Limited Dependent Variable
In Panel Data
with Stata



Generalized Linear Model

Nelder and McCullagh (1972) describe a class of Generalized
Linear Models (GLMs) that extends linear regression to permit
non-normal stochastic and non-linear systematic components.

GLMs encompass a broad and empirically useful range of
specifications that includes linear regression, logistic and
probit analysis, and Poisson models.

GLMs offer a common framework in which we may place all of
these specification, facilitating development of broadly
applicable tools for estimation and inference.

In addition, the GLM framework encourages the relaxation of
distributional assumptions associated with these models,
motivating development of robust quasi-maximum likelihood
(QML) estimators and robust covariance estimators for use in
these settings.



GLM Structure

Yi=ht AKX +e

::ui + ei

Model Familvy Link
Linear Regression MNormal [dentity: giu) = pu
Exponential Regression Mormal Log: gl ) log ()
Logistic Regression Binomial Logit: g{pu) = log{p/ (1 —pu))
Probit Regression Binomial Probit: g u) B i)
Poisson Count Poisson Log: gi ) log | )
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f(x)= x*e 7,
The Gamma distribution o“T'(a)
fora,o, x>0
e
The Poisson distribution f (X) = Il x=0,1,2,---

Xi|g; ~ Poisson(g; ;)

Negative binomial distribution 1
G ~ EGamma(e)

F@+x) u"6°

X; ~ NegBinorm(p;,0) = f(x;) == X IT(0) (1 +0)""




Estimation of Discrete Panel Data

1. Binary outcome:
probit
logit

2. Count outcome:
pPOoISSoN
negative binominal



Parameter Estimation,
given incidental parameter problem

Estimation by conditional likelihood: Searching a minimal sufficient statistic.
Chamberlain (1980) indicates that, summation of y;, is a minimal sufficient statistic
for the individual effects. Therefore, maximizing the conditional likelihood
function below yields the conditional logit estimate estimates for 3.

N T
L. = l__llprOb(yili Yior - Yir | ; Yitj

And, by definition of sufficient statistic, the distribution of the
data given this sufficient statistic will not dependent upon
Individual effects .

That is, by conditioning on the summation of y;,, we swept away
Individual effects

Chamberlain G. (1980) Analysis of covariance with qualitative data. Review of Economic Studies, 47, 225-238



Case 1. Female union membership

idcode wear age grade not_smsa sauth union b1 ack
1 e 20 12 u] o 1 1
1 T 2k 1z u] u] u] 1
1 20 258 12 u] o 1 1
1 53 31 12 u] o 1 1
1 =1 23 1z u] u] 1 1
1 = R 1: u] u] 1 1
1 88 EFd 12 u] o 1 1
2 71 12 12 u] o u} 1
z T 2k 1z u] u] 1 1
2 = 26 12 u] o 1 1
2 80 258 12 u] o 1 1
2 g2 30 12 u] o 1 1
z g3 21 1z u] u] 1 1
2 =1 33 12 u] o 1 1
2 a7 Ex 12 u] o 1 1
z 25 27 1z u] u] 1 1
2 Fa 24 1z u] u] 1 1
3 71 25 12 u] o u} 1
3 e 26 12 u] o u} 1
2 3 27 1z u] u] u] 1
3 i 31 12 u] o u} 1
3 = 32 12 u] o u} 1
3 80 34 12 u] o u} 1
2 g2 e 1z u] u] u] 1
3 83 EFd 12 u] o u} 1
3 =1 ER 12 u] o u} 1
2 = 41 1z u] u] u] 1



Union=F(age,
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Estimation

Panel probit by random effect

E xtprobit - Eandom-effects and population-averaged probit models

Model | Corelation | bwiffin | Weishts | SERobust | Reporting | Intesration | Maximization
Diependent wariable: Independent variables: Panel settings. ]
M0n w E] age grade not_smsza muﬂ'l#fc.}rear w E]
[ ] Buppress: constant term ‘

