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Pooling	
  Cross	
  Sec.ons	
  Across	
  Time	
  

2	
  kinds	
  of	
  data	
  sets:	
  
•  Independently	
  pooled	
  cross	
  sec.on:	
  sampling	
  randomly	
  
from	
  a	
  larger	
  popula.on	
  at	
  different	
  points	
  in	
  .me	
  
•  Observa.ons	
  are	
  not	
  iden.cally	
  distributed.	


•  Panel	
  data	
  or	
  longitudinal	
  data:	
  collec.ng	
  the	
  same	
  
individuals,	
  families,	
  firms,	
  ci.es,	
  states,	
  etc,	
  across	
  .me	
  
•  Can’t	
  assume	
  that	
  observa.ons	
  are	
  independently	
  distributed	
  
across	
  .me:	
  there	
  are	
  .me-­‐constant,	
  unobserved	
  aOributes	
  of	
  the	
  
units	
  being	
  studied.	
  



Year	
  dummy	
  variables	
  

•  The	
  popula.on	
  may	
  have	
  different	
  distribu.ons	
  in	
  different	
  
.me	
  period.	
  We	
  need	
  the	
  intercept	
  to	
  differ	
  across	
  periods	
  >>	
  
including	
  year	
  dummy	
  variables	
  
–  The	
  coefficients	
  on	
  year	
  dummy	
  variables	
  represent	
  changes	
  in	
  
the	
  dependent	
  variable	
  for	
  reasons	
  that	
  are	
  not	
  captured	
  in	
  the	
  
explanatory	
  variables.	
  

–  Compared	
  to	
  a	
  based	
  year	
  
•  We	
  can	
  interact	
  a	
  year	
  dummy	
  variable	
  with	
  key	
  explanatory	
  

variables	
  to	
  see	
  if	
  the	
  effect	
  of	
  that	
  variable	
  has	
  changed	
  over	
  
a	
  certain	
  .me	
  period.	
  
–  Without	
  interac.ons,	
  the	
  effect	
  of	
  each	
  explanatory	
  variables	
  
has	
  remained	
  constant	
  

–  What	
  happens	
  if	
  we	
  interact	
  all	
  independent	
  variables	
  with	
  a	
  
year	
  dummy	
  variable?	
  



Year	
  dummy	
  variables	
  
•  Interac.ons:	
  

	
  log(wage)	
  =	
  β0	
  +	
  δ0y85	
  +	
  β1educ	
  +	
  δ1y85*educ	
  +	
  β2exper	
  	
  
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  +	
  β3exper2	
  +	
  β4union	
  +	
  β5female	
  +	
  δ5y85*female	
  +	
  u	
  

•  Intercept	
  for	
  1985	
  =	
  β0	
  +	
  δ0	
  

•  Return	
  to	
  educa.on	
  in	
  1978,	
  and	
  in	
  1985	
  =	
  β1,	
  and	
  	
  β1	
  +	
  δ1	
  
•  The	
  gender	
  gap	
  in	
  log(wage)	
  in	
  1985	
  =	
  β5	
  +	
  δ5	


•  Test	
  that	
  nothing	
  has	
  happened	
  to	
  the	
  gender	
  differen.al	
  over	
  this	
  7-­‐
year	
  period?	
  	
  >>	
  H0:	
  	
  δ5=	
  0	
  

•  Cau.ons:	
  
–  Monetary	
  term	
  needs	
  to	
  adjust	
  to	
  real	
  value	
  since	
  we	
  compare	
  across	
  

years	
  
–  But	
  if	
  using	
  logarithmic	
  form,	
  real	
  or	
  nominal	
  wage	
  only	
  affects	
  the	
  

coefficient	
  on	
  the	
  year	
  dummy,	
  y85	
  
	
  



Chow	
  test	
  for	
  structural	
  change	
  across	
  .me	
  
•  Chow	
  test:	
  whether	
  a	
  mul.ple	
  regression	
  differs	
  across	
  2	
  groups	
  

	
  

•  Alterna.ve	
  Chow	
  test	
  for	
  2	
  periods:	
  interac.ng	
  each	
  variable	
  with	
  a	
  
year	
  dummy	
  for	
  one	
  of	
  the	
  two	
  years	
  and	
  tes.ng	
  for	
  joint	
  significance	
  
of	
  the	
  year	
  dummy	
  and	
  all	
  of	
  the	
  interac.on	
  terms	
  

•  If	
  more	
  than	
  2	
  periods?	
  
