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Abstract 	  
	  
We	  evaluate	  the	  usefulness	  of	  the	  spatial	  Scan	  test	  in	  specification	  testing	  for	  spatial	  
econometric	  models.	   The	   null	   hypothesis	   assumes	   equality	   of	   the	  mean	   values	   of	   a	  
variable	   in	  all	   the	   locations	  of	  a	  georeferenced	  data	  set.	  The	  alternative	  hypothesis	  
relies	  on	   the	  existence	  of	  one	   (or	  more)	   spatial	   cluster(s)	  where	  mean	  values	  differ	  
from	  those	  of	  the	  rest	  of	  the	  sample.	  First,	  we	  conduct	  a	  Monte-‐Carlo	  simulation	  study	  
to	  analyze	  the	  properties	  of	  this	  test	  when	  applied	  to	  regression	  residuals.	  Second,	  we	  
illustrate	  this	  test	  with	  an	  empirical	  application	  on	  housing	  prices	  in	  Madrid.	  	  
	  
Keywords:	   Spatial	   Scan	   test,	   spatial	   autocorrelation,	   spatial	   instability,	   Monte	  

Carlo	  simulation,	  Housing	  prices	  
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1.	  INTRODUCTION	  

The	   question	   of	   specification	   testing	   has	   received	   a	   lot	   of	   attention	   in	   spatial	  

econometrics.	  In	  the	  early	  days,	  interest	  was	  mainly	  on	  testing	  for	  residual	  spatial	  

autocorrelation,	  using	  Moran’s	   I	   statistics	   (Cliff	   and	  Ord,	  1972).	  Later,	  parallel	   to	  

the	  development	  of	  maximum	  likelihood	  estimation	  of	  spatial	  regression	  models,	  a	  

number	   of	   maximum	   likelihood-‐based	   tests	   statistics	   were	   developed	   (Anselin,	  

1988).	   With	   respect	   to	   specification	   search,	   Lagrange	   multiplier	   (LM)	   statistics	  

have	  been	  extensively	  used	  as	  they	  only	  necessitate	  estimation	  of	  the	  model	  under	  

the	   null	   hypothesis,	   typically	   the	   simple	   regression	   model	   estimated	   using	  

Ordinary	  Least	  Squares	   (OLS).	   	  LM	   tests	  can	   then	  be	  combined	  within	  a	  classical	  

specific-‐to-‐general	  approach	  (Anselin	  and	  Florax,	  1995;	  Anselin	  et	  al.,	  1996;	  Florax	  

et	  al.,	  2003,	  Mur	  and	  Angulo,	  2009).	  During	  the	  last	  decade,	  a	  number	  of	  LM	  tests	  

were	  also	  developed	  to	  detect	  multiple	  sources	  of	  misspecification	  in	  cross-‐section	  

and	   panel	   data	   models	   (see	   Anselin,	   2010	   for	   a	   review).	   The	   diffusion	   of	  

generalized	  method	  of	  moment	   (GMM)	   techniques	   to	   estimate	   spatial	   regression	  

models	   has	   prompted	   the	   use	   of	   tests	   of	   spatial	   dependence	   based	   on	   the	   GMM	  

principle	  (Saavedra,	  2003;	  Lee	  and	  Yu,	  2012).	  	  

The	  other	  side	  of	  spatial	  econometrics,	  namely	  spatial	  heterogeneity,	  has	  received	  

less	   attention	   in	   terms	   of	   specification	   testing.	   Spatial	   heterogeneity	   refers	   to	  

heteroskedasticity	  in	  the	  error	  terms	  or	  to	  parameter	  instability	  that	  has	  a	  spatial	  

dimension;	   i.e.	   the	   regression	   coefficients	   correspond	   to	   a	   number	   of	   distinct	  

spatial	   regimes	   or	   they	   might	   vary	   continuously	   over	   space.	   Because	   spatial	  

autocorrelation	  and	  spatial	  heterogeneity	  may	  be	  observationally	  equivalent	   in	  a	  

cross-‐section,	   specification	   tests	   may	   reveal	   tricky.	   Joint	   tests	   of	   spatial	   error	  

autocorrelation	   and	   heteroskedasticity	   are	   given	   in	   Anselin	   (1988)	   and	   Kelejian	  
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and	  Robison	  (1998).	  Conditional	  tests	  of	  heteroskedasticity	  or	  spatial	  instability	  of	  

regression	  coefficients	   in	   the	  presence	  of	   spatial	   autocorrelation	  can	  be	   found	   in	  

Anselin	  (1988,	  1990).	  

All	   these	   LM	   and	   GMM	   based	   tests	   have	   a	   specific	   alternative:	   they	   are	   focused	  

tests,	  although	  they	  may	  have	  power	  against	  other	  alternatives.	  A	  number	  of	  non-‐

focused	  or	  diffuse	  tests	  have	  also	  been	  suggested	  in	  the	  literature.	  This	  is	  the	  case	  

of	  the	  classical	  Moran’s	  I	  statistics,	  the	  non-‐parametric	  tests	  such	  as	  the	  SBDS	  test	  

(de	   Graaff	   et	   al.,	   2001),	   the	   τ-‐test	   (Pinkse	   et	   al.,	   2002)	   and	   the	   test	   based	   on	  

symbolic	  entropy	  suggested	  by	  López	  et	  al.	  (2010).	  	  

In	  this	  paper,	  we	  follow	  this	  last	  strand	  of	  literature	  and	  explore	  the	  use	  of	  the	  Scan	  

statistic	   to	   test	   for	   spatial	   structure	   in	   regression	   residuals,	   showing	   that	   it	   has	  

power	   against	   several	   alternatives.	   The	   Scan	   test	   is	   a	   very	   popular	   test	   in	  

epidemiology	  (Kulldorff	  and	  Nagarwalla,	  1995)	  and	   it	  has	  also	  been	  employed	   in	  

economics	   in	   its	   spatio-‐temporal	   version	   (Kang,	   2010).	   Usually	   applied	   on	   raw	  

data,	   we	   explore	   here	   how	   it	   behaves	   when	   applied	   to	   regression	   residuals,	  

focusing	   exclusively	   on	   residuals	   of	   cross-‐sectional	   regression	   models,	   leaving	  

panel	   data	   settings	   to	   further	   research.	   	   We	   use	   the	   definition	   proposed	   by	  

Kulldorff	  et	  al.	  (2009)	  as	  the	  specification	  of	  the	  Scan	  test	  they	  suggest	  is	  based	  on	  

the	   Normal	   distribution	   with	   continuous	   outcome,	   hence	   easily	   allowing	   its	  

generalisation	  for	  the	  analysis	  of	  topics	  related	  to	  economics	  and	  regional	  science.	  

