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1. Introduction

1. Introduction

@ These slides focus on static regressions with predetermined regressors.

» then y;; on x;; is consistent even if error uj; is serially correlated

» whereas e.g. yj; on yj;_1 is inconsistent if error uj; is serially correlated
and stationary

» dynamics, especially unit roots and cointegration are deferred to
separate slides

@ For long panels asymptotics are for T — oo

A dynamic model for the errors may be specified, such as AR(1) error
Errors may be correlated over individuals

Individual-specific effects can be modelled as individual dummies
Presentation follows Cameron and Trivedi (2010) chapter 8.10.

Yy v vvY

@ We also introduce heterogeneous panels

» coefficients can vary over |.
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1. Introduction

@ Heterogeneous panels can be more flexible as T — oo

» To date focused on just intercept a; varying in short panels
Now can allow slopes to differ across individuals

» Additionally may control for correlation over i due to common shocks
or spatial correlation.

» Again defer complication of unit roots and cointegration to separate
slides

» See Breitung and Pesaran (2008) for extensive survey.
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2. Panel Data Example: Cigarettes Sales

e U.S. state-year panel N = 10 states and T = 30 (1963-92)
@ Source: Baltagi, Griffin and Xiong (2000).

@ Goal: estimate response of per capita cigarette consumption (Inc) to
real cigarette prices (Inp).

> Price varies across states, due in large part to different levels of
taxation, as well as over time.
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2. Panel Data Example SNBSS N DETE]

Data Description

@ We will regress 1nc on 1np, lnpmin and 1ny (own price, other price,
income)

.0*0Descriptionioflicigaretteldataset
.Ousedmus08cigar.dta,dclear

.Odescribe

ContainsOdatadfrom mus08cigar.dta

00obs:00000000000300
Ovars:0000000000000600000000000000000000000000260Novi2008017:14
0size:0000000009,6000(99.9%0of0memoryifree)

00000000000000storagenidisplaydonnovalue
variableOnamenootypenndformatinnooolabeloooooovariablenlabel

state 0floatnn%9.0g U.S.0Ostate

year 0floatd0%9.0g Year(19630to01992

Tnp 0floatno%9.0g LogOstateldrealipricendofipackioficigarettes
Tnpmin 0floatd0%9.0g LogOofOminOrealdpricedindadjoiningOstates

Inc 0floatno%9.0g Loglstatelcigarettedsalesiinipacksipericapita
Tny 0floatnn%9.0g LogOstateOdperdcapitaddisposablelincome
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VRN EENENPEIEN =S Summarize Data

Summary Statistics

.0*0Summarydoficigaretteldataset
.Osummarize,Oseparator(6)

gooovariable

00000000bsO0000000Mean0000Std. ODev.0000000Min00000000Max

gooooOoDstate
gbooboobyear
000000000Tnp
000000 Tnpmin
000o0o00o00Tne
000000000 Tny

0oooooo3000000000005.5000002.877080000000000100000000010
0oooooo3000000000077.500008.6699030000000006300000000092
000000030000004.5184240000.14069790004.17633200004.96916
00000003000000004.43080000.1379243000004.04280004.831303
000000030000004.7925910000.20717920004.2121280005.690022
000000030000008.7310140000.69424260007.300023000010.0385

.0*0PooledlGLSOwi thOerroricorrelatediacrossistatesiandistatedspecificlAR(1)
.OxtsetOstatelyear

ooooooOpanelOvariable: stated(stronglyObalanced)
0ooooooO0timedvariable: year,0630to092
0000000000000000deTta:  10unit
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VRN EENENPEIEN =S Summarize Data

Within versus Between Variation

@ Within variation is generally greater.

.OxtsumdIncOTnpO0Tny0Tnpmin

variable 000000Meand00Std.0Dev.0000000Min00000000Max |0000Observations
Tncoooooooverall 04.792591000.20717920004.2121280005.690022 |00000NO=00000300
000000000between 0.13284650004.6430530005.037004 |00000n0=00000010
000000000wi thin 0.16427640004.1647420005.445609 |00000TO=00000030
Tnpoooooooverall 04.518424000.14069790004.17633200004.96916 |00000NO=00000300
000000000between 0.05727170004.4514450004.623794 |00000n0=00000010
000000000wi thin 0.129745900004.237150004.972691 |00000TO=00000030
Tnyoooooooverall 08.731014000.69424260007.300023000010.0385 |00000NO=00000300
000000000between 0.19249640008.4772040009.019063 |00000n0=00000010
000000000wi thin 0.66971030007.5538330009.817204 | 00000TO=00000030
Tnpminooooverall 0004.4308000.1379243000004.04280004.831303 | 00000NO=00000300
000000000between 00.0594110004.3134410004.521246 |00000n0=00000010
000000000within 0.12584030004.1496950004.840707 |00000TO=00000030
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VRN EENENPEIEN =S Summarize Data

Data Autocorrelations

@ Looks like AR(1) will model 1nc and 1np well.

