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1. Introduction

1. Introduction

Go beyond basic fixed effects and random effects.
Panel GMM estimation

» IV estimator
» Hausman Taylor estimator
» Arellano-Bond estimator for dynamic models.

@ Panel Random Slopes models
» Mixed Linear Models

@ Panel estimation commands can be used for clustered data
» e.g. Village level data
@ Presentation follows Cameron and Trivedi (2010) chapter 9.
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PANCELCNE IV Panel GMM Estimator

2. Panel GMM Estimator

@ Short panel: Independent over i, T fixed, N — oo.
@ Linear panel model
Yit = x:’tﬁ + Ujt.

@ Stack all T observations for the it" individual,

yi = X;B +u;,

where y; and u; are T x 1 vectors and X; is T x K with t* row Xy,

!/
yil X1 up
yi = ol Xi= A R T T :
/!
YiT Xir uit

@ The model y; = X;B + u; is a linear system of equations, so systems
IV estimation.
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2. Panel GMM Theory Panel GMM Estimator

Panel GMM Estimator (continued)

@ Assume existence of a T X r matrix of instruments Z; that satisfy
E[Zf-u,-] =0.

» r > K is the number of instruments.

@ GMM estimator minimizes the associated quadratic form
N o, N o,
Qn(B) = [Z,-:l Ziui} Wy [Z,-:1 Ziui} :

» where Wy, denotes an r X r weighting matrix.

o Given u; =y; — X;B, some algebra yields the panel GMM estimator
~ N N -1
ﬁPGMM = [(Zizl X;Zf> WN (Zi:l Z;—X,'):|

N N
X ( 1 X§Zi> Wy (Z,-:1 Z:‘Yi) :

» The essential condition for consistency of this estimator is E[Z:-u,-] =0.
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2. Panel GMM Theory Instruments

Instruments

@ Usually need instrument z to be some variable other than x.

@ Here, however, if only current period x;; belong in the model for y;;
then x/,s from other periods may become available as instruments.

o Contemporaneous exogeneity assumption: it is only current z and ¢
that are uncorrelated

E [Zituit] =0 t=1,...T,

» current z;; only are available as instruments

o Weak exogeneity assumption(predetermined instruments) assumption:
lagged values of z are uncorrelated with the current period error

E[ZisUit]:O, s<t, t=1,..T.

> Z1,...,Zj can be instruments for u;, though future values of z;¢
cannot be so used.
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2. Panel GMM Theory Instruments

Instruments (continued)

@ Strict exogeneity assumption future values of instruments are also
uncorrelated with the current period error

Elzisuir] =0, s,t=1,..,T.

» Current, past and future values of z;5 are valid instruments for uj;

@ Strict exogeneity is assumption made to date
> E[uje|xj1, ..., x;7] = 0 implies E[uj|x;s] =0, 1 < s < T, and hence
E[xisuit] =0.
> appropriate for static models
» for dynamic models at most weak exogeneity of instruments can be
assumed.

@ So many instruments may be available (over-identified)

» though time-invariant regressors can only be used as an instrument
once.
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PANCELCINE IV GMM Estimator Distribution

GMM Estimator Distribution

@ Rewrite R
Brewum = [X'ZWHZ'X]1X'ZW 2y,
> where X' = [X] - X’N] zZ =(Z)--- Z’N] y =1y} y’N]

@ Then BPGMM is asymptotically normal with

ViBreuml = [X'ZWNZ'X]71X'ZW y (NS)W),Z'X[X'ZW yZ'X]

@ Given independence over i , S is consistent estimate of the r x r
matrix

S =plim — Z Zluuiz
@ A White-type panel robust estlmate of Sis

’\_l /AA/
s_NZ Z'u;u.z;,

» where the T X 1 estimated residual u; = y; — X,-B
» controls for arbitrary heteroskedasticity and correlation
» can panel jackknife or panel bootstrap to get this.
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O izp endl Ty
One-step and Two-step GMM

@ One-step GMM or two-stage least squares estimator
» Wy =[x,ZZ)) 7 = [2'Z]”
> Bosis = (X'2(Z2'2)12'X|"1X'Z(2'2)"1Zy.
> Optimal PGMM estimator based on E[Z}u;] = 0 if u;|Z; is iid
[0,0’2|T].

@ Two-step GMM estimator

» Wy = S~ where S is consistent for S

> Boscum = (X'Z871Z'X]"1X'251Z'y

» Optimal PGMM estimator based on E[Z;u,-] = 0 given independence
over |

» S Comes from residuals after one-step 2SLS estimation.
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QeI ResiEams e
Overidentifying Restrictions Test

e r instruments > K parameters
= (r — K) overidentifying (or extra) restrictions
> test whether Y1V | Z/@; is close to 0.

o After two-step GMM (not one-step) test of overidentifying restrictions
(Sargan or Hansen test) is

T = [Z?’Zlaj.z,-} (NS)~ [Zfil Z;'ﬁ"}

> where Ui = y; — ZBrscmm
Ty ~ x?(r — K) under Hyp : over-identifying restrictions are valid.

If Ty is large overidentifying moment conditions are rejected
» conclude some of the instruments in Z; are correlated with the error.
o If Ty is small overidentifying moment conditions are not rejected

» conclude that, conditional on K linear combinations of the instruments
being valid, cannot reject that the remaining (r — K) are not also valid.
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3. Panel IV Estimation

o Consider model with possibly transformed variables:
Yie = +xi B+ uf,
e Transformations are
OLS y;; = Vit
Between Vi =i
Fixed effects vi = (Yie = ¥i)
Random effects y: = (yir — 0i¥i)
e OLS is inconsistent if E[u;|x}] # 0.

o IV estimation with instruments z}, (also transformed) that satisfy
E[ui|z;] = 0.
e Stata command xtivreg does this

» natural extension of ivregress to panels
» though only does 2SLS and not GMM.
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WY (el Eiiceis Eempit
IV Fixed Effects Example

Regress Inwage on experience, experience?, and weeks worked.

