0.1 Practical Methods for Micro-Panel Data Analysis

Myoung-jae Lee

Singapore Management University

(i) Often T'= 2 or 3 used; N large T small; ¢ for individuals often omitted.
(ii) Mostly ‘fixed effect’ (‘related effect’) models; rarely ‘random effect’.

(iii) Based mostly on Lee (2002) and the literature since 2002; other overviews in Arellano

and Honoré (2001), Arellano (2003), and Hsiao (2003),



1. Linear Models

1.1 Getting T x 1 vector y; = ¢gin+ v;

1.2 Moments, IVE and GMM

1.3 Handling Individual Effect §;
1.3.1 Error Differencing
1.3.2 Regressor Differencing
1.3.3 0-Splitting and MDE

2. Limited Dependent Variables

2.1 Conditional Logit and Panel Probit
2.2 Conditional Poisson
2.3 Censored Model
2.4 Dynamic Models
2.4.1 Dynamic Panel Probit
2.4.2 Dynamic Count Response

2.4.3 Dynamic Censored Response

APPENDIX: How to Get SD or CI



0.1.1 1. Linear Models

1.1 Getting T'x1 Vector y; = ¢/n+v; Suppose, fori =1,...,Nandt =1, 2, 3 (=1T),

yir = 117 + & a+ xjy B+ 6;+ui ((1.1))
IX1  1xks 1xks

where 7¢, & and 3 are parameters, ¢; is time-constant regressors, ;; is time-variant regressors,

and ¢; + u;; is an error term.

An example is
yit : In(wage)
7+ ¢ effect of economy on ;; common to all ¢
¢; : race, schooling years
x4 + work hours, local unemployment rate
d; : ability, IQ, or productivity

u; : unobserved residential information

Define

Define

, U= 61 +ui,

((1.2))

Ci= (1’6;)/5 o= (Tl’d)v W= (Civx;t)/a T = (O/’ﬁ/)lv k= kc+k$'

IfT1:T2:T3, then

!
Yit = Wiy Vit

1xk

to be used sometimes to simplify exposition.



Assume only id of (wly,vit) across i while allowing for arbitrary dependence and hetero-

geneity across t within a given i. (1.2) allows endogenous regressors and lagged dependent

variables as regressors.

Define
Yi1 xél Uil
Yi=| Y2 |> x;E Tig | W= | up
YiT 3323 U;3

Write the stacked time-effects as

1 0 0 T1
010 9 | =T =T.
0 0 1 T3
Define
0 0
To—T1 AT
ms=|1 0|, Ar= , T'=
T3—T1 T1
0 1
to get

1 0 0 T 0 0 1 To—T1
0O 1 0 T2 = 1 0 1 T3—T1
0 0 1 T3 0 1 1 T1

The 13 column is the analog for the usual intercept in cross-section models; it becomes a

time-constant regressor.

Observe

15@c =[1,1,1] ®¢; = [¢;y ..y ¢



and finally write (1.2) as

yi = m3AT +(150¢)a + 2 B+ 130, + u;

3x1 3x2 3xke 3xky 3x1 3x1
= m3AT + wiy +vi = ¢ N+ ((1.4))
3x2 3xk 3x(k+2)
where
/
w; = (wilawi%wi?))l: ((1g®ci)lvxi)v
g = (mgw)), n= (AT Y, v= 136;+u;.



1.2 Moments, IVE and GMM Four types of orthogonalities between regressors and

error terms:
summing (SUM): E(
contemp. (CON): E(xiv) =0 Vt
predeter. (PRE): E(zsvr) =0 Vs<t
strictly exo. (EXO): FE(zsv;) =0 Vs,t

The following holds:
SUM « CON «= PRE « EXO.
SUM is the moments for the LSE treating the panel as NT cross-section observations, for

the LSE moment condition is

N_lZithitvit: 0 = E(Et$t’l}t) =0.