.OpwcorrdlnciL.TncOL2.TncOL3.TncOL4. TncOL5.TncOL6. Inc

000000Tnc0000L. Tnc000L2. Tnc000L3. TncO00L4. TncO00LS. TncO00L6. Tnc

0ooooooooinc
L.Inc

L2.1nc
L3.Inc
L4.Inc
L5.1nc
L6.1Inc

ool.
000.
0oo0.
0oo0.
000.
0oo0.
00o0.

0000

97400001.0000

93730000.97210001.0000

88880000.93510000.97170001.0000
83460000.88820000.93740000.97370001.0000
77490000.83670000.89340000.94040000.97380001.0000
71260000.78360000.84990000.90080000.94420000.97470001.0000

.Opwcorr0InpOL. Tnp0dL2.TnpOL3. TnpOL4. TnpOL5. TnpOL6. Tnp

000000 Tnp0000L. Tnp000L2. Tnp000L3. Tnp000L4. TnpO0OLS. TnpO0OL6. Tnp

gooooooodlnp
L.Inp

L2.Tnp
L3.1Tnp
L4.Tnp
L5.Tnp
L6.1np

.0000

.88930001.0000

.75700000.88100001.0000

.58860000.71960000.86880001.0000
.44810000.54430000.69930000.86190001.0000
.32800000.39720000.51200000.68020000.85370001.0000
.20800000.27430000.36130000.48520000.66400000.84800001.0000
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KRN NOIESIEN RGBS Pooled OLS and FGLS

3. Pooled OLS and FGLS

@ FGLS is more efficient and gives correct standard errors if have
correct model for the error

B = (X'O1X)"IX'QYy.

@ Problem: Wide range of models for how uj; varies over i and t.
@ For short panels N — oo analysis was made easy by assuming

> independence over |
» finite T so correlation over t becomes a minor nuisance
» use xtgee or xtreg, pa with option vce(robust)

@ For long panels (T — c0) need to be more explicit in modelling
correlation over t

» also some methods allow for possibility of correlation over i
» xtgls, xtpcse, xtscc
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Ererto: ARE) iz
Example: AR(1) error

e Model

> Yir = X+ uje; with N small; T — co
> regressors X;; can include individual dummies but not time dummies
» AR(1) error ujp = p;uj ¢—1 + €jt

* ¢;; is uncorrelated over t but potentially correlated over i

e Estimator that controls for error AR(1) but not for correlation over i
» Cochrane-Orcutt transformation (or variation Prais-Winsten)
> Vit = Pi¥ie-1 = (Xit — P;Xi,e-1)' B+ €it (since uj — pjuje—1 = €jt)
» OLS of yj; on xj; gives consistent (inefficient) By, s
» Then ﬁ,-Afrom OLS of Ty on Tj ¢—1 where T = yir — X Bor s
» Finally Bgg s from OLS of yir — 0;yit—1 on Xt — 0;Xi t—1
@ Robust variance matrix that allows for correlation over i
> V[Brars] = (XX*) 71 x T Xy/g18yX; x (X'X) !

X . 7’\ . . ’\* p— * */
> where X}, = Xjr — 0;X;,t—1: € = ¥i; — X BraLs
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3. Pooled OLS and FGLS ERNE{EREINTIENT]

xtgls Command

@ xtgls
» FGLS with very simple model over t

* ujy is independent over t or AR(1) with parameter p; or parameter p

v

+ FGLS allowing for correlation over i with limited heteroskedasticity

* Var[uy] = i and Covl[ujs, uj] = oj do not vary with t but do over i.

v

standard errors are not robust - assumes correct ()
original (1960's) approach - Kmenta
limitations

* need T > N
* underestimates standard errors with finite N, T even if correct ()

v

v
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3. Pooled OLS and F xtgls Example

@ FGLS assuming error AR(1) and correlated over i

» standard errors assume correct ()

.0xtgls0IncOInpOlny0Tnpmindyear,Opanels(correlated)dcorr(psarl)
CrosslsectionalitimelseriesIFGLSOregression

Coefficients: generalizedileastOsquares
Panels: heteroskedasticOwithicrossisectionalicorrelation
Correlation: panelispecificlAR(L)

Estimatedicovariancesi00000= 0000000550000000000Numberdofiobs000nn0= 000000300
Estimatedlautocorrelationsi= 0000000100000000000Numberdofigroupsiio= 000000010
EstimatedicoefficientsiO0n0= 0000000050000000000Timelperiodsi0n0in0o= 000000030
000000000000000000000000000000000000000000000000wWaldochi2(4)0000000= 000342.15
000000000000000000000000000000000000000000000000Prob0>0chi200000000= 0000.0000