Model type (affects which options are avadable) south year SOUth*year

(%) Random-effects (RE) () Population-averaged (P4

Cptions

10 . , T st
ety IR (U LR
w
Comstradnts:
W Manage. ..
[ Keep collinear wariables (rarely used)

[ oK |[ Comel |[ Submit |




random-effects probit regression Mumber of obs = 26200

Group wariable: idcode Mumber of groups = 4434

random effects u_i ~ Gaussian obs per group: min = 1

avg = 5.9

max = 12

wald chiz(e) = 220.91

Log Tikelihood = -10552.225 Prob > chiZ = 0. 0000

urnion Coef. std. Err. z P=]z| [95% Conf. Interwal]

age . 0082967 . 00B4500 0.98 0.327 -. 0082843 . 0248778

grade -4B2731 - 00904 69 4.85 Q. 000 -O2B7F7FE - 0677686

not_smsa —.130657 -0460548 —3.03 0. 002 —. 2200227 —.0403073

1.=zouth -1.584304 -35B473 -4.42  0.000 -2.2860980 - BE1BOO2

Year —. 00309854 - 00OBEZ009 —0.4% 0.65%2 —-. 0213113 0133406
south#c. year

1 L0134007 0044622 3.00 0.003 . 0046559 0221475

—_cons 1. 668202 4751819 —3.51 0. 000 —2.500542 —. 7168628

Alnsig2u 6103616 -4 587E3 5204418 - FO02814

s igma_u 1.35687 .0311255 1.297217 1.419267

rho . 6480233 0104643 .6272511 . 6682502

Likelihood-ratio test of rho=0: chibar2{0l) = 5984.32 Prob »>= chibar? = 0.000

i ) rho is the proportion of the total variance contributed by the panel-level variance
Insig2u =In(e;)  component. When rho is zero, the panel-level variance component is unimportant,

' o2 and the panel estimator is not different from the pooled estimator.
rho=p=—:=
p 1+o?

A likelihood-ratio test of rho=0 is shown at the bottom of the output. This test formally
compares the pooled estimator (probit) with the panel estimator.



Estimation

Panel probit by equal-correlation, population -averaged

GEE population-averaged maodel Mumber of obs = 26200

Group variable: idcode Mumber of groups = 4434

Link: probit obs per group: min = 1

Fami Ty binomial avg = 5.9

Correlation: exchangeable max = 12

wald chiz(e) = 24257

scale parameter: 1 Prob > chiz = 0. 0000

union Coet. std. Err. z P=|z| [95% Conf. Interwval]

age - 00B9H09 - 0053208 1.69 0.092 —. 0014586 -1 930985

grade -0333174 0062352 5.34 0. 000 - 0210966 0455382

not_smsa - 0715717 027543 -2.60 0. 008 —.1255551 —. 01 75884

1.south -1.017368 207931 —4 .89 0. 000 —1.424905 —. 6098308

year —. 0062708 -0055314 -1.13 0.25%7 -0 /A122 - 0045706
south#c.year

1 - 0086204 -00258 3.34 0.0 0035727 - 3686

_iZOns —. H670007 204771 —-2.94 0. 003 -1.44484 —. 2803592




Robust Covariance

Model | Correlation | bwifiin | Weishts | SERobost | Reporting | Intezration | Optimizatinn

Standand error tepe:
Diefanlt standauwd errors

Srale factors
(%) Divisor N (default)

Conventioml (O Use divisor N-P instead of N [nmp]
Bootstrap
Jackkmife
scale walve choices
() Diefault for chosen family
() Pearsom chi-sguared over d £,
() Devisnce over degrees of freedom
() Do not rescale the variance
& User-supplied scale
GEE population-averaged model Wumber of obs = 26200
Group variable: idcode Mumber of groups = 4434
Link: probit obs per group: min = 1
FamiTy: binomial avg = 5.9
Correlation: exchangeable max = 12
wald chiz(e) = 156.33
scale parameter: 1 Prob » chiz = 0. 0000

