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Financial time series (FTS) analysis
Financial time series (FTS) analysis is concerned with theory and practice of asset

valuation over time.

What is the difference, if any, from traditional time series analysis?

Two topics are highly related, but FTS has added uncertainty, because it must deal
with the ever-changing business & economic environment and the fact that volatility is
not directly observed.

RXR h?2 P#D2+iBp2b Q7 i?Bb +?�Ti2`
1. to access financial data online and to process the embedded information
2. to provide basic knowledge of FTS data such as skewness, heavy tails, and measure of
dependence
between asset returns
3. to introduce statistical tools econometric models useful for analyzing these series.
4. to gain experience in analyzing FTS

RXk 1t�KTH2b Q7 }M�M+B�H iBK2 b2`B2b
1. Daily log returns of Apple stock: 2007 to 2018 (12 years). Data downloaded using
quantmod
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2. The VIX index.

3. CDS spreads: Daily 3-year CDS spreads of JP Morgan from July 20, 2004 to September
19, 2018.

4. Quarterly earnings of Coca-Cola Company: 1983-2009 Seasonal time series useful in

• earning forecasts

• pricing weather related derivatives (e.g. energy) • modeling intraday behavior of asset
returns

5. US monthly interest rates (3m & 6m Treasury bills)

Relations between the two asset returns? Term structure of interest rates.

6. Exchange rate between US Dollar vs Euro Fixed income, hedging, carry trade.

7. Size of insurance claims.

8. High-frequency financial data:
Tick-by-tick data of Caterpillars stock: January 04, 2010.

RXj �bb2i _2im`Mb
Let Pt be the price of an asset at time t, and assume no dividend. One-period simple
return: Gross return

1+Rt =
Pt

Pt−1

One-Period Simple Net Return or Simple Return:
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Multiperiod simple return: Gross return)

Example:Table below gives six daily (adjusted) closing prices of Apple stock in December
2015.

Date Price
12/23 108.02
12/24 107.45
12/28 106.24
12/29 108.15
12/30 106.74
12/31 104.69

what is one-day gross return of holding the stock from 12/28 to 12/29 and the daily
simple return?

Time interval is important! Default is one year. Annualized (average) return:
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Besides the simple return, we can also compute the continuously compounding interest
rate where r is the interest rate per annum, C is the initial capital, n is the number of years,
and exp is the exponential function.

A= C× ex p(r×n)

Continuously compounded (or log) return

rt = ln(1+Rt) = ln
Pt

Pt−1
= pt − pt−1

where pt = ln(Pt)

Multiperiod log return:

Continuously compounding: Illustration of the power of compounding (int. rate 10 %
per annum)
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Portfolio return: N assets

Dividend payment:

Excess Returns (adjusting for risk)

Example
1. Whai is the log return from 12/23 to 12/24?
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Remarks:
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Example If the monthly log returns of an asset are 4.46 %, −7.34 % and 10.77 %, then
what is the corresponding quarterly log return?

Example If the monthly simple returns of an asset are 4.46 %, −7.34 %, and 10.77 %,
then what is the corresponding quarterly simple return?

RX9 .Bbi`B#miBQM�H S`QT2`iB2b Q7 _2im`Mb
What is the distribution of
rit where i = 1,...,N ; and t = 1,..., T

Some theoretical properties:

Moments of a random variable X with density f(x): l-th moment

m
′
l = E(X l) =
∫ ∞

∞
x l f (x)d x

First Moment: mean or expectation of X.

l-th central moment

ml = E[(X −µx)l] =
∫ ∞

∞
(x−µx)l f (x)d x

2nd central moment.
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Standard deviation: square-root of variance

Skewness (Symmestry)

S(x) = E
"
(X −µx)3

σ3
x

#

Kurtosis (Fat-taills)

K(x) = E
"
(X −µx)4

σ4
x

#

Q1: Why study the mean and variance of returns?
They are concerned with long-term return and risk, respectively.
Q2: Why is symmetry important?
Symmetry has important implications in holding short or long financial positions and in risk
management.
Q3: Why is kurtosis important?
Related to volatility forecasting, efficiency in estimation and tests High kurtosis implies
heavy (or long) tails in distribution.
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Estimation

Sample mean, Sample Variance, Sample Skewness and Sample Kurtosis
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RX8 >vTQi?2bBb h2biBM;
A random variable under the normal distribution

$S(x)∼ N(0,
6
T
)

%K(x)−3∼ N(0,
24
T
)