In	   particular,	   we	   show	   how	   this	   test,	   by	   allowing	   the	   detection	   of	   clusters	   of	  

significant	   high	   and	   low	   residuals	   is	   a	   useful	   guide	   for	   specification	   search,	   in	  

contrast	   to	   other	   misspecification	   tests	   that	   only	   provide	   an	   indication	   as	   to	  

whether	  the	  null	  is	  rejected	  or	  not.	  Moreover,	  in	  contrast	  to	  the	  LM	  tests,	  the	  Scan	  
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test	   does	   not	   depend	   on	   the	   specification	   of	   a	   weight	   matrix,	   so	   that	   a	  

misspecification	  of	  the	  weight	  matrix	  does	  not	  affect	  its	  performance.	  	  

The	  outline	  of	  the	  paper	  is	  as	  follows.	  In	  the	  next	  section,	  we	  present	  the	  standard	  

version	   of	   the	   Scan	   test,	   detail	   the	   permutational	   approach	   to	   inference	   and	  

provide	  a	  stylized	  illustration.	   In	  section	  3,	  we	  perform	  a	  Monte-‐Carlo	  simulation	  

in	  order	  to	  investigate	  the	  size	  and	  power	  properties	  of	  the	  Scan	  test	  in	  a	  number	  

of	  situations	  pertaining	  to	  cross-‐sectional	  regional	  models	  and	  compare	  them	  with	  

those	  of	   the	  Moran’s	   I	   statistic,	   the	  usual	   LM	   statistics	   for	   spatial	   lag	   and	   spatial	  

error	   and	   the	  general	  misspecification	  RESET	   test.	   In	   section	  4,	  we	   illustrate	   the	  

performance	  of	  the	  Scan	  methods	  to	  test	  spatial	  dependence	  with	  an	  application	  to	  

housing	  prices	  in	  Madrid	  and	  show	  how	  this	  statistic	  helps	  finding	  an	  appropriate	  

specification	  of	  the	  hedonic	  model.	  Finally,	  the	  last	  section	  concludes.	  	  

	  

2.	  THE	  SCAN	  TEST	  

The	  Standard	  Scan	  Test	  

Spatial	   and	   space-‐time	   Scan	   statistics	   are	   popular	   methods	   in	   epidemiology,	  

criminology	   or	   ecology.	   Indeed,	   they	   allow	   analysing	   the	   spatial	   distribution	   of	  

points	   and	   test	   the	   hypothesis	   of	   spatial	   randomness	   of	   this	   distribution	   on	   the	  

basis	  of	  Bernoulli	  and	  Poisson	  models.	  Several	  versions	  of	  the	  Scan	  test	  have	  been	  

suggested	   (Kulldorff,	   1997;	   Glaz	   et	   al.,	   2001)	   using	   different	   distributions.	  

Recently,	   Huang	   et	   al.	   (2007)	   and	   Kulldorff	   et	   al.	   (2009)	   argue	   that	   these	  

definitions	   of	   the	   spatial	   Scan	   statistic,	   while	   suitable	   for	   count	   data,	   are	   not	  

designed	   for	   data	   with	   continuous	   outcomes,	   as	   it	   is	   frequently	   the	   case	   in	  

economic	   applications.	   As	   a	   consequence,	   we	   consider	   in	   this	   paper	   the	   most	  

recent	  definition	  of	   the	   spatial	   Scan	   statistic	  proposed	  by	  Kulldorff	   et	   al.	   (2009):	  
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they	  define	  the	  Scan	  test	  for	  continuous	  data	  and	  the	  specific	  case	  of	  an	  underlying	  

Normal	  distribution	  and	  show	  how	  it	  can	  be	  viewed	  as	  a	  semi-‐parametric	  test.	  This	  

version	  of	  the	  test	  can	  be	  used	  not	  only	  to	  analyse	  point	  processes	  but	  also	  lattices	  

in	  discrete	  space.	  	  

Formally,	  the	  null	  hypothesis	  of	  the	  Scan	  test	  assumes	  equality	  of	  the	  mean	  values	  

of	  a	  variable	  	   =, 1,...,ix i n 	  in	  all	  the	  locations	  of	  a	  georeferenced	  data	  set.	  For	  ease	  of	  

presentation	  and	  without	  loss	  of	  generality,	  we	  assume	  here	  that	  there	  is	  only	  one	  

observation	  for	  each	  location.	  The	  alternative	  hypothesis	  relies	  on	  the	  existence	  of	  

a	  spatial	  cluster	  where	  mean	  values	  differ	  from	  those	  of	  the	  rest	  of	  the	  sample.	  In	  

the	  case	  where	   the	  variable	  presents	  some	  spatial	   structure,	   the	  Scan	   test	  would	  

reject	  the	  null	  of	  equidistribution.	  

The	  null	  hypothesis	  tested	  by	  the	  Scan	  test	  is	  defined	  as	  follows:	  

	   (1)	  

versus	  the	  alternative	  of:	  

	   (2)	  

where	  n	  is	  the	  total	  number	  of	  observations	  in	  the	  sample	  and	  Z	  is	  a	  spatial	  cluster	  

of	  connected	  observations.	  	  

Basically,	  the	  Scan	  test	  identifies	  the	  regional	  clusters	  in	  which	  the	  studied	  variable	  

displays	  a	  significant	  different	  behaviour.	   In	  order	   to	  define	   the	  clusters,	   the	   test	  

uses	  “windows”	  (Z)	  of	  different	  sizes	  and	  shapes	  (usually	  circles	  or	  ellipses)	  and	  it	  

compares	  the	  mean	  value	  of	  the	  observations	  lying	  inside	  the	  window	  with	  those	  

that	   lie	  outside.	  The	  “window”	  (Z)	  moves	  across	  the	  entire	  map,	  changing	  its	  size	  

and	   shape	   while	   searching	   for	   the	   existing	   maximum	   differential	   between	   the	  

spatial	   clusters	   defined	   in	   the	   sample.	   Once	   the	   window	   with	   the	   maximum	  

H0 : xi  Nid(µ,σ ) ∀i =1,...,n

1 : ( , ) ( ) and ( , ) ( ) with .i Z Z i Z Z Z ZH x N i Z x N i Zµ σ λ σ µ λ∈ ∉ ≠: :
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differential	   is	   identified,	   it	   is	   evaluated	   with	   the	   aim	   of	   checking	   whether	   this	  

discrepancy	  appears	  to	  be	  statistically	  significant.	  	  

Under	  the	  null	  hypothesis,	  the	  log	  likelihood	  function	  of	   	  is	  defined	  as:	  

	   (3)	  

The	  maximum	  likelihood	  estimates	  of	  the	  mean	  and	  variance	  are	   /X nµ = 	  where	  

X	  is	  the	  sum	  of	  all	  observed	  values	  and	  σ 2 = µ − xi( )∑
2
/ n 	  respectively.	  	  