0000000000ne |000000Coef.000Std. DErr.00000020000P>|2z|00000[95%0Conf.0Interval]

000000000Tnp |000.3260683000.0218214000014.940000.00000000.36883750000.2832991
000000000Tny |000.4646236000.0645149000007.200000.00000000.33817680000.5910704
000000 Tnpmin |000.0174759000.0274963000000.640000.52500000.03641590000.0713677
0opooooooyear |000.0397666000.0052431000007.580000.00000000.05004290000.0294902
0opooood_cons |0005.157994000.2753002000018.740000.000000004.61841600005.697573
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3. Pooled OLS and FGLS RS- ISReT Iy ENL:|

xtpcse Command

@ xtpcse (pcse means “panel corrected standard errors”)
e Estimator can control for error correlation over t but not |

» does OLS
» or does FGLS with AR(1) error with parameter p or p;

@ But variance matrix does control for error correlation over i
@ Example: command xtpcse y x, corr(psarl)

@ The estimator is not fully efficient as it does not control for across
individual error correlation

» but its finite sample (finite N, T) performance is better than xtfgls
method
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3. Pooled OLS and F xtpcse Example

@ FGLS assuming error AR(1) error (common p) & independent over i

» but standard errors then control for error contemporaneous correlated
over |

.OxtpcsedTncOTnpOInyDInpmindyear,dcorr(psarl)
(note:lestimatesfofirholoutsided[01,1]0boundeditolbeninitheliranged[01,1])

Praisiwinstenlregression,Ocorrelatedipanelsicorrectedistandardierrorsi(PCSEs)

Grouplvariable: state NumberDofiobso00000= 000000300
TimeOvariable: year NumberoofOgroupsino= 000000010
Panels: correlatedi(balanced) ObsOperogroup:Omind= 000000030
Autocorrelation: panelOspecificlAR(L) avgO= 000000030
000000000000000000000000000000000000000000000000000000000000000max0= 000000030
EstimatedOcovariances000000= 000000055 ROsquaredd000000000= 0000.9807
EstimatedUautocorrelationsO= 000000010 waldichi2(4)0000000= 000065.29
Estimatedicoefficients00000= 000000005 Prob0>0chi200000000= 0000.0000

nooogoooogopanelicorrected
0000000000ne |000000Coef.000Std. DErr.000000z0000P>|z|00000[95%0Conf.0Interval]

0o0ooooooTnp [000.2674266000.0485877000005.500000.00000000.36265670000.1721964
0ooooooooTny [000.4820779000.1324463000003.640000.00000000.22248790000.7416679
000000 Tnpmin |000.0796523000.0638603000001.250000.21200000.04551160000.2048162
0oooono0year |000.04496540000.010324000004.360000.00000000.06520020000.0247307
0o00o000_cons |0004.879688000.5575454000008.750000.000000003.78691900005.972456

0ooooooorhosO= 0.9474947 0.8697296 000000001 0.9991112 0.95714840... 00.991599
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3. Pooled OLS and FGLS Cluster Robust se's for OLS

Cluster Robust se's for OLS

@ Recall for OLS with independence over i and N — oo and T fixed
sl = [Z, Xf/xi]il [Z,’E[Xi/ui“;'x”} [Z,Xilxi]il
-1
VBows) = [L,x/xi] X, X/, [y, x/xi]

o What if T — 00?
@ Hansen (2007) considers several cases of N, T with independence

over |
» 1. N — oo, T fixed. Original short panel case. \A/[[ASOLS] okay.
> 2. N — o0, T — c0. V[Bg, ] okay for either mixing or no mixing in

time.
» 3. N fixed, T — oo problem. Need to ensure that mixing, so

correlations over time go to zero. Use HAC.

@ Bottom line
» can use the usual panel-robust if T — oo in addition to N — oo.
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opzifel| eyl iy [ 9755 5
Spatial and Cluster Robust se's

@ For T — oo the HAC extends to spatially correlated (correlated over
i)
> Driscoll and Kraay (1998) and add-on command xtscc

@ Begin with pure time series background:

> ye =X B+ ur
> Cor[ug, us_g] # 0 for k < m and Cor[ut, us_x] =0 for k > m
» Example is an MA(m) error.
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3. Pooled OLS and FGLS Spatial and Cluster Robust se's

@ Then given errors correlated only up to m periods apart

VIBos] = v [thf“t} (X))~
g [Zt Zs xtutx'sus} (X/X)f1

X'X)~
X)~
x) [Zt ZS;‘t*S|<mE[Xtutxlsus]] (X'X) 1
X)~
X)~

X/

X
X/X) 1 [Z:’:_m ZtE[xtutxlt—kUt—k]} (X'X)~1
X

00+ Y (Qu+ 0] (XX) 7 Oy = YL E

/

(
(
=
(
(

o Newey-West HAC (heteroskedasticity- and autocorrelation-consistent)
variance matrix estimate

VBosl = (XX)71 Q0+ 17 Qe+ 0| (X'X) 7!