Test for symmetry

Test for tail thickness
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Test for normality :(Jarque-Bera test)

RXe 1KTB`B+�H rQ`F mbBM; _ T`Q;`�K
FE Toolbox

O119j8 q�bBM aBr�b�`Bi G2+im`2R aT`BM;fkyR3
b2ir/U]flb2`bfr�bBMbBr�b�`Bif.2bFiQTf119j8]V
+�iU`2TU]$M]-8yVV O+H2�` _ *QMbQH2
OBMbi�HHXT�+F�;2bU][m�MiKQ/]V
OBMbi�HHXT�+F�;2bU]7"�bB+b]V
OBMbi�HHXT�+F�;2bU]bM]V
OBMbi�HHXT�+F�;2bU]S2`7Q`K�M+2�M�HviB+b]V
OBMbi�HHXT�+F�;2bU]+�`]V
OBMbi�HHXT�+F�;2bU]ib2`B2b]V
OBMbi�HHXT�+F�;2bU]7Q`2+�bi]V
HB#`�`vU[m�MiKQ/V
HB#`�`vU7"�bB+bV
HB#`�`vUbMV
HB#`�`vUS2`7Q`K�M+2�M�HviB+bV
HB#`�`vU+�`V
HB#`�`vUib2`B2bV
HB#`�`vU7Q`2+�biV

;2iavK#QHbU]�:aS*]-7`QK4]kyyy@yR@yj]-iQ4]kyRd@yR@k3]V
/BKU:aS*V
?2�/U:aS*V
i�BHU:aS*V
/�4:aS*
+?�`ia2`B2bU:aS*-i?2K24]r?Bi2]V
T`B+24/�(-e)
THQiUT`B+2-ivT24^H^V
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HQ;T`B+24HQ;UT`B+2V
THQiUHQ;T`B+2 -ivT24^H^V
HQ;`2im`M4/B77UHQ;UT`B+2VV
bBKTH2`2im`M I@2tTUHQ;`2im`MV@R
OR SHQi i?2 b2`B2b Q7 HQ; `2im`M �M/ bBKTH2 `2im`M

T�`UK7`Qr4+UR-RVV
THQiUHQ;`2im`M -ivT24^H^V
THQiUbBKTH2`2im`MV

M2rHQ;`2im`M I@ HQ;`2im`M(k,M`QrUHQ;`2im`MV-)
M2rbBKTH2`2im`M I@ bBKTH2`2im`M(k,M`QrUHQ;`2im`MV-)

Ok >BbiQ;`�K �M/ b�KTH2 bi�iBbiB+b
?BbiUHQ;`2im`M - #`2�Fb4Ryy- +QH4]bH�i2#Hm2]V
+?�`iX>BbiQ;`�KUHQ;`2im`M -K2i?Q/b 4 +U]�//XMQ`K�H]VV
i�#H2Xai�ibUHQ;`2im`MV

Oj ZZ@THQib �M/ i2bib 7Q` MQ`K�HBiv
O
O mb2 [[MQ`K 7mM+iBQM
T�`UK7`Qr4+UR-RVV
[[MQ`KUM2rHQ;`2im`MV
[[HBM2UM2rHQ;`2im`M - +QH 4 kV
D�`[m2X#2`�Xi2biUM2rHQ;`2im`MV
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FE Analysis
= i�#H2Xai�ibUHQ;`2im`MV

:aS*X�/Dmbi2/
P#b2`p�iBQMb 9jddXyyyy
L�b RXyyyy
JBMBKmK @yXyN9d
Zm�`iBH2 R @yXyy8R
J2/B�M yXyyy8
�`Bi?K2iB+ J2�M yXyyyR
:2QK2i`B+ J2�M yXyyyy
Zm�`iBH2 j yXyy83
J�tBKmK yXRyNe
a1 J2�M yXyyyk
G*G J2�M UyXN8V @yXyyyk
l*G J2�M UyXN8V yXyyy8
o�`B�M+2 yXyyyk
ai/2p yXyRkj
aF2rM2bb @yXRN3N
Em`iQbBb 3XjeRR
= T�`UK7`Qr4+UR-RVV
= [[MQ`KUM2rHQ;`2im`MV
= [[HBM2UM2rHQ;`2im`M - +QH 4 kV
= D�`[m2X#2`�Xi2biUM2rHQ;`2im`MV