Under	   the	   alternative	   hypothesis,	   we	   first	   compute	   the	   maximum	   likelihood	  

estimators	  that	  are	  specific	  to	  each	  window	  Z,	  i.e.	  µZ = xZ / nZ ,	  with	   xZ = xii∈Z∑ and	  

nZ 	  is	  the	  number	  of	  observation	  in	  Z,	  for	  the	  mean	  inside	  the	  circle.	  The	  maximum	  

likelihood	  estimate	  for	  the	  common	  variance	  is:	  

σ z
2 = 1
n

xi
2 − 2xZµZ + nZµZ

2( )
i∈Z
∑ + xi

2 − 2(X − xZ )λZ + n − nZ( )λZ2⎡⎣ ⎤⎦
i∉z
∑⎛

⎝⎜
⎞
⎠⎟ 	  

(4)	  

where	   ( ) / ( )Z Z ZX x n nλ = − − 	   is	   the	   mean	   outside	   the	   circle.	   The	   log	   likelihood	  

function	  for	  the	  alternative	  hypothesis	  simplifies	  to:	  

	   (5)	  

Then	  the	  Scan	  statistic	  is	  defined	  as:	  

Scanµ =maxZ∈Θ
(lnLZ − lnL0 ) =maxZ∈Θ

n ln(σ )+ (xi − µ)2

2σ 2
i
∑ − n / 2 − n ln( σ Z

2 )
⎛
⎝⎜

⎞
⎠⎟ 	  

	  (6)	  

Only	   the	   last	   term	  depends	  on	  Z;	   consequently,	   the	  most	   likely	  cluster	   is	   the	  one	  

that	  minimizes	  the	  variance	  under	  the	  alternative	  hypothesis,	  which	  is	  intuitive.	  

1( ,..., )nX X

( ) ( )2
0 2ln ln( 2 ) ln

2
i

i

x
L n n

µ
π σ

σ

−
= − − −∑

( )ln ln( 2 ) ln 2Z ZL n n nπ σ= − − −
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The	  parameter	  Θ	   is	   a	  previous	  predetermined	   set	   of	   connected	   regions.	   It	   is	   the	  

shape	   and	   size	   of	   the	   window	   that	   should	   be	   established	   for	   the	   empirical	  

implementation	   of	   the	   Scan	   statistic.	   For	   example,	   the	   evaluation	   of	   elliptical	  

windows	   is	  more	   time	  consuming	  but	   it	  provides	  a	  greater	   flexibility	   in	  order	   to	  

compare	  the	  different	  mean	  values,	  inside	  and	  outside	  the	  window.	  Furthermore,	  it	  

is	   recommended	   that	   the	  maximum	  number	  of	   cases	  entering	  any	  given	  window	  

does	   not	   exceed	   50%	   of	   all	   available	   cases.	   Indeed,	   this	   limit	   ensures	   that	   both	  

small	  and	  large	  clusters	  can	  be	  found	  (Kulldorff	  et	  al.,	  2009).	  	  

Because	   the	   Scan	   test	   is	   able	   to	   identify	   and	   locate	   the	   clusters	   of	   high	   or	   low	  

values,	  it	  has	  a	  similar	  purpose	  compared	  to	  local	  spatial	  autocorrelation	  statistics,	  

such	  as	  Getis-‐Ord	   statistics	   (Getis	   and	  Ord,	  1992;	  Ord	  and	  Getis,	   1995)	  and	  LISA	  

statistics	   (Anselin,	   1995).	   However,	   contrary	   to	   these	   local	   statistics,	   the	   spatial	  

Scan	  test	  does	  not	  need	  each	  observation	  to	  be	  tested,	  hence	  avoiding	  the	  complex	  

multiple	   comparison	   problem	   that	   usually	   plagues	   the	   inference	   based	   on	   local	  

spatial	  autocorrelation	  statistics.	  

	  

Scanning	  for	  High	  or	  Low	  Values	  

As	  defined	  above,	  the	  normal	  Scan	  statistic	  searches	  for	  clusters	  with	  exceptionally	  

high	   values,	   as	   well	   as	   clusters	   with	   exceptionally	   low	   values.	   Sometimes,	  

depending	  on	  the	  application,	  it	  makes	  more	  sense	  to	  only	  search	  for	  clusters	  with	  

high	   values.	   The	   latter	   is	   easily	   accomplished	   by	   adding	   an	   indicator	   function	  

I(μZ	  >	  λZ)	   to	   the	   likelihood	   function,	   which	   is	   computed	   under	   the	   alternative	  

hypothesis.	  When	   the	   interest	   lies	   in	  detecting	  only	  clusters	  with	   low	  values,	   the	  

indicator	  function	  instead	  becomes	  I(μZ	  <	  λZ).	  
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Permutational	  Bootstrapping.	  Getting	  the	  pB-‐value	  of	  the	  Scan	  Statistic	  

The	  theoretical	  distribution	  of	   the	  Scanµ	   statistic	  under	   the	  null	  hypothesis	   is	  not	  

known.	   For	   this	   reason,	   its	   significance	   is	   evaluated	   numerically	   by	   simulating	  

neutral	   landscapes	   (obtained	   by	   means	   of	   a	   random	   spatial	   process)	   and	  

comparing	   the	   empirically	   computed	   statistic	   against	   the	   frequency	   of	   values	  

obtained	  from	  the	  neutral	  landscapes.	  	  

Hence,	  a	  pB-‐value	  is	  obtained	  through	  the	  Monte	  Carlo	  hypothesis	  testing	  method,	  

by	   comparing	   the	   rank	   of	   the	  maximum	   likelihood	   functions	   of	   the	   real	   dataset	  

with	   the	   random	   data	   sets,	   with	   a	   number	   B	   of	   replications.	   Specifically,	   the	  

simulation	  procedure	  for	  the	  Scanµ	  test	  is	  as	  follows:	  

1. Compute	  the	  Scanµ	  statistic	  values	  for	  the	  original	  samples	   ,	  where	  s	   is	  a	  

spatial	  location	  with	  latitude	  and	  longitude	  coordinates	  x	  and	  y,	  respectively.	  

2. Re-‐label	  the	  set	  of	  coordinates	  by	  randomly	  drawing	  from	  the	  list	  of	  outcomes	  

without	   replacement,	   to	   obtain	   the	   series	   ,	  where	   r	   is	   the	   index	   of	   the	  

replication.	  

3. Compute	  the	   rScanµ 	  bootstrapped	  statistic	  for	  each	  simulated	  sample	  	   .	  

4. Repeat	   steps	   2	   and	   3	   (B	   –	   1)	   times	   to	   obtain	   B	   realizations	   of	   the{ } 1
r

r
Scanµ

Β

=
	  

bootstrapped	  statistic.	  

5. Compute	  the	  pseudo-‐probability	  as:	  

	  
	  (7)	  
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6. Reject	  the	  null	  hypothesis	  if	   	  for	  a	  nominal	  size	  α.	  