~ k T N ,
Qk = (1 — m) Zt:k+1 Ututkatxt_k.
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opzifel| eyl iy [ 9755 5
Spatial and Cluster Robust se's

@ For panel data the HAC extends to spatially correlated (correlated
over i)

» Driscoll and Kraay (1998) and add-on command xtscc

ViBos) = (XX)7IV [, X/u| (%)
= (XX) 7V [ it | (%)
= (X'X)7'E [th Y Y xietie; ujs} (X'Xx)"!
= ) [, g Ky X Bt (/%)
= X)L T Y Y Eliewie e k]| (XX

@ where assume errors correlated only m periods apart (MA(m)) and
T — o0.
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3. Pooled OLS and FGLS Spatial and Cluster Robust se’s

e So
ViBos] = (X'X)7'E [Qo +2:7:1(Qk+0§()} (X'X)
O = Zt Zi ZjE[”ituj,t—kxitle',tfk]

@ Then panel HAC variance estimate

VBois] = (XX)7'E [Qo+ Y (O + Q)| (%)
~ J PR

Qk = (1 — m—H)ZtZIZJ uituj,t—kxl'txj/',t—k-

@ Requires T — oo
» either N fixed or N — oo is okay.

@ Extends to FE estimator and to nonlinear m-estimators e.g. logit.
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3. Pooled OLS and FGLS Comparisons

Comparisons

.0*0ComparisondofivariousipooledioLSOandOGLSOestimators
.OquietlyOxtpcsedlncOlnpOlnyOTnpminOyear,Ocorr(ind)0independentinmk

.DestimatesOstorenoLs_iid
.OquietlyOxtpcsedlncOlnpOlnyOTnpminOyear,dcorr(ind)
.OestimatesOstoredOLS_cor
.OquietlydxtsccOIncOlnpOlnydlnpminOyear,0lag(4)
.OestimatesOstoredOLS_DK
.OquietlyOxtpcsedlncOlnpOlnydTnpminOyear,Ocorr(arl)
.OestimatesOstorelARL_cor
.0quietlydxtglsOTncOlnpOlnyOlnpminOyear,Ocorr(arl)Opanels(iid)
.DestimatesOstorelFGLSARL

.OquietlydxtglsOIncOInpdlnyOlnpminOyear,Ocorr(arl)Opanels(correlated)

.OestimatesOstoredFGLSCAR
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3. Pooled OLS and FGLS Comparisons

OLS_iid: OLS with default se’s (assuming uj; is iid)
OLS_iid: OLS with spatial but no HAC (=~ xtscc, lags(0))
OLS_DK: OLS with spatial and HAC - has the largest se's
AR1_corr: FGLS AR(1) error no spatial but spatial corrected se's
FGLSAR1: FGLS AR(1) error no spatial and FGLS default se’s

FGLSCAR: FGLS AR(1) error and spatial and FGLS default se's

» efficiency gain assuming correct model for errors.

.OestimatesOtabledOLS_iidIOLS_coriOLS_DKOAR1_coriFGLSARIIFGLSCAR,0b(%7.3f)0se

gooovariable

0OLS_iid000oLS_corinioLS_DKOOOOARL_cordd0FGLSARLOOOFGLSCAR

0000000001np
000000000Tny
0oooooInpmin
00000000year

0o00oo0_cons

oooo.
oooo.
0ooo.
0ooo.
oooo.
oooo.
oooo.
oooo.
00o6.

oooo

583
129
365
049
027
128
033
004
930
.353

oooo.
oooo.
0ooo.
0ooo.
oooo.
oooo.
oooo.
oooo.
00o6.
0ooo.

583
169
365
080
027
166
033
006
930
330

oooo.
oooo.
0ooo.
0ooo.
oooo.
oooo.
oooo.
oooo.
00o6.
0ooo.

583
273
365
163
027
252
033
012
930
515

oooo.
oooo.
0ooo.
0ooo.
oooo.
oooo.
oooo.
oooo.
ooos.
0ooo.

266
049
398
125
069
064
038
010
115
544

oooo.
oooo.
0ooo.
0ooo.
oooo.
oooo.
oooo.
oooo.
ooos.
0ooo.

264
049
397
094
070
059
038
007
100
414

oooo.
oooo.
0ooo.
0ooo.
oooo.
oooo.
oooo.
oooo.
ooos.
0ooo.