(std. Err. adjusted for clustering on idcode)

semirobust

union Coef. std. Err. z P=|z| [95% cConf. Interwval]

age - 0089690 - 00511609 1.75 0. 08O —. 001059 . 1 BOOEE

grade 0333174 0076425 4_36 0. 000 0183383 . 0482065
not_smsa —. 0715717 . 0348659 -2.0% 0.040 —.1399076 —. 0032359
1.south -1.017368 . 2026081 -3.36 0,001 -1.610645 —. 4240906

year —. 0062708 0055745 -1.12 0.261 —-. 0171965 0046549

south#c. year

1 . 00862594 . 0037866 2.28 0.023 0012078 . 0160509

_caons —. B&70007 . 3243050 -2.67 0. 008 -1.502904 —. 2312955




Quadrature Stability

Model | Corelation | bwiffin | Weights | E/Robust | Reporting | Integration | Maximization

Integration options for EE model
Method: Muraber of guadratire points:
Defanlt v 12 |

Mean and variance adaptive Gavss-Hermite guad ratore
Mode and curvatore adaphive Ganss-Hermmate gquadratore
CGranzs-Hermite quad rature

The random-effects model is calculated using quadrature, which is an
approximation whose accuracy depends partially on the number of
integration points used. We can use the quadchk command to see

if changing the number of integration points affects the results. If the
results change, the quadrature approximation is not accurate given the
number of integration points.

Try increasing the number of
integration points using the intpoints() option and run quadchk again.

Do not attempt to interpret the results of estimates when the coefficients
reported by quadchk differ substantially.
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Post-estimation test
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Mumber of obs
Mumber of groups
ohs per group: min

avg
max

wald chiz(e)
Frob = chiZz

26200
4434

1

5.9

12
156.33
0. 0000

Isted for clustering on idcode)

P> z] [95% Conf. Interwal]
0. 08B0 —. 001059 - 0180088
0. 000 -1 83383 0482965
0.040 —. 1299076 —. 0032359
0. 001 -1.610645 —. 4240906
0.261 —. (71965 0046540
0.023 .00 2078 - 0160500
0. 008 -1. 502904 —. 2312955

Predictions, resduals, ete.

Wonlinear predictions

Marzinal means and predictive marzins
Marginal effects

Tests

Tanear comhinatinns nf esimates

Test linear hypotheszes
Test parameters
Test nonlinear hypothesss

T o



E test - Test linear hypotheses after eshmation

Main | Options

Specifications: Test twpe for specification 1
wpecification 1 (required) (%) Coefficients are 0

wpecification 2 _ _

Specification 3 () Linear expressions are equal
gg:ggﬁ:ﬁg é () Coefficients in specific equation axe 0
wpecification &

() Coefficients equal between equations

specification 1, test these coefficients:

1 zouth 1 zouthé#vear

test ( 1.south 1.southdyear)

f 137 1.south = 0
£ 23 l1.southdc.year = 0

chiz¢ 27
Prob > chiZz

105.22
0. 0000

To test whether residing in the south affects union status, we must determine
whether 1.south and south#c.year are jointly significant.



Post-estimation Tests



1. Hausman Test for random effect

Ho: E(u;| X;)=0
* The null hypothesis implies that:

The random effects model is better

* |If the null if rejected, then the fixed effects
model is a better specification.



m=(8-b,y£*(B-b,) E=Cov(B)-Cov(b,)

* Under H,,

— The difference of the estimates of two models are
negligibly small.

— Both LSDV and GLS are consistent, but LSDV are
not efficient. Hence, the random models is the
better choice.

* If we reject H,, only LSDV is consistent, but not
for GLS, fixed models is more applicable.