	  

Most	  Likely	  Cluster	  (MLC)	  and	  Secondary	  Clusters	  

When	   the	   Scan	   test	   rejects	   the	   null	   hypothesis	   and	   identifies	   the	  MLC,	   it	   is	   also	  

usually	   interesting	   to	   test	   for	   the	   presence	   of	   additional	   secondary	   clusters.	   A	  

difficulty	   is	   that	   a	   secondary	   cluster	   almost	   identical	   to	   the	   MLC	   with	   a	   similar	  

likelihood	  value	  will	  almost	  always	  be	  found,	  since	  changing	  the	  cluster	  size	  only	  

marginally	  changes	  the	  likelihood.	  Hence,	  some	  uncertainties	  exist	  with	  respect	  to	  

the	   exact	   limit	   of	   the	   MLC.	   However,	   the	   original	   test	   procedure	   also	   allows	  

detecting	  so-‐called	  secondary	  clusters,	  i.e.	  spatial	  clusters	  that	  do	  not	  overlap	  with	  

the	  MLC	  but	  that	  are	  associated	  to	  significantly	  large	  likelihood	  ratios.	  	  

The	  basic	  idea	  consists	  in	  looking	  for	  windows	  that	  do	  not	  overlap	  with	  the	  MLC,	  

for	  which	  the	  likelihood	  get	  to	  the	  maximum.	  To	  obtain	  the	  pseudo	  p-‐value	  of	  these	  

secondary	   clusters,	   the	   standard	  procedure	   is	   to	   compare	   the	   likelihood	   ratio	   of	  

such	   secondary	   clusters	  with	   the	  maximum	   likelihood	   ratios	   from	   the	   simulated	  

data.	  Some	  authors	  (Zhang	  et	  al.,	  2010)	  have	  suggested	  that	  using	  this	  procedure	  

yields	   conservative	  p-‐values	   for	   the	   secondary	   clusters.	  By	  means	  of	   an	   iterative	  

procedure,	   they	  show	  how	  the	  secondary	  clusters	  can	  then	  be	  ordered	  according	  

to	   their	   likelihood	  ratio	   test	   statistic	  values.	  This	   is	   the	  procedure	  we	  use	   in	   this	  

paper.	  

	  

Why	  should	  we	  expect	  spatial	  clusters	  of	  residuals?	  	  

In	   this	   paper,	  we	   apply	   the	   spatial	   Scan	   test	   on	   the	   regression	   residuals.	   In	   this	  

case,	   we	   would	   have	   H0 : εi  Nid(0,σ ) ∀i =1,...,n 	   versus	   the	   alternative	   of:	  

Bp α<
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H0 : εi  Nid(µZ ,σ Z ) (i ∈ Z ) and εi  Nid(λZ ,σ Z ) (i ∉ Z ) with µZ ≠ λZ .	   There	   are	   a	  

number	   of	   reasons	   for	   which	   we	   can	   expect	   that	   the	   spatial	   distribution	   of	  

regression	   residuals	   will	   display	   spatial	   clusters	   of	   deviations	   to	   the	   mean	  

equalling	  0.	  A	  first	  reason	  is	  spatial	  instability	  of	  coefficients:	  different	  coefficients	  

pertaining	  to	  different	  spatial	  regimes	  in	  a	  discrete	  or	  a	  continuous	  fashion.	  If	  such	  

instability	  is	  omitted,	  the	  residuals	  will	  display	  spatial	  clusters	  of	  different	  means.	  

Alternatively,	  if	  spatial	  autocorrelation	  in	  the	  form	  of	  a	  spatial	  error	  or	  a	  spatial	  lag	  

is	   omitted,	   the	   residuals	   will	   be	   spatially	   autocorrelated	   and	   the	   Scan	   test	   will	  

detect	  spatial	  clusters	  with	  means	  deviating	  from	  0.	  Hence,	  we	  expect	  that	  the	  Scan	  

test	  will	  have	  power	  against	  several	  alternatives.	  	  

As	  an	  illustration	  of	  the	  second	  case1,	  we	  define	  a	  process	  on	  a	  regular	  lattice	  with	  

high	  spatial	  dependence	  as	  shown	  in	  Figure	  1a.	  This	  spatial	  process	  consists	  of	  the	  

OLS	   residuals	   of	   a	   variable	   generated	  with	   a	   spatial	   parameter	  λ	   =	   0.9	   in	   a	  pure	  

spatial	  autoregressive	   lag	   (SAR)	  model.	  The	  global	  mean	  of	   the	   residuals	   is	  10-‐15.	  

However,	   since	   their	  values	  are	   spatially	  autocorrelated,	   there	  are	  different	   local	  

means	  across	  the	  surface.	  The	  value	  of	  the	  spatial	  autocorrelation	  statistic	  Moran’s	  

I,	   computed	  with	   a	   standardized	   spatial	  weight	  matrix	   (W)	   based	   on	   a	   common	  

border	   connexion	   criteria	   (rook	   contiguity)2,	   is	   equal	   to	   11.71	   and	   is	   strongly	  

significant	   (p-‐value	  <	  0.001).	   Figure	   1b	   indeed	   shows	   a	  Moran	   scatterplot	  with	   a	  

clear	  linear	  dependence	  between	  the	  residuals	  variable	  and	  its	  spatial	  lag.	  	  

In	   contrast	   to	   Moran's	   I	   statistic,	   the	   value	   of	   Scan	   test	   does	   not	   need	   the	  

specification	   of	   a	   weight	   matrix.	   In	   this	   illustration,	   it	   is	   equal	   to	   37.19	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

(pb-‐value	  <	  0.001	   based	   on	   B	   =	   999	   replications),	   which	   clearly	   rejects	   the	   null	  

hypothesis	  of	  no	  spatial	  autocorrelation,	  as	  does	  Moran’s	  I	  statistics.	  However,	  this	  
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test	   provides	   additional	   information.	   Indeed,	   it	   identifies	   the	   main	   local	   cluster	  

(MLC).	  In	  our	  example,	  it	  consists	  of	  a	  set	  of	  15	  hexagons	  located	  in	  the	  upper-‐left	  

corner	  of	  Figure	  1c	  (depicted	  in	  dark	  grey),	  which	  is	  a	  cluster	  of	  high	  values	  of	  the	  

residuals	  with	  a	  local	  mean	  of	  4.02	  (whereas	  the	  outside	  local	  mean	  is	  -‐0.71).	  The	  

Scan	  procedure	  is	  also	  able	  to	  identify	  a	  secondary	  cluster	  (in	  light	  grey,	  in	  Figure	  

1c),	  which	   is	   formed	  by	  38	  hexagons.	   It	   is	   a	   cluster	   formed	  by	   low	  values	  of	   the	  

residuals,	  with	  a	  local	  mean	  of	  -‐1.74	  (with	  the	  outside	  mean	  equal	  to	  1.07).	  