1.  Es.mate	
  the	
  restricted	
  model	
  by	
  pooled	
  regression	
  allowing	
  for	
  

different	
  .me	
  intercepts	
  >>	
  give	
  SSRr	
  
2.  Run	
  a	
  regression	
  for	
  each	
  of	
  T	
  .me	
  periods	
  >>	
  get	
  SSRur	
  

	
  SSRur	
  =	
  SSR1	
  +	
  SSR2	
  +	
  …	
  +	
  SSRT	
  
3.  If	
  there	
  are	
  k	
  explanatory	
  variables	
  (not	
  including	
  the	
  intercept	
  or	
  .me	
  

dummies),	
  we	
  are	
  tes.ng	
  (T-­‐1)k	
  restric.ons,	
  and	
  there	
  are	
  T	
  +	
  Tk	
  
parameters	
  in	
  the	
  unrestricted	
  model	
  

F =
SSRp − (SSR1 + SSR2 )

SSR1 + SSR2
⋅
n− 2(k +1)

k +1

F = SSRr − SSRur
SSRur

⋅
n−T −Tk
(T −1)k



Policy	
  analysis	
  with	
  pooled	
  cross	
  sec.ons	
  

•  Evalua.ng	
  the	
  impact	
  of	
  a	
  certain	
  event	
  or	
  policy	
  with	
  the	
  
data	
  collected	
  before	
  and	
  aher	
  the	
  occurrence	
  of	
  an	
  event	
  

•  A	
  natural	
  experiment	
  occurs	
  when	
  some	
  exogenous	
  event	
  (	
  a	
  
change	
  in	
  government	
  policy)	
  changes	
  the	
  environment	
  in	
  
which	
  individuals,	
  families,	
  firms	
  operate.	
  
–  control	
  group	
  (C):	
  not	
  affected	
  by	
  the	
  policy	
  change	
  
–  treatment	
  group	
  (T):	
  affected	
  by	
  the	
  policy	
  change	

–  These	
  two	
  groups	
  are	
  not	
  randomly	
  assigned.	
  To	
  control	
  for	
  

systema.c	
  differences	
  between	
  the	
  two	
  groups,	
  we	
  need	
  2	
  years	
  of	
  
data:	
  before	
  and	
  aher	
  the	
  change	
  

•  Let	
  dT	
  =	
  1	
  if	
  in	
  the	
  treatment	
  group,	
  0	
  otherwise	
  
	
  	
  	
  	
  	
  Let	
  d2	
  =	
  1	
  if	
  post-­‐policy	
  change	
  .me	
  period,	
  0	
  otherwise	
  

	
  	
   y = β0 +δ0d2+β1dT +δ1d2 ⋅dT +other  factors



•  	
  Without	
  other	
  factors	
  in	
  the	
  regression,	
  	
  	
  	
  	
  will	
  be	
  the	
  
difference-­‐in-­‐differences	
  es.mator:	


•  Some.mes,	
  	
  	
  	
  	
  is	
  called	
  the	
  “average	
  treatment	
  effect”,	
  
measuring	
  the	
  effect	
  of	
  the	
  treatment	
  or	
  policy	
  on	
  the	
  
average	
  outcome	
  of	
  y	
  

Policy	
  analysis	
  with	
  pooled	
  cross	
  sec.ons	
  

δ̂1

δ̂1 = (y2,T − y2,C )− (y1,T − y1,C )

δ̂1

Before	
   Aher	
   Aher	
  -­‐	
  Before	
  

Control	
   β0	
   β0+δ0	
   δ0	
  

Treatment	
   β0+β1	
   β0+δ0+β1+δ1	
   δ0+δ1	
  

Treatment	
  -­‐	
  Control	
   β1	
   β1+δ1	
   δ1	
  



Two-­‐period	
  panel	
  data	
  analysis	
  

•  Panel	
  data	
  can	
  be	
  used	
  to	
  address	
  some	
  kinds	
  of	
  
omiOed	
  variable	
  bias	
  

•  Think	
  of	
  the	
  omiOed	
  variables	
  as	
  being	
  fixed	
  over	
  
.me,	
  then	
  we	
  can	
  model	
  ‘a	
  composite	
  error’	
  
	
   	
   	
   	
   	
   	
  vit = ai + uit 

•  Suppose	
  the	
  popula.on	
  model	
  is	
  

•  If	
  ai	
  is	
  correlated	
  with	
  x,	
  OLS	
  will	
  be	
  biased	
  since	
  we	
  
have	
  ai	
  as	
  a	
  part	
  of	
  the	
  composite	
  error	
  

•  With	
  panel	
  data,	
  we	
  can	
  difference-­‐out	
  the	
  
unobserved	
  fixed	
  effect,	
  ai,	
  then	
  apply	
  OLS	
  

yit = β0 +δ0d2t +β1xit + ai +uit



Two-­‐period	
  panel	
  data	
  analysis	
  

•  View	
  the	
  unobserved	
  factors	
  affec.ng	
  the	
  dependent	
  variable	
  as:	
  1)	
  
constant;	
  2)	
  vary	
  over	
  .me	
  

–  d2	
  =	
  1	
  when	
  t	
  =	
  2	
  and	
  does	
  not	
  change	
  across	
  i	
  