Marital status instrument for weeks worked.

Output on next slide:

» Standard errors are more than 10 times larger than for regular FE
» not unusual for IV
» coefficients change sign though statistically insignificant.

Standard errors assume iid errors

» no vce(robust) option
» instead use vce(bootstrap) or vce(jackknife).
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3. Linear Panel IV Estimation IV Fixed Effects Example

.0*0PaneldIVOexample: DOFEOwithOwksOinstrumentedibyOexternaldinstrumentims
.OuseOmusO8psidextract.dta,dclear
(PSIDOwageldatanl9760820fromiBaltaginandikhantinoAkomi(1990))

.Oxtivregilwagedexpiexp20(wksOo=0ms), 0fe

FixedOeffectsO(within)0IViregressioni00000000Numberdofiobsn00000= 000004165
Grouplvariable: id000000000000000000000000000Numbernofigroupsnii= 0ooooons595
ROsq:00within00= 0O00O0O. ObsOperdgroup:Omind= 0ooooooon?
goooooObetweend= 0.0172 avgl= 0ooooon7.o
goooo0Doverallo= 0.0284 maxi= goooooon?
000000000000000000000000000000000000000000000waldochi2(3)0000000= 700142.43
corr(u_i,0xb)00= 00.8499000000000000000000000Prob0>0chi200000000= 0.0000

0ooooobDlwage |[0D00000Coef.000Std.OErr.000000z0000P>|z|00000[95%0Conf.0Intervall

ooooooooowks [000.1149742000.2316926000000.500000.62000000.56908320000.3391349
0000000D00exp |(000.1408101000.0547014000002.570000.01000000.03359740000.2480228
00000000exp2 |(000.0011207000.0014052000000.800000.42500000.00387480000.0016334
goooodb_cons [00009.8393200010.48955000000.940000.3480000010.71983000030.39847

goooosigma_u 01.0980369
goooosigma_e 0.51515503
000000000rho 0.81959748000(fractiondofOvarianceldueltolu_i)

FoOtestOthatoallou_i=0:00000F(594,3567)0= 00004.62 ProbO>0F0000= 0.0000

Instrumented:000wks
Instruments:0000expdexp20ms
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4. Hausman-Taylor IV Estimator Motivation

4. Hausman-Taylor IV Estimator

@ We want to estimate the coefficient of a time-invariant regressor.

@ Problem: the fixed effect estimator is not identified for the-invariant
regressor

@ Solution: assume that some time-varying regressors are not correlated
with either a; or €;;

» then their values in periods other than the current period can be used
as instruments
» called the Hausman-Taylor estimator

@ Stata command xthtaylor implements this

» for panel-robust se's use vce (bootstrap) or vce(jackknife).
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4. Hausman-Taylor IV Estimator Details

Hausman-Taylor IV Estimator (continued)

e Hausman and Taylor (1981) model
Yie = X3Py + XoieBp + W1V + Wy + i+ e,

» w is introduced to denote time-invariant regressors
@ Assume

» x1;+ and wy; are uncorrelated with a;
> Xo;+ and wy; are correlated with a;
» all regressors are assumed to be uncorrelated with gj;.

@ Then xy;s for s # t available as instruments.

» can test validity of overidentifying restrictions using OIR test.
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4. Hausman-Taylor IV Estimator Details

Hausman-Taylor IV Estimator (continued)

@ Actually assume a RE error model and do more efficient IV
» first transform model as in FGLS
Vie = X1;tBy + XieBp + W1 + Wova + Vie
» where ilit = filit — Xil,' and A =1— 0'5/\/0'% + T(Tg.
@ Then the instruments are (x1;+ — X1;), (X2it — X2;), wi; and Xy;.
@ Amemiya and MaCurdy (1986) propose additional instruments
» option amacurdy
@ Breusch et al (1989) propose even more.
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4. Hausman-Taylor IV Estimator Hausman-Taylor Example

Hausman-Taylor Example

@ Full model: we used subset of regressors so far

» want to instruments for time-invariant endogenous regressor ed
» assume time-varying regressors occ, south, smsa and ind (industry)
are exogenous

.0*0HausmanOTaylorOexamplelofOBaltagilandiKhantiOoAkomd(1990)
.OuseOmusO8psidextract.dta,Oclear
(PsiDOwageldatanl9760820fromiBaltagilandikhantinoAkomi(1990))

.OxthtaylorolwageloccOsouthOsmsanindiexpiexp2iwksimsounionofemoblkoed,00///
>000endog(expliexp20wksimsdunionded)

HausmanOTaylorOestimation00000000000000000000000Numberdofiobsi00000= 000004165
GrouplOvariable: id000000000000000000000000000000Numberdofigroupsii0= 000000595

0000000000000000000000000000000000000000000000000bsOper0group:0Omini= 000000007
000000000000000000000000000000000000000000000000000000000000000avgl= 000000007
000000000000000000000000000000000000000000000000000000000000000max0= 000000007

RandomieffectsOu_i0~ i.7.d.000000000000000000000wWaldochi2(12)000000= 006891.87
Prob0>0chi200000000=00000.0000
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4. Hausman-Taylor IV Estimator Hausman-Taylor Example

o Coefficient of ed now 0.138 (was 0.112 with xtreg, re)
» se of ed increases to 0.084 from 0.0212.

goooooolwage

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

Tvexogenous
oooooooooocc
south
smsa
ind
Tvendogenous
00000o0Doexp
exp2
wks
ms
union
TIexogenous
poooooooofem
b1k
TIendogenous
0ooooooooOded

goooobd_cons

000.0207047000.0137809000001.500000.
000.00743980000.031955000000.230000.