	  [Figure	  1	  about	  here]	  

3.	  Size	  and	  power	  of	  the	  Scan	  test	  applied	  to	  residuals	  of	  a	  linear	  

cross-‐sectional	  regression	  model	  

In	   the	   presentation	   above,	   the	   Scan	   test	   has	   been	   presented	   for	   geo-‐referenced	  

observations	   corresponding	   to	   a	   single	   variable.	   In	   this	   section,	  we	   evaluate	   the	  

performance	   of	   the	   Scan	   test	  when	   it	   is	   applied	   on	   the	  OLS	   residuals	   of	   a	   linear	  

cross-‐sectional	   regression	  model,	  with	   the	  aim	  of	  detecting	  a	   spatial	   structure	   in	  

these	  residuals.	  For	  that	  purpose,	  we	  conduct	  a	  Monte-‐Carlo	  simulation	  study.	  	  

	  

Set-‐up	  of	  the	  DGP	  

The	  set-‐up	  of	  the	  simulation	  study	  is	  as	  follows:	  	  

i. The	  model	  only	  includes	  one	  regressor	  ( ix )	  and	  it	  is	  specified	  as	  follows:	  

	   2 3i i iy x ε= + + 	   (8)	  

The	  value	  of	  the	  coefficients	  guarantees	  that,	   in	  the	  absence	  of	  spatial	  effects,	  the	  

R2	  of	  the	  model	  is	  close	  to	  0.8.	  
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ii. The	  observations	  of	  the	  regressor	   ix 	  are	  generated	  from	  a	  uniform	  distribution	  

between	  0	  and	  1:	  U(0,1).	  

iii. Regarding	   the	   model	   error	   structure,	   we	   consider	   seven	   types	   of	   error	  

distributions;	  i.e:	  

DGP1,	  the	  residuals	  (ε)	  are	  distributed	  as	  a	  N(0,1);	  	  

DGP2,	  the	  residuals	  are	  distributed	  as	  a	  χ2(1)	  random	  variable;	  	  

DGP3,	  the	  residuals	  are	  distributed	  as	  a	  Beta(1/2,1/2);	  	  

DGP4,	  the	  residuals	  are	  distributed	  as	  a	  Lognormal(0,1);	  	  

DGP5,	  the	  residuals	  are	  distributed	  as	  a	  Binomial	  distribution	  B(R,	  p	  =	  0.1);	  

DGP6,	   the	   residuals	   are	   distributed	   as	   a	  weighted	   average	   of	   a	   χ2(1)	   random	  

variable	   and	   a	   t(2)	   random	   variable,	   with	   a	   uniformly	   distributed	   random	  

weight	   between	   0	   and	   1.	   It	   is	   a	   stochastic	   mixture	   of	   two	   non-‐normal	  

distributions	   that	   generates	   a	   random	   variable	  with	   an	   unknown	   distribution	  

(Lin	  et	  al.,	  2010);	  

DGP7,	   the	   residuals	   exhibit	   a	   heteroskedastic	   error	   structure	   where	   each	  

observation	  displays	  a	  different	  variance	  generated	  from	  the	  standard	  uniform	  

distribution	  on	  the	  interval	  (0,1).	  

iv. We	  specify	  both	  a	  regular	  and	  an	  irregular	  spatial	  distribution	  of	  observations	  

across	  the	  surface:	  

a. For	   the	   regular	   lattice,	   we	   choose	   a	   hexagon-‐based	   regular	   tessellation	   of	  

orders	  (6x6),	  (7x7),	  (10x10)	  and	  (15x15),	  meaning	  that	  the	  sample	  size	  (n)	  is	  

set	   to	   36,	   49,	   100	   and	   225	   observations,	   respectively.	  We	   use	   hexagons	   as	  

they	   follow	   more	   closely	   the	   properties	   of	   irregular	   systems	   than	   regular	  

lattices	  formed	  by	  squares	  (Farber	  et	  al.,	  2009).	  
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b. For	   the	   case	   of	   irregular	   lattices,	   we	   assume	   that	   points	   have	   a	   random	  

distribution	  on	  a	  square	  of	  (1x1)	  and	  we	  select	  the	  same	  sample	  sizes	  (n	  =	  36,	  

49,	  100	  and	  225)	  than	  before.	  

v. Each	  combination	  is	  repeated	  1,000	  times	  in	  order	  to	  compute	  the	  Scan	  test.	  

vi. For	   the	  reasons	  defined	  above,	  we	  select	  Θ	   as	   the	  set	  of	  all	  elliptical	  windows	  

with	   a	   centre	   in	   each	   observation,	   eccentricity	   of	   e	   =	   1,	   1.5,	   2,	   3,	   4,	   5,	   10	   and	  

rotation	  angle	  θ	  =	  kπ/18	  (k	  =	  1,…,18),	  whereas	  the	  maximum	  number	  of	  cases	  

entering	  any	  given	  window	  is	  not	  above	  50%	  of	  all	  the	  available	  cases	  [0.5×n].	  

	  

Size	  of	  the	  Scan	  Test	  

First,	   we	   evaluate	   the	   size	   of	   the	   Scan	   test	   by	   selecting	   the	   general	   alternative	  

hypothesis	  (HA:	  μZ	  >	  μZc	  or	  μZ	  <	  μZc	  for	  at	  least	  one	  Z)	  or	  only	  looking	  for	  the	  cluster	  

of	  higher	  incidence	  (HA:	  μZ	  >	  μZc	  for	  at	  least	  one	  Z).	  The	  number	  of	  permutations	  for	  

each	  simulated	  dataset,	  in	  order	  to	  compute	  the	  pB-‐values,	  is	  fixed	  to	  B	  =	  999.	  The	  

results	  are	  displayed	  in	  Table	  1.	  They	  show	  that:	  	  

1.	   Under	   DGP1,	   with	   ε	   ∼	  Nid(0,1),	   the	   size	   of	   the	   Scan	   test	   is	   very	   close	   to	   the	  

nominal	  value	  of	  0.05,	  even	  for	  very	  small	  sample	  sizes.	  

2.	  	  In	  the	  case	  of	  DGPs	  #	  2	  to	  7,	  the	  empirical	  size	  is	  close	  to	  the	  nominal	  value.	  Only	  

in	  the	  case	  of	  DGP6	  (mixed	  distribution)	  for	  regular	  lattices,	  the	  size	  is	  higher	  for	  

small	  sample	  sizes	  (n	  =	  36	  or	  n	  =	  49),	  though	  it	  tends	  to	  converge	  to	  the	  nominal	  

(0.05)	  as	  the	  sample	  size	  increases.	  	  	  	  

