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Serial Correlation and Heteroskedasticity in
Time Series Regressions

1 The Nature of Time Series Data

Observations from the same object of interest C individual
country , province ,

stock
,

etc . ) for MANY periods
of time .

a For each time period ,
we only observe I realization of

many possible outcomes .

as Closing Price of

pots
All the possible

Too. .
.

→ Values . . .
but we only

B observe I value

⇐
IN !

"

at any given time↳of
( day )

O
TODAY ?

• A sequence of random variables indexed
by time is called a

"

stochastic process
"

or

a time - series
"

process .

I object of interest

←
Before the end of 1950 ,

unemployment in the US

is a random process .
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2 Examples of Time Series Regression Models

There are many time series regression models. Di§erent models would be suitable for
di§erent types of relationship we want to estimate. Some examples of time series models
are Static Model, AR (Autoregressive), ADL (Autoregressive Distributed Lag), FDL (Fi-
nite Distributed Lag), ARMA (Autoregressive Moving Average), ARCH (Autoregressive
Conditional Heteroskedasticity) etc.
In this class we will talk about 2 examples 1) Static Models and 2) FDL.

2.1 Static Models

Studies a contemperaneous (occurring in the same period of time) relationship of vari-
ables.
For example:

2.2 Finite Distributed Lag Models

For example,

EE 435

T

similar to cross - sectional

How unemployment affect inflation → Phillips
e. g. inflation

-

Curve .

of Thailand I inflation
t

= Bot Be Unemptierror
in year t .

How the price of gasohol affect demand for

benzene .

Own - price prsicebsoittitutes.

- -

of -
benzene

t
-
- Bot Pip - benzene ft Pap - gasohol t

I t price of other substitutes S

These static regressions are no
other factors t ut

different to the cross-sectional regression .

But
,

We have

each observation being each "

timeHi rather than each

• X and/or the lagged
"

object Cig
"

"

→ get long - run

equilibrium
variables of Xt can affect Yt

. relationship
. lagged variables ofxtarex.IT?etY.t-2noqfafuIwestyYeecastL

- The price of PTT stock in the past
( yesterday , last week

,
last month ) can affect

the Price of PTT today ?

- Investment of education in the past can affect GDP
c productivity) now . y

The longest lag is
"

to
"

fatties
is

GDP . percept = Lot d.edu-
in Vt t E. edu

-
in Vt -it . . .

+ Go educ
-

inv
f . to

t ut FDL offroad
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In general,

yt = "0 + #0xt + #1xt!1 + #2xt!2 + ut

#0 =
dyt
dxt

#1 =
dyt
dxt!1

3 Properties of OLS under classical assumptions

Assumption TS1. Linear in Parameter ñ Y is linear in X:
Assumption TS2. No Perfect Collinearity
Assumption TS3. Zero Conditional Mean

*** Under Assumptions TS1 to TS3, )̂OLS would be unbiased ***

Assumption TS4. Homoskedasticity
Assumption TS5. No Serial Correlation

*** Under Assumptions TS1 to TS5, )̂OLS would be BLUE (best linear
unbiased estimators)***

F Dff
,

order 2
. How many lags would be correct?

X variables and their Lags .

- It depends on

many factors t your
intuition

.

So
, case -

is the change in Y due to by - case .

1 Unit increase in X during the same period.

Called the
"

impact propensity
"

or

" impact multiplier ?

is the change in Y due to a temporary ,

change in X I period prior . pie
so

or

No need to use MLR 3 -
Rand

me Series
. already a random process

.

parameter can 't be
orEnon- linear .

→ YEPoot B , Htt . .
. the

↳ El Ut 1*+1=0 no no omitted variable bias
.

} for OLS estimators to be
efficient .

Corr I Ut . Us # t t XX 1=0 ; tf t # S

* Conditional on *
,

the error at time t
should not be correlated with the error

at time S C at other periods . )
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The variance of )̂OLS (under ass.TS1-TS5)

4 Properties of OLS with Serially Correlated Errors

5 Unbiasedness and Consistency

( Serial correlation doesn't

Var C Bj I # )
affect the bias ness .

)

P
TSS ; C I - R2; ) 9 J = I

, . . . ,k

if homoskedasti city t no serial correlation , we

can use this calculation .

TSS ;
 = total sum of squares of Xtj  =

It ?
.

C Xt ;
 - Ist

RF  = the R2 from the regression of X ; on all

other X C all other explanatory variables .
)

• Corr [ cut .
Us A # I to f t # S → serial correlation

Why ? Inertia
,

momentum ( overvaluation
of stock price at time t may lead to over -

valuation of stock price at ti met-11
,

etc
. )

• Corr E Ui
,

Un I # Ito f ith → auto - correlation

cross - sectional data
. Wrong functional form

,

non - random sampling , systematic measurement

errors .

• As long as TS .
I - TS . 3 are Satisfied

,
then Bas

will be unbiased .

