2 x 4 MA

> plot(x, type = "1", col = "pink", lwd = 2)
> lines(trend, col = "gray", lwd = 2)
> lines(filter(x, rep(1/5, 5)), col = "brown",
+ lvd = 2)
> lines(filter(x, c(1/8, 1/4, 1/4, 1/4, 1/8)),
+ col = "seagreen", lwd = 2)
©
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A seasonal series, 9 and 2 x 8 MA

> plot(x, type = "1", col = "pink", lwd = 2)
> lines(trend, col = "gray", lwd = 2)
> lines(filter(x, rep(1/9, 9)), col = "brown",
+ lvd = 2)
> lines(filter(x, c(1/16, rep(1/8, 7), 1/16)),
+ col = "seagreen", lwd = 2)
©
©
< 4
~ 4
T T T T T
0 10 20 30 40
Index
Jyotirmoy Bhattacharya (IIM Kozhikode) Advanced Forecasting Methods

Winter 2010 32 /45



|
Real seasonal data, 7 MA

> plot(hsales, col = "gray", lwd = 2)
> lines(filter(hsales, rep(1/7, 7)), col = "brown",
+ lwd = 2)
19‘75 19‘80 19‘85 19‘90 19‘95
Time
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R
Real seasonal data, 2 x 12 MA

\4

plot(hsales, col = "gray", lwd = 2)
lines(filter(hsales, c(1/24, rep(1/12, 11),
1/24)), col = "brown", lwd = 2)

+ Vv
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R
Real seasonal data, 2 x 12 MA

\4

plot(hsales, col = "gray", lwd = 2)
lines(filter(hsales, c(1/24, rep(1/12, 11),
1/24)), col = "brown", lwd = 2)

+ Vv
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R
Real seasonal data, 2 x 12 MA

\4

plot(hsales, col = "gray", lwd = 2)
lines(filter(hsales, c(1/24, rep(1/12, 11),
1/24)), col = "brown", lwd = 2)

+ Vv
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N
Classical decomposition (trend)

Ye=T:+ St + E

o Compute T; by filtering Y; with a 2 x 12 MA filter.

> hsales.trend <- filter(hsales, c(1/24, rep(1/12,
+ 11), 1/24))

@ Detrend the series by subtracting T; from Y;

> hsales.detrend <- hsales - hsales.trend
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N
Classical decomposition (seasonal component)

@ Compute seasonal component by taking seasonal means

\4

hsales.months <- split(hsales.detrend, cycle(hsales.detrend))
hsales.mmean <- lapply(hsales.months, function(x) {

mean(x, na.rm = TRUE)
b

hsales.seas <- unsplit(hsales.mmean, cycle(hsales.detrend))

vV + + V

Jyotirmoy Bhattacharya (IIM Kozhikode) Advanced Forecasting Methods Winter 2010 38 /45



N
Classical decomposition (the erratic component)

@ What remains is the erratic component

> hsales.erratic <- hsales.detrend - hsales.seas
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N
Classical decomposition (putting it all together)

\4

plot(hsales, col = "gray")
lines(hsales.trend + hsales.seas, col = "seagreen")
lines(hsales.trend, col = "darkred", lwd = 2)
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|
Local regression

@ For each observation take a subset of data centered around that
observation (like moving averages).

@ Give high weights to nearby observations and low weights to distant
observation (like weighted moving average).

o Fit a weighted regression on this local subset.

@ Take the predicted value from this regression as the trend for this
observation.

@ Repeat
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Local regression smoothing

> plot(internet, col = "gray", lwd = 2)
> lines(filter(internet, rep(1/25, 25)), col = "pink",
+ lwd = 2)
> lines(lowess(internet, f = 0.25), col = "brown",
+ lwd = 2)
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Degrees of smoothing

> plot(internet, col = "gray", lwd = 2)
> lines(lowess(internet, f = 0.25), col = "wheat",
+ lwd = 2)
> lines(lowess(internet, f = 0.5), col = "pink",
+ lwd = 2)
‘ ‘ ‘ ‘ ‘
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N ———.
The STL decomposition method

© Use loess on the detrended seasonal subseries to compute the
seasonal component.

@ Use loess on the deseasonalised series to compute the trend
component.

O lterate.

@ The actual process is more complicated. See textbook.
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N ———.
STL decomposition of electricity production

> plot(stl(elec, s.window = 4))

data
2000 8000 14000

seasonal
1000 0 1000

trend
2000 6000 12000

remainder
-400 0 200

1960 1970 1080 1090
time
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