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1. Introduction

1. Introduction

@ Consider nonlinear panel models for short panels.

@ One big issue is dealing with individual fixed effects.

@ Some models rely more heavily on distributional assumptions than in
the linear case.
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2. Cross-section Logit Model Example

2. Cross-section Logit Model Example

@ Binary data
» y =1 if see doctor and y = 0 if do not

@ Logit model specifies

B I exp(Xi'ﬁ)
Priy; = 1|x;] = 1+ exp(XB)

> This ensures that 0 < Pr[y,-/:\1|x,'] < 1.

o Complication: The marginal effect # B and varies with x

Loy =1 eoh)
R R (e )

> In fact for logit model ME; < 0.256;.
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2. Cross-section Logit Model Example

@ Rand Health Insurance Experiment data

> essentially same data as in P. Deb and P.K. Trivedi (2002)
» N = 5908 and individuals may appear for up to five years (T < 5)
> use only the fee for service plans (most of sample).

@ In this section consider only year one

> logit model for whether any doctor visit.
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2. Cross-section Logit Model Example

.OuseOmusl8data.dta,dclear

.0Okeepiifioyearno==01
(1454800bservationsideleted)
.0describeddmduindisease

storagediOdisplaynonodvalue
variableonameonootypenooooformatooooolabeloooooOvariablenlabel

dmdu 0floatnno%9.0g anyOMDOvisitO=0107ifOomdu0>00
ndisease 0float0dOno%9.0g countOofiOchronicOdiseasesdO00ba

.Osumiddmdundisease

pooovariable |DDDDDDDObSDDDDDDDDMeanDDDDStd.I]Dev.DDDDDDDM'inDDDDDDEIDMaX

oooooooodmdu | 000000563800000.6933310000.46115170000000000000000000001
0o0Ondisease |0000005638000011.20876000006.8657100000000000000000058.6
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o Logit coefficient is .063 but marginal effect is only 0.013

» One more chronic disease increases probability of doctor visit by 0.013

.07ogitodmduindisease,nolog

LogisticOregressiond000000000000000000000000000000Numberdofiobs0on= 0000005638
00000000000000000000000000000000000000000000000000LROchi2(1)000000= 0000186.27
00000000000000000000000000000000000000000000000000Prob0>0chi200000= 00000.0000
LogOlikelihoodO= 03382.179800000000000000000000000PseudolR20000000= 00000.0268

oooooooodmdu |0o0000Coef.000Std.OErr.000000z0000P>|z|00000[95%0Conf.0Intervall

oooondisease 000.06340460000.004939000012.840000.00000000.05372430000.0730849
ooooood_cons 000.1423681000.0577308000002.470000.01400000.02921770000.2555185

:Dmargins,udydx(*)

Averagedmarginaloeffectso0000000000000000000000000NumberdofiobsiOl= 0000005638
ModelOVCEODOD: OIM

Expressionnid: Pr(dmdu),Opredict()
dy/dx0w.r.t.0: ndisease

popooooooooopeltadmethod
0o00o00dy/dx000std.0Err.00000020000P>|z|00000[95%0Conf.0Intervall

oooondisease 000.0130581000.0009696000013.470000.00000000.01115760000.0149585
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@ Plot of data (jittered), logit prediction and OLS prediction.

o
-

T T T
0 20 40 60
count of chronic diseases -- ba

. any MD visit =1 if mdu >0 ———— Pr(dmdu)
—————— Fitted values
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3. Nonlinear Cross-section Models Summary

Consider three common nonlinear models.

1. Binary data

» y =0 or 1 such as employed (y = 1) or not

> logit model specifies Prly; = 1|x;] = exp(x}B)/[1 + exp(x’B)]

> probit model specifies Pr[y; = 1|x;] = ®(x’B) where ®(-) is the
standard normal c.d.f.

@ 2. Count data

» y=20,1,2,... such as number of doctor visits
> Poisson model with conditional mean E[y;|x;] = exp(x}p)

o 3. Tobit model

> ylf“ ~ N[x;ﬁ,o’z]
> but we only observe y; =y if y > 0and y; =0if y/ <0

First two are special cases of generalized linear models

Third is very dependent on distributional assumptions.

@© A. Colin Cameron Univ. of Calif. Davis 5: Panel - Nonlinear November 2013 9 /46



4. Panel Data Example: Health Care Utilization

@ Rand Health Insurance Experiment data
» N =5908 and T =5.
o Consider three different types of dependent variable

» dmdu is binary; med is continuous > 0; mdu is count.