330
026
407
080
036
034
037
006
393
361

00000000000000000000000000000000000000000000000000000000000080Tegend:
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4. Individual and Interactive Fixed Effects Individual Effects

4. Individual Fixed Effects

@ Individual Fixed Effects straightforward here

» no incidental parameters problem as T — 0.

o But rather than start with OLS, more efficient to start with AR(1)
error model
» first transform to control for serial correlation:
* (yie — pYie—1) = (L—p)aj + (xit — pxje—1)'B
> then mean-difference to eliminate (1 —p)a;
» or assume random effect

o Command xtregar with options fe and re.
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4. Individual and Interactive Fixed Effects Interactive Effects

Interactive Effects

e Bai (2009) considers the model
Yie = Xiep + AiFe + €ir

1 1
Ot O
A; and Fi are possibly correlated with x;;

€;; may be serially and cross-sectionally dependent

N —ocoand T — cowith T/N—=0or N/T —00r T/N—p>0

o Stack Y, =X;B+FA;+¢e and ¥ =XB+FA+¢

» normalization (necessary) F'F =1 and A’A diagonal
> B, F, A minimize Y;(Y; — X;B — FA;) (Y; — X;B — FA;)

v

eg Fr= [ and A; = so AiFy = aj + 0t

v

v

v
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5. Heterogeneous Panels Introduction

5. Heterogeneous Panels: Introduction

@ With T — oo can allow coefficients to vary over cross-sections
_ /
Vit = & + Xi¢ B; + Uit

@ Also concerned about common shocks (f;) over time

» can't just put in time dummies (since T — o)
» time trends not enough.

@ Here introduce estimators for static models

» they were actually proposed for dynamic models
> will return to them later consider dynamic models.

@ Estimators considered

» mean grouped estimator - Pesaran and Smith (1995)

» common correlated effects estimator (for common shocks) - Pesaran
(2006)

» augmented mean group estimator (for common shocks) - Eberhardt
and Teal (2009).

» all can be estimated with Stata addon xtmg
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N 5 ST IIER SR Bl Separate Regressions

e With N fixed (and “small”) and T — oo can run N separate

regressions
/
Yit = & + Xit' B; + Ujt.

» assume no fixed effects problem due to either lack of correlation or
T — oo.
» and can test for poolability: B; = B for all i.

@ Can estimate using the statsby prefix command.

.0*0RunOseparatelregressionsiforieachistate
.Ostatsby0_b,Oby(state)0clear:0regressiincOlnpOTnydTnpmindyear
(runningOregressionfestimationOsample)

oooooocommand:00regressOIncOlnpOlny0TnpminOyear
00000000000by:O0state

StatsbyOgroups
—o01

—02 —103 ——04 }—105
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AN CHSEEN RN EEN B Separate Regressions

@ Some variation but mostly sales rise as price falls and income rises.

.0*0Reportiregressionicoefficientsiforieachistate

.O0format0_b*0%9.2f

.0Tist,0clean

ool.
0o2.
0o3.
0o4.
0os.
006.
oo7.
0os.
009.
010.

statedno_b_Tnpd0o_b_Tnyo00_b_Tnp~n000_b_yearooo_b_cons

0o0oo0looo0o00.
00o02000000.
0ooo3000000.
0o0oo04000000.
0ooo5000000.
0oooeonnnno.
00Do7000000.
0ooo8o00000.
000o9onnon0.
0opl0oooool.

36000001.1000000000.240000000.
12000000.6000000000.450000000.
20000000.7600000000.120000000.
52000000.1400000000.210000000.
55000000.7100000000.300000000.
11000000.2100000000.140000000.
43000000.0700000000.180000000.
26000000.8900000000.080000000.
03000000.5500000000.360000000.
41000001.1200000001.140000000.

@© A. Colin Cameron Univ. of Calif. Davis

3: Long Panels - Basics

080000002,
050000005,
050000002,
000000009,
070000004,
020000006.
030000009.
070000003,
040000004,
080000002,

November 2013

10
14
72
56
76
20
14
67
69
70

27 / 44



G ST EOTENEETIS . Mean Group Estimator

Mean-Group Estimator

o Let Yit = & =+ Xt ﬁ + Upp = Wltd + Ujt

@ The mean group estimator is 5= N y N6

> viewed as an estimator of § = E[J;].
> Pesaran and Smith (1995)
» say use V[§] = N(N 0 v 1(5 —8)(3; — 5.