C�`[m2 "2`� h2bi

/�i�, M2rHQ;`2im`M
s@b[m�`2/ 4 Rkdd3- /7 4 k- T@p�Hm2 I kXk2@Re
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FE toolbox (Cont.)
O9 h2bi K2�M 4 y
iXi2biUM2rHQ;`2im`MV

O8 h2bi aF2rM2bb 4 y
h4H2M;i?UM2rHQ;`2im`MV
bj4bF2rM2bbUM2rHQ;`2im`MV
ibi 4 bjfb[`iUefhV
ibi
Tp 4 k TMQ`KUibiV
Tp

Oe h2bi 2t+2bb Fm`iQbBb 4y
F9 4 Fm`iQbBbUM2rHQ;`2im`MV
ibi 4 F9fb[`iUk9fhV
ibi
Tp 4 k UR@TMQ`KUibiVV
Tp

FE Analysis (Cont.)
= iXi2biUM2rHQ;`2im`MV

PM2 a�KTH2 i@i2bi

/�i�, M2rHQ;`2im`M
i 4 yXekRe3- /7 4 9jde- T@p�Hm2 4 yX8j9k
�Hi2`M�iBp2 ?vTQi?2bBb, i`m2 K2�M Bb MQi 2[m�H iQ y
N8 T2`+2Mi +QM7B/2M+2 BMi2`p�H,
@yXyyyk9NjN89 yXyyy93RyyeN

b�KTH2 2biBK�i2b,
K2�M Q7 t

yXyyyRR83y8d

= h4H2M;i?UM2rHQ;`2im`MV
= bj4bF2rM2bbUM2rHQ;`2im`MV
= ibi 4 bjfb[`iUefhV
= ibi
(R) @8XjdyNRk
= Tp 4 k TMQ`KUibiV
= Tp
(R) dX3jjNj82@y3
= F9 4 Fm`iQbBbUM2rHQ;`2im`MV
= ibi 4 F9fb[`iUk9fhV
= ibi
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(R) RRkXNRj
= Tp 4 k UR@TMQ`KUibiVV
= Tp
(R) y
=
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kXR "�bB+ *QM+2Tib

Financial TS: collection of a financial measurement over time.
Example: log return of apple rt

Data: {r1, r2,..., rT }
Purpose What is the information contained in series of rt

Definition: Stationarity
-Strict: Distributions are time-invariant
-Weak: First 2 moments are time-invariant

What does weak stationarity mean in practice?

Past: time plot of rt varies around a fixed level within a finite range!

Future:the first 2 moments of future rt are the same as those of the data so that
meaningful inferences can be made.

Mean (or expectation) of returns

µ= E(rt)

Variance (variability) of returns

Var(rt) = E[(rt −µ)2]
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Sample mean and Sample Variance are used to estimate the mean and variance of
returns.

r̄ =
1
T

T∑

t=1

rt

Var(rt) =
1

T −1

T∑

t=1

(rt − r̄)2

testing the mean of rt is different from zero or not
H0 :µ= 0
Ha :µ ̸= 0

tcal =

Decision rule: Reject H0 if |t|> Z α
2
or p-value is less than α

Lag-kk autocovariance:

γk = Cov(rt , rt−k) = E[(rt −µ)(rt−k−µ)]

Serial (or-auto) correlations:

ρl =
cov(rt , rt−l)

var(rt)

Remark The existence of serial correlation in rt implies that...........................................................

Sample Autocorrelation function (AFC) can be computed by:

ρ̂l =

∑T−l
t=1(rt − r̄)(rt+l − r̄)
∑T

t=1(rt − r̄)2
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Test Zero Serial Correlations (Market Efficiency)

1. Individual Test
H0 :ρ1= 0
Ha :ρ1 ̸= 0

tcal =

Decision rule: Reject the null hypothesis when |t|> Z α
2
or the p-value has the value