Hausman test in action

1. R ogit > {HETHEZ%E random
effect o

2. RHEETAEEAEEL » anth Byre o
FH AN E
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year . 00 Survival analysis P lo.o24  —.0287011  .0316502
south —.03 ety ] el y 0000 1.005304 —.7800111
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. B AR > [HETREERTE fixed-effect ©

4. RHEETEERFHL > ditafe o

. 3fT Hausman test.
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BSl hausman - Hausman specification test

Main

| Adwanced
Consstent eshmation: Efficient est.: (blank for most recent)
fe L e
Cptons
[ntercepts Equations to vz to perfiorm test
@Emludefmmcnmpanmn (%) Use first equation only
() Inelude in comparisnn () e all equations

() 8kip these equations:

. hausman fe re, constant

— Coefficients

Chl (B (h-80 sgrofdiagdv_b-v_B))
fe re bifference =.E.
are - 0760241 055224 - 0605017 - 00401 38
grade - OBLYFFEE -0BFO5L11 —. Q021723 - 0379763
not_smsa - 0096844 —. 2555034 . 2651878 -OFF2200
wyear —. 05940931 0014745 —. 06096¥77¥F - 0055826
south —. 476614 —. 9370577 - 18909064 - DO58801L
b = consistent under Ho and Ha; obtained from xtlogit
B = inconsistent under Ha, efficient under Ho; obtained from xtlogit
Test: Ho: difference in coefficients not systematic

chiz(%) = (h-2' [{v_b-v_BlA
= 16.41
Probs=chiz = 0. 0058

(-12](h-B2




2. Computing Marginal Effects

In this example, we fit a population-averaged model of union status on the
woman'’s age and level of schooling, whether she lived in an urban area, whether
she lived in the south, and the year observed. Here we compute the average
marginal effects from that fitted model on the probability of being in a union.

Statistics | User Window  Help

Summaries, tables, and tests 3
T err ekl il relletizg] y |[Prob = chiZ = 0. 0000
Binary outcomes 3
Odinsl outeomes 5 Px]z| [959% Conf. Interwal]
Categorical outeones F (0332 —. 0083598 0247719
Connt omomes 5 0.000 0292627 . 0682251
0.002 -. 2320954 -. 0517916
Ehmal sl y [0.929 -. 0162489 0178078
_ 0. 000 —-. 6050447 —-. 4288631
Endogenaus covariaes > 0000 -2.945088 -1.150355
Sample-selection models 3 5182608 6980848
Multilevel mived-effects models  »

. . 1.295803 1.417700
Generalized linear models 3 _ 626741 667763
Nonparametric analwsis >

WO78.72 Prob »>= chibar2z = 0.000
Time series »
Multivaiats time sries y routh)
State-space models Mumber of ohs = 26200
Longitudinal/pane] data 3
Survival analysis 3
Epideminlogy and related 3
Survey data analsis 3
o . P=|z| [95% cConf. Interwall
Multiple imputation
T e —— 5 Predictions, residuvals, etc.
Womline: dicHo:
Power and sample size 3 ° e
Resampling R Marginal means and predictive marging
Marginal effects
Postestimation 3
Tests »
Cither 3

Tanear rombinatinms nf reimates



E marging - Marginal means, predictive margins, and marginal effects

Main |At iffinfover | Within || BE Advanced | Reporting

Fartor terms 1o compute margins for:

