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Serial Correlation and Heteroskedasticity in
Time Series Regressions

1 The Nature of Time Series Data

Observations from +he same obyeet of ntereSt Cindivide
Country, proving, Stock, ete) for MANY periods

of time.
* For eac&\‘c'«mbpariod, we Only obsere 1 realization of
$8iol . :

Closing Price of P}'T = Voluee bt ve oy

’ obgerve | volue
ot vy Qwh Hme?

0O — | (dGY)

100"

' A sequente of vandom variobles indeved

\o\| time. 15 called o “stochastic Proes” oy
a “time-senes’ pProcess.

TABLE 10
Partial Listing of Data on U.S. Md

T obyect of inrers
T | ¢ Before the ond of @S0,
1951 7.9 33 ‘mebq Mm ‘ n m US

(e a rordom process

1998 1.6 45

1999 2o 42

2000 3.4 4.0

2001 2.8 4.7

2002 1.6 5.8

2003 23 6.0
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2  Examples of Time Series Regression Models EE (-\-35

There are many time series regression models. Different models would be suitable for
different 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.

T .
2.1 Static Models S\M“a( "'o C( 055-' Sed'lwal
Studies a contemperaneous (occurring in the same period of time) relationship of vari-
ables.

For example: f—bw u“em?\o\i mw a.GFecl. .\(YF{ a_‘;\ «»Phi““)s
e.a. inflation : : _ Qe

3\‘: -[lh%}‘ag\d A m(-'lahor\t = Bo * P; Mﬂﬂ;—!(yb?c*w
! (X .

How the ez of gasorol offect dermand 'Fz(
benzent. P Y Sk
Q‘,‘Oen%@(\e g = Bo*B: P- berane oF p,_()_sasdl\olb
x price of othwr gulbsituresd
These statfic regressions are o othur facors + (g

Aiferent to ‘\‘W. CcosS -Lchinal resre.SSfOﬂ. Buct ; We e
€odn goSerVEIT, 2N ok “Himertyratha nan - each
* X and/ot the logged [‘objed iy = % o0

eanilibriam
variableg .mc Xe O&an affoct VY. \rmﬁar\ship
o lagged variables of Yo Ore Yoy, Xeo o ot Forecast

For example, X-l-_,—; » e't'C O(: ’?UC“AM
“The prict of PTT stock in the pasr ua\ues!
(qeswday, Lagk weel lask month) can affect
+he Price of PTT +oday™

-Tovesment 0oF education n +he past can affed GDP
(pradud-iv\'*"ﬁ NOW. /The (onqes-\- Iog (O Ke) ,T\n:!s IS

. \
6DP_Pe((g_P_b =olgs+ éoedup\ﬂ\/k + é‘ed ~in ba-\‘ﬁ_
duc_j FOL ot o
< éw'Q Ve ,\(\\lb_w‘\' Ue 10
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FOL of order 2. How many (ags would be Corred.

» X variables and theit (o

o — Tt depends on
Y = 0 + 0Ty + 0124w1 + O2Tpug + Uy mmq ‘Pacl-ars + YO‘A\'

. . S :
=2 15 The dﬂ&ﬂ%Q in Y due 1;{;:‘”2;2“& ; (ase

1 unft increae 1N X during, Hu same periad

Called the * impact propendity”
“imgad\x ultipliec”

n-zis the dangein N due to o tempo poragy

Changt in X 1 period prior. g}‘{

No need to e MR- Qa& -
Time Sexies.  alresdy o rarvdom (08
poxmme\fx cont be

3 Properties of OLS under classical assumptions ¢ nm.,\W\C“

Assumption TS1. Linear in Parameter — Y is linear in X.==§ \) Po“' 9 x‘t-\' + (.Ab

Assumption TS2. No Perfect Collinearity
Assumption TS3. Zero Conditional Mean

G Bl Ug 1X)20 ~» N0 omitted Variable bins.