less than α

2. Joint Test (Ljung-Box Statistics):
H0 :ρ1= ...=ρm= 0
Ha :ρi ̸= 0

Q(m) = T ∗ (T +2)
m∑

l=1

ρ2
l

T − l

Decision rule: Reject the null hypothesis when Q(m)> χ2
m(α) or the p-value has

the value less than α

FE toolbox 2
O119j8 q�bBM aBr�b�`Bi
b2ir/U]flb2`bfr�bBMbBr�b�`Bif.2bFiQTf119j8]V
HB#`�`vU7"�bB+bV
+�iU`2TU]$M]-8yVV O+H2�` _ *QMbQH2
/� I@ `2�/Xi�#H2U]*_aSXiti]V
HQ;n`2im`M 4/�(-R)
T�`UK7+QH4+UR-RVV
H2M;i?UHQ;n`2im`MV
i/t 4 +UR,98eVfRkYRNeR
THQiUi/t-HQ;n`2im`M-tH�#4^v2�`^-vH�#4^HQ;n`2im`M^-ivT24^H^V
#�bB+ai�ibUHQ;n`2im`MV
MQ`K�Hh2biUHQ;n`2im`M-K2i?Q/4]D#]V
iXi2biUHQ;n`2im`MV
iiR 4 bF2rM2bbUHQ;n`2im`MVfb[`iUef89eV
iiR
Tp 4 k TMQ`KUiiRV
Tp
iik 4 Fm`iQbBbUHQ;n`2im`MVfb[`iUk9f89eV
iik
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Tp 4 k UR@TMQ`KUiikVV
Tp
KR4�+7UHQ;n`2im`MV
M�K2bUKRV
KR0�+7
Kk4T�+7UHQ;n`2im`MV
M�K2bUKkV
Kk0�+7
"QtXi2biUHQ;n`2im`M-H�;4Rk-ivT24^GDmM;^V

FE Analysis 2
= /� I@ `2�/Xi�#H2U]*_aSXiti]V
= HQ;n`2im`M 4/�(-R)
= T�`UK7+QH4+UR-RVV
= H2M;i?UHQ;n`2im`MV
(R) 98e
= i/t 4 +UR,98eVfRkYRNeR
= THQiUi/t-HQ;n`2im`M-tH�#4^v2�`^-vH�#4^HQ;n`2im`M^-ivT24^H^V
= #�bB+ai�ibUHQ;n`2im`MV

HQ;n`2im`M
MQ#b 98eXyyyyyy
L�b yXyyyyyy
JBMBKmK @jRX833yyy
J�tBKmK keXRd8yyy
RX Zm�`iBH2 @RX3eyyyy
jX Zm�`iBH2 9Xke3k8y
J2�M RXy8N8RR
J2/B�M RX9N98yy
amK 93jXRjdyyy
a1 J2�M yXkekk98
G*G J2�M yX899R9N
l*G J2�M RX8d93dj
o�`B�M+2 jRXjeykdy
ai/2p 8Xeyyyk9
aF2rM2bb @yXedjkdR
Em`iQbBb 9XRkk339
= MQ`K�Hh2biUHQ;n`2im`M-K2i?Q/4]D#]V

hBiH2,
C�`[m2 @ "2`� LQ`K�H�HBiv h2bi

h2bi _2bmHib,
ah�hAahA*,

s@b[m�`2/, jekX8dke
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S o�Gl1,
�bvKTiQiB+ T o�Hm2, I kXk2@Re

.2b+`BTiBQM,
a�i �m; RN kk,8R,98 kyRd #v mb2`,

= iXi2biUHQ;n`2im`MV

PM2 a�KTH2 i@i2bi

/�i�, HQ;n`2im`M
i 4 9Xy9yk- /7 4 988- T@p�Hm2 4 eXkd2@y8
�Hi2`M�iBp2 ?vTQi?2bBb, i`m2 K2�M Bb MQi 2[m�H iQ y
N8 T2`+2Mi +QM7B/2M+2 BMi2`p�H,
yX899R9N RX8d93dj

b�KTH2 2biBK�i2b,
K2�M Q7 t
RXy8N8RR

= iiR 4 bF2rM2bbUHQ;n`2im`MVfb[`iUef89eV
= iiR
(R) @eX99jdde
= Tp 4 k TMQ`KUiiRV
= Tp
(R) RXRe8jed2@Ry
= iik 4 Fm`iQbBbUHQ;n`2im`MVfb[`iUk9f89eV
= iik
(R) RNX3R99R
= Tp 4 k UR@TMQ`KUiikVV
= Tp
(R) y
= KR4�+7UHQ;n`2im`MV
= M�K2bUKRV
(R) ]�+7] ]ivT2] ]MXmb2/] ]H�;] ]b2`B2b] ]bM�K2b]
= KR0�+7
- - R

(-R)
(R-) RXyyyyyyyyy
(k-) yXkkej8e3jk
(j-) @yXyyNNd8kR8
(9-) @yXyj3Rk3eNd
(8-) @yXyR8dey838
XXX