.Odescribeddmduimedimdutlcoinsindiseasenfemalenaged]famichildoidoyear

storagenfidisplayonoooovalue
variableOnamennotypeonoformatioooonlabelooooodvariablenlabel

dmdu 0floatnn%9.0g anyOMDOVvisit0=0101 fomduo>00

med 0floatnon%9.0g medicalOlexplexclUoutpatientimen
mdu 0floatn0n%9.0g numberOfaceltolfactimdivisits
lcoins 0fToatno%9.0g log(coinsurance+1)

ndisease 0floatn0n%9.0g countiofichronicidiseasesnnniba
female 0floatno%9.0g female

age 0floatnn%9.0g agelthatlyear

1fam 0floatnn%9.0g TlogOofofamilydsize

child 0floatnn%9.0g child

id 0floatnn%9.0g persondid,0leadingddigitOisisit
year 0floatno%9.0g studyOyear
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4. Panel Data Example: Health Care Utilization

.0*0SummarizeOdependentivariablesiandiregressors
.OsummarizeddmduOmedimdudlcoinsindiseaselfemalenagenlfamichildoidiyear

pooovariable

00000000bs00000000Meand000Std. ODev.0000000Min00000000OMax

00000000dmdu
000000000med
000000000mdu
0ooooolcoins
Jooondisease

00000201860000.68750620000.46352140000000000000000000001
00000201860000171.58920000698.26890000000000000039182.02
000002018600002.86069600004.5047650000000000000000000077
000002018600002.38358800002.041713000000000000004.564348
00000201860000011.244500006.74164700000000000000000058.6

poopoofemale
000000000age
0oooooonolfam
0oooooochild
0oooooooooid

00000201860000.51694240000.49972520000000000000000000001
0000020186000025.71844000016.767590000000000000064.27515
000002018600001.2484040000.5390681000000000000002.639057
00000201860000.40141680000.49019720000000000000000000001
00000201860000357971.20000180885.60000012502400000632167

goooooooyear
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4. Panel Data Example: Health Care Utilization

@ Most are in for first 3 years or all 5 years.

.Oxtdescribe
id: 125024, 125025,0..., 632167 n0=00000005908
year: 1,02,0...,05 TO0=00000000005

Delta(year)d= 1lounit
Span(year)00= 50periods
(id*yearouniquelynidentifiesieachiobservation)

Distribution0ofOT_i:000min0000005%0000025%000000050%000000075%0000095%00000max
0000010000000200000003000000000300000000050000000500000005

00000Freq.00Percentdd00Cum. |O0Pattern

0000037100000062.8000062. 80 111..
0000015840000026.8100089.61 11111
0000001560000002.6400092.25 1....
0000001470000002.4900094.74 11...

0000000790000001.3400096.07 A
0o0o0oooe60000001.1200097.19 J11..
000o0oo330000000.5600097.75 ..111
0000000330000000.5600098.31 L1111
0000000290000000.4900098.80 W11
0000000710000001.2000100.00 | 0(otheropatterns)
000on059080000100.00 XXXXX
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4. Panel Data Example: Health Care Utilization

@ Very little within variation here

» so fixed effects estimator just illustrative

» plus little need anyway as designed experiment

» to the extent that the experiment changes regressors over time this will
not be well picked up on by a time-invariant fixed effect.

.0*0Paneldsummarylofitimelvaryinglregressors
.Oxtsumiaged1famichild

variable J00000OMeand00Std. 0Dev.0000000Min00000000Max |O0000Observations
agenonooooverall 025.7184400016.767590000000000000064.27515 |00000NO=00020186
000000000between 016.972650000000000000063.27515 | 00000n0=00005908
000000000wi thin 01.08668700023.4684400027.96844 |0TObari=03.41672
1famoooodoverall 01.248404000.5390681000000000000002.639057 | 00000ONO=00020186
00000oo000between 0.5372082000000000000002.639057 | 00000n0=00005908
000000000wi thin 0.0730824000.324207500002.44291 |0T0bar0o=03.41672
childoooooverall 0.4014168000.49019720000000000000000000001 |0000OND=00020186
0oooooooobetween 0.48209840000000000000000000001 |00000nO=00005908
000000000within 0.1096116000.39858320001.201417 |0TObari=03.41672
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5. Panel Logit

@ 68% visited doctor at least once in year.
@ There is reasonable within variation.

» Also autocorrelation is .38 at one lag and .36 at two lags.

.0*0Paneld0summarydofidependentivariable

. OxtsumOdmdu

variable ‘DDDDDDMeanDDDStd.DDev.DDDDDDDMinDDDDDDDDMax ‘DDDDObservations
dmdunoootoverall | 0.6875062000.46352140000000000000000000001 |00000NO=00020186
000000000between 0.35710590000000000000000000001 | 00000N0=00005908
000000000wi thin 0.3073307000.11249380001.487506 |0TObar0=03.41672

.0*0Yeardtolyeardtransitionsiiniwhetherivisitidoctor
.Oxttransidmdu

anyOMD | O0anyOMDOvisitO=0107f
OvisitO=01 |00000000mdul>00
ifOmdu0>00 |000000000000000000001 |00000Total

0000000000 |0000058.8700000041.13 | 0000100.00
0000000001 | 0000019.7300000080.27 |0000100.00