3.	  The	  behaviour	  of	  the	  test	  is	  similar	  for	  regular	  and	  irregular	  lattices.	  

4.	  The	  test	  behaves	  identically	  for	  both	  types	  of	  alternative	  hypotheses.	  

[Table	  1	  about	  here]	  
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In	  Appendix	  A,	  we	  display	  for	  our	  simulation	  set-‐up	  the	  size	  for	  the	  most	  popular	  

diagnostic	  tests	  of	  spatial	  dependence	  on	  the	  OLS	  residuals	  of	  the	  linear	  regression	  

model:	   the	  Moran’s	   I	   (MI)	   statistics,	   the	   Lagrange	  Multiplier	   (LM)	   test	   against	   a	  

spatial	   lag	  alternative	  (LM-‐lag)	  and	  the	  LM	  test	  against	  a	  spatial	  error	  alternative	  

(LM-‐err)	  (Anselin,	  1988).	  The	  results	  are	  similar	   to	   those	  already	  documented	   in	  

the	  literature.	  Notably,	  as	  in	  Anselin	  et	  al.	  (1996),	  the	  sizes	  of	  the	  MI	  and	  LM	  tests	  

are	  close	  to	  the	  nominal	  value	  of	  0.05	  for	  DGP1.	  The	  LM	  tests	  have	  a	  tendency	  to	  

under-‐reject	   the	   null	   for	   DGP2	   (chi-‐square	   distribution),	   DGP4	   (lognormal	  

distribution)	  and	  DGP6	  (mixture	  distribution)	  while	  the	  size	  of	  MI	  is	  closer	  to	  the	  

5%	  level	  than	  the	  LM	  tests	  (Anselin	  and	  Florax,	  1995;	  Florax	  and	  de	  Graaf,	  2004).	  

	  

Power	  of	  the	  Scan	  Test	  	  

As	  mentioned	  above,	  because	  of	  its	  setting,	  we	  expect	  that	  the	  Scan	  test	  has	  power	  

against	  a	  number	  of	  alternatives	   involving	  either	  spatial	   instability	  of	  coefficients	  

or	  spatial	  autocorrelation.	  We	  study	  all	  these	  possibilities	  below.	  

In	  the	  first	  two	  DGPs,	  we	  study	  the	  power	  of	  the	  Scan	  test	  against	  two	  alternative	  

models	   that	   generate	   spatially	   dependent	   residuals.	   In	   particular,	   we	   use	   the	  

spatial	  autoregressive	  lag	  model	  (SAR	  model)	  defined	  as	  y	  =	  Xβ	  +	  λWy	  +	  ε	  and	  the	  

spatial	   autoregressive	   error	   model	   (SEM	   model)	   defined	   as	   y	   =	   Xβ	   +	   u	   with	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

u	  =	  ρWu	  +	  ε.	  In	  both	  cases,	  we	  consider	  ε	  ∼	  N(0,1).	  

We	  compare	  the	  power	  of	  the	  Scan	  test	  with	  those	  obtained	  with	  the	  most	  popular	  

diagnostic	   tests	   of	   spatial	   dependence	   on	   the	   OLS	   residuals	   of	   linear	   regression	  

model:	   the	  Moran’s	   I	   (MI)	   and	   the	   Lagrange	  Multiplier	   tests,	   LM-‐lag	   and	  LM-‐err.	  

Note	   that	   in	   this	   Monte	   Carlo	   exercise,	   we	   used	   the	   asymptotic	   version	   of	   the	  

previous	   tests	   instead	   of	   the	   permutational	   bootstrapping	   version	   (Lin	   et	   al.,	  
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2011).	  	  We	  also	  evaluate	  the	  performance	  of	  the	  Scan	  test	  compared	  to	  the	  classical	  

general	  misspecification	  RESET	  test.	  Finally,	  we	  used	  only	  the	  general	  alternative	  

hypothesis	  (HA:	  μZ	  >	  μZc	  or	  μZ	  <	  μZc	  for	  at	  least	  one	  Z).	  We	  get	  similar	  results	  in	  the	  

case	  HA:	  μZ	  >	  μZc.	  

In	  DGP8	  and	  DGP9,	  we	  select	  different	  spatial	  weight	  matrices	  and	  different	  levels	  

of	  spatial	  dependence:	  

DGP8:	  Standard	  spatial	  contiguity	  matrix	  (W1)	  

W1	   is	   a	   spatial	   contiguity	  matrix	   such	   that	  wij	   =	   1	   if	   the	   hexagons	   i	   and	   j	  have	   a	  

common	   border,	   and	   wij	   =	   0	   otherwise.	   The	   spatial	   weight	   matrix	  W1	   is	   row-‐

standardized.	  We	  select	   three	  values	  of	   the	  parameters	  λ	   and	   ρ:	   0.2,	  0.5	  and	  0.9,	  

corresponding	   respectively	   to	   low,	   medium	   and	   high	   spatial	   positive	  

autocorrelation.	  	  

DGP9:	  Misspecification	  of	  W:	  Local	  versus	  Global	  spatial	  dependence	  (W2)	  

W2	  is	  a	  spatial	  weight	  matrix	  such	  that	  wij	  =	  1	  if	  hexagons	  i	  and	  j	  are	  below	  NN3,	  and	  

wij	   =	   0,	   otherwise,	   with	  NN3	   being	   the	   set	   of	   the	   three	   nearest	   neighbours	   of	   a	  

central	  hexagon	  on	  a	  lattice3,	  as	  shown	  in	  Figure	  2.	  We	  select	  a	  central	  point	  on	  the	  

surface	   in	   case	   of	   irregular	   lattice.	  W2	   is	   row-‐standardized.	   As	   previously,	   we	  

choose	  three	  values	  of	  the	  spatial	  dependence	  parameter:	  	  λ,	  ρ	  =	  0.2,	  0.5	  and	  0.9.	  

[Figure	  2	  about	  here]	  

With	  this	  DGP,	  we	  study	  the	  effects	  of	  misspecifying	  the	  weight	  matrix	  on	  MI,	  LM-‐

lag	   and	   LM-‐err.	   Specifically,	   on	   the	   one	   hand,	   we	   use	   matrix	   W2	   for	   the	  

specification	  of	  spatial	  dependence,	  but	  matrix	  W1	   is	  used	  for	  the	  construction	  of	  

the	   spatial	   tests.	   This	   is	   a	   case	   of	   overspecification	   of	   the	   weight	  matrix,	   in	   the	  

terminology	  of	  Florax	  and	  Rey	  (1995).	  On	  the	  other	  hand,	  we	  study	  the	  effects	  of	  
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underspecification	   by	   using	  W1	   for	   the	   specification	   of	   spatial	   dependence,	   but	  

matrix	  W2	   is	  used	  for	  the	  construction	  of	  the	  spatial	   tests.	  Recall	   that	   in	  contrast,	  

for	  the	  Scan	  test,	  it	  is	  not	  necessary	  to	  specify	  a	  spatial	  connection	  structure.	  