(ke-) @yXyRkkkyeej
(kd-) yXye9N99Ne8
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= Kk4T�+7UHQ;n`2im`MV
= M�K2bUKkV
(R) ]�+7] ]ivT2] ]MXmb2/] ]H�;] ]b2`B2b] ]bM�K2b]
= Kk0�+7
- - R

(-R)
(R-) yXkkej8e3jR3
(k-) @yXye98R3j389
(j-) @yXykkj8988dk
(9-) @yXyykk39Ndk9
(8-) yXyRRekk9kR3
XXX

(k8-) @yXyR9k39R8N9
(ke-) yXyd33N9R8kd

= "QtXi2biUHQ;n`2im`M-H�;4Rk-ivT24^GDmM;^V

"Qt@GDmM; i2bi

/�i�, HQ;n`2im`M
s@b[m�`2/ 4 jdXjyk- /7 4 Rk- T@p�Hm2 4 yXyyyRNN8
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kXk "�+F@a?B7i UH�;V QT2`�iQ`
Definition Brt = rt−1 or Lrt = rt−1

B2rt = B(Brt) = Brt−1= rt−1

B or L means Time Shift
For example Brt is the value of the series at time t−1

For example
The table of log return:

Date rt
1 0.025
2 0.013
3 -0.003
4 0.035

What is the following value of
r2 =
Br3 =
B2r5 =

A proper perspective: at a time point t

Available data: {r1, r2,...rt−1} ≡Ft−1

The return is decomposed into two parts:

rt = predictable part + not predictable part
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Traditional TS modeling is concerned with µt :
Model for µt : mean equation
Volatility modeling concerns σt

Model for σ2
t : volatility equation

kXj GBM2�` hBK2 a2`B2b
rt is linear if
. the predictable part is a linear function of Ft−1

. {at} are independent and have the same distribution (iid)

Mathematically, it means rt can be written as

rt =µ+
∞∑

i=1

ψiat−1

where µ is constant and ψ0 = 1 and at is an iid sequence with mean 0 and well-defined
distribution.

In the economic itterature at is the shock or innovation at time t and ψi are the impulse
responses of rt .

White noise: iid sequence (with finite variance), which is the build- ing block of linear
TS models. White noise is not predictable, but has zero mean and finite variance.
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In EE435 we will study the (Univariate linear time series models) as follow:
1. autoregressive (AR) models
2. moving-average (MA) models
3. mixed ARMA models
4. seasonal models

Important properties of a model
• Stationarity condition
• Basic properties: mean, variance, serial dependence
• Empirical model building: specification, estimation, & checking
• Forecasting
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kX9 �miQ`2;`2bbBp2U�_V KQ/2H
If the series rt and rt−1 are correlated, we might be able to use the series rt−1 in forecasing
rt . Thus the linear model can be:

rt =φ0+φ1rt−1+at

whereat are white noise series with mean equal to 0 and variance equals to σ2
a

The above model is known as AR(1) since the variation of rt can be explained by the
variation of rt−1 . From this model we can calculate the conditional mean and conditional
variance as the follow:

In general, we can write down the model of AR(p) as

rt =φ0+φ1rt−1+ ...+φprt−p+at
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kX9XR S`QT2`iB2b Q7 �_ KQ/2Hb
AR (1) model

the necessary condition for AR model is that series rt have to be weak stationarity.

Unconditional mean

Unconditional variance



je �����kX GBM2�` hBK2 a2`B2b UhaV JQ/2Hb

Unconditional autocorrelations

Figure The autocorrelation function of an AR(1) model: (a) for φ1 = 0.8, and (b) for φ1

= −0.8.
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AR (2) model

rt =φ0+φ1rt−1+φ2rt−2+at

Unconditional mean

Unconditional variance
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Unconditional autocorrelations

Figure The autocorrelation function of an AR(2) model: (a) φ1 = 1.2 and φ2 = −0.35, (b)
φ1 =0.6 and φ2 =−0.4,(c) φ1 =0.2and φ2 =0.35,(d) φ1 =−0.2 and φ2 =0.35.
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kX9Xk ai�iBQM�`Biv Q7 �_UTV JQ/2H
In case of AR(p)

rt =φ0+φ1rt−1+ ...+φprt−p+at

We can write down the Unconditional Mean as :

E(rt) =
φo

1−φ1− ...−φp
,

which the Polynomial equation can be expressed as

x p−φ1 x p−1−φ2 x p−2− ...−φp = 0

The above equation is also known as Equation in which if Characteristic roots has the
value less than 1 in modulus, we can say that the model is stationary.