| v

Add grand margin, defavlt if no factor texms specified

Belect responm

(%) Defanlt prediction
() Specity a prediction

) Specify an expresson of estimated. parameters

Marginal effects of responss
(%) Margingl effects diviad a0
() Elasticities d (L) (ns)
() Bemielasticities d (00 s
() Bendelasticities d (bnydd ()
Wariables:
e 2xorle a0t s vear sonth - margins, grand dydx( age grade not_smsa year south)
average marginal effects Mumber of obs = 26200
[] Treat factor-variable level indicator covariates as continuons ~ |M0odel VCE : OIM
Expression : Linear prediction, predict()
dy/dx w.r.T. : age grade not_smsa year south
BN (T E
pelta-method
oyl std. Err. z x|z [95% conf. Interwval]
age - 0082061 0084521 0.97 0.332 —. O0B3 598 0247719
grade - MBF430 . 0099306 4.90 0. 000 . 0202627 . 0682251
| not_smsa —-.1419435 . 459067 -3.09 0. 002 —. 2320954 —-. 0517916
Taar TOoor T S gunesar . o9 0. 929 . on2any . - uL7eurs |
south —. 51609539 .0440451 -11. 50 0. 000 —. 6050447 —. 4288631




Count Model in Panel Data



Count panel data

ship Wi _Con ViE_op service accident op_7L_79 Co_gb_g59 co_70_74 Co_7L_79
1 1 1 127 u] u] u] u] u] |:
1 1 2 &3 u] 1 u] u] u]
1 2 1 1055 3 u] 1 u] u]
1 2 2 10595 4 1 1 u] u]
1 3 1 1512 & u] u] 1 u]
1 3 Z 3353 15 1 u] 1 u]
1 4 1 u] u] u] 1
1 4 2 2244 11 1 u] u] 1
Z 1 1 44552 339 u] u] u] u]
2 1 2 1717e 29 1 u] u] u]
2 2 1 28809 g u] 1 u] u]
Z Z Z 20370 53 1 1 u] u]
2 3 1 Focd 1z ] 0 1 0
2 3 2 130593 44 1 u] 1 u]
2 4 1 u] u] u] 1
2 4 2 7117 15 1 u] u] 1

Ships.dta is data on the number of ship accidents for five different types of ships
(McCullagh and Nelder 1989, 205). We wish to analyze whether the “incident” rate is
affected by the period in which the ship was constructed and operated. Our measure
of exposure is months of service for the ship, and in this model, we assume that the
exponentiated random effects are distributed as gamma with mean one and variance
alpha.

N=ship



Statistics— longitudinal/panel data
— count outcomes — Poisson regression

xtpoisson - Fixed-effects, random-effects, and population-averaged Poisson models E“Elﬁ

Model | Corelation | bwitfin | Weizghts | SE/Fobust | Eeporting | Integration | Maxinization

Diependent variable: Independent variables: [ Panel settings. . ]
accident v|[...] | op_75_79 co_65_69 co_70_74 co_75_79 v|[...)
[ | Buppress constant term

Model bpe (affects which options are available)

(%) Random-effects (RE) () Fixed -effects (FE) () Population-averaged (PA)

Crphoms

(%) Exposure variable: () Offset variable:

SETVCE W

v[ Manage. .. ]

[ | Eeep collinesr wariables (rarely used)



E xtpoisson - Fixed-effects, random-effects, and population-averaged Poisson models T”E”s_q

Model | Comelation | bwitin | Weishts | SE/Robust | Reporting | Integration | Masdimization

a5 w | Confidence level

() Beport coefficients (default)

Addibomal test statizhics
[ ] Perform likelihood-ratio test

[ 1 Do not report constradnts

[ ] &uppres omitted collinesr covariates
[ ] Suppres blank lines

Factor vanahbles

[ ] Suppres covariates with empty cells

Baze level variables

(%) Suppress all baze level variables

() 8how all baze level variables

() Show base levels only in madn effects or first interaction

irr reports exponentiated coefficients e rather than
coefficients b.