*** Under Assumptions TS1 to TS3, BOLS would be unbiased ***

In general,

Assumption TS4. Homoskedasticity 3 ‘QO( OLS Q_S\"maf\'afs '\-O be

Assumption TS5. No Serial Correlation w\_‘_

Core (U, Ussg | K= o 5 S

# Conditiona] on R, -Hw. efcor ox Hwe €
Should no+ ba cotre\a‘red with e erco
ot Howe genods)

*** Under Assumptions TSl to TS5 Bo15 wolld be BLUE (best linear
unbiased estimators)***
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The variance of 3, (under ass. TS1-TS5) ('SQ\'\ a" o vm‘a.t—‘ o (’.DQSV\ T
VO‘T (é \x) - 62— QGFQCX‘W\Q biasness)
J —_— 2 ) ’ \:) = 1 )n..’k

TSS; (1- &g
t

1# homoskedasticity + no Serial correlation ; e
Con wsethis  caladavion.
TSS, = Yotal Sum of iww of Ky =

Z-::\(xti - >_<3\

2 ‘
. 2 4 Q?- ‘Prmm feqfess v O'(- X, on al)
K3 X (all o‘rﬁr explanatory variables)

4 Properties of OLS with Serially Correlated Errors

o Corc[(Ug, Us | XT# 0 ¥ 1+S ~pSerial comelation
Why9 Thectio , momentum ( ower vakation
of Stock prict. at ¥ime & moy lead to Over-
Valuation of Stock prict, af tinet+1 , etc)

Core LU, U 1 XD+0 ¥ 1# 1 ~ycauto-correlation
cross - sectional dodd, Wrong functional foreh,

non - random  sampling, systerelic  Measurement
extors.

5 Unbiasedness and Consistency

o fs long s TS.1-TS > one Satisfied, then ’?M

will be wnbiased.

Steictly exogungTreques Uy to be wn oscelated with X, and

V. difficutt 40 ad‘iélse (Yt45) in AL Periods?

»I¢ oteict exogererty (an't be achiéved ,

N we Complomst with weak oxpsenei
1L‘(‘t\-é)/(b\vl><{.,)---oP'~"' Us Uncorre lated wﬁ@»ﬁ x\hd'

X in period €.)
®IF e e oy gk Lo istent ( bur nit unbiosed
Exognety, ous Boe wil bo ONREER § 0 eservata
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6 Efficiency and Inference 9 £ = p“+Pl x‘,t"'l + ?z Xi:t,'l +u-k, -

With serial correlation, 35, ¢ woyld not be BLUE (var(f3,;¢) would not be minimized).
Consider . N‘Ud! . S—
Cegression of ercorsin peciod t & -
'

U= pugny +e ; t=1,2...n and Ipl<1

where u; is from a regression model

qﬂo“.hg‘ POSS\bb Yr = Bo + G174 +@
main mgﬂ’ss.m

o NOW assume 1) E(e) = O,
n Var(ey)= 62

3) Cov(@,,064) =0
@) Covl Ugoy 5€¢) =0 of Eley]| UWe)™0

5) E(u) =€ (uyy)
6) E(U)=E (&)

Vor( UelX
r\;pAHex ‘n‘renswe Calc.qla'hon .%\/\‘b |
Var(pl = 66T [Z Xy 6 +ZZZ X XeyP6 ]
(with serial orr.) 5 0l i t
-6 ¢ 266 D ) X¢Xg

Similor o SETE T SST, T 5 K
heteroske,
We need o

\Tﬁgex(-m term
Wse e Correct 7
calculation Ko \lmis.,_s Eeﬁﬁ{’f‘l when we bhave
Y Correlation.

S‘Id Ecr.
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7 Testing for Serial Correlation @ ﬂ0+e +M 'P{\M an bea
Given the model mo‘“\, Sef ial @‘T' Paﬁ'@f% )
We need 40 specify 4 pattem

Yr = Bo + Brwa + BoTia + . + B + uy btm &Oi m
the testirg.

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

The most common type of S;eria elation or autocorrelation is the AR(1) type:
u.t - P Mb—q‘:l"e"b ; 'ba 1,7.,3, . N
e The shock carcies forward {1 period  with
Hhe codficient 0 ;3 | o<1 otherwise,

we will have On explosive Drocess

e To test for  AR(L) oo/ Serial Ootrelation:
Ho: £=0 ~+ no AR(l) serial Correlation.