@ Default for user-written addon xtmg does this.
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G ST EOTENEETIS . Mean Group Estimator

.0*0MeanOgrouplestimator
.0xtmg0TncOTnpO0TnyOTnpmindyear

Pesaran0&0Smithi(1995) OMeannGrouplestimator

All0coefficientsirepresentlaveragesiacrossigroupsi(grouplivariable: state)
Coefficientiaveragesicomputedias unweightedimeans
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G ST EOTENEETIS . Mean Group Estimator

MeanOGroupOtypelestimationi000000000000000000000NumbertofiobsOn0nnn=
GroupOvariable: state Numberpdofigroupsiii=

0000000000000000000000000000000000000000000000000bsOperdgroup:dmini=
0000pooooo000000000000D000000000000000000000000000O0O000000000000avgO=
00000C0000000000OO000000DO00O0000000O00000000000000000000000000000maxd=

000000000000000000000000000000000000000000000000WaTldochi2(4)0000000=

00oooo300
0pooooolo

0oooooo30
0o0ooo30.0
0oooooo30

000272.08

000000000000000000000000000000000000000000000000Prob0>0chi200000000=00000.0000

0000000000nc | 000000Coef.000Std.DErr.000000z0000P>|z|00000[95%0Conf.0Intervall

0000000000np | 000.3752339000.1336287000002.810000.00500000.63714140000.1133264
0ooooooooTny | 000.5741365000.1409129000004.070000.00000000.29795240000.8503206
000000Tnpmin | 000.0902451000.1419863000000.640000.525000000.1880430000.3685332
0oo0oooO0year | 000.0509173000.0083476000006.100000.00000000.06727840000.0345562
0000000_cons | 0005.069284000.8177948000006.200000.000000003.46643600006.672133

RootOMeanOSquaredlErrord(sigma): 0.0436
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5. Heterogeneous Panels Mean Group Estimator

o Can get estimates for each state (option full)

» same as earlier statsby

000000000000000000000000Groupdspecificicoefficients

00000000000000000000Coef.000Std.0Err.000000z0000P>|z]|[95%0Conf.0Interval]

00000Groupdl

0000000000np | 000.3572344000.2149646000001.660000.09700000.77855720000.0640884
Tny |0001.102418000.3575748000003.080000.00200000.401584700001.803252

Tnpmin |000.24030180000.192765000001.250000.21300000.13751070000.6181142

year |000.0806138000.0286329000002.820000.00500000.13673330000.0244942

_cons |0002.0981090001.463726000001.430000.15200000.770740600004.966959

00000Groupn?2

000000000Tnp | 000.1158018000.1958822000000.590000.55400000.26812040000.4997239
Iny |00000.60493000.2204498000002.740000.00600000.172856300001.037004

Tnpmin |000.4469771000.1725522000002.590000.01000000.785173200000.108781

year |0000.054202000.0175606000003.090000.00200000.08862010000.0197838

_cons |00005.139890001.069976000004.800000.000000003.04277500007.237005

@© A. Colin Cameron Univ. of Calif. Davis 3: Long Panels - Basics November 2013 31/ 44



LN CESEENTENEEN B Random Coefficients Estimator

Random Coefficients Estimator

@ A weighted average of the estimators that predated mean-group
estimator.

stack so y; = W;d; + u;

let §; = & + v; where E[v;|W;] =0

then y; = W;d + (W;v; + u;)

can do OLS of y; on W;

Swamy (1970) proposed FGLS using a consistent estimate of the
variances and covariances (over i) of the error (W;v; 4 u;).

» do this assume homoskedastic errors in each state but allowing
correlation across states, so Cov|uj, ujt| = 0jj.

vV v vV VY

o Compared to MG, RC in theory will do better when there are outlying
values of §; as it shrinks them towards zero.
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SN CET T EOTENEETIIEE Random Coefficients Estimator

.0*0Randonicoefficientsiestimator
.Oxtrc0TncOTnp0Tny0Tnpmindyear

Randomicoefficientsiregressioni00000000000000000Numberfofiobs000000= 000000300
GroupOvariable: state NumberdofOgroupsiii= 000000010

0000000000000000000000000000000000000000000000000bsOperdgroup:Omini= 000000030
000000000000000000000000000000000000000000000000000000000000000avgi= 0000030.0
000000000000000000000000000000000000000000000000000000000000000max0= 000000030

000000000000000000000000000000000000000000000000waldochi2(4)0000000= 000170.13
000000000000000000000000000000000000000000000000Prob0>0chi200000000=00000.0000

0ooooooooIne

000000Coef.000Std. OErr.000000z0000P>|z|00000[95%0Conf.0Interval]

000000000Tnp
0oooooooolny
0oooooInpmin
00000000year
0000000_cons

000.3727744000.1427454000002.610000.00900000.65255030000.0929985
000.5351386000.1593635000003.360000.00100000.22279190000.8474852
000.06965870000.151666000000.460000.64600000.22760130000.3669187
0000.047699000.0101616000004.690000.00000000.06761530000.0277827
0005.233397000.8821246000005.930000.000000003.504465000006.96233

TestOofOparametericonstancy:0000chi2(45)0= 03680.53 Prob0>0chi20= 0.0000
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AN CRSEEENTENEEN S Common Shocks

Common Shocks

@ The MG and RC estimator assume independence over individuals
(here states)

» putting in a time trend will help sop up some correlation but may not
be enough.