–  ai:	
  all	
  unobserved,	
  .me-­‐constant	
  factors	
  that	
  affect	
  yit	
  =>	
  unobserved	
  

effect,	
  or	
  fixed	
  effect,	
  or	
  unobserved	
  heterogeneity	
  
–  uit:	
  idiosyncra.c	
  error	
  or	
  .me	
  varying-­‐error,	
  represen.ng	
  unobserved	
  

factors	
  that	
  change	
  over	
  .me	
  and	
  affect	
  yit	
  

•  If	
  we	
  pool	
  the	
  2-­‐year	
  data	
  and	
  use	
  OLS	
  (no	
  ai),	
  it	
  will	
  result	
  in	
  
heterogeneity	
  bias,	
  caused	
  from	
  omiOed	
  a	
  .me-­‐constant	
  variable.	
  

•  Reason	
  for	
  collec.ng	
  panel	
  data:	
  allow	
  for	
  the	
  unobserved	
  effect,	
  ai,	
  to	
  be	
  
correlated	
  with	
  the	
  explanatory	
  variables.	
  E.g.,	
  allow	
  the	
  unmeasured	
  city	
  
factors	
  in	
  ai	
  that	
  affect	
  the	
  crime	
  rate	
  to	
  be	
  correlated	
  with	
  the	
  
unemployment	
  rate.	
  

yit = β0 +δ0d2t +β1xit + ai +uit



Two-­‐period	
  panel	
  data	
  analysis	
  

•  First-­‐differenced	
  (FD)	
  es.mator:	
  

–  using	
  2	
  periods	
  data	
  results	
  in	
  a	
  cross-­‐sec.onal	
  regression	
  of	
  the	
  
differenced	
  data.	
  

	
  

•  The	
  differencing	
  used	
  to	
  eliminate	
  ai	
  can	
  greatly	
  reduce	
  the	
  
varia.on	
  in	
  the	
  explanatory	
  variables.	
  

•  Poten.al	
  problem	
  occurs	
  when	
  the	
  key	
  explanatory	
  variables	
  
do	
  not	
  vary	
  much	
  over	
  .me.	
  

Δyit = δ0 +β1Δxit +Δuit



Differencing	
  with	
  more	
  than	
  2	
  periods	
  

•  Suppose	
  we	
  have	
  N	
  individuals	
  and	
  T	
  =	
  3	
  (total	
  no.	
  of	
  obs	
  =	
  3N).	
  
A	
  general	
  fixed	
  effects	
  model	
  is	
  

•  If	
  the	
  unobserved	
  effect	
  ai	
  is	
  correlated	
  with	
  any	
  of	
  explanatory	
  
variables,	
  then	
  using	
  pooled	
  OLS	
  results	
  in	
  biased	
  and	
  
inconsistent	
  es.mates	
  

•  Key	
  assump.on:	
  the	
  idiosyncra.c	
  errors	
  are	
  uncorrelated	
  with	
  
the	
  explanatory	
  variable	
  in	
  each	
  .me	
  period:	
  

–  This	
  rules	
  out	
  cases	
  where	
  future	
  explanatory	
  variables	
  react	
  to	
  current	
  
changes	
  in	
  the	
  idiosyncra.c	
  errors.	
  

–  If	
  we	
  have	
  omiOed	
  an	
  important	
  .me-­‐varying	
  variable,	
  then	
  the	
  key	
  
assump.on	
  is	
  violated.	
  

yit = δ1 +δ2d2t +δ3d3t +β1x1it +...+βk xkit + ai +uit

Cov(x jit,uit ) = 0  for all t, s and j



Differencing	
  with	
  more	
  than	
  2	
  periods	
  

•  If	
  	
  ai	
  is	
  correlated	
  with	
  xjit,	
  then	
  xjit	
  will	
  be	
  correlated	
  with	
  the	
  
composite	
  error,	
  vit	
  =	
  ai	
  +	
  uit.	
  We	
  can	
  eliminate	
  ai	
  by	
  
differencing	
  adjacent	
  periods:	
  

•  Then,	
  apply	
  OLS	
  with	
  a	
  requirement	
  that	
  	
  	
  	