Ha: @ #0 v Seriol corcelation.

To perform the test:

1. Estimate y; = 8, + B121 + Bo%iz + ... + Brtu + w A
In practiCe, we use Uy to
roximate WUe o

4. Perform the t # test for u‘t’.‘ 1.0 QPP’D)GMC ut"t
Ho: P=0 ~no AR(D senal correlation.
Ha: P *0

2. Obtain ﬁt 7at!l ) "= 1,2,...,7’L

3. Estimate u; = p U1 + error
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7.2 The Durbin-Watson Test (DW test)

o Allows  us 1o test for positive and negative
Serial Correlation.

Dw - StatisTic (Dw) = 21:2 ( at- G"t.-i)z
n 2
1! ut
This implies DW ” 2( l~ P)k/-Prom

Ug= PUt &
0 $ DWW =2
0 $ DW<2
0 $ DW>2

no serial correlation ;
positive Sesial cort.”
hegu-hve serial orr.”

Sin@ -1$e<1 , 0<PWE 47

AN Vo

]t o ! Ly
vefot o 1 Vigject H, ! I .
[ ? voe of yindecisiel J ° Yindecsive ) of ﬂga"we
posipve ' : | Se vialf correlafion
Serifl covdd : [ (
' ' ' i
) 1 4IL [

Y de d‘u 2 4~du ¢~do %

. nno Sexol corre!a+ion

H, : ooessssbige scrial correlation
To perform the test:
1. Estimate y; = 8, + B12n + Boxiz + ... + Brru + w
2. Obtain a; ,ueq ;" t=1,2,...,n

3. Calculate DW from eq.(2) Ca\Cu.\M C&— b\l - Case

4. Find the critical d; and d, values (say, at the 5% level of significance) for the given
sample size and # of regressors.

5. Follow the decision rule in the picture.
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Example:
Suppose the calculated value of DW = 0.80, n =45, k = 4.
From this, we get d; = ___’L&a_@ ______ and d, = ___LEI'_ZQ ________
+* So we Y‘O;)Q He ‘ ( | \
in Tavor ( \
|

positive Seriql cocteledfion \
DN: 0:3 I

! l : !

0 ‘dc_ du |2_ l[--:du, Ll":dl— ¢

1.3206 1.320 4-1320 G-1.336

8 Correcting for serial correlation

8.1 Passive way
Use the type of standard error that is robust to the serial correlation, autocorrelation

problem . A
e Sina TS1-TS3 ore not violated , Bows Unbiased.
Ly We Just have to_use the correct
coleulation of Va/r(\ﬁ.,) (std .ew)

SHiA CommnOnd:  newey Y X X, X, lag(q)

4 of lags in the ARG
process.

8.2 Active way — (A$€ \,\I@i\gh"‘ed - lQO&"’ 6&&(}&(‘95 of

feasible weignted least squares (FSLS)
Ly-the process is Srilas 4o the

active vemedy for heteroskedaSthicity.
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Multicolinearity

1 The Nature of Multicolinearity

. X voriables in the model ove h'@hh/ orrelatad.
% “though rot perfec;H\/ Cocrelated

Perfectly comrelated (1P1=1) Wighly cocrelated (1P] >0.8)

observation x; X2 3x1# T2

observation x; X2 3z # 29

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
Causses

—— 2 o
1) Dot collection method | not enough sample waciection.
2) Constraint on the model or on the Sampled population.

3) mg\l\ dification (usually \;afpg:\sx 4"')".‘% there are too

y nomial ferms , €.9. X, X

2 Consequences of Multicolinearity Ll-) Pu.{. 400 mah\[ X vasi GHQ S.
2.1 The OLS estimator will still be BLUE.

Tf MR 1-5 are satisfied

-F AN
Bury 1 Pas N
2.2 The variances and covariances will be very large. This makes precise estimation
difficult. If X \\Tfia.ueé
A z are highl
Recall Vor(Bp =___6 < coelaid, RS
SST:) (l Ra) will be \Rry

» SSTy 15 the SST fian vegressig '%“gnm
all other Xe. tor Q)(d.m‘ble, \/{u@&) g(oms
SST, is SST Fram the following Tegression:

X2 =00t 0, X + 62X3+ _ . O Xt exror.