Strictly exogenffesrequires Ut to be uncorrelated with Xt and

V. difficult to achilles!ft # s ) in ALL Periods ?

→ If strict exogeneity can 't be achieved ,

then we compromise with weak exogeneity
E ( Ut txt )

to Ut Uncorrelated with Xt

* If we have only weak C Only X in period t
. )

exogeneity ,
our Bas will be consistent C but not unbiased

A need large observations
.
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6 E¢ciency and Inference

With serial correlation, )̂OLS would not be BLUE (var()̂OLS) would not be minimized).
Consider

ut = -ut!1 + et ; t = 1; 2; :::; n and j-j < 1

where ut is from a regression model

yt = )0 + )1xt + ut:

q YE ,
= But Pixie. it pzxz.tt t At - a

-
main model :

yt = pot Pixie -1 Be Xztt Ut

,
regression of errors in period t S t - t

D

another pogg.gg)
main regression

O

• now assume I ) E Ceo ) = O

2) Varlet ) = Of
3) Covet

,
et - i ) = O

4) COVC Ut , get 1=0 ErEcetl Uta )=0

5) EC Ut ) -
- E ( Uta )

61 ELUEI -
- El UI i )

varcutl #
~p After intensive calculationofcwitharsbialco.is#EEixi6tEEiEixexe+ie&'s

t

similar to

=%÷t}sf¥¥i¥txtXt+
;

heteros ke
,we need to me

Use the correct ~ This extra term

calculation for Var Bas
is added when we have

or
Serially correlation .

Std . Err .



114 11. Serial Correlation and Heteroskedasticity in Time Series Regressions

7 Testing for Serial Correlation

Given the model

yt = )0 + )1xt1 + )2xt2 + :::+ )kxtk + ut

7.1 A "t-test" for AR(1) serial correlation with strictly exogeneous regressors

The most common type of serial correlation or autocorrelation is the AR(1) type:

To perform the test:

1. Estimate yt = )0 + )1xt1 + )2xt2 + :::+ )kxtk + ut

2. Obtain ût ,ût!1 ; 8 t = 1; 2; :::; n

3. Estimate ût = - ût!1 + error

4. Perform the t# test for

④ note that there can be

many serial Corr . patterns ,

we need to specify the pattern
before doing
the testing .

→ -

Ut =p Ut . n
t et ; t -

- 1,2 ,
3

,
. . .

n

• The shock carries forward I period with

the coefficient p ; I @ 1<1 otherwise ,

we will have an explosive process .

• To test for ARCH auto I serial correlation :

Ho : p -
- O → no AR Cl ) serial correlation .

Ha :p to no serial correlation
.

g-
In practice ,

we use It to

approximate Ut and

It . a
to approximate Utri

.

Ho : 0=0 no no AND serial correlation .

Ha :p to
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7.2 The Durbin-Watson Test (DW test)

This implies

-̂ = 0 ) DW = 2

-̂ > 0 ) DW < 2

-̂ < 0 ) DW > 2

Ho : no positive autocorrelation, serial-correlation

Ha : no negative serial correlation

To perform the test:

1. Estimate yt = )0 + )1xt1 + )2xt2 + :::+ )kxtk + ut

2. Obtain ût ,ût!1 ; 8 t = 1; 2; :::; n

3. Calculate DW from eq.(2)

4. Find the critical dL and du values (say, at the 5% level of signiÖcance) for the given
sample size and # of regressors.

5. Follow the decision rule in the picture.

a Allows us to test for positive and negative
serial correlation .

Dw - statistic C DW ) = II. a I It - if . !
'

-

It . at
DW = 211 - Iron

UE @ Ut . it et
no serial correlation

positive serial Corr .

negative serial car .

Since - If @ S1
,

OEDWE 4 ?

←
I I

g- don't - a
'

Lp
reject Ho

reject Ho I I reject Ho I I in favor

in favor of , indecisive ' ' indecisive , of negative

positive I
' '

I serial correlation .

I Iset;"¥i
.de du 4 - du 41dL

no serial correlation
-

-

←
calculated case - by - case
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Example:
Suppose the calculated value of DW = 0:80; n = 45; k = 4:
From this, we get dL = ______________ and du = _______________

8 Correcting for serial correlation

8.1 Passive way

Use the type of standard error that is robust to the serial correlation, autocorrelation
problem

8.2 Active way ñ

1. 336 1.720

* So
,

we reject Ho

is.it#EiEitiiiiiiiiia
.

1. 336 1.720 4 - 1.720 4 - I . 336

• Since TS I - TS 3 are not violated
, Bars Unbiased .

↳ We just have to use the correct

calculation of tarps C Std
. err .

)

STATA Command : newey y X . Xz Xs , lagcgyf
)

# of lags in the AR ( # I

process .

use weighted - least squares or

feasible weighted least squares C FOLS )

to the process is similar to the

active remedy far heteros ke dash city .
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Multicolinearity

1 The Nature of Multicolinearity

%

observation x1 x2 3x1 # x2 observation x1 x2 3x1 # x2
1 6 18 0 1 6 16 -2
2 12 36 0 2 12 45 9
3 7 21 0 3 7 18 -3
4 -5 -15 0 4 -5 -12 3

2 Consequences of Multicolinearity

2.1 The OLS estimator will still be BLUE.

2.2 The variances and covariances will be very large. This makes precise estimation
di¢cult.

. x variables in the model are highly correlated
.