DGP10:	  Instability	  in	  the	  mechanisms	  of	  cross-‐sectional	  dependence	  

In	   this	   case,	   we	   specify	   a	   DGP	   where	   spatial	   dependence	   is	   not	   constant.	   More	  

specifically,	  we	  use	  the	  same	  DGP	  as	  in	  Mur	  et	  al.	  (2009)	  for	  a	  spatial	  lag	  model:	  	  

	  	  y	  =	  Xβ	  +	  H	  W1	  y	  +	  ε	   (9)	  

where	  H	  is	  a	  diagonal	  matrix	  defined	  as:	  

	   1 3

2 3

	  	  if	  	  
	  	  if	  	  ij

i NN
h

i NN
λ

λ

∉⎧
= ⎨

∈⎩
	   (10)	  

With	  λ1	  we	  introduce	  a	  global	  level	  of	  spatial	  dependence	  and	  with	  λ2	  a	  local	  level	  

of	  spatial	  dependence.	  Similarly,	  the	  DGP	  for	  the	  spatial	  error	  model	  would	  be:	  

y	  =	  Xβ	  +	  u	  

	  	  	  	  	  	  	  	  u	  =	  H	  W1	  u	  +	  ε	  

(11)	  

We	   select	   three	   alternative	  parameters	   for	  H:	  λ1	   =	  0.2	   and	  λ2	   =	  0.7;	  λ1	   =	  0.4	   and	  

λ2	  =	  0.8;	  λ1	  =	  0.2	  and	  λ2	  =	  0.9	  (low	  or	  medium	  global	  spatial	  dependence	  and	  strong	  

local	  spatial	  dependence)	  and	  the	  same	  choices	   for	  the	  SEM	  model.	  As	   in	  the	   last	  

case,	  we	  use	  DGP10	  to	  introduce	  some	  spatial	  structure	  in	  the	  variables	  but	  we	  use	  

matrix	  W1	  to	  compute	  the	  classical	  spatial	  dependence	  tests.	  
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DGP11:	  Instability	  in	  the	  trend	  of	  the	  spatial	  process	  

In	  order	  to	  evaluate	  the	  performances	  of	  the	  Scan	  test,	  we	  specify	  discrete	  spatial	  

breaks	  in	  the	  coefficient	  in	  model	  (1).	  	  The	  DGPs	  is	  now	  defined	  as:	  

2 ε= + +i i i iy b x 	   (12)	  

and	  while	  we	  estimate	  a	  model	  with	  constant	  coefficients.	  

The	   coefficients	   bi	   take	   different	   values	   depending	   upon	   the	   location	   of	  

observation	  'i'.	  We	  use	  two	  DGP:	  in	  the	  first	  one,	  we	  consider	  two	  spatial	  regimes	  

(DGP11a)	  and	  in	  the	  second	  one,	  four	  regimes	  (DGP11b).	  In	  both	  cases,	  we	  select	  

two	  levels	  of	  instability,	  low	  and	  strong.	  For	  all	  samples	  sizes	  and	  types	  of	  lattice,	  

we	  choose	   bi 	  parameters	  with	  the	  mean	  are	  close	  to	  3.	  Figure	  3	  shows	  the	  spatial	  

regimes	  in	  case	  of	  regular	  lattice	  and	  the	  value	  of	  the	  parameters.	  

[Figure	  3	  about	  here]	  

Results	  

Table	  2	  displays	  the	  power	  of	  the	  five	  tests	  when	  the	  DGP	  is	  generated	  with	  matrix	  

W1	  (DGP8).	  We	  can	  note:	  

1.	  As	  in	  Anselin	  and	  Rey	  (1991)	  and	  Anselin	  and	  Florax	  (1995),	  Moran’s	  I	  statistic	  

is	  the	  most	  powerful	  test	  for	  most	  cases.	  Only	  the	  LM-‐Lag	  test	  is	  the	  most	  powerful	  

test	  against	  its	  specific	  alternative	  with	  high	  values	  of	  spatial	  dependence	  in	  small	  

samples	  and	  all	  values	  in	  larger	  samples.	  

2.	   The	   power	   of	   the	   classical	   tests	   LM	   is	   higher	   than	   that	   of	   the	   Scan	   test	   for	  

medium	  and	  high	  levels	  of	  spatial	  dependence.	  Nevertheless,	  the	  Scan	  test	  is	  more	  

powerful	  than	  the	  others	  in	  the	  case	  of	  low	  spatial	  dependence	  (0.2).	  

3.	  The	  LM-‐err	  and	  LM-‐lag	  tests	  are	  more	  powerful	  against	  their	  specific	  alternative	  

(Anselin	  and	  Rey,	  1991).	  
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4.	  All	  the	  powers	  increase	  with	  sample	  size	  and	  level	  of	  spatial	  autocorrelation.	  	  

5.	   The	   RESET	   test	   has	   very	   low	   power	   against	   a	   spatial	   lag	   or	   spatial	  

autocorrelation	  alternative,	  since	  the	  values	  obtained	  are	  close	  to	  the	  nominal	  level	  

of	  5%.	  This	  result	  complements	  the	  one	  found	  in	  Vaona	  (2010),	  where	  low	  powers	  

for	  the	  RESET	  test	  were	  found	  when	  spatial	  autocorrelation	  is	  present	  both	  in	  the	  

independent	  variable	  and	  in	  the	  error	  terms	  (SARAR	  model).	  

[Table	  2	  about	  here]	  

Table	  3a	  and	  3b	  show	  the	  power	  of	  the	  four	  tests	  when	  the	  DGP	  is	  generated	  with	  

matrix	  W2	  (DGP9)	  and	  the	  tests	  computed	  with	  W1	  (misspecification	  in	  the	  form	  of	  

overspecification)	   and	   vice	   versa	   (misspecification	   in	   the	   form	   of	  

underspecification),	  respectively	  for	  regular	  and	  irregular	  lattices.	  As	  the	  Scan	  test	  

does	  not	  depend	  on	   the	   specification	  of	   a	  weight	  matrix,	   its	   values	   are	   the	   same	  

along	  the	  first	  and	  second	  part	  of	  Tables	  3a	  and	  3b.	  We	  note	  that:	  

1.	  The	  powers	  of	  the	  three	  spatial	  autocorrelation	  tests	  are	  heavily	  affected	  in	  case	  

of	  overspecification	  of	  the	  weight	  matrix.	  As	  in	  Florax	  and	  Rey	  (1995),	  the	  LM	  tests	  

are	  more	  affected	  by	  overspecification	  than	  MI,	  and	  even	  more	  so	  for	  high	  levels	  of	  

spatial	  autocorrelation.	  	  

2.	  When	   the	   spatial	  weight	  matrix	   is	   overspecified,	   the	  power	  of	   the	   Scan	   test	   is	  

almost	  always	  higher	  than	  the	  other	  three	  tests.	  