000.0418334000.0189581000002.210000

000.0136039000.0152374000000.890000.

000.11313280000.002471000045.790000
000.0004189000.0000546000007.670000

000.0008374000.0005997000001.400000.
000.029850800000.01898000001.570000.

000.0327714000.0149084000002.200000

000.13092360000.126659000001.030000.

000.2857479000.1557019000001.840000

0000.137944000.0212485000006.490000

0002.912726000.2836522000010.270000

13300000,
81600000,
.02700000.
37200000,

.00000000.
.00000000.
16300000,
11600000,
.02800000.

30100000,
.06600000.

.0ooooooo.

04771490000.0063055
05519080000.0700705
07899060000.0046761
01626080000.0434686

10828980000.1179758
00052590000.0003119
00033810000.0020129
06705080000.0073493
00355140000.0619914

37917070000.1173234
59091790000.0194221

09629770000.1795902

.000000002.35677800003.468674

goooosigma_u
pgoooosigma_e
poooooooorho

0.94180304
0.15180273

0.97467788000(fractiondofivariancedduedtolu_i)

Note: TvOrefersOtoOtimeOvarying; TIOrefersOtoOtimeOinvariant.
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5. Linear Dynamic Panel Models

5. Linear Dynamic Panel Models

@ Simple dynamic model regresses y;; in polynomial in time.
> e.g. Growth curve of child height or 1Q as grow older

» use previous models with x; polynomial in time or age.

@ Richer dynamic model regresses y;: on lags of yi;.
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5. Linear Dynamic Panel Models Individual Effects

Linear Dynamic Panel Models with Individual Effects

o Leading example: AR(1) model with individual specific effects
Yie = &; + VYit-1+ X B+ €.

@ Four reasons for y;; being serially correlated over time:

Unobserved heterogeneity: via «; (permanent)

True state dependence: via y; ;_; (dampens over time)
Observed heterogeneity: via x;; which may be serially correlated
Error correlation: via ¢;;

vV vy vy

@ There is a literature on dynamic models with random effects.
@ We focus on case where «; is a fixed effect

» and T small so cannot consistently estimate «;
» no problem if T — oo and ¢;; serially uncorrelated.
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LA R EETARIL E TGN EEN MY B FE Estimator is Inconsistent

Fixed Effects Estimator is Inconsistent

@ Mean difference yields

(vie = Vi) = YVit-1 — ¥i—1) + (Xit — ii)'ﬁ + (eir — &).

@ Problem: regressor (y; ;-1 — yi —1) correlated with (e;; — &;)

> since yj; (part of y; _1) is correlated with €
> and yj ;1 is correlated with & (part of &;).

@ This inconsistency is called Nickell bias

> inconsistency is O(T~1).

@© A. Colin Cameron Univ. of Calif. Davis 2: Short Panels - Extensions November 2013
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AN BT DY BT TN EET MY G B Arrellano-Bond Estimator

Arellano-Bond Estimator

o First-difference to eliminate «; (rather than mean-difference)

(}/it - y;,t—l) = ’Y()/i,t—l - )/i,t—z) + (xit - X§’t,1)ﬁ + (€it - €i,t—1)-

e OLS inconsistent as (y;t—1 — yit—2) correlated with (&;z — €t—1)
(even under assumption ¢;; is serially uncorrelated).

@ But y; ;o is uncorrelated with (e;z — € ¢+—1), if € serially
uncorrelated
SO can use y; ;—» as an instrument for (y; ;1 — yi+—2).

@ Arellano-Bond is a variation that uses unbalanced set of instruments
with further lags as instruments.
For t = 3 can use y;j1, for t = 4 can use y;j; and y;j», and so on.

@ Stata commands

» xtabond for Arellano-Bond
» xtdpdsys for Blundell-Bond (more efficient than xtabond)
» xtdpd for more complicated models than xtabond and xtdpdsys.
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et S
Example Stata

* Optimal or two-step GMM for a dynamic panel model
xtabond lwage occ south smsa ind, lags(2) maxldep(3) ///
pre(wks,lag(1,2)) endogenous(ms,lag(0,2)) ///
endogenous (union,lag(0,2)) twostep vce(robust) ///
artests(3)

* Test whether error is serially correlated

estat abond

* Test of overidentifying restrictions

estat sargan

* Arellano/Bover or Blundell/Bond for dynamic panel
xtdpdsys lwage occ south smsa ind, lags(2) ///
maxldep(3) pre(wks,lag(1,2)) endog(ms,lag(0,2)) ///
endogenous (union,lag(0,2)) twostep vce(robust) ///
artests(3)
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DEE (2xemles [P 17 et
Data Example: Pure Time Series AR(2)

@ Pure AR(2): yir = Y1Vit—1+ YoVit—2+ Deir, t =1,2,..., 7.
o Sufficient data to obtain IV estimates in the differenced model
AYit = ’)’lAyi,tf]_ + ')’2AYI,t72 + ASit, t = 4, 5, 6, 7
@ Instruments
» At t = 4: 2 available instruments y;; and y;»> as uncorrelated with Ag;y
» At t = 5: 3 instruments, y;1, yi» and y;3 L Agjg
» At t = 6: 4 instruments y;1, ..., Via
» At t = 7: 5 instruments y;q1, ..., ¥i5.
o Inall 24344+ 5 = 14 instruments for Ay;+—1 and Ay; ;2
> intercept is an instrument for itself.
@ Estimation may be by 2SLS or by more efficient optimal GMM