00000Total |0000031.8100000068.19 |0000100.00
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szle) Lo
Pooled Logit

@ Assume that usual binary logit model still applies with panel data

exp(x}B)

Privie = 1|xj] = ——— 22—
t t 1+ exp(x,B)

@ But now allow y;; to be correlated over time for given i
> Corlyjt, yis| # 0 though Corlyjs, yjs] = 0 for j # i.
@ Then usual logit MLE is still consistent

> but need to use cluster-robust standard errors (assume N — o).
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5. Panel Logit Model Example BRELIe] (e N RCT-4i3

@ Cluster-robust standard errors are 40-50% larger than default

.0logit0dmduilcoinsindiseaselfemalelaged]lfamichild,0vce(clusterdid)inolog

LogisticOregressioni000000000000000000000000000000Numberdofiobsinn= 0000020186
00000000000000000000000000000000000000000000000000Waldochi2(6)0000= 0000488.18
00000000000 000000000000000000000000000000000000000Prob0>0chi200000= 00000.0000
LogOpseudolikelihoodO= 011973.39200000000000000000Pseudo0R20000000= 00000.0450

0000000000000000000000000000000000(Std.0Err.0adjustedofor 59080cTlustersoinnid)

oooooooodmdu

000000000000000RObuUST
ononoocoef.o0nStd.0Err.000000Z0000P>|z|00000[95%0Conf.0Interval]

0ooooolcoins
0ooOndisease
pooooofemale
poooooooDage
nooooooolfam
noooooochild
0oooooo_cons

ooo

.1572107000.

0ooo0.050301000.

ooo
ooo
ooo
ooo
ooo

.3091573000.
.0042689000.
.2047573000.
.0921709000.
.6039409000.

0109064000014.410000.
0039657000012.680000.
0445772000006.940000.
0022307000001.910000.
0470287000004.350000.
0728107000001.270000.
1107712000005.450000.

ooooooono.
oooopooono.
ooooooono.
05600000,
00000000,
20600000,
ooooooono.

17858690000.1358345
04252850000.0580735
221787600000.396527
000103200000.008641
29693180000.1125828
05053550000.2348773
38683330000.8210485
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Pooled Logit with Exchangeable Errors
Pooled Logit with Exchangeable Errors

@ Again assume that usual binary logit model still applies with panel

data .
exp(x;, B)
1+ exp(xf-tﬁ)

@ But now specify a model for the correlation of y;;

Pr[y,-t = 1’Xit] =

> Corlyje, yis) = p for s # t
> Again Corly, yjs] = 0 for j # i.

@ Advantage is more efficient estimation possibly

» but again use cluster-robust standard errors (assume N — co) to guard
against wrong error correlation model.
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N EEL CIN RISV TN ST S Pooled Logit with Exchangeable Errors

o Similar coefficients, slightly smaller standard errors.

.O0xtlogitodmdublcoinsindiseaselfemalenagenlfamichild,Opadcorr(exch)ivce(robust)r

GEEOpopulationDaveragedimodel0000000000000000000Numberdofiobsinn000= 000020186

GroupOvariable: id NumbertoofigroupsOOO= 000005908
Link: Tlogit ObsOperOgroup:Omin0= 000000001
Family: binomial avgO= 0000003.4
Correlation: exchangeable max0O= 000000005

waldochi2(6)0000000= 000521.45
Scalelparameter: ooooooool ProbO>0chi200000000= 0.0000

0000000000000000000000000000000000000(Std.0Err.0adjustediforiclusteringionnid)

000000000000000Robust
oooooooodmdu |000000Coef.000Std.0Err.00000020000P>|z|00000[95%0Conf.0Intervall

gooooolcoins [000.1603179000.0107779000014.870000.00000000.18144220000.1391935
0ooOndisease [000.0515445000.0038528000013.380000.00000000.04399310000.0590958
nopooofemale |[000.2977003000.0438316000006.790000.000000000.2117920000.3836086
gooooooodage |000.0045675000.0021001000002.170000.03000000.00045140000.0086836
popooooolfam [000.2044045000.0455004000004.490000.00000000.29358370000.1152254
0o0ooooochild |000.1184697000.0674367000001.760000.07900000.01370390000.2506432
0oooo00_cons |000.57769860000.106591000005.420000.000000000.3687840000.7866132
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s Hizss Lo
Random Effects Logit

@ Now assume a different model:

exp(a; + x;, B)
1+ exp(a; + x,B)

Privie = 1laj, xi] =
aj ~ N[0,07]
@ Then no longer get the logit probability

exp(a; + X}, B)

f(a,-)da,-
1+ exp(a; + x,B)

Pr[y,-t = 1’xit] =
exp(x;, )
1+ exp(X;~tﬁ)

@ And need to use numerical methods as no closed form solution for
log-density

£

» but easy numerically as one-dimensional integral
» use Gaussian quadrature
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Reicter (Eiess legi
o Coefficients about 50% larger than using logit

