Example of Poisson Regression in Section2.3:

bike Number of Deaths by Bicycle Accident (DD DO OOOOOO2012)
lowland Lowland Area (0O OO0OOO0OOOOOZ20120

residen Residential Land Area (DOOO0OOOOOO0OO0OO?20120

pop Population (2010)

pref bike lowland dwellings pop

goo 1 11 9794 543 5504
go 2 6 1237 193 1374
g 3 7 1261 216 1326
g 4 4 1757 259 2352
g 5 2 2453 170 1085
go 6 5 1393 163 1167
go 7 5 1437 255 2021
go 8 20 1647 454 2887
go 9 17 752 289 1990
g 10 17 585 272 2005
ud 11 42 1414 487 6373
oo 12 30 1452 489 5560
ao 13 34 274 421 15576
goo 14 17 575 418 8254
go 19 5 2775 274 2375
g 20 4 987 145 1091
g 15 5 656 116 1172
g 16 2 932 93 807
oo 17 4 343 115 855
oo 21 7 751 307 2149
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. poisson bike lowland residen pop

Iteration O: log likelihood = -156.83031
Iteration 1: log likelihood = -153.97721
Iteration 2: log likelihood = -153.97403
Iteration 3: log likelihood = -153.97403
Poisson regression Number of obs = 47
LR chi2(3) = 286.85
Prob > chi2 = 0.0000
Log likelihood = -153.97403 Pseudo R2 = 0.4823
bike | Coef Std. Err z P>|z| [95% Conf. Intervall]
_____________ +________________________________________________________________
lowland | -.0001559 .0000368 -4.23  0.000 -.0002281 -.0000837
residen | .0042478 .000447 9.50 0.000 .0033716 .0051239
pop | .0000519 .0000146 3.56 0.000 .0000234 .0000804
_cons | 1.309844 .1051302 12.46  0.000 1.103793 1.515896

. gen llland=log(lowland)
. gen lresiden=log(residen)

. gen lpop=log(pop)
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. poisson bike 1llland lresiden lpop

Iteration 0: log likelihood = -156.15686
Iteration 1: log likelihood = -155.62550
Iteration 2: log likelihood = -155.62489
Iteration 3: log likelihood = -155.62489
Poisson regression Number of obs = 47
LR chi2(3) = 283.54
Prob > chi2 = 0.0000
Log likelihood = -155.62489 Pseudo R2 = 0.4767
bike | Coef. Std. Err z P>|z| [95% Conf. Intervall]
_____________ +________________________________________________________________
llland | -.1028579 .0800629 -1.28 0.199 -.2597784 .0540625
lresiden | .4817018 .2171779 2.22 0.027 .056041 .9073626
lpop | .5715923 .1220733 4.68 0.000 .332333 .8108517
_cons | -3.93974 .559487 -7.04 0.000 -5.036315 -2.843166

94



3 Panel Data
3.1 GLS — Review

Regression model I:

y=XB+u, u~ N(Q, o’l),
where y, X, B, u,0and I,, are n X 1, n Xk, kx 1,nx 1,n X 1, and n X n, respectively.

We solve the following minimization problem:
min (y - XB)'(y - XP).

Let /3 be a solution of the above minimization problem.
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OLS estimator of S is given by:

B=XX)"'X'y=8+XX)"Xu

EB =B VB =0cXX)"

Regression model II:

y=XB+u, u ~ N, 0°Q),
where Q is n X n.
We solve the following minimization problem:
mﬁin 0= XB)Q 'y - XP).

Let b be a solution of the above minimization problem.
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GLS estimator of S is given by:
bh=XQ'X)' X0y =+ X'Q'X)'XQu.

E() =5, V) = X' Q' x)

e We apply OLS to the following regression model:
y=XB+u, u ~ N, Q).
OLS estimator of S is given by:
B=X'X)""Xy=8+XX)"'Xu.
EB) =B, VB = (X' X) ' X' QX(X'X) .
B is an unbiased estimator.
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The difference between two variances is:
V(B) - V(b)
=X’ X)X QXX X)) - (X QX))
= (XXX - x Q' x) "' x Q" )o(xx) "X - (X'Q-l)()-‘x’g-‘)'
= 02AQA’

Q) is the variance-covariance matrix of u, which is a positive definite matrix.

Therefore, except for Q = I,,, AQA’ is also a positive definite matrix.

This implies that V(3;) — V(b;) > 0 for the ith element of 3.

Accordingly, b is more efficient than j3.
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3.2 Panel Model Basic

Model:
yit:Xitﬁ+vi+uit’ i:192""’n’ t:192""’T

where i indicates individual and ¢ denotes time.

There are n observations for each t.

u;; indicates the error term, assuming that E(u;;) = 0, V(u;,) = 0'34 and Cov(uy, ujs) = 0

fori # jandt # s.

v; denotes the individual effect, which is fixed or random.
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3.2.1 Fixed Effect Model (U OO ODODOO)

In the case where v; is fixed, the case of v; = z;a 1s included.

in: itﬁ+vi+uif’ i:192’”"n, t:1,2,”',Ta

yizyiﬁ+v,~+ﬁ,~, i:1,2,"',7’l,

1 — _ 1< 1 <
Whereyi:TZ)’itaXi:TZXi;, andﬁi:—Zuit,

=1 =1 =1

O =) = X = X)B+ wy —w)),  i=1,2,---,n, t=1,2,---,T,

Taking an example of y, the left-hand side of the above equation is rewritten as:

_ |
Yie =Y = Yit — ?lTyi’
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1 il

1 Yi2
where 17 =| |, whichisa T X 1 vector, and y; =
1 Yir
Yit — Y
Yio = Vi _ | 1,
. =Iry; — 1Tyi =Iry; - _lTlTyi = (IT__lTlT)yi
T T
Yir =i
Thus, 3 _ B
Yii— Y X — X Wi — U;
Yi2 =Y X — X’ Up — Uj '
. = . ﬁ + ” 1= 17 2’ ’na
yir = Y Xir — Yi wir — U;
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which is re-written as:

| | A L, :
(Ir - TlrlT))’i =(Ir - TlTlr)Xi,B‘*‘ (Ir - TlTlT)”i’ i=1,2,--

1.e.,

DTyi = DTX,'ﬁ + Dru;, i=1,2,---,n,

1
where Dy = (I7 — T 171%), which is a T X T matrix.

Note that DD’ = Dr, i.e., Dy is a symmetric and idempotent matrix.

Using the matrix form fori = 1,2, ---,n, we have:
Dry, DrX, Dru,
Dry, DrX, Dru,
=l . B+ . |
DTyn DTXn DTun
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Dr O 0
0 Dr

0

0 0 Dr

Vi X

where y = y.z , X ){2

Yn X
respectively

DT 0 0 DT 0 0
0 Dy : 0 Dy
y= XB+| . u,
0 : ) 0
0 0 Dy 0 0 Dy
Uy
12%)
,andu =| |, whichare Tnx1, Tnxk and Tnx 1 matrices,
Uy

Using the Kronecker product, we obtain the following expression:

(I, ® Dr)y = (I, ® Dp)XB + (I, ® Dr)u,

where (I, ® Dr), y, X, and u are nT X nT, nT X 1, nT X k, and nT X 1, respectively.
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