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Time Series Analysis

~

Time Series Analysis

Sources & Processing
= Stochastics processes
= Correlation
= ACF, AVF, PACF, Noise, Visualisation
= MA, AR, ARMA, ARIMA
= | Stationary & Non-stationary
'LSeasonaIity

- /

=Time Series Analysis

TIME SERIES ANALYSIS
Univariate and Multivariate Methods

o

=

o

William W. S. Wei
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Time Series Analysis: Source & )
= Time Series - temporal discreet data - time-dependent - s:gnalx{nl \_/C(/ H\ /k (’

= All time-series are considered to be generated by a source

= Objective of TSA is to analyse the source, from given a time-series
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Time series is a realization of a stochastic process
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Time Series Analysis: Source

= We analyse time-series, in order to know more about the source

= We will model these sources using some mathematical models
(stochastic processes)
= AR (q), MA(p), ARMA, ARIMA

= We will analyse properties of time-series, that help to understand,
which model they come from

= ACF, AVF, PACF




such as:
o Marketing time series
o Economics and Financial time series

o Demographic time series
o Population time series W
~Physical time series
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Random variable
o Not quite a variable x from algebra
o Ways to map random processes to numbers

0_2(:5 - R
o Continues/ Discreet random Variable

Examples
. X = {1, for head P<X: O)

0, fortail

° Y = sumof two dice
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Expected value E@Q @’% 0

Expected value E[X] is a mean of random variable X

X ax = EX] = Sxp(X = x) )x pe)
- q

9 lltM_E[x

= (X)

]| = mean of source X
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Expected value: Example
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Expected value: Example
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Estimation of Expected value: mean

Expected value E[X] is a mean of random variable X

X:E[X]: X =
= EX =Tt =0, N

o Which is estimated from realization x, as sample mean,
We don’t know the TRUE probability distribution P(X)
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Example
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/E[(X/ﬂx}) - EO-f

Variance & Standard Deviation

Variance: V[X] = E[(X — uy)?] = 070 — = 3 — l

Standard Deviation = oy = ;\s‘t}\, l/'-’{)(~ :\/,\\:~

fi%_ﬂx) } \:‘EUX—N) (X—Mk)]
= 2 (X = My PCX X)



Estimation of Variance & Standard
Deviation

Variance: V[X] = E[(X — uy)?] = o7
Standard Deviation = oy

o This is estimated from realization x,

= —Z(xl —Ma /




Covariance

Variance of x

of = E[(X — px)?] = E[(X — pux) (X — pux)] = X(x — ux)*P(X = x) — \/<><>

-
Covariance o)<andy

UXY— E[(X — .UX)(Y .UY)]_UYX

E[X —u) Y —up)] = X(x — HX)Q’ - HY)P£= x,Y =‘3_”)
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Estimation of Covariance

Variance of x

ox = EIX = )] = EI(X — ) (X = )] = Bl — ) *P(X = x)

Covariance of x and y (cross-covariance)
ogy = E[(X — u)(Y — puy)] = oy

E[X —u)Y —pu))] =YX (x —ux)(y — ﬂym
;\

Covariance of x and y can be estimated as

N
1
Ggy = Cov(x,y) = mZ(xi — Ax)(yi — fiy) \/
i=1
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Correlation

Correlation is closely related to covariance, so it can be computed as:

@A Pxy = v
@ @__) Ox Oy /,




Example




Lo

Independently and Identically Distributed: [ID
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Collection of Random variable

POE- ?

o 20 32 22
o X, ~dlstrlbutlon(yn, o2, ),

o Time series @ %ﬁ



_ﬁ__d(o S&S: Signals & Systems
4 ¥ [— NN

Stochastic Processes: Time serles/\

AV
Stochastic process is a collection of Random variable w N\ \\\ﬁ
o Opposite of deterministic process, deterministic sysiem/source )’(,L %\
> \We are more interested to learn about the{source #f time-series

o S&S: A source can be seen as a system withmoor a little input
o S&S: A time-series is a signal, output of the system
o Every sample produced at time n, can be seen as a random variable.