For the Poisson model, exponentiated coefficients are
interpreted as incidence-rate ratios.

o

| oK || Cemcel || Submit




Random-effects Poizson regression Mumber of obs = 34
Group variable: ship Mumber of groups = 5
rRandom effects u_i ~ Gamma obs per group: min = 6
avyg = 0.8
max = F
wald chiz(4) = 50.90
Log likelihood = -74.811217 Prob = chiZ = 0. 0000
accident IRR std. Err. z P>z [9%% Conf. Interwval]
Op_7F5_79 1.466305 1734005 3.24 0.001 1.1620957 1.BABY77
Co_6Bh_6%9 2.032543 - 304083 4_74 0.000 1.515982 2.F2512
Co_F0_74 Z2.356853 - 3000250 5.05 0.000 1.690033 3.28B6774
CO_FL_79 1.641913 - 3811398 Z2.14 0.033 1.04174 2. 58786
cervice (exposure)
AS1nalpha -2.368406 - 8474597 -4 .029397 —. FOF4155
alpha - 0936298 07093475 0177851 4929165
LikeTihood-ratio test of alpha=0: chibarz2(0l) = 10.61 Probz=chibharz = 0.001

The output also includes a likelihood-ratio test of o = 0, which
compares the panel estimator with the pooled (Poisson) estimator.

iy Ui i ni
Prig..... Yin, [Cis XKy« ooy Xim, ) = H — | exp ¢ —exp(ay) E Aip pexp | oy E Yit
I i'.l'ir.
= =1 t=1

t=1

where \;; = exp(x3). We may rewrite the above as (defining €; = exp{ay))



Prediction. Case 1

we fit a random-effects model of the number of accidents experienced by five
different types of ships on the basis of when the ships were constructed and
operated. Here we obtain the predicted number of accidents for each
observation, assuming that the random effect for each panel is zero

predict - Prediction after esimation

Main iffin
Wew wariable name: Hew wariable type:
TL_ACC float W
Froduce:
() Linear prediction

() Standard exvor of the linear prediction
{(*) Predicted number of events assuming u_i =0

() Predicted tncidence rate assunming 11 =0

[ ]Tznore offset variable (if any)

[ ok |[ Camel |[ Submit

. predict n_acc, nud
(o mis=sing wvalues generated)



ship WE_con wr_op service accident op_F5_79 Co_k5_g9 co_70_74 Cco_75_79 n_acc

1 1 1 127 ul ul ul ul 0 IIIEHHEH!I
1 1 2 &3 ul 1 ul ul 0 -lz2eFE09
1 2 1 1095 EJ ul 1 ul 0 3.054522
1 2z 2 1055 4 1 1 ul 0 4,478853
1 3 1 1512 & ul ul 1 0 4.,890728
1 3 2 3353 18 1 ul 1 0 15.20302
1 4 1 ul ul ul 1

1 4 2 2244 11 1 ul ul 1 7.414576
2 1 1 443552 33 ul ul ul 0 6l.59727
2 1 2 17176 29 1 ul ul 0 34.56431
2 2z 1 28803 Eg ul 1 ul 0 F9.80521
2 2 2 20370 £3 1 1 ul 0 53.31905
2 3 1 70E4 1z ul ul 1 0 22.849:28
2 3 2 12093 44 1 ul 1 0 62.12753
2 4 1 ul ul ul 1

2 4 2 7117 18 1 ul ul 1 23.51583
3 1 1 1173 1 ul ul ul 0 1.618031

—

. Summarize n_acc N
variable | obs Mean std. Dev. MR Ma

n_acc | 34 13.52307 23.15885 &161?592 83.31905

\_/

From these results, you may be tempted to conclude that some types of ships
are safe, with a predicted number of accidents close to zero, whereas others are
dangerous, because 1 observation is predicted to have more than 83 accidents.




Prediction. Case 2

However, when we fit the model, we specified the exposure(service) option. The variable
service records the total number of months of operation for each type of ship constructed
in and operated during particular years.