° R?:, 1S R?- fron reﬂfESS.'ry X; on all other X .
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Var(3,) as a function of R}.

Var(B,)

3 Detection of multicolinearity

1. There is conflicting test between t- and F-test: if we find that the conclusion derived
from the two tests are inconsistent, specifically R2 is high and F-test results in
statistical overall significance; 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 inflation 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 affects the regression analysis.

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

VIF _‘_R,.

Var(é:)) = 62 o VIF
8§

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



Example 1

X ( \ncome)
A
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€>mple7j

L4 [ 4 = ‘O ‘
: . ] \'0.‘ -
[ 4 ‘. <
‘O‘ .‘. ‘b" ‘
.‘ .'.. ) .. \: .
oL
¢ - —~>

X2 ( wealth)

4 Remedial Measures

O Xa (Pt e Accond

1. Do nothingmpBemuS( we still howe BLUB
« T the multicollinearity is not too Severe.
- amorg He Control variobles,

. not variobles of interest.

2. Apply prior relationship among explanatory variables - Y= po-l»b.x‘-!- P’.)(t.‘.u ( D)
Suppose “B, = 0.3B," v B,=Total ore of a unveSity ourst

B = Cwnmulative Score. befor firal exam
of & university Corse
e

Then, (1) beomes = PotBX +OFPX, tU = Bot Bu(X,+ 0.3K)+u ~¥ F0 w M%*ﬂ’ 3

3. Discard some explanatory variables - the removal of the variables could mitigate |
the problem; but, another problem, namely specification bias problem, might occur ot be\"' h
instead. For example, suppose we want to construct the model where the production ?' ‘P"
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. Because ©ore
& Sam it
4. Collect more observations - this practice will increase 155_1;_ 9‘2' ’V&ﬂa‘hm‘

which is the component of the variances. As a result, the variances will be lower
despite high correlation among explanatory variables.

Vor(B) =_6° . 1
SST:’, (("R:,)

If this gets lar\gfr‘ 5> Vo) will decease.

5. Transform the variables - although there is linear relationship among explanatory
variables, it is not necessary that the first difference or ratio transformation of the
variables will have that relationghip (=-(2) 33\&3

For example, ficst di ) )
Yo * 'P"* B X + BaXeet Ue (O Y- Y- "P°"§i’:'t :::‘l)):
Ye-r2 Bot PiXita * B Xo t-t Ugq (2) &i_ Y :



Some_useful ponts for the exam

S~

1. Do you know —that Var('{i) = Std. €. ¥

termgpa Coef. Std. Err. BP>it| [35% Conf. Interval]

Xl ttttt d .0465%4 .0036082 12.91 0.000 .03%5093 .0536787
)('_ priGPR .5329307 .0403281 13.21 0.000 . 4537468 .6121146
x; final .0503197 .0040339 12.47 0.000 .0423992 .0582403
x", frosh .0974307 .0560211 1.74 0.082 -.0125662 .2074276
xc soph .0689273 .0467006 1.48 0.140 -.0227689 .1606236

_cons -1.361077 .1316861 -10.34 0.000 -1.619642 -1.102513

2. HeteroskedascCity =» vaciance
correlates with ~explanatory

of +he ecror (Ve (w03)
vasiables (x)

o To fest, we can use either +he BP-testor

white. test

o BP-test /t:lz= o tPiX

approXinmates

Var(uw)  Ho: Bi=Pa=-- = B0 ~» Homoske.

R S PKXg + @xroc

Ha': Ho not true ~vHeteroske.

3. Serial /Auto Correlafion ¥ Value” of +he esror
terms (Uy) Correlates among each other across

times (across  Sarples).

o Tost fa AR(I) in +he escof :

Ut = PUet €

Ho: ©=0 ~» no Secial Correlation
Ha: O#( ~ AR(() Serial correlation