This LSE is similar to the ‘between group estimator (BET)’ which is the LSE applied to

Y = 71 Zt Yit and T; = 71 Zt Tit-

In CON, only contemporaneous correlations are zero. In PRE, z; can be correlated with

vg if t > s; e.g., rational expectation models with

E(v,|zq,...,x;) = 0, not with E(v,|z,,......,zp) = 0.

In EXO, zs and v; are uncorrelated Vs, t.

Moment conditions other than the above may be used as well. For example,

E(x,v) =0 Vs<t (nots<tasinPRE)

allowing a contemp. relation for x; and v;.

For IVE under PRE, observe



t = 1:E(vyw)=0,
t = 2:E(vyw1) =0, E(vywz) =0,

t = 3:E(vgw1) =0, E(vgwz) =0, E(vgws) = 0.

Remove redundant moments due to ¢; appearing in all w;’s to get

t = 1:E(vyw)=0,
t = 2:E(vyr1) =0, E(vywa) =0,

t = 3:E(vgz1) =0, E(vgze) =0, E(vqwz) =0.

For IVE, set up the instrument matrix

z =diag{w,, (mll, wh)', (33,17 zh, wh)'}

to observe

w; 0 0 w101

0 X1 0 1V
U1

0 wy O W2V

Z -0 = ’U2 =

0 0 x T1V3
U3

0 0 1z 3Ix1 T2U3

0 0 ws w3v3

[{_kx'(1+2+3)}+kc~3] x3

With z;, the IVE for 7 is

hive = Y @iz (Y _z2) " >z}
'Z%’zz/‘ (Zzizz/‘)_l Zziyi-

The GMM more efficient than the IVE is



hgmm = (Z(hzzl 01:71 Zziqé)_l
i i
a7 O Yz
4 A

Cn = (1/N) >, 2002, Ui = yi — qihive, and

VN (=) ~ N0, (Y aizt/N) €3 (X /M),

AISO, with v; = Yi — qghgmmy

{(1/VN) Y 20 {(1/N) Y ziidiz} T (1/VN) Yz

7 7 (2

is the GMM over-identification test statistic for H, : E(zv) = 0.



1.3 Handling Individual Effect §; When § is related to some components w; in

w = (w’, w}')’, one solution is using w? as instruments for w;. Three other solutions are:

1. Error Differencing: use w; as instruments for v; — v;_1 free of é.

2. Regressor Differencing: use wi — w}_; as instruments for v; if w} = § + w; with w;

unrelated to ¢.

3. §-Splitting: absorb the part of & related to w} into w}v, leaving in v; only the part of &

unrelated to w;.

1.3.1 Error Differencing/Transforming When T = 2,

Yt—Yp_1= Tt—Ti—1 +(96t—96t—1)'5 + up—us—1

is free of 9; LSE or IVE can be applied. For a generic T', apply mean differencing:

(%77

T w >
T " T

Multiply the ‘mean-differencing matrix’

171,
Qr=Ip ——=TL

T
to the y; equation to get
Qryi = QpmrAT +Qrzif + Qru; = Qrwi'y + Qru,
wﬁ'k/ = (mT7 ﬂ?;), 7* = (AT,’ /8/)/;

(3
Tx(T—1+k;)
e.g.,

QTy’i: (yil_gia (X2} y’LT_gZ)/

The ‘within group estimator (WIT)  is

gwit = (O wiQrw) ™ wiQrys.
i 5



As a digression, suppose

_/ — \/
Yie = Wiy +H(wie — W) Y9 +0i+uit
permanent transitory part

= §; = wyy; + 0;i+u; (for BET)

—  yu—U; = (Wy—Wi)"vg + uir — @;.  (for WIT)

If vy =y =, we get yir = wiyy + 6 + wir.

Another digression is that, sometimes when IV is small relative to 7', dummy variables

are used for all 4:

Y = f;B + Eij\iléidij +uj, j=1,..,NT

di; = 1 if datum j is for person ¢ and 0 otherwise.