@ Correlation over i may be due to spatial considerations

» neighboring states are similar

» need to deal with by specifying a spatial model for errors

> for yjz = W/, 0; + uj stack uj into ut and us = Se;, S is specified and
&t is cross-sectionally independent

» not covered here.

@ Or it may be due to common shocks

» a common way to deal with this is a factor model.
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AN CSEEENTENEEN S Common Factor Model

Common Factor Model

o Before y;x = w/,J; + ujr
o Now suppose yjr = W} d; + fiy; + €t

> where g; ~ [0,0,2] are independent over i and f; are “factors”
» simplest case one factor y;; = w:-t§,- + fry; + €y

@ The factors f; are unobservable

v

they are data determined to fit well the correlations over i of f,y; + €
* formally principal components are often used in economics

f: possibly correlated with wi; R

so ignoring them could lead to inconsistent J;

they are common to each individual

but are given different weights for different individuals via v;.

vV vy vy

@© A. Colin Cameron Univ. of Calif. Davis 3: Long Panels - Basics November 2013 35/ 44



5. Heterogeneous Panels Aside: Principal Components

Aside: Principal Components

Principal components reduces dimensionality.
Consider the N x k matrix X and form X’'X

> let A; be the ordered eigenvalues Ay > Ay > --- > Ay
> let v; be the corresponding eigenvector

The first principal component of X is inl

» it explains Aq/ Z -1 )L2 of the total variation of

(Z ].ZI 1 JI)_tr(X/ )

» the second principal component is %sz

@ Results simplify if we first demean and use the correlation or
covariance matrix

And can interpret principal components as factor analysis with
homoskedastic residuals: X;; = f,{'yj +gjj.
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I G EEENETENEEN B Common Correlated Effects Estimator

Common Correlated Effects Estimator

@ Pesaran (2006) shows that for large N, T can simply

» add the time-averages of y;; and x;; as regressors in each of the NV

regressions
@ Sodo OLS in y;; = wftd,- + TToiVt —|—W/t7'(,' + ujt
» note that the coefficients of the time-averages vary with i

o Called the common correlated effects estimator.

@ This is option cce of xtmg

.Oxtmg0TncOTnpOlnyOTnpminOyear, 0cce

Pesarani(2006) 0CommoniCorrelatediEffectsOMeaniGroupliestimator

All0coefficientsirepresentlaveragesiacrossigroupsi(groupivariable: state)
CoefficientiDaveragesicomputedias unweightedimeans
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@ All coefficients below are averages over |

Mean[GroupOtypelestimationi000000000000000000000NumbertofiobsOnnnnn=

5. Heterogeneous Panels

GroupOvariable: state

0000000000000000000000000000000000000000000000000bsOperdgroup:dmini=
0000000000000000000000000DO000000000000000000000000000000000000avgO=
gooooooooooooboooooooooooooooo000DooOOO00000ODO000000000000000000Omaxd=

000000000000000000000000000000000000000000000000waTldochi2(4)0000000=

Common Correlated Effects Estimator

NumberdofOgroupsioo=

0ooooo300
0oooooolo

0oooooo30
0oooo30.0
0oooooo30

000030.76

000000000000000000000000000000000000000000000000Prob0>0chi200000000=00000.0000

0oooooooolnc

0oooooCoef.000Std.OErr.000000z0000P>|z|00000[95%0Conf.0Intervall]

0ooooooooInp
000000000Tny
ooooooInpmin
00000000year
gooooTnc_avg
0oooo0Tnp_avg
0ooooTny_avg
00Tnpmin_avg
0000year_avg
00opooo_cons

000.4669704000000.1063000004.
000.7238857000.
000.1101311000.
000.0047461000.
0001.077181000.
000.2925321000.
000.6450694000.
000.1229866000.

go0Comitted)

000.9610782000.

2364108000003,
0909168000001.
0087429000000,
1482423000007,
2757283000001.
2439767000002.
1975405000000.

7264015000001,

390000.
060000.
210000.
540000.
270000.
060000.
640000.
620000.

320000.