.0xtlogitodmdudlcoinsindiseasedfemalenagenlfamochild,Orednolog

Randomieffectsilogisticlregressioni0000000000000NumbertoflobsoO0000= 000020186

GroupOvariable: id

NumberoofOgroupsdoo= 000005908

RandomieffectsOu_il~ Gaussian00000000000000000000bsOperdgroup:Omind= 000000001
000000000000000000000000000000000000000000000000000000000000000avgl= 0000003.4
00000000000 0000000000000000000000000000000000000000000000000000max0= 000000005

IntegrationOmethod:

mvaghermite0d0000000000000000Integrationipointsi= 000000012

000000000000000000000000000000000000000000000000Waldochi2(6)0000000= 000549.76

LogOlikelihoodoo= 010878.687

ProbO>0chi200000000=00000.0000

gooooooodmdu

goooodcoef.O00Std.OErr.000000z0000P>|2z|00000[95%0Conf.0Interval]

gooooolcoins
gooondisease
pooooofemale
poooooobDage
pooooooolfam
ooooooochild
0oooooo_cons

000.2403864000.0162836000014.
0000.078151000.0055456000014.
000.4631005000.0663209000006.
000.0073441000.0031508000002.
000.3021841000.0644721000004.
000.1935357000.1002267000001.
000.8629898000.1568968000005.

760000.
090000.
980000.
330000.
690000.
930000.
500000.

00000000.272301700000.208471
00000000.06728190000.0890201
00000000.33311380000.5930871
02000000.00116870000.0135194
00000000.428547100000.175821
053000000.0029050000.3899763
00000000.555477800001.170502

oooo/Insig2u

0001.225652000.049089800000000000000000000001.12943800001.321866

goooosigma_u
0oooooooorho

00001.845640000.04530100000000000000000000001.75895300001.936599
000.5087003000.01226870000000000000000000000.484652500000.532708

LikelihoodOratiootestioofirho=0:
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iz EEa gt
Fixed Effects Logit

@ Now assume like random effects

exp(a; + X, )
1+ exp(aj + x;,B)

Pl’[y,'t = 1|(X,’,X,’t] =

@ But now allow Cor|a;, x;t] = 0.
» Hard to eliminate «; but it is possible.

e Can do MLE conditional on Y, yit (for Yy yie Z0and Y, yie # T)

> requires individual to have at least one move from 0 to 1 or 1 to 0.
> this works for logit but not for probit.
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5. Panel Logit Model Example BRSNS {{la o8 Her-sid

@ To see how «; is eliminated consider the following.
@ Suppose T=2and Y,y =1

> then either sequence 01 or 10 is possible and «; drops out

Priyii = 0,yi2 = 1lyi1 +yi2 = 1]

=Prlyi1 =0,yi0 = 1]/{Pr[}’i1/ =0,y = 1]+ Prlyj; = L yia = 0]}

- {e"XnP /(14-e" 0 P)} {1/ (1+€"02F))
[P/ (L4t 0P ) {1/ (1€ 2P} o [(L/ (1t X0) )1 2P

exp(xf-lﬁ)

exp(xﬁlﬁ)+expgx§2ﬁ)

_ _exp((xi1—=x2)'B)
1+exp((x;1—x%j2)'B) "

> So do MLE conditional on Y ; y;z = 1 as logit model with regressor
Xj1 — Xj2.
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5. Panel Logit Model Example BRSNS {{la o8 Her-sid

@ Note that time-invariant regressors are dropped, as expected

.0*0LogitOfixedoeffectsiestimator
.OxtlogitOdmdudlcoinsindiseasedfemaledaged]famichild,0fednolog
note:Omultiplelpositiveloutcomesiwithinigroupsiencountered.
note:034590groups(111610obs)0droppedibecausetofiallipositivelor
ooooooallonegativedoutcomes.
note:0TcoinsOomittedibecausedofinoiwithindgroupivariance.
note:0ndiseaselomittedibecausedofinoiwithinigroupivariance.
note:Ofemalelomittedibecausedofinolwithindgroupivariance.
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5. Panel Logit Model Example BRSNS {{la o8 Her-sid

conditionalifixedieffectsilogisticiregressioniiiNumberiofiobs000000= 000009025
GroupOvariable: id NumbertdofOgroupsiii= 000002449

0000000000000000000000000000000000000000000000000bsOperdgroup:Omini= 000000002
000000000000000000000000000000000000000000000000000000000000000avgl= 0000003.7
000000000000000000000000000000000000000000000000000000000000000max0= 000000005