Let g; (2;) denote the LSE residual of y; (Z;) on dyj, ..., dnj. /3 can be estimated by the LSE
of §; on Z;, which is WIT. This can be seen in the LSE of Y (NT x 1) on Iy ® 17

{(Iy@1r) (Iy@1r)} (Iy@lr)Y
= (IN®1/T1T)71 (Iy®17)Y

= (Iy@T ™) (S 1t o Sayne)'= @y, -n) -

10



Ln(wage) Equation

BET WIT GMM-PRE GMM-EXO
To—T1 -.004(.15) .00(.47)
T3—T1 002(.04)  .001(.04) 004(.17)
1 A413(.58) 1.377(1.2) 412(.45)
age 043(1.3)  .079(1.4) .062(1.1) 076(1.5)
age” -033(-.9) -.081(-1.3)  -.053(-7)  -.076(-1.1)
edu .064(5.2) .010(.24) .064(2.0)
#kids 003(.11)  .044(.76) 027(.16)  -.064(-.41)
In(hour) 013(.57) -.105(-32)  .030(.36)  -.009(-.15)
married 114(.88)  .008(.06)  -.634(-.91)  -.069(-.15)
salaried 259(3.7)  .091(2.0) 271(2.9) 125(2.1)
self-emp.  -.454(-4.2) -200(-1.8)  -.291(-2.6)  -.278(-3.0)
unem.rate  -.012(-.6) -.030(-1.5)  -.039(-2.1)  -.031(-2.4)
p-value for GMM over-1ID test: .288 .035
1.3.2 Regressor Differencing/Transforming Error-differencing removes all time-

constants (e.g., education) along with §. In regressor differencing, the error term—i.e., the

model equation—stays intact and all time-constants are kept. The IVE and GMM are of this

type.
The Linear projection of A on z is
E(\Y) E"Y(27) z = B'z, where B = E~(z2') E(2\);

B is the ‘linear projection coefficient’, and either E(z) = 0 or z should have 1 as its component.

Split A into two parts B’z and € = A — B’z; COR(e, z) = 0 by construction.
Suppose, for a regressor my,
E(m;) and E(dm;) are not functions of ¢,

which is a moment-stationarity assumption. Linearly project m;; on (1,6;) to get

11



mir= ¢;+(my—d;) = o+ Nt

Ait is uncorrelated with ¢; by construction;

Mt =M t—1= Nit— i t—1

can be used as an instrument.

1.3.3 §-Splitting and MDE Chamberlain (1982) rewrites §; as

g = 1- Co +62<6 +E7—x;7‘<7’ Vi, Vi= 5i_CO_E;<6_ETx{L'TCT;

§; is (linearly) projected on (1, &, x4y, ..., z}p), and ({,, ¢L, (1, ..., (') are the (linear) projection

coeflicients.

Substitute §; into y;= 74+¢ia + x5, 8 + §;+u; to get

Yit= Tt+§o+6;(d + CE) + x;t(IB + Ct)+277étx§TCT+Uit7 UitE Vi+uit;

With § gone, each wave can be estimated by LSE or IVE.

When each wave is estimated separately, there occurs problems: e.g., T-many estimates
for @ + (;. How do we combine these? This is done by a minimum distance estimator

(MDE), which is a (weighted) average of T-many estimates.

The advantage of d-splitting is that projection does not require any restriction (no as-
sumption that E(d|c;, 41, ..., x;7) is a linear function of ¢;, z;1, ..., x;7). A disadvantage is that
& is not identified due to (;. This can be avoided omitting ¢; from the variables on which J;

is projected. In this case, the resulting error term may be correlated with ¢; (use IVE then).

Holtz-Eakin et al. (1988,89) project y; on

L, Y1, o Yt—ds Ti—1, - Ty—g, O; to get

12



Yit = Qo +Z}']:10éjtyi,t7j ‘*‘E]"]:lﬁjtxi,tfj +Di0; 4wt

The projection yields PRE type conditions:

E(u,) =0, E(y;;uir) =0, E(z;;uy) =0, t—J<s<t—1.