00000000
00200000
22600000
58700000

.67531450000.2586263
.260529100001.187242
.06806250000.2883248
.02188190000.0123897
00000000.786631400001.367731
28900000.24788540000.8329496
008000001.1232550000.1668839
53400000.26418560000.5101588

186000002.3847990000.4626426

RootOMeanOSquaredlErrori(sigma): 0.0264
CrossiOsectioniaveragediregressorsiareimarkeddbyOothedsuffix avg.
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LN CEEEN RN EEN B Augmented Mean Group Estimator

Augmented Mean Group Estimator

e Bond and Eberhardt (2009) and Eberhardt and Teal (2010) propose
an augmented mean group estimator

» estimate the common factors and include them as explicit regressors
» whereas CCE just controlled for their presence
» option augment of xtmg

.0xtmg0TncOTnpOTnydTnpminOyear, Daugment

AugmentediMeaniGrouplestimatori(Bondi&IEberhardt,12009;0Eberhardti&iTeal, 12010)

CommonOdynamicOprocess includediasOadditionallregressor
Allocoefficientsirepresentlaveragesiacrossigroupsi(grouplvariable: state)
Coefficientlaveragesicomputedias unweightedimeans
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LN CEEEN RN EEN B Augmented Mean Group Estimator

MeanOGroupOtypelestimationi000000000000000000000NumbertofiobsOn0000= 000000300
GroupOvariable: state Numberfdofigroupsiio= 000000010

0000000000000000000000000000000000000000000000000bsOperagroup:imind= 000000030
000000000000000000000000000000000000000000000000000000000000000avgd= 0000030.0
000000000000000000000000000000000000000000000000000000000000000max0= 000000030

000000000000000000000000000000000000000000000000waTldichi2(4)0000000= 000300.99
000000000000000000000000000000000000000000000000Prob0>0chi200000000=00000.0000

000000000Tne | 000000Coef.000Std. 0Err.000000z0000P>|z|00000[95%0Conf.0Intervall

0000000000np | 000.5328879000.0828091000006.440000.00000000.69519060000.3705851
0poooooooTny | 000.7429772000.0768996000009.660000.00000000.59225680000.8936976
000000Mnpmin | 000.0709764000.0926518000000.770000.44400000.11061780000.2525706
0000o0000year |000.0593132000.0070495000008.410000.00000000.07313010000.0454964
0000000c_d_p |0001.138518000.1819006000006.260000.00000000.781999400001.495037
0000000_cons | 00004.99731000.4492237000011.120000.000000004.11684800005.877772

RootOMeanOSquarediErrori(sigma): 0.0293
variable c_d_pOrefersotonothedcommonidynamiclOprocess.
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AN ST EOTENEETIS I Comparison of Estimators

Comparison of Estimators

.0*0Comparelestimators
.OquietlyOxtsccOIncOTnpOTny0Inpminiyear,0lag(4)

.DestimatesOstorelOLS_DK
.OquietTyOxtmgOTncOInpOlnyOTnpminOyear
.ODestimatesOstorelMG
.0quietlydoxtrcOTncOInpOTny0InpminOyear
.OestimatesOstorelRC
.OquietlyOxtmgOIncOInpOlnyDInpminOyear,dcce

.DestimatesOstorelCCE

.OestimatesOtablelOLS_DKOMGORCICCE,0b(%7.3f)0se(%7.2f)
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AN ST EOTENEETIS I Comparison of Estimators

@ Biggest variation in coefficient of 1ny
» note that Driscoll-Kraay standard errors are larger

poopvariable |0OLS_DKOOOO0OMGOOOO000ORCODOO0DOOCCE

0000000000np | 0000.583 0000.375 0000.373  0000.467
00000.27  00000.13  00000.14  00000.11
0ooooooooIny |0000.365 0000.574 0000.535 0000.724
00000.16 00000.14 00000.16 00000.24
000000Inpmin | 0000.027 0000.090 0000.070 0000.110
0opo0.25 0o000.14  0o000.15 00000.09
0oooooodyear |0000.033  0000.051 0000.048 0000.005
0opooo0.01 goop0.01 0oop0.01  0opoo.01

0ooooTnc_avg 0o0l.077
0ooo0.15
00000Tnp_avg 0000.293
00o00.28
0ooooTny_avg 0000.645
00000.24
00Tnpmin_avg 0000.123
0o000.20
0000year_avg 0o000.000
0ooo0.00

0oo0odo_cons |0006.930 0005.069 0005.233  0000.961
0opo0.51 gopo0.82 00000.88 00000.73

0000000000000000000000000000000000000000007Tegend:0b/se
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6. Summary

@ Basics for T — oo and stationary

xtgls Pooled OLS and FGLS

xtpcse Pooled OLS and FGLS

xtscc  Spatial and cluster robust (Stata addon)
xtregar FE and RE with AR(1) error

@ With heterogeneous (and stationary) panels

xtmg Mean-group and CCE (Stata addon)
xtrc  Random Coefficients
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