000000000000000000000000000000000000000000000000LREchi2(3)000000000= 000010.74

LogOlikelihoodnO= 03395.5996

Prob0>0chi200000000=00000.0132

00000000dmdu | 000000Coef.000Std. 0Err.000000z0000P>|Zz|00000[95%0Conf.0Interval]
oooooolcoins |00 (Comitted)
jo0Ondisease |O00Comitted)
poopoofemale |00(Comitted)
0o0poooDo0age | 000.0341815000.0183827000001.860000.063000000.07021100000.001848
0ooooooolfam | 0000.478755000.2597327000001.840000.06500000.03031160000.9878217
0popooochild | 0000.270458000.1684974000001.610000.10800000.05979070000.6007068
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5. Panel Logit Model Example Estimator Comparison

Estimator Comparison

.0*0LogitOmixedleffectsiestimatord(samelasixtlogit,re)
.0*0xtmelogitOdmdullcoinsindiseaselfemaledagenfamichildo||oid:

.0*0Panelllogitlestimatoricomparison
.0globaloxT1ist0lcoinsindiseasenfemalenaged]famichild

.OquietlyOdlogitodmdud$x1ist,Ovce(clusternid)
.DestimatesOstorelPOOLED
.OquietlyOxtlogitodmdud$x1ist,0palcorr(exch)ivce(robust)
.OestimatesOstorelPA
.OquietlyOxtlogitodmdun$xlist,Ore0nonn//0SEsfarednoticlusterirobust
.DestimatesOstorelRE
.OquietlyOxtlogitodmdun$xlist,0fe0nonn//0SEsfarednoticlusterirobust
.DestimatesOstorelFE

.OestimatesOtablelPOOLEDIPAIRELFE, Dequations(1)0selb(%8.4f)0stats(NO11)0stfmt(%8.0f)
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5. Panel Logit Model Example Estimator Comparison

0ooovariable |00POOLEDOOOOODOOPADDONDOODOORENNDOOOOODOFE

#1
000000lcoins |00000.1572  00000.1603 00000.2404  0(omitted)
00000.0109 00000.0108 00000.0163
0000ndisease |[00000.0503 00000.0515 00000.0782 0(omitted)
00000.0040 00000.0039  00000.0055
nooooofemale |00000.3092 00000.2977 00000.4631  0(omitted)
00000.0446 00000.0438 00000.0663
000000000age |00000.0043 00000.0046 00000.0073  00000.0342
00000.0022  00000.0021  00000.0032 00000.0184
000000001 fam | 00000.2048 00000.2044  00000.3022  00000.4788
00000.0470 00000.0455 00000.0645 00000.2597
ooooooochild |00000.0922 00000.1185 00000.1935 00000.2705
00000.0728 00000.0674  00000.1002 00000.1685
0000000_cons |00000.6039 00000.5777 00000.8630
00000.1108 00000.1066 00000.1569

Insig2u
0ooooo0_cons 0oool1.2257
00000.0491

Statistics
00000000000N | 0000020186 0000020186 0000020186 0000009025
0oooooooooll |0000011973 0000010879 0000003396

000000000000000000000000000000000000000000000000007egend:0b/se
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5. Panel Logit Model Example Panel Probit

@ Individual fixed effects cannot be eliminated from probit
Prlyi = 1|aj, xit, B] = ®(a; + x;,B) (unlike logit)
@ Instead can do dummy variables probit

» coefficient estimates are biased
» but Ferndndez-Val (2009) shows that there is only small bias in ratio of

coefficients [Aﬂj/ﬁk and in computed average marginal effects even for
small T
—_—

> here AME = L YN, 27T, ¢(@; + X, B)

@ For individual random effects that are normally distributed can show
> Prlyir = 1aj, xjt, B] = ®(a; + X}, B) where a;j ~ N[0, 02]
> = Prlyir = 1|x;t, B] = [ Prlyir = 1laj, x;z, B]f (a;)de; =
D(xi,B//1+ 02) so same as regular probit with coefficients scaled by
V1402
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6. Nonlinear Panel Models Overview [ROIVTU{E

3. Nonlinear Panel Models Overview

@ General approaches similar to linear case

» Pooled estimation or population-averaged
» Random effects
» Fixed effects

@ Complications

» Random effects often not tractable so need numerical integration
» Fixed effects models in short panels are generally not estimable due to
the incidental parameters problem.

@ Here we consider short panels throughout.
@ Standard nonlinear models are:

» Binary: logit and probit
» Counts: Poisson and negative binomial
» Truncated: Tobit
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6. Nonlinear Panel Models Overview Models

Nonlinear Panel Models

@ 1. A pooled or population-averaged model may be used.

» This is same model as in cross-section case, with adjustment for
correlation over time for a given individual.

@ 2. A fully parametric model with individual additive effect a; has
conditional density

f(y,-t\oc,-,x,'t) = f(y,-t,uc,- —|—Xi~t‘3,’y), t = 1, ceny T,', | = 1, ey N,

where 7y denotes additional model parameters such as variance
parameters and «; is an individual effect.
@ 3. A conditional mean model with individual effects

Elyie|ai, xie) = a0 + g (X} B)

For models with 0 < E[yj|a;, x;] < oo can also have multiplicative
effects

E[)/it‘aivxit] =i X g(x?tﬁ)'
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6. Nonlinear Panel Models Overview Marginal Effects

Marginal Effects: Cross-section Model

@ Start with a nonlinear cross-section model with E[y;|xj] = g(x!B).