Moreover, AR(p) , the ACF can be written as difference equation

(1−φ1B−φ2B2− ...−φpBP)ρl = 0

where l > 0

The graph of ACF of AR(p) has the pattern as the graph of sine and cosine.
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Partial Autocorrelation Function (PACF)

PACF is considered to be a tool to determine the order of AR(p). We can calculate the
PACF from the following equations:

rt =φ0,1+φ1,1rt−1+ e1t

rt =φ0,2+φ1,2rt−1+φ2,2rt−2+ e2t

rt =φ0,3+φ1,3rt−1+φ2,3rt−2+φ3,3rt−3+ e3t

In case of lag-2 PACF φ2,2 shows the marginal effect of rt−2 on rt

In case of lag-3 PACF φ3,3 shows the marginal effect of rt−3 on rt

Theefore, If the AR( p) is the optimal model, we then have the the lag-p PACF have to
significantly different from 0, but φ j, j have to be insignificant when j > p

Information Criteria

There are two methods to select the optimal lag AR(p)

1. Akaike Information Criterion

AIC(l) = ln((σ2
l )+

2l
T

For AR(l), (σ2
l is the MLE of residual variance

We select the AR(l) model that provides the minimum AIC for all l ∈ [0,..., P]

2. BIC Criterion

BIC(l) = ln((σ2
l )+

l ∗ ln(T )
T

For AR(l), (σ2
l is the MLE of residual variance

We select the AR(l) model that provides the minimum BIC for l ∈ [0,..., P]
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Example: GDP Growth
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Figure: GDP growth, ACF and PACF
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Figure: GDP growth, ACF and PACF (cont.)

kX8 �_USV BM G�; PT2`�iQ` LQi�iBQM
AR(1) in Lag Operator Notation

(rt −µ) =φ1(rt−1−µ)+at

if |φ1|< 1 then,
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AR(P) model
From the Mean-Adjusted Form:

(rt −µ) =φ1(rt−1−µ)+ ...+φp(rt−p−µ)+at

Stability and Stationarity Condition

⎡
⎢⎢⎢⎢⎣

rt

rt−1
...

rt−p+1

⎤
⎥⎥⎥⎥⎦
=

⎡
⎢⎢⎢⎢⎣

φ1 φ2 φ3 .. . φp

1 0 ... . . . 0
...

...
... . . . ...

0 0 ... 1 0

⎤
⎥⎥⎥⎥⎦

⎡
⎢⎢⎢⎢⎣

rt−1

rt−2
...

rt−p

⎤
⎥⎥⎥⎥⎦
+

⎡
⎢⎢⎢⎢⎣

at

0
...
0

⎤
⎥⎥⎥⎥⎦

we can write it as

ξt= Fξt−1+vt
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Example: AR(2)

rt =φ1rt−1+φ2rt−2+at
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Results: The AR(p) model is weakly stationary and has Wold representation

rt =µ+
∞∑

j=0

ψ jεt− j

with ψ j = (1,1) element of Fj provided all of the eigenvalues of F have modulus less
than 1.

kXe 6BM/BM; 1B;2Mp�Hm2
λ is an eigenvalue of F and x is the eigenvector if

Fx=λx
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Example: AR(2)

The eigenvalues of F solve the ``reverse'' characteristic equation

λ2−φ1λ−φ2= 0

Using the quadratic equation, the roots satisfy

λi =
φ1±
/
φ2

1+4φ2

2
These root may be real or complex. Complex roots induce periodic behavior in yt . If λi is
complex then

λi = a+ bi

a= Rcos(θ ), b= Rsin(θ )

R=
0

a2+ b2

Remark: R=modulus
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Example 1: AR(2)

Yt = 0.6Yt−1+0.2Yt−2+εt

Example 1
= _2UTQHv`QQiU+U@yXk- @yXe- RVVV
(R) @yXkj38Re8 yX3j38Re8
= AKUTQHv`QQiU+U@yXk- @yXe- RVVV
(R) @RXkNk9d2@ke RXkNk9d2@ke
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Example 2: AR(2)

Yt = 0.5Yt−1−0.8Yt−2+εt

Example 2
= _2UTQHv`QQiU+UyX3- @yX8- RVVV
(R) yXk8 yXk8
= AKUTQHv`QQiU+UyX3- @yX8- RVVV
(R) yX383dd3k @yX383dd3k