» instrument set is unbalanced: much easier to use command xtabond
than it is to manually set up the instruments and use ivregress.
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LA RLEETADI ET TGN EEN SNV SE  Data Example: Pure Time Series
@ One-step GMM

.OxtabondiTwage, 01ags(2)0vce(robust)

ArellanoOBondOdynamicOpanelldatalestimationdONumberioflobs000000000=0000002380
GroupOvariable: ‘idDDDDDDDDDDDDDDDDDDDDDDDDDDDNumber‘DOngr‘OupSDDDDDD:DDDDDDD595
TimeOvariable: t

0000000000000000000000000000000000000000000000bsOperigroup:0000mind= 000000004
000000000000000000000000000000000000000000000000000000000000000avgd= 000000004
0000000000000000D0000000000000000000000000000000000D000000D0000mMax0= 000000004

NumberfofOinstrumentsi= 00015000000000000000waldochi2(2)0000000000= 001253.03
000000000000000000000000000000000000000000000Prob0>0chi200000000000= 0.0000
OonelstepOresults

0000000000000000000000000000000000000(Std.0Err.0adjustediforiclusteringionnid)

000000000000000RobuUSt
o0oooooblwage |[000000Coef.000Std.DErr.0000002z0000P>]2z|00000[95%0Conf.0Interval]

ooooooblwage
0ooooooooLl. [000.5707517000.0333941000017.090000.00000000.50530050000.6362029
0ooopoooooL2. |000.2675649000.0242641000011.030000.00000000.22000820000.3151216

0oooo0b0_cons (0001.2035880000.164496000007.320000.00000000.881181400001.525994

Instrumentsiforodifferencediequation
00000000GMMOtype: L(2/.).Twage
Instrumentsiforiolevellequation
gopopooostandard: _cons

@© A. Colin Cameron Univ. of Calif. Davis 2: Short Panels - Extensions November 2013 25 /51



5. Linear Dynamic Panel Models Data Example: Pure Time Series

Data Example: Pure Time Series (continued)

There are 4 x 595 = 2380 observations as lost t = 1, 2, 3.

Results are reported in terms of the original levels model

» even though mechanically the FD model is fitted.

There are 15 instruments

> output L(2/.) means that y; + 5, yjt_3,...., ¥;,1 are the instruments
used for period t.

Wages depend greatly on past wages, with the lag weights summing
to .67 + .27 = .84.

Why is there a constant term?

» The estimated model actually has no constant term.

> Instead the estimated constant coefficient is recovered using an
auxiliary moment condition (Blundell-Bond levels - considered later).

» xtabond gives same 7 and E with or without noconstant option

» advantage is want a constant if predict from levels equation.
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Bete Eemb: Pue Uie Saits
@ Two-step GMM - little change or efficiency gain

.0*poptimalioriotwolstepiGMMOforialpureltimelseriesiAR(2)Opanelimodel
.Oxtabondiolwage, 0lags(2) 0twostepivce(robust)

Arellano0BondiOdynamicOpanelOddatalestimationdONumberfoflobs000000000=0000002380
GrouplOvariable: 1d000000000000000000000000000Numberdofigroupsiii00l=0000000595
TimeOvariable: t

0000000000000000000000000000000000000000000000bsOperogroup:0000mind= 000000004
000000000000000000000000000000000000000000000000000000000000000avg0= 000000004
000000000000000000000000000000000000000000000000000000000000000max0= 000000004

NumberDofOinstrumentsi= 00015000000000000000wald0chi2(2)0000000000= 001974.40
000000000000000000000000000000000000000000000Prob0>0chi200000000000= 0.0000
TwolstepOresults

0000000000000000000000000000000000000(Std.0Err.0adjustediforiclusteringiondid)

00000000000000WCORObuUst
noooooolwage |0000D0OCoef.D00Std.OErr.00000020000P>|2z|00000[95%0Conf.0Interval]

goooooolwage
000o0ooooLl. |000.6095931000.0330542000018.440000.000000000.5448080000.6743782
000000000L2. |000.2708335000.0279226000009.700000.00000000.21610610000.3255608

0000000_cons |000.9182262000.1339978000006.850000.00000000.655595200001.180857

InstrumentsOforodifferencediequation
goooooooGgMMOtype: L(2/.) . Twage
InstrumentsOforilevellequation
popooooostandard: _cons
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LA RLEETADI ET TGN EEN SNV SE  Data Example: Pure Time Series

@ Can reduce the number of lags used as instruments

» too many instruments gives “weak” instrument problem where
asymptotic theory works poorly in finite samples
» here to only 1 lag leads to big efficiency loss (to 2 lags does not)

.0*0ReducelthelnumberfofiinstrumentsiforialpureitimelseriesiAR(2)Opanelimodel
.Oxtabondilwage, 0lags(2)0vce(robust)omax1dep (1)

ArellanodBondiodynamicOpanelidatalestimationdONumberioflobs000000000=0000002380
GroupOvariable: id000000000000000000000000000Numbertofigroupsiionon=0000000595
TimeOvariable: t

0000000000000000000000000000000000000000000000bsOperdgroup:0000min0d= 000000004
000000000000000000000000000000000000000000000000000000000000000Aavg0= 000000004
000000000000000000000000000000000000000000000000000000000000000max0= 000000004

NumberOoflinstrumentsi= 00005000000000000000waldochi2(2)0000000000= 001372.33
000000000000000000000000000000000000000000000Prob0>0chi200000000000= 0.0000
Onelsteplresults

0000000000000000000000000000000000000(Std.0Err.0adjustediforiclusteringionnid)

000000000000000RObuUST
goooooolwage |000000Coef.000Std.DErr.000000Z0000P>|z|00000[95%0Conf.0Interval]

0oooooolwage
0ooooooooel. (000.4863642000.1919353000002.530000.011000000.1101780000.8625505
000ooooooL2. |000.3647456000.1661008000002.200000.028000000.0391940000.6902973

0000000_cons (0001.127609000.2429357000004.640000.00000000.651463300001.603754

Instrumentsioforodifferencediequation
00000000GMMOtype: L(2/2).1wage
Instrumentsioforilevellequation
pgopooooostandard: _cons
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5. Linear Dynamic Panel Models Data Example: Regressors

Data Example: Regressors

@ More generally
J K /
Yie = it ) g VWie-jt+ Zk:o Xt~k By + €it
J K
Ay = Zj:l VibYie—j+ Zk:O Ax; ' By + Déir.