> though not perfectly correlated

Perfectly correlated C let =D Highly correlated ( IP I 70.87

Causes

-11Data collection method
,

not enough sample variation
.

e) Constraint on the model or on the sampled population .

3) Model specification C Usually happens when there are too

many polynomial terms , e.g . XZ
, x

3

,
X4 )

.

4). put too many X variables
.

If MLR I -5 are satisfied
.

BUT ?
Of Bois

v

recall varies

JE÷E÷E¥
:!

SST ; ( I - RI ) will be very
large ? This

• SST,
is the SST from regressing Xj on makes

all other

Xss
. .

For example , Varys ; ) becomes

SS Tz is SST from the following
'raigreessiai:

Xz = Got O ,
X

,
+ G 2X ,

t
. . .

-1 Ok X. terror .

• R2 ; is R2 from regressing X ; on all other
Xs

. .
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3 Detection of multicolinearity

1. There is conáicting test between t- and F-test: if we Önd that the conclusion derived
from the two tests are inconsistent, speciÖcally R2 is high and F-test results in
statistical overall signiÖcance; whereas, at least, one null hypothesis of some t-tests
cannot be rejected, it is reasonable to suspect the multicollinearity problem.

2. Correlation of regressors is greater than 0.8: the higher the correlation, the higher
the variance of estimators.

3. Variance ináation factor (VIF) is greater than 10: when the regressors face the
multicollinearity problem, the value of VIF might be so high that the resulting high
variance of estimators adversely a§ects the regression analysis.

% The VIF (variance ináation factor) to detect high multicolinearity:

4. Scatter plot of two regressors is relatively linear: when we plot the value of on
regressor against another and we Önd that both of them tend to change in the same
way, this fact might suggest the existence of multicollinearity.

V IF = 1-
I - RI

Var (Bj ) = I
. Ulf

SST,
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.

4 Remedial Measures

1. Do nothing

2. Apply prior relationship among explanatory variables -

3. Discard some explanatory variables - the removal of the variables could mitigate
the problem; but, another problem, namely speciÖcation bias problem, might occur
instead. For example, suppose we want to construct the model where the production
is the explained variables; and labor and capital are the explanatory ones. If there
is linear relationship between labor and capital, the elimination of one variable
might assuage the multicollinearity problem, but might be contrary to economic
reasoning. Hence, the decision of which variables will be disposed of should be
based on economic theory.

4. Collect more observations - this practice will increase _ _ _ _ _ _ _ _ _ _,
which is the component of the variances. As a result, the variances will be lower
despite high correlation among explanatory variables.

5. Transform the variables - although there is linear relationship among explanatory
variables, it is not necessary that the Örst di§erence or ratio transformation of the
variables will have that relationship

Example i

X
, ( income )

A Xi ( Price
Toyota Camry )

Example

I
.

.

.

. i

.

. .

.

. .  -
i

'

.

-
:

. s ,

.

!
.  ,

' i u
e

-

I
-

a
Li t.

O
'

.
.

-

y
-

y
Xz ( wealth ) O

Xz ( Price Honda Accord )

→ Because we still have BLUE

. If the multi Colline arity is not too severe .

•
- - among the control variables

,

not variables of interest .

4=130+13 , Xitpzxzt U
.

(1)

Suppose
"

132=0.713 ,

"
no pz= Total score of a University course

13 ,
= cummulative score before final exam

of a University course .

Then ,
Cl ) becomes y -

- Bot pix , -10.713 , Xztu = pot Bi C X , -10.7×2 ) tu → fahneofalyuedffterfzi.me

not both

§ , S Bz
.

Ssp .

←
Because more

Sample variation .

Varcpsii =
. ¥ . ,

→
If this gets larger , Varys; , will decrease .

For example ,
first difference Cl ) - (2) gives

Yt = Pot B ,
X it  t pszxztt Ut C I ) Yt - Yt -

= Pot Pil Xit - Xi
,

t - I ) t

Yt - I
= Bo t p , Xi

,
t - it 132×2,

t . it Ut , (2)
/

Be ( Xzt - Xz
,

t - 1) t

( Ut - Ut - I )



Some useful points for the exam

I
. Do you know that Varlet = Std

.
Err

.
!

¥
X

3×4×5

2 . Heteros ke das city ⇒ variance of the error Haroun
correlates with explanatory variables Cx )

• To test
. we can use either the BP - test or

White test
• BP - test Um = pot p , X ,

t
. . .

+ BKXK terror

approximates 9

Var C U ) Ho : 13 ,
= BE . . . . =p k=O no Homos ke

.

Ha : Ho not true no Heteros ke
.

3
.

Serial I Auto correlation ⇒
"

value
"

of the error

terms ( Ut ) correlates among each other across

times c across samples )
.

• Test for ARC I ) in the error : Ut = put . it et

fig! P -
- 0 no no serial correlation .

P I I → ARCH Serial correlation .