Because ships experienced different utilization rates and thus were exposed to different
levels of accident risk, we included service as our exposure variable. When comparing
different types of ships, we must therefore predict the number of accidents, assuming that
all ships faced the same exposure to risk. For this purpose, we do the following:

E predict - Prediction after estimation

Main iffin
Mewe wariable name: Mew variable tpe:
rate_act 4
Produce:
() Linear prediction

() Standard exror of the linesr prediction
(O Predicted number of events asuming v_i=0

(#) Predicted incidence rate assuming v_i=10

[ ]Iznore offset variable (Gf any)

predict rate_acc, irug



ship y¥P_Con yr_op service accident op_75_73 CO_G5_g9 co_FO_74 Co_75_79 n_acc rate_acc

1 1 1z7 [} 0 u] a a 1742982 0013724
1 1 2 &3 [n} 1 u] u] u] 1267209 0020124
1 2 1 1095 3 0 1 a a 3.054522 .00z2733%5
1 z z 1035 4 1 1 a a 4,47F3853 . 0040203
1 3 1 1512 [ 1] u] 1 u] 4,890728 0032246
1 3 2 3353 15 1 u] 1 a 15.3034az2 .0047429
1 4 1 1] u] u] 1 0022534
1 4 2 2244 11 1 u] u] 1 F.o41487 ¢ LO022042
2 1 1 44552 39 0 u] a a El.53727 0013724
2 1 2 17176 29 1 u] u] u] 34.56491 0020124
2 2 1 28609 EE 1] 1 u] u] F9.80521 LO0zFe9sg
Z z z 20370 £3 1 1 a a £3.3130¢% . 0040203
2 K] 1 FOed 12 1] u] 1 u] 22.8492% 0022246
2 3 2 13099 44 1 [u] 1 a B2,12783 0047423
Z 4 1 0 u] a 1 .00zz534
2 4 2 Fl1l7 15 1 u] u] 1 22.51583 LO022042
3 1 1 1172 1 0 u] a a 1.618091 .00137:24
3 1 2 EE2 1 1 u] u] u] 1.110542 0020124
3 2 1 Fal [n} 1] 1 u] u] 2.178613 LO0zFe9s
3 2 2 [y 1 1 1 a a 2.765031 00403903
3 3 1 Fa3 [ 1] u] 1 u] 2.532699 0032346
3 3 2 1345 2 1 u] 1 u] 9,2359211 LO047429
3 4 1 0 u] a 1 00225324
summarize rate_acc
variable | obs Mean Std. Dew. M Max
Fate_acse | 40 002975 LomMo497 L0274 L0740

These results show that if each ship were used for 1 month, the expected number
of accidents is 0.002975. Depending on the type of ship and years of construction
and operation, the incidence rate of accidents ranges from 0.00137 to 0.00474.



Negative binomial distribution
if y is over-dispersed or rare event data

airacc.dta

You have (fictional) data on injury “incidents” incurred among 20 airlines
in each of 4 years.

(Incidents range from major injuries to exceedingly minor ones.) The
government agency in charge of regulating airlines has run an
experimental safety training program, and, in each of the years, some
airlines have participated and some have not. You now wish to analyze
whether the “incident” rate is affected by the program. You choose to
estimate using random-effects negative binomial regression, as the
dispersion might vary across the airlines for unidentified airline-specific
reasons. Your measure of exposure is passenger miles for each airline in
each year.



alracc.

dta

airline
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relsize
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654,408
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Statistics— longitudinal/panel data
— count — negative binominal regression

B8 xtobreg - Fixed-, random-effects, population-averaged negative binomial models E”E| &

Model | Comelation | bwitin | Weizhts | *E/Eobust | Reporting || Maximization

Dependent variable: Independent variables: Panel settings. . ]
i cnt w E] inprog] b E]
[ ] Suppress constant term

Model tipe (affects which options are available)

(%) Random-effects (RE) () Fised -effects (FE) () Population-sversged (F4)
Cptions
(%) Exposure varisble: (73 Offzet variahle:
pniles L
Comgtradits:
v

[ ] Keep collinesr variables irarely uzed)