Removing §; with a ‘quasi-differencing’ y; — (®+/®¢—1)yi+—1, they estimate the model with

IVE. ‘Granger non-causality’ of z; on y; (8;, = 0 Vj,t) can be tested.

13



0.1.2 2. Limited Dependent Variables

2.1 Conditional Logit and Panel Probit Suppose
yh = T AE& B St = T A0LF + vy,
yie = 1[y;,>0], where

T4+ is the time-effect common to all 4,

¢; is time-constant regressors,

T4 18 time-variant regressors,

Wi is (¢, x%;)’, the parameter 7 is (&, 3",

vit = 0; + uy is a composite error.

IVE (for ‘regressor differencing’) is not applicable, for the y;; eq. is not solvable for
vit; only ‘error-differencing’ and ‘0-splitting’ can remove the relation between d; and w;. In

error-differencing, absorb ¢&; into §;, for both will be removed by the differencing.
Conditional logit (CLOG) with T' = 2 assumes
ug is logistic independently of (0;, xi1, T2),
and iid across i and t,
and maximizes, for b (Ax; = (1,25, — x};)’),

exp (Az}b)

1
di [y; I ——————— + gy ln —
Xi: i i In 14 exp (Az}b) Yiz 1+ exp (Ax;b)]

where d; = 1 if y;1 # y;2 and 0 otherwise; the intercept in b is for 79 — 7. CLOG is

error-differencing.

For T > 3, apply CLOG to each possible pair, to combine the estimates with MDE. For
ordered discrete responses (ODR), collapse ODR into binary; apply CLOG to each possible

binary version; use MDE. Also multinomial CLOG is available.

14



The CLOG dynamics is limited. First, u;i, ..., u;p are iid: vy = 0; +ug, t =1, ..., 7T, are
related only through J;; auto-correlation of v;; is constant over ¢. Second, u; is independent
of (8i, i1y eeen , ;7), not just of (8;, ), or of (0, xi1,...,x;); these three are of type EXO,
CON, and PRE.

One disadvantage of the EXO in CLOG is that, constraining u;; to be independent of
the future regressors, the future z;; cannot be adjusted depending on the past u;s. Another
disadvantage is that y; ;1 is not allowed in x;: if y; ;1 is in z;, then u;; becomes dependent

on Tjt+1-
Panel probit assumes
0; = Co +6Ce +aiyCit, ooy +aipCr +ei, e N(QUS)-
Differently from the linear model, this is an assumption, not projection. Plug this into the
Y5 eq. to get
Ui = T+, +E(a+ ) +2,(B+¢,) +Ej75tx§j<j &+ Uit

Divide both sides by oy = SD(e; + ui) and apply the usual probit to each wave. The

remaining steps are similar to those for the linear model projection approach with MDE; an

extra complication is o; varying over ¢.

15



2.2 Conditional Poisson Defining

Azin= (1,25,—2l),

Conditional poisson (CPOI) of Hausman et al. (1984) for count responses maximizes for b

Zyzt Azl b — ln{Zexp Az} b)} .

Wooldridge (1999) shows that CPOI needs only

E(yit‘(spwilv ---yiUiT) = E(yit‘éiawit) Y (Tt + w;tﬁ + 51‘)-

The second equality specifies a regression function. The first equality is an EXO, because
given x;; and §;, the dist. of y;; is that of an ‘error term’ in y;;, and knowing x;-, 7 # ¢, is not
informative for the error term. These assumptions are much weaker than the original ones

for CPOI.