  	
  	
  	
  	
  	
  is	
  uncorrelated	
  
with	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  for	
  all	
  j	
  and	
  t	
  =	
  2,	
  3	
  

•  There	
  will	
  be	
  no	
  intercept.	
  It	
  is	
  beOer	
  to	
  es.mate	
  the	
  1st-­‐
differenced	
  equa.on	
  with	
  an	
  intercept	
  and	
  a	
  single	
  .me	
  
period	
  dummy	
  

•  For	
  balanced	
  panel	
  (same	
  T	
  for	
  each	
  of	
  N),	
  aher	
  first	
  
differencing,	
  the	
  equa.on	
  is	
  

–  We	
  have	
  T-­‐1	
  .me	
  periods,	
  total	
  number	
  of	
  obs	
  is	
  N(T-­‐1)	
  

Δyit = δ2Δd2t +δ3Δd3t +β1Δx1it +...+βkΔxkit +Δuit    for t = 2, 3
Δuit

Δx jit

Δyit =α0 +α3d3t +...+αTdTT +β1Δx1it +...+βkΔxkit +Δuit    for t = 2, 3,...,T



Assump.ons	
  for	
  pooled	
  OLS	
  using	
  First	
  Differences	
  

•  FD.1:	
  For	
  each	
  I,	
  the	
  model	
  is	
  

•  FD.2:	
  A	
  random	
  sample	
  from	
  the	
  cross	
  sec.on	
  
•  FD.3:	
  Each	
  explanatory	
  variable	
  changes	
  over	
  .me	
  (for	
  at	
  

least	
  some	
  i),	
  and	
  no	
  perfect	
  linear	
  rela.onships	
  exist	
  among	
  
the	
  explanatory	
  variables	


•  FD.4:	
  For	
  each	
  t,	
  the	
  expected	
  value	
  of	
  the	
  idiosyncra.c	
  error	
  
given	
  the	
  explanatory	
  variables	
  in	
  all	
  .me	
  periods	
  and	
  the	
  
unobserved	
  effect	
  is	
  zero:	
  E(uit|Xi,ai)	
  =	
  0,	
  Xi	
  contains	
  xjit,	
  t	
  =	
  1,
…,T;	
  j	
  =	
  1,…,k	
  
–  xjit	
  are	
  strictly	
  exogenous	
  condi.onal	
  on	
  the	
  unobserved	
  effect.	
  
–  implica.on	
  of	
  FD.4:	
  E(Δuit|Xi)	
  =	
  0,	
  t	
  =	
  2,…,T	
  
–  FD	
  es.mator	
  is	
  also	
  consistent	
  with	
  a	
  fixed	
  T	
  and	
  as	
  N	
  à	
  ∞	
  

yit = β1x1it +...+βk xkit + ai +uit,    t = 1, ..., T



Assump.ons	
  for	
  pooled	
  OLS	
  using	
  First	
  Differences	
  

•  Next	
  2	
  assump.ons	
  ensure	
  that	
  the	
  standard	
  errors	
  and	
  test	
  
sta.s.cs	
  resul.ng	
  from	
  pooled	
  OLS	
  on	
  the	
  FD	
  are	
  valid	
  

•  FD.5:	
  The	
  variance	
  of	
  the	
  differenced	
  errors,	
  condi.onal	
  on	
  all	
  
explanatory	
  variables,	
  is	
  constant	
  (homoskedas.city)	
  
	
   	
   	
   	
  Var(Δuit|Xi)	
  =	
  σ2,	
  t	
  =	
  2,…,T	
  

•  FD.6:	
  For	
  all	
  t	
  ≠	
  s,	
  the	
  differences	
  in	
  the	
  idiosyncra.c	
  errors	
  
are	
  uncorrelated	
  (serially	
  uncorrelated)	
  
	
   	
   	
   	
  Cov(Δuit,Δuis|Xi)	
  =	
  0,	
  t	
  ≠	
  s	
  
–  FD.1-­‐6:	
  FD	
  es.mator	
  βj	
  is	
  the	
  best	
  linear	
  unbiased	
  es.mator	
  

(condi.onal	
  on	
  the	
  explanatory	
  variables).	
  

•  FD.7:	
  Condi.onal	
  on	
  Xi,	
  the	
  Δuit	
  are	
  independently	
  and	
  
iden.cally	
  distributed	
  normal	
  random	
  variables	
  
–  to	
  let	
  t	
  and	
  F	
  sta.s.cs	
  from	
  FD	
  have	
  exact	
  t	
  and	
  F	
  distribu.ons	
  