@ Regressors

» Drop time-invariant regressors: they are eliminated after
first-differencing
Lagged dependent: lag 2+ as instruments

v

* lwage appears as first two lags, as before

v

Strictly exogenous E[xj:e;s] = 0 for all s, t : instruments for self

* occ, south, smsa, and ind

v

Predetermined E[xjte;s] # 0 for s < t: lag 1+ as instruments

* wks appears current and one lag

v

Endogenous E[x;:€j:] # 0: lag 2+ as instruments

* ms and union
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5. Linear Dynamic Panel Models Data Example: Regressors

Data Example: Regressors (continued)

@ Stata coding:

» strictly exogenous variables appear as regular regressors

» option maxldep(3) means at most three lags of y are used as
instruments

» option pre(wks,lag(1,2)) means wks and L1.wks are predetermined
and only two additional lags are to be used as instruments.

» option endogenous (ms,lag(0,2)) means endogenous ms appears
only as a contemporaneous regressor and that at most two additional
lags are used as instruments

» option artests(3) is needed for later estat abond

.0*0optimaliordtwolstepiGMMIforialdynamicipanelimodel
.OxtabondilwageloccOsouthOsmsanind, 0lags(2)OmaxTdep(3)00000///
>000pre(wks,lag(l,2))0endogenous(ms,lag(0,2))00000000000000///
>000endogenous (union,lag(0,2))0twostepivce(robust)iartests(3)

ArellanoOdBondidynamicipanelidatalestimationdONumberdofiobsi00000000=0000002380
GroupOvariable: id000000000000000000000000000Numbertofigroupsiio0N0=0000000595
TimeOvariable: t

DDDDEIDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDDObSDper‘DgI"Oup:DDDDmW‘nD: gooooooo4
000000000000000000000000000000000000000000000000000000000000000avg0= 000000004
000000000000000000000000000000000000000000000000000000000000000max0= 000000004
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5. Linear Dynamic Panel Models Data Example: Regressors

@ Regressors x;; less statistically significant compared to static model.

NumberfofOinstrumentsi=

TwolstepOresults
0000000000000000000000000000000000000(Std.0Err.0adjustediforiclusteringiondid)

00040000000000000000waldochi2(10)000000000=
000000000000000000000000000000000000000000000Prob0>0chi200000000000=

001287.77
0.0000

00000000000000WCORObust

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

0ooooooooLl. |0000.611753000.0373491000016.380000.00000000.53855010000.6849559
000000000L2. |D00.2409058000.0319939000007.530000.00000000.17819890000.3036127
noooooooowks

00000000000. |000.0159751000.0082523000001.940000.05300000.032149300000.000199
000000000L1. |D00.0039944000.0027425000001.460000.14500000.00138070000.0093695
0000000000ms |000.18593240000.144458000001.290000.19800000000.09720000.4690649
0000000union |000.1531329000.1677842000000.910000.36100000.48198390000.1757181
0oooooobdocc |000.0357509000.0347705000001.030000.30400000.103899900000.032398
noooooosouth |000.0250368000.2150806000000.120000.907000000.4465870000.3965134
00000D0O0smsa |000.0848223000.0525243000001.610000.106000000.1877680000.0181235
0000000004ind |D00.0227008000.0424207000000.540000.59300000.06044220000.1058437
0000000_cons |0001.639999000.4981019000003.290000.00100000.663737700002.616261

InstrumentsOforndifferencediequation
goooooooGMMOtype: L(2/4) .TwagedL(1/2).L.wksOoL(2/3).ms0L(2/3) .union
pooopoooostandard: D.occOD.southOD.smsadD.ind
InstrumentsOforiolevellequation

oooopoooostandard:
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SN R EETADIL ET TN EEN SNV S Test Error Correlation

Test Error Correlation

@ Preceding requires ¢j; serially uncorrelated
» otherwise lagged y’s no longer valid instrument.
o Test ¢, serially uncorrelated = Ag;; is only MA(1)
» test based on Ag;; from fitted model

.0*0TestOwhetherderroriisiseriallyicorrelated
.DestatOabond

ArellanolBonditestiforOzerofautocorrelationdinifirstidifferencedierrors

order |00z000OOProbO>0z

o0ool 04.5244000.0000
0oo2 01.6041000.1087
ooo3 0.35729000.7209

000HO:OnoDautocorrelation
@ Only reject no autocorrelation in Agj; at order 1 (at level .05)
» conclude we are okay as Agj; is only MA(1)

e Note: if e.g. MA(2) then add more lagged y's to get to MA(1)
» or use command dpdsys - allows e.g. €; is MA(1).
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AN B EETA DI BT TN EET MY Y BB Test Overidentifying Restrictions

Test Overidentifying Restrictions

@ There are 40 instruments and 11 parameters

» so 29 over-identifying restrictions.