16



2.3 Censored Model

Honoré’s (1992) assumes that u;; and u; are exchangeable given (d;, i1, T2)

When T = 2, for the censored model

Yit=Mmax (y:tﬂ 0),

propose an estimator minimizing

B[ { max (y;5, Azib)—

< Axzib] (yi2_A$;b)yi1 —2

max (;1,

—Axib) —

Private Transfer (Dae-Woo panel; Kang & Lee (2003))

Public transfers

Pre-transfer income

# elderly above 60
Household size
agriculture/fishery /part-time

unemployed /non-paid

96/97, related
3.33
-0.002

-66.52

)
0.11)
)
1.80)

(-

(-
-0.529 (-0.04

(-
91.18 (1.25)
101.06 (1.38)

96/97, unrelated

-0.742 (-4.27)

(-
-0.013 (-1.67)
35.66 (4.89)
-26.61 (-4.51)
116.58 (6.14)

185.04 (8.89)

17
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2.4 Dynamic Models

2.4.1 Dynamic Panel Probit Lee and Tae (2005) assume
vy = lwja +asd; +ui >0, COR(uj,u)=0Vt=2..,T
yir = B Yit—1 +ByYit—12in +wyf +0;tuy > 0], t=2,..,T
0 = Tip+m

The 6 equation comes from

0i = iy, ey Tippp
= (Zwg)po +m; under =, .., = pp= iy

= j;(/L()T) + n; = fé,u + n;, where p = pgT

Substitute the J equation to get

yn = lwjo + Tiosp+ agn; +ui > 0],

yir = LUByYit—1 +ByYit—12i TwiB + T + 0+ uy > 0].

Modelling 0; appears in Chamberlain (1984), and modelling y;p in Heckman (1981).

Assume

2 .. 2 2
Usp N(07 01)7 Ui2;s ---5 Uy are lid N(Ovau)7 ni~ N(07 Un)a
i1, U, ..., Uy, 1); are independent of one another, and

independent of w1, ..., w;.

With ®(a)V{1 — ®(a)}'7¥ = ®{a (2y — 1)}, the log-likelihood function is (¢ = n/a,)

18



T
By , B B
Hq){ (Y34 1 +yzt lzzt = ‘HU;‘tJ_
t=2 w

o +<?> (2y;,—1) Yo(Q)dC ).

u u

The identified parameters for y;o, ..., yiT:

oy/oy shows the importance of 7,. It should have been 0; = Wi + 1;: the coefficients of ¢;

in wy; includes those from w;.

Female Work or Not (KLIPS panel; Lee and Tae (2005))
Vi1 0.571 (2.57) ed3 -0.201 (-2.42)
yi—1*married  0.664 (4.18) ed4 -0.624 (-1.60)
vi_i*edd  0.327 (1.67) ed5 -0.809 (-3.62)
Vi_1*age20  -0.538 (-2.31) ed6 1.541 (3.25)
Vi_1*age30  -0.547 (-2.09)
age 0.289 (11.1)
age2 -0.335 (-11.5)
chl .030 (0.30) chl -1.289 (-6.54)
ch2 -0.002 (-0.03) ch2 -0.286 (-1.68)
ch3 -0.135 (-1.67) ch3 0.318 (2.76)
age20*ed3 0.356 (3.49) age30*ed3 0.187 (1.92)
age20*ed4 1.988 (4.88) age30*ed4 0.342 (0.84)
age20*edb 2.411 (8.80) age30*edb 1.425 (5.81)
income -0.025 (-3.75) income -0.204 (-7.37)
job training  0.298 (2.40)  job training  2.030 (6.16)
married -1.485 (-4.46)  married 0.656 (2.07)
on/o, 1.395 (15.4)
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2.4.1 Dynamic Count Response ‘Integer-valued AR(1) process’ is

Yt = poysq tvy, 0<p<I,
where p oy, is B(y;—1, p)—binomial with #trials y;—1 and success probability p, and v; is
Poisson with parameter A independent of poy;_1; v, t =1, ..., T, are independent.
Motivated by

E(yt’yt_l) =P Y1t A,

Blundell et al. (2002) specify A as a function of regressors:

E(y,l0,Y, 1, W,) = E(y|0,y,_1,w;) = py,_1+exp (1,40 + z;5)

where Wi= (wy, ..y wy), Y= (Ygs 0 yy) -

The first equality is a PRE, and the second is specifying a regression function.
To derive moment conditions, define

M =exp (1,40 +248), € = y—pyi_1—\t

= Y= Pyt ter,  Eleld, Y, ,W,;) =0.