@ We are often interested in the marginal effects

IEly|x] ag( ’ﬁ)
o 7 B

e This is no longer just B and it varies with evaluation point x

» AME Average marginal effect: 7 ZN agsx ﬁ).

og(x'B)
Jx

X=X

» MEM Marginal effect at mean Xx:
9g(x'B)
ox

» MER Marginal effect at representative value x*:

@ Single-index model E[y|x] = g(x'B) is specialization of g(x, B)

» Ratio of coefficient equals the ratio of marginal effects
, ElyIx/ox _ gXBB; _ B
OE[y|x]/ox, " &' (X'B)Bi ~ Pi’

x=x*
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il i
Marginal Effects: Panel Model

For pooled panel model E[y;|xit] = g(x},8) the same issues arise.

For individual effects panel models the marginal effect can also
depend on «;!

@ e.g. For multiplicative individual effects model
Elyit|ai, xie] = i x g (X}, B)
— aE[y,-t|oc,-, x,-t]/ax,-t =u; X ag(xj-tﬁ)/ax,-t

@ Even if we can consistently estimate f in the presence of «;, we can't
get the marginal effect

» but might get the ratio of ME's
» see also discussion for AME’s in panel binary probit.
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7. Nonlinear Panel Models Estimation Pooled or PA Estimation

7. Pooled or Population-averaged estimation

o Extend pooled OLS

» Give the usual cross-section command for conditional mean models or
conditional density models but then get cluster-robust standard errors
> Probit example:
probit y x, vce(cluster id)
or
xtgee y x, fam(binomial) link(probit) corr(ind)
vce(cluster id)

@ Extend pooled feasible GLS

» Estimate with an assumed correlation structure over time
» Equicorrelated probit example:
xtprobit y x, pa vce(boot)
or
xtgee y x, fam(binomial) link(probit) corr(exch)

vce(cluster id)
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AN\ [T T EETR SET NI EEN =S BV M Random Effects Estimation

Random Effects Estimation

o Assume individual-specific effect a; has specified distribution g(«;|y).
@ Then the unconditional density for the it" observation is

F(Yit, o YiT|Xi1, o XiT B. v, 1)
B /[Hthl f (yie|xit, &, B, ')’)] g(ailn)da;

@ Analytical solution:

» For Poisson with gamma random effect
» For negative binomial with gamma effect
» Use xtpoisson, re and xtnbreg, re

@ No analytical solution:

» For other models.

» Instead use numerical integration (only univariate integration is
required).

» Assume normally distributed random effects.

» Use re option for xtlogit, xtprobit

» Use normal option for xtpoisson and xtnbreg
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7. Nonlinear Panel Models Estimation Random Slopes Estimation

Random Slopes Estimation

@ Can extend to random slopes.

» Nonlinear generalization of xtmixed
» Then higher-dimensional numerical integral.
» Use adaptive Gaussian quadrature

@ Stata commands are:

» xtmelogit for binary data
» xtmepoisson for counts

@ Stata add-on that is very rich:

» gllamm (generalized linear and latent mixed models)
» Developed by Sophia Rabe-Hesketh and Anders Skrondal.
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7. Nonlinear Panel Models Estimation Fixed Effects Estimation

Fixed Effects Estimation

@ In general not possible in short panels.
@ Incidental parameters problem:

» N fixed effects a; plus K regressors means (N + K) parameters
But (N + K) — o0 as N — oo

Need to eliminate a; by some sort of differencing

possible for Poisson, negative binomial and logit

also some bias-corrected estimators have been suggested

vV vy v.Y

@ Stata commands

» xtlogit, fe
» xtpoisson, fe vce(robust)
» xtnbreg, fe

@ Fixed effects extended to dynamic models for logit and probit.

» No Stata command.
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AN\ T EETR BTNV T EERN =S BV M Correlated Random Effects Estimation

Correlated Random Effects Estimation

@ Suppose time-invariant individual effect depends on the average X;
> ;= 7o+ Xt + v vi ~ N[0, 02]

@ The usual random effects model is
> density f(y;|a; +x,,B) where a; ~ N[0, 02]

@ We instead estimate
> density f(yi|v; + X, B+ X:7r) where v; ~ N[0, 02

» so do the usual nonlinear RE estimator with X; added as a regressor

o Notes
» can only identify coefficients of time-varying regressors
» can generalize from X; to other exchangeable functions of data (Altonji

and Matzkin (2005)
» Wooldridge considers extension to unbalanced panel data
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8. Panel Count

@ Model annual number of doctor visits

.0*0Paneld0summarydofidependentivariable

. Oxtsumimdu

variable 000000Meand00Std.ODev.0000000Min00000000Max |O0000Observations
mduddoo000overall 02.8606960004.5047650000000000000000000077 |0000ONO=00020186
Joooooooobetween 03.7859710000000000000063.33333 | 00000n0=00005908
Joooooooowithin 02.57588100034.47264000040.0607 |0TObard=03.41672

@ Data are counts

» Overdispersed as variance = (4.51)% = 20.34 is 7 times the mean.
@ For conditional mean modelling Poisson may still be okay.
@ For parametric modelling need richer model e.g. negative binomial.
e Cross section case Poisson specifies E[y;|x!B] = exp(x}B)

» Poisson MLE is quite robust as first-order conditions are

0,05~ exp(x)xi = 0.