@ Do OIR test: only after 2step GMM and without vce (robust)

.0*0TestUofloveridentifyingirestrictionsi(firstiestimatedwithinolvce(robust))
.OquietlyioxtabondilwageloccOsouthismsanind,0lags(2)omaxldep(3)0///
>000pre(wks,lag(l,2))0endogenous(ms,lag(0,2))00000000000000///

>000endogenous (union,lag(0,2))0twostepiartests(3)

.Destatlsargan

sarganitestOofioveridentifyinglirestrictions

00000000HO: Doveridentifyinglrestrictionsiaredvalid

00000000chi2(29)00000=0039.87571
00000000ProbO>0chi200= 0000.0860

o Fail to reject Hp at level .05
» conclude that the overidentifying restrictions are not rejected.
o If r — K is large there is bias for p — 1.
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S BRI EL RNV IS B Arellano-Bover / Blundell-Bond Systems GMM

Arellano-Bover / Blundell-Bond “Systems GMM"”

@ Arellano-Bond instruments the differenced model using lags levels
as instruments

» based on e.g. E[y;sA(aj+¢€;)] =0fors <t—2
e Can also instrument levels model using lag changes as instruments
» based on e.g. E[Ay; s 1(j+¢€ir)] =0

* an additional assumption: Ay;: 1 L a; - deviations in y independent
of fixed effect - see Blundell and Bond.

and also lagged once level of predetermined and endogenous
improves efficiency - intuition: model in levels has more info.

.0*0Arellano/BoverrdoriBlundell1/Bondifornatdynamicipanelimodel
.OxtdpdsysiOlwagenoccOsouthOsmsanind,0lags(2)0maxldep(3)oooo///
>000pre(wks,lag(l,2))0endogenous(ms,lag(0,2))0000000o0oooon///
>000endogenous (union,lag(0,2))0twosteplvce(robust)lartests(3)

SystemidynamicOpanelidatadestimation000000000NumberdofiobsOI00000000=0000002975
GroupUvariable: id000000000000000000000000000Numbertofigroupsiio0o0=0000000595
TimeOvariable: t

0000000000000000000000000000000000000000000000bsOperdgroup:0000mind= 000000005
000000000000000000000000000000000000000000000000000000000000000avg0= 000000005
000000000000000000000000000000000000000000000000000000000000000max0= 000000005

NumberOofOinstrumentsi= 00060000000000000000wald0chi2(10)000000000= 002270.88
000000000000000000000000000000000000000000000Prob0>0chi208000000000= 0.0000
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S BRI EL RNV IS B Arellano-Bover / Blundell-Bond Systems GMM

@ Here standard errors are 10%-60% smaller
» though most coefficients much smaller
* levels model and differences model give different answers - problem

» and extra 20 instruments used.

TwoOstepOresults

00000000000000WCORobust
0oooooolwage |[000000Coef.000Std.0Err.00000020000P>|2z|00000[95%0Conf.0Intervall

0oooooolwage
gooooooooll. |000.6017533000.0291502000020.640000.00000000.54461990000.6588866
00ooooonooL2. |000.2880537000.0285319000010.100000.00000000.23213220000.3439752

000000000wks
00000000000, |(000.0014979000.0056143000000.270000.79000000.012501700000.009506
000000000L1. |000.0006786000.0015694000000.430000.66500000.00239730000.0037545

0000000000ms |000.0395337000.0558543000000.710000.47900000.06993860000.1490061
0ooo0o0O0union [000.0422409000.0719919000000.590000.55700000.18334230000.0988606
gooooododocc |000.0508803000.0331149000001.540000.12400000.11578430000.0140237
pgoooooodsouth (000.10628170000.083753000001.270000.20400000.27043460000.0578713
goopoooosmsa |000.0483567000.0479016000001.010000.31300000.14224220000.0455288
0ooooooooind | 000.01447490000.031448000000.460000.64500000.04716210000.0761118
0oooo00_cons |000.9584113000.3632287000002.640000.00800000.246496100001.670327

Instrumentsioforodifferencediequation

00000000GMMOtype: L(2/4).1wage0L(1/2).L.wks0L(2/3).msOL(2/3) .union
gopooooostandard: D.occOD.southOD.smsadD.ind
Instrumentsioforilevellequation

00000000GMMOtype: LD.TwageOLD.wksOLD.msOLD.union

pooooooostandard: _cons
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5. Linear Dynamic Panel Models Further Details

@ Use Arellano-Bond when N large T small

> need large N as asymptotics in N

» keep number of instruments low

» need small T as otherwise too many instruments, plus with larger T
can just directly estimate fixed effects.

@ Include time dummies, as require ¢; independent over / (not just t).
@ User-written addon xtabond?2

» pre-dated Stata xtabond; still has some things that xtabond does

not
» forward orthogonal deviations (Helmert transformation) also eliminates

&j
T
ylirtzl = T/(T + 1)(Yit - % Zs:t+1 Yis)

* leads to fewer observations lost if unbalanced panel.

» has a way to “collapse” instruments so less likely to have too many
» David Roodman (2006): “How to Do xtabond2: An Introduction to
“Difference” and “System” GMM in Stata” explains much about

Arellano-Bond.
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6. Short Panel Vector Autoregression

@ Extend from Arellano-Bond for y;: to VAR for y;: (several y's)

» Include individual specific effects a

Yii = «i+tA1yic1+t-+Apyitptu
ugr v (O,Z),

e Estimate by a systems version of Arellano and Bond (1992).

@ This was actually considered in an earlier paper by Holtz-Eakin, D.,
W. Newey, and H.S. Rosen (1988), “Estimating Vector
Autoregressions with Panel Data,” Econometrica, 56, 1371-1395.