[ ok [ Comel [ Submt




logit

If we assume a normal distribution, NV [:[}.r:rﬁ ), for the random effects 1,

| o E_yf;'zcrﬁ 1
Privit.. ... %in, |[Xi1, ..., Xin; ) = / N HF{yﬂ.x”,ﬂ + 1) p iy
—mo N 2T, —
where ) 1
it w10
. 1 + exp(—z) :
Fily,z)= s )
otherwise
L 1+ exp(z)

The panel-level likelihood I; is given by

oo E—i-'?l.-'lﬁﬂ'f, LI _
-!TE' = f EE— HF[uﬁ}:ﬂd + 14 d!'a"'i

—ee V2moy |

Ef O Uies Tip, vy )dyy

— o



Poisson

For a random-effects specification, we know that

g . Ty n;
i )\".yn i i
Pr(Yiy. .o in, |0 Xi1, o X, ) = (H ;—t) exp {— exp(ag) Y Au} exp (ﬂ-?; > i-'-«'?;z)
Hit-

t=1 t=1 t=1

where \; = exp(x;;/3). We may rewrite the above as (defining €; = exp(aoy))

T

(A€ Vit 1
Pr(wi..... Yin, €6, Xit, . .. Xin, ) = {H “—1} exp (— D e

t=1 Hit t=1

L . n; .
i ,}'I.yn - Zui Vi
- (H u::)”‘” (‘ff'z}*“) @

t=1 * t=1

We now assume that €; follows a gamma distribution with mean one and variance # so that
unconditional on €

6,6‘ mn; (\f;: oA LLT Zui Uit 6.1
Priwi..... mm|xﬁ,'=1_.|:g.] Hu“: ./.:. exXp _fiz)'tit £ €T expl—fey dey

t=1 - t=1
615' i /\f’;: == i H+Zni yie—1
= Xp g —€6 | 0+ Ai £ =t e ;
I (o) (11 Vi ﬁ R N ; ) "
n;
i 8 Z Uit
(R; y”) I (H-l-zuﬂ) 9 | t=1
_ H it =1
Uit! r(0) ni ni
t=1 H . E+Z}\zf H+Z}'\M
t=1 t=1



negative binominal

For the random-effects and fixed-effects overdispersion models, let ;; be the count for the fth
observation in the ith group. We begin with the model #;; | “i: ~ Poisson(~s ), where ~ | & ~
gammal( Ajz, &5 ) with Ay = exp(x 3 + offseti ) and d; is the dispersion parameter. This yields the

model N
F{Att + y-if ] l it é'z, Uit
Pr(Yie = vae | Xir.05) = -
I Yie = Wit |th i) F[:}'.“:]F(yﬂ-Fl:] 1+ 0, 1+ 4

For a random-effects overdispersion model, we allow d; to vary randomly across groups; namely,
we assume that 1/(1 4 ;) ~ Beta(r, s). The joint probability of the counts for the ith group is

oo T

PriYii = w1, ..., Yin, = in, | X4) = f HPI‘[:T?'J = Wit | Xar, 03) f(dq) dd;
o =1

_ Cir+ s)(r + Z?;1 A )8 + Z?L Uit o ' At + yie )
D(r)T(s)T(r + s+ 20y Aie + 2oty the) o D(Aae) T(yie + 1)

for X; = (X1,.. ., Xin, ) and where [ is the probability density function for 4;. The resulting log
likelihood is

n i i
InL =Z W l]nl"‘[fr +s) + Inl’ (?‘ + }w.-) + lnF(S + Z yik) — Inl'(r) — Inl'(s)
k=1

i=1 k=1

i i L
- lnl"'('r +s4+ ) Akt u:c) +> { InD(Aie + e ) — InC(Aie) — InC{ee + 1)}]
k=1 1

k= t=1

where Ay = exp(xy3 + offseti) and w; is the weight for the ith group {Hausman, Hall, and
Griliches 1984, equation 3.5, 927).