» But be sure to use robust standard errors.
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8. Panel Count

@ Poisson model with individual specific effect

Elyieldi, xi1, .. xi 7] = exp(dj + X}, B)
= exp(;) exp(x;eB)
= “ieXP( it.B)-

@ This is a multiplicative fixed effect that can be quasi-differenced out.
@ Averaging over t for given |

E [}7,'|5,', X1y ooy X,"T] = m;exp(xf.ﬁ)
@ Quasi-difference of the two equations
exp (X}
E [yit _ p( ;tﬁ)
exp(x;B)

E [x;; ;t—Lx;tﬁ) _,'>] = 0.
[ <y o f)
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8. Panel Count

@ So m-estimator for B solves

/
N T EXp(X: _
2[.21 Zt:]. Xijt | Vit — A X Vi =

exp(xf-t )

@ Same as fixed estimator in the fully parametric Poisson case!

» But be sure to use robust standard errors.
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CANEEN NG Poisson Fixed Effects

. Oxtpoissonimdullcoinsindiseaselfemaledagenlfamichild,0felvce(robust)
note:02650groupsi(26500bs) 0droppedibecausetofionlylonelobsiperigroup
note:06660groupsi(21300obs) 0droppedibecauselofiallizeroloutcomes
note:0TcoinsOdroppedibecauselitiisiconstantiwithinigroup
note:0Ondiseasendroppedibecausenitiisiconstantiwithinigroup
note:Ofemaleddroppedibecausenitiisiconstantiwithinigroup

Iterationn0:000TogOpseudolikelihoodnl= 024182.852
Iteration0l:000Tog0Opseudolikelihoodi= 024173.211
Iteration02:0007ogOpseudolikelihoodi= 024173.211

ConditionalifixedieffectsiPoissoniregressioniiniNumberiofiobsinnono= 000017791
Grouplvariable: id NumberDofigroupsiii= 000004977

0000000000000000000000000000000000000000000000000bsOperdgroup:imini= 000000002
000000000000000000000000000000000000000000000000000000000000000avgd= 0000003.6
000000000000000000000000000000000000000000000000000000000000000max0= 000000005

000000000000000000000000000000000000000000000000waldochi2(3)0000000= 000004.58
LogOpseudolikelihoodnn= 024173.211 Prob0>0chi200000000=00000.2051

0000000000000000000000000000000000000(Std.0Err.0adjustediforiclusteringiondid)

000000000000000Robust
000000000mdu | 000000Coef.000Std. DErr.00000020000P>|2z|00000[95%0Conf.0Intervall

000000000age |000.0112009000.0091493000001.220000.22100000.02913310000.0067314
pooooooolfam |000.0877134000.1160837000000.760000.45000000.13980640000.3152332
0000000child |000.1059867000.0786326000001.350000.17800000.04813040000.2601037
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8. Panel Count Poisson Estimator Comparison

Poisson Estimator Comparison

.0*0ComparisonlofiPoissonipanellestimators
.Oquietlyoxtpoissonimdunlcoinsindiseaselfemalenagen]famichild,Opadcorr(unstr)ivce(robust)

.OestimateslstorelPPA_ROB
.OquietlyOxtpoissonimdunlcoinsindiseaselfemalenagen]famichild,Ore
.ODestimatesistorelPRE
.OquietlyOxtpoissonimdulilcoinsindiseasedfemalenaged]famichild, Orednormal
.OestimateslstorelPRE_NORM
.OquietlyOxtpoissonimdunlcoinsindiseasedfemalenaged]famichild, 0fedvce(robust)
.OestimatesOstorelPFE_ROB
.0quietlyoxtpoissonimdunlcoinsindiseasedfemalenagen]famichild,ofe
.OestimateslstorelPFE

.OestimatesOtablelPPA_ROBIPREIPRE_NORMIPFE_ROBIPFE, Dequations (1) 0b(%8.4f)0senstats(NO11)0s
>0tfmt (%8.01)
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8. Panel Count Poisson Estimator Comparison

gooovariable

OPPA_ROBOOONOOPREDOOOOIPRE_NORMOOOPFE_ROBOONOOOPFE

#1
0ooooolcoins

0ooondisease
nooooofemale
0ooooooodage
opoooooolfam
ooooooochild

goooooo_cons

0ooo.
0ooo.
0ooo0.
0ooo.
0oo0.
0oo0.
0ooo.
0ooo0.
0ooo0.
0ooo.
0oo0.
0ooo.
0ooo.
0ooo.