o All the samples of a time-series generated from multiple r variables

with each having different distribution JB\/‘(
o X, ~ distribution(u,, o5, ...), j‘




Example




Types of characteristics

Time-series = signal

(a) (weak) Stationary

(b) Non-stationary
(c) Season variation: seasonality

(d) Non-stationary due to external disturbance

(a) Daily average number of truck

manufacturing defects
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(b) Yearly U.S. tobacco
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Stationarity
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Seasona

~Periodicity
A

Ity: Season variation:

Seasonality: p

o Periodic fluctuations,

Time-series have periodicity, something
that repeats like seasons

ot (c):

(a) Daily average number of truck
manufaciuring defecis
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Example: Johnson & Johnson

Johnson & Johnson, quarterly
Earning per share

o Collected from 21 years
o see anything meaningful?
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Example: Covid-19 Deaths

Covid-19 deaths per millions
- Check online
- see anything meaningful?

Source:
https://ourworldindata.org/covid-deaths

Daily new confirmed COVID-19 deaths per million people

7-day rolling average. Due to varying protocols and challenges in the attribution of the cause of death, the number
of confirmed deaths may not accurately represent the true number of deaths caused by COVID-19.
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Example: Influenza

- see anything meaningful?
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Autgcovariance Function: AVF

Recall Covariance of two random van& é Xand: \\ny = E[(X —pux)(Y —puy)] = nyj

N\

Time-series °

o Autocovariance Function

vy, @) = 0% x, =E (Xp - ﬂp) ()fg _&q)]

/







Autocovariance Function: AVF

o Autocovariance Function: y(p, q) WW\

Y(p.a) = ox,x, = E|(X, — x,) (Xq — 15, )| L, |

y(p,p) = o3, =E [(Xp - uxp)zl

° Assuming the stationary time series: k - time difference

vi=v(,p+k) = 0ix,,.




Autocovariance Function: AVF

AVF
) (o

(e VL Xﬁ)
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N
1
Gy = Cov(x,y) = mZ(xi — ) (i — fy)
i=1

Autocovariance Coefticients: vy

Autocovariance function for a stationary time-series

vi=v®p+k) = ogx,,, =E [(Xp - Pgﬁ) (Xp+k - Hx_pt:_c)]

Autocovariance Coefficients ¥, is estimation of y;

For given a realization x (time-series) of process
[

1 N—-k
P =1 ) (i = D)t —
i=1

X




Autocovariance Coefticients: ¢y

1N—k | 0\9?
sy Qo= DG =D —— 0'{

\H\
e

S

1 N—k ) o
Yk = N——kz(xi — X)X — %) = Ck/

— =1

In general, y;, has larger bias than {proof: Book: 2.5.2}
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Example: AVF
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Autocorrelation Function: ACF

Autocorrelation Function: py, @ @ @
o Assume weak stationarity ( ) .
> Computed for X, and X},

o

o)
o
|
=
|
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Autocorrelation Function: ACF

Autocorrelation Function: py, @ ° @
o Estimation: lag k Q_

~ Y (e — %) (g — ) A)
Pre = Z){-CV=1(; —xf)l; : :@ Q \6\“/




Example: ACF

Correlogram
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Summary so far ™ 7 gl

/\. P

So far, we have learned: \F ~ /’I,,
> Basic concepts of Stochastic Processes, Random Variables /
> Time series as Stochastic Process \\\(_
o Characteristics of time series: Stationarity, Seasonality, Non-stationarity
o Autocova rlar?ce Functloon A}Luk,and estlomatl'ons L_\FS
o Autocorrelation Function _A;C_E:_‘Qk_and estimations @ \ o

g

o Partial Autocorrelation Function PACF - will be covered after models




Let’s see some examples
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