Also define
_ At—1
sle ) = Wepye) = = W eie2)
A Ai—
= ()\t—i—et)t—l — (N\_qtei—1) = ett—l—et_l
>\t )\t

to get the moment condition:

E{St(pa 716, Y, o Wi 1}

At—1
= E{ E(et)\_t‘(s’ thlawt) ’57 Yt727Wt—1 }
At—1
= E{ j\_t'E(et’67 Yt—1>Wt) ’57Yt—2th—1 }: 0.

Apply nonlinear GMM. The case with p = 0 was proposed by Chamberlain (1992) and
Wooldridge (1997).
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2.4.3 Dynamic Censored Response (not practical yet with convergence problem)
For a dynamic censored response

yir = max (0, vy, +auf + 6 +uy),
suppose v > 0 and

ut, U, are identically distributed given (:L‘t, xg,0).

Honoré (1993) defines ‘pseudo-residual’

ets(f%ﬁ) = maXx (05 ($t—$s)/ﬁ, yt_fyytfl) _xf‘,ﬁ
= max (—z,8, —z,8, yi—1yi_1—213)

= max(—:néﬂ, —xLB, 0 +uy).

Since e;s and ey are identically distributed,

0 = Ele,—est|d, z,,xy)
— 0= FE[{max (0, Az, 3, y,—vy—1) — Az

—max (0, —Az},3, ys—YYs_1)} - (functions of z4,x5) .

If

ut, U, are exchangeable given (:Bt, T4, 0),

then (e;s — est)|(x¢, x5, 0) is symmetric around 0, which implies

E{h(e;;—est)|0, 24,25} =0 for any h with h(a) = h(—a).

Honoré and Hu (2004) strengthen the assumption to

U1, ..., Up are iid given (24, ..., 7, §,y0) ((IID))

21



to propose a version identified globally.
Hu (2002) considers

yir = max (0, vy;, 1 + 758 + i +uy);

the latent, not observed, lagged response appears. This is relevant if the censoring is only a

data problem while the economic agent experiences the latent variable; e.g., top-coded income
or censored duration. In this case, use (t —s > 1 under T > 4)

E{1ly,_;>0,y,>0,y,_1> 0,y,> 0] h(e,;—es) |6, 2,2, } =0.

The main proposal of Hu (2002) is in fact a version requiring only 7" = 3 under (IID).
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APPENDIX: How to Get SD or CI For an estimator by (for ) maximizing

Qn(b) = q(z,0),

%

the asymptotic variance for by can be estimated by (omit z;)

{ Z iy ()} Z aivdivy () - { Z iy ()}

where ¢; and gy are the first and second derivatives of ¢ (z;,b) = ¢;(b).

If ¢;p is k x 1, then its gth component at by can be obtained numerically with

gi(bn +¢€-¢cq) — qi(bny —€ - ¢g)
2e

where ¢ is a small constant, say 0.00001, and ¢, is the gth column in ;. gy can be obtained
applying this process to g;p.

Alternatively, use bootstrap percentile method to get confidence intervals (CI). Draw N

pseudo observations randomly with replacement from the original sample to get a pseudo

sample and the pseudo estimate bg\lf). Repeat this, say, 500 times to get bg\l,), ceey b§\5,00). Obtain

the lower and upper 2.5% quantiles which yield a 95% CI.

Define z, /5 as the (a/2)th quantile of N(0,1); i.e., a/2 = ®(z,/2). Denoting the empir-
ical dist. function of the pseudo estimates as K and the N(0,1) dist. function as ®, the CI
is

K (a/2), K7 1-3)] = K {®(z0p)}, K H{B(1 ap))]

A ‘biased-corrected (BC)’ Cl is

K0 {2,207 (K (b))}, K™ H®{z_ o +20 7 (K (by)} -
If by is the median in the pseudo estimates, then K (by) = 0.5 and ®~!(K (by)) = 0; no BC.

If by < median, then K(by) < 0.5, and

d(K(by)) <0 = BC CI shifts left.
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