0804
0078
0346
0024
1585
0334
0031
0015
1407
0294
1014
0430
7765
0717

0ooo.
0ooo.
0ooo0.
0ooo0.
0ooo.
oooo.
oooo.
0ooo0.
0ooo0.
0ooo0.
0ooo0.
0ooo.
0ooo.
0ooo.

0878
0069
0388
0022
1667
0286
0019
0011
1352
0260
1083
0341
7574
0618

0ooo.
0ooo.
0ooo0.
oooo.
0o00.
oooo.
0ooo.
0ooo0.
0ooo0.
0ooo0.
0o0o0.
0ooo.
0ooo.
0ooo.

1145
0073
0409
0023
2084
0305
0027
0012
1443
0265
0737
0345
2873
0642

0000.0112
0000.0091
0000.0877
0000.1161
0000.1060
0000.0786

0000.0112
0000.0039
0000.0877
0000.0555
0000.1060
0000.0438

Tnalpha
goooooo_cons

0ooo0.
0ooo.

0251
0210

Tnsig2u
0000000_cons

0ooo0.
0ooo.

0550
0255

Statistics
00000000000N
000000000011

000020186

000020186
000043241

000020186
000043227

000017791
000024173

000017791
000024173

0000000000000000000000000000000000000000000000000000000007egend:0b/se
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- 000000 Powdee |
9. Panel Tobit

@ Model annual medical expenditure

.0*0Paneld0summarylofidependentivariable

. Oxtsumimed

variable }DDDDDDMeanDDDStd.DDev. 0000000Min00000000OMax } goooobservations
medid0000overall 0171.5892000698.26890000000000000039182.02 | 0000ONO=00020186
Joooooooobetween 0503.25890000000000000019615.14 | 00000n0=00005908
Joooooooowithin 00526.26900019395.28000020347.2 |0TObard=03.41672

@ Not shown is that many zeroes (22% of observations)
» leads to inconsistent estimator

@ Control for selection assuming highly parametric Tobit model
Vi = ai+XpPtei

i = Yi Yie>0
! 0 yi<o0

gir ~ NI0,02] and aj ~ N[0, 02].
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9. Panel Tobit

.0*0TobitOrandomieffectsiestimator
.Oxttobitomedilcoinsindiseaselfemaledagenlfamichild,011(0)0nolog

Randomieffectsitobitiregressionii000000000000000Numberdofiobsi00000= 000020186
Numberdofigroupsiii= 000005908

GroupOvariable: 1id

Randomieffectsiu_il~ Gaussian00000000000000000000bsOperigroup:imini= 000000001
000000000000000000000000000000000000000000000000000000000000000avgl= 0000003.4
000000000000000000000000000000000000000000000000000000000000000max0= 000000005

000000000000000000000000000000000000000000000000WaTd0chi2(6)0000000= 000573.45
ProbO>0chi200000000=00000.0000

LogO1likelihoodno= 0130030.45

0o000ooooomed

000000Coef.000Std. DErr.000000Z0000P>|2|00000[95%0Conf.0Interval]

ooonoolcoins
gooondisease
goopoofemale
poogoooobage
0ooooooolfam
0oooooochild
poogooo_cons

00031.102470003.578498000008.
00013.494520001.139156000011.
00060.1011200014.95966000004.
0004.075582000.7238253000005.
00057.7502300014.68422000003.
00052.0231400024.21619000002.
00098.2720300036.05977000002.

690000.
850000.
020000.
630000.
930000.
150000.
730000.

00000000038.1162000024.08875
0000000011.26182000015.72722
0000000030.78072000089.42152
000000002.65691100005.494254
0000000086.53077000028.96968
0320000099.4859900004.560284
00600000168.9479000027.59618

0ooon/sigma_u
0ooo/sigma_e

000371.313400008.64634000042.
000715.17790004.704581000152.

940000.
020000.

00000000354.36680000388.2599
00000000705.95710000724.3987

goopooootrho

000.2123246000.00865830000000000000000000000.19575410000.2296872

J0Observationdsummary: 000004453 0leftOcensorediobservations
000015733 0o00uncensorediobservations
000000000 rightOcensorediobservations
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10. Summary

@ Stata commands cover the main models

Counts Binary
Pooled poisson logit
nbreg probit
GEE (PA) xtgee,family(poisson)  xtgee,family(binomial) link(logit
xtgee,family(nbinomial) xtgee,family(poisson) link(probi
RE xtpoisson, re xtlogit, re
xtnbreg, fe xtprobit, re
Random slopes xtmepoisson xtmelogit
FE xtpoisson, fe xtlogit, fe
xtnbreg, fe

plus tobit and xttobit.
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