@ Application: Love, |. and Ziccino, L. (2006), “Financial Development
and Dynamic Investment Behaviour: Evidence from Panel VAR,”
Quarterly Review of Economics and Finance, 46, 190-210.
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Short Panel VAR Example

@ Love has Stata user-written command: pvar (with sgmm and helm)
» estimates model and graphs impulse-response functions
@ As an example apply to Arellano-Bond data

» 140 firms and 7 to 9 years of data
» n is log employment
» k is log capital

@ First Helmert transform data

» use abdata.dta

> helm n

> helm k

» pvar n k, lag(2) gmm impulse monte 50 decomp list_imp
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6. Short Panel VAR

@ Very high serial dependence

.OpvarOnok,0lag(2)0gmmiimpulsedmonted500decompOTlist_imp
GMMOstartedn:015:33:18
accumulatingOmatricesCUequation 1,2,calculatingib2sls
calculatingObigizuuziomatrix
finishedoaccumulatingizuuz

OResultsOofOthedEstimationObylsystemiGMM
numbernofOobservationsiousedn: 611
000000000000000000000000000000000000000000000000000000000000000000000000000000
EQl:0dep.varofooo: h_n

00000b_GMMOIDOO00Se_GMMOOO0000t_GMM
OL.h_n 0.96522745000.117227810008.2337753
OL.h_k 0.17832941000.158125820001.1277691
L2.h_n 0.12987744000.101931370001.2741655
L2.h_k 10.202487170000.05343180003.7896382
000000000000000000000000000000000000000000000000000000000000000000000000000000
000000000000000000000000000000000000000000000000000000000000000000000000000000
EQ2:0dep.varnonoo: h_k

00000b_GMMOOOO00Se_GMMODDD000t_GMM
OL.h_n 0.28801842000.1386258100002.077668
OL.h_k 0.99588169000.183955030005.4137237
L2.h_n 0.16588097000.069901610002.3730636
L2.h_k 0.22096912000.058559340003.7734224
000000000000000000000000000000000000000000000000000000000000000000000000000000
justOidentifiediOOHansenOstatisticOisOnoticalculated
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6. Short Panel VAR

Impulse-responses for 2 lag VAR of n k
—(p5)n —n

—(p5)k —k
——(P95)n —(p95)k
0.1252 0.1281
00000 1 : : : ‘ -0.1625 ‘ ‘ ‘ :
6 6
S S
response of n to n shock response of n to k shock
p5)n n —(p5)k —k
—(p95)n ——(p95)k
0.1092 A. 03253
0.0000 - - - - -00532 . . i -
6 6
S S
response of kto n shock response of kto k shock

Errors are 5% on each side generated by Monte-Carlo with 50 reps
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YO PENELEETRVE A xtmixed and mixed

7. Mixed Linear Models: xtmixed and mixed

@ Generalize random effects model to random slopes.
@ Most applied statistics use mixed linear models

» this is covered in detail below
» xtmixed - Stata up to Stata 12
» mixed - Stata 13 gives cluster-robust standard errors

@ Econometricians also use random coefficients model

/
Vit = & + X; B; + €z,

> (aj, B;) are iid with mean (&, B) and variance matrix X
> &j; is independent (0, 0?) so heteroskedastic over i and can do FGLS
» command is xtrc. This is covered later.
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YO PENELEETRVE A xtmixed and mixed

Mixed or Multi-level or Hierarchical Model: xtmixed

Not used in microeconometrics but used in many other disciplines.

Stack all observations for individual i and specify
yi=XiB+Zju; +¢;

where u; is iid (0, G) and Z; is called a design matrix.

Random effects: Z; = e (a vector of ones) and u; = a;

Random coefficients: Z; = X;

» Reason: B; ~ (B,X) so B; ~ B+ u; where u; ~ (0,X)
» Soy; = Xiﬁi +é& = X,‘(,B + u,-) + & = X;B+ Xju; + ¢;.
> Note: y;|X; has mean X;B and variance X/ZX; + 02l.

@ Example where just exp and wks have random slopes:

xtmixed lwage exp exp2 wks ed || id: exp wks, ///
covar (unstructured) mle
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FEITEET T
Random Intercept

@ The only random coefficient is that of the intercept

» so RE model

.0*0Randomiinterceptimodeliestimatediusinglixtmixed
.OuseOmusO8psidextract.dta,0clear
(PsiDOwageldatanl9760820fromiBaltagitandikhantioAkomn(1990))
.OxtmixedOoTwagelexpOexp20wksOedd| |0id:,Omle
pPerforminglEMOoptimization:
performingigradientObasedioptimization:

Iterationd0:0007log0likelihoodi= 0293.69563
Iteration0dl:0007log0likelihoodi= 0293.69563

Computinglstandardierrors:

MixedoeffectsOMLOregressioni00000000000000000000Numberdofiobsi0N000= 000004165
Grouplvariable: id Numberdofigroupsi00= 000000595

0000000000000000000000000000000000000000000000000bsOperdgroup:Omind= 000000007

000000000000000000000000000000000000000000000000000000000000000@vg0= 0000007.0
000000oo0000000000000000000000000000000000000000000000000000000max0= 000000007
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7. Mixed Linear Models Random Intercept

@ Results are identical to those from xtreg, mle

LogOlikelihoodi= 0293.69563 ProbO>0chi200000000= 0.0000

0oooooolwage |000000Coef.000Std.0Err.000000z0000P>|2z|00000[95%0Conf.0Interval]

000000000exp |[000.1079955000.0024527000044.030000.00000000.10318830000.1128027
00000000exp2 [000.0005202000.0000543000009.590000.00000000.00062660000.0004139
noooooooowks |000.0008365000.0006042000001.380000.16600000.00034770000.0020208
0000000000ed |000.1378559000.0125814000010.960000.00000000.11319680000.1625149
0000000_cons |0002.98985800000.17118000017.470000.000000002.65435200003.325365

OJORandomieffectsOParameters OJODEstimatendostd.OErr.00000[95%0Conf.0Interval]

id:0Identity
0000000000000000000sd(_cons) |000.8509015000.02786220000000.7980080000.9073008

nooopooooooooooosd(Residual) |000.1536109000.0018574000000.15001320000.1572949

LROtestOvs.0lineardregression: chibar2(01)0= 04576.13 ProbO>=0chibar20= 0.0000

@ Panel-robust standard errors

» Stata 10-12: panel bootstrap takes time
» Stata 13: xtmixed lwage exp exp2 wks ed || id: , mle
vce (robust).
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7. Mixed Linear Models Random Slopes

Random Slopes

@ Allow intercept and slopes of exp and wks to vary across individuals.

.0*0RandomisTlopesimodellestimatediusingOxtmixed
.OxtmixedOTwageOexplexp20wksiedD| |0id:0expOwks,Ocovar(unstructured)imle

performingOEMOoptimization:

performingigradientibasedioptimization:

Iteration00:0001og01ikelihoodn=
Iterationdl:000Tog0Tikelihoodo=
Iteration02:0001og011ikelihoodn=
Iterationn3:000Tog0Tikelihoodn=
Iteration04:0001og01ikelihoodn=
Iteration05:0001og01ikelihoodn=
Iteration06:000Tog0Tikelihoodo=
Iteration07:0001og011ikelihoodn=
Iterationn8:000Tog0Tikelihoodn=

ComputingOstandardierrors:

0397.
0427.
0481.
0493.
0495.
0508.
0509.
0509.
0509.

6112700(notlconcave)
2813900 (notdconcave)
6073900(notOconcave)
48169
95651
23187
00044
00191
00191

MixedleffectsOMLOregressiondl0000000000000000000C0NumberidofiobsiOON0N0= 000004165
NumberdofOgroupsii0= 000000595

GroupOvariable: id

0000000000000000000000000000000000000000000000000bsOperdgroup:Omini= 000000007
000000000000000000000000000000000000000000000000000000000000000avgd= 0000007.0
000000000000000000000000000000000000000000000000000000000000000max0= 000000007
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7. Mixed Linear Models Random Slopes

LogO1ikelihoodo= 0509.00191 Prob0>0chi200000000= 0.0000

goooooolwage |000000Coef.O00Std.OErr.000000z0000P>|z|00000[95%0Conf.0Intervall

0oooooooOexp |000.0527159000.0032966000015.990000.00000000.04625460000.0591772
00000000exp2 |000.0009476000.0000713000013.280000.00000000.00080780000.0010874
0000o0o00owks | 000.0006887000.0008267000000.830000.40500000.00093160000.0023091
0oooooobooed |000.0868604000.0098652000008.800000.000000000.0675250000.1061958
0000000_cons |0004.317674000.1420957000030.390000.000000004.03917100004.596176

OJORandomieffectsOParameters JO0Estimatendostd.OErr.00000[95%0Conf.0Interval]

id:0uUnstructured
000000000000000000000sd(exp) |0000.043679000.0022801000000.03943110000.0483846
poopooopoooooooooooodsd(wks) [000.0081818000.000840300000000.006690000.0100061
0000000000000000000sd(_cons) |[000.6042978000.0511419000000.51193360000.7133265
000000000000000corr(exp,wks) |000.2976598000.1000254000000.47928420000.0915878
0oooooooooooocorr(exp,_cons) |000.0036853000.0859701000000.16333890000.1705042
00000oooooooocorr(wks,_cons) |[000.4890482000.0835945000000.63524130000.3090207

oooopooooooooooosd(Residual) [000.1319489000.0017964000000.12847450000.1355172

LROtestOvs.0lineardregression:0000000chi2(6)0= 05006.75 ProbO>0chi20= 0.0000

Note: LROtestlislconservativelandiprovidedionlynforioreference.

@© A. Colin Cameron Univ. of Calif. Davis 2: Short Panels - Extensions November 2013 46 / 51



PO PENELEETRVEEE  Two-way Random Effects

Two-way Random Effects

@ Have individual-specific intercepts and time-specific intercept that are
both random

> Vit = &+ 0t + X B + €t
» a;iid (@, 02) and &¢ iid (0,03).

* Two-way random-effects model estimated using xtmixed
xtmixed lwage exp exp2 wks ed || _all: R.t || id: , mle
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8. Clustered Data

@ xt commands are not just for panel data

» can apply several of them to clustered cross-section data.

Consider data on individual 7 in village j with clustering on village.

o A cluster-specific model (here village-specific) specifies
yji = aj + X B+ &i.
@ Here clustering is on village (not individual) and the repeated

measures are over individuals (not time).

@ Assuming equicorrelated errors can be more reasonable here than
with panel data (where correlation dampens over time).

» So perhaps less need for vce(robust) after xtreg.
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8. Clustered Data

Estimators for Clustered Data

o First use xtset village person (versus xtset id t for panel).

o If «; is random use:

regress with option vce(cluster village)

xtreg,re

xtgee with option exchangeable

xtmixed for Stata 10-12 for richer models of error structure.
mixed for Stata 13 for richer models of error structure.

vV vy v Vv VY

o If «; is fixed use:

» xtreg,fe

November 2013 49 /51
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9. Summary

@ More linear panel estimators for short panels

Panel IV xtivreg

Hausman-Taylor xthtaylor

Dynamic FE models xtabond, xtdpdsys, xtdpd
xtabond2, pvar (user-written),

Random slopes xtmixed; quadchk; xtrc
mixed (from Stata 13 on)

@ And many panel commands can be used for clustered data

» e.g. cluster on village.
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