3.	  Only	  for	  big	  samples	  are	  the	  MI	  and	  LM	  tests	  as	  powerful	  as	  the	  Scan	  test	  in	  the	  

SAR	  case.	  However,	  in	  the	  SEM	  case,	  the	  Scan	  test	  is	  always	  more	  powerful	  in	  case	  

of	  overspecification,	  in	  particular	  for	  high	  levels	  of	  spatial	  autocorrelation.	  

4.	  The	  Scan	  and	  MI	  tests	  are	  more	  powerful	  against	  a	  spatial	  lag	  alternative	  in	  the	  

case	  of	  overspecification.	  	  
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5.	   In	   case	   of	   underspecification,	   the	   power	   of	   MI	   is	   also	   decreasing	   since	   only	  

partial	  information	  about	  the	  spatial	  connectivity	  structure	  is	  provided	  to	  the	  tests.	  

6.	   The	   LM-‐err	   test	   is	   not	   affected	   as	   it	   is	   the	  most	   powerful	   test	   against	   its	   own	  

alternative	  in	  the	  case	  of	  underspecification.	  It	  is	  followed	  by	  MI	  for	  small/medium	  

values	   of	   spatial	   autocorrelation	   and	   by	   the	   Scan	   test	   for	   high	   levels	   of	   spatial	  

autocorrelation.	  

7.	  Conversely,	  the	  LM-‐lag	  test	  is	  greatly	  affected	  by	  underspecification	  of	  W.	  When	  

the	   alternative	   is	   a	   spatial	   lag	  model,	   the	   Scan	   test	   is	   the	  most	   powerful	   test	   for	  

medium/large	  values	  of	  spatial	  autocorrelation.	  Surprisingly	  the	  LM-‐err	  test	  is	  the	  

most	   powerful	   against	   a	   spatial	   lag	   alternative	   for	   small	   values	   of	   spatial	  

autocorrelation	   whereas	   we	   would	   expect	   that	   the	   LM-‐lag	   test	   is	   the	   most	  

powerful	  against	  its	  own	  alternative4.	  	  

6.	  All	  these	  findings	  hold	  both	  for	  regular	  and	  irregular	  lattices.	  

[Tables	  3a	  and	  3b	  about	  here]	  

Table	   4	   shows	   the	   power	   of	   the	   four	   tests	   in	   the	   case	   of	   spatial	   dependence	  

instability.	  We	  note	  that:	  

1.	  The	  power	  of	  the	  Scan	  test	  is	  almost	  always	  higher	  than	  the	  classical	  spatial	  tests	  

against	  a	  SAR	  alternative.	  

2.	   	  The	  Scan	  test	   is	  slightly	   less	  powerful	  than	  Moran’s	  I	  and	  more	  powerful	  than	  

the	  LM	  tests	  in	  small	  samples	  (n	  =	  36	  and	  n	  =	  49)	  against	  a	  SEM	  alternative.	  

3.	   As	   previously,	   the	   Scan	   and	  MI	   tests	   are	   more	   powerful	   against	   a	   spatial	   lag	  

alternative.	  	  

4.	   The	   powers	   of	   the	   RESET	   model	   applied	   to	   a	   SEM	   (RESET-‐SEM)	   or	   a	   SAR	  

(RESET-‐SAR)	  model	  are	  shown	  in	  the	  last	  columns.	  In	  all	  cases,	  the	  values	  obtained	  
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are	   close	   to	   nominal	   values	   so	   that	   this	   test	   has	   no	   power	   against	   spatial	  

dependence	  instability.	  This	  is	  somewhat	  in	  contrast	  to	  Vaona	  (2010)	  who	  shows	  

that	   implementing	   the	  RESET	   test	   in	  a	  SAR	  or	  a	  SEM	  model	  greatly	   improves	   its	  

rejection	  frequencies	  against	  a	  SARAR	  model.	  This	  does	  not	  hold	  against	  a	  model	  

with	  spatial	  dependence	  instability. 

[Table	  4	  about	  here]	  

Finally,	  Table	  5	  shows	  the	  power	  of	  all	  tests	  in	  the	  presence	  of	  misspecification	  in	  

the	  trend	  of	  the	  process	  using	  DGP11.	  	  

1.	  In	  almost	  all	  cases	  the	  Scan	  test	  is	  the	  powerful	  to	  identify	  spatial	  instability	  in	  

the	  mean	  of	   the	  process.	   It	   is	   followed	  by	  MI	   test,	  which	   therefore	  appears	   to	  be	  

powerful	  against	  spatial	  instability	  of	  regression	  coefficients.	  

2.	  Globally	  the	  tests	  are	  more	  powerful	  when	  the	  alternative	  consists	  of	  4	  regimes	  

rather	  than	  2	  regimes.	  	  	  

3.	  The	  powers	  also	  increase	  with	  the	  difference	  between	  the	  regimes:	  the	  powers	  

are	  markedly	  higher	  in	  the	  case	  of	  a	  strong	  level	  of	  instability.	  

4.	   Finally,	   RESET	   test	   achieves	   only	   very	   little	   power	  when	   the	  misspecification	  

consists	   of	   spatial	   regimes	   and	   spatial	   instability	   of	   coefficients.	   This	   is	   also	  

somewhat	   in	   contrast	   to	  Vaona	   (2010)	  who	  shows	   that	   the	  RESET	   test	  has	  good	  

power	  against	  specifications	   including	  additional	  variables	  and	  their	  squares.	  His	  

result	  therefore	  does	  not	  hold	  for	  spatial	  regimes.	  	  

	  [Table	  5	  about	  here]	  
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Shape,	  Size	  and	  Angle	  of	  the	  Scan	  Test	  

The	  Scan	   test	  provides	  additional	   information	  about	   the	   shape,	   size	  and	  angle	  of	  

the	  MLC	  Z	  with	  different	  means.	  Table	  6	  shows	  the	  values	  of	  these	  parameters	  in	  

the	  case	  of	  n	  =	  100	  in	  a	  regular	  lattice.	  

As	  expected,	  it	  is	  clear	  that	  the	  size	  of	  the	  cluster	  Z	  grows	  when	  spatial	  dependence	  

increases.	  For	  example,	  in	  SEM	  models	  with	  λ/ρ	  =0.2	  the	  mean	  size	  is	  18.6	  and	  for	  

λ/ρ	  =0.9,	  it	  is	  32.3.	  The	  same	  effect	  occurs	  with	  the	  SAR	  model.	  The	  cluster	  sizes	  are	  

practically	  the	  same	  in	  both	  SAR	  and	  SEM	  models	  for	  each	  combination	  of	  values	  of	  

λ	  and	  ρ.	  

[Table	  6	  about	  here]	  

Figure	  4	  shows	  the	  location	  of	  the	  center	  of	  the	  Z	  cluster.	  Note	  that	  with	  low	  spatial	  

dependence,	   the	  centre	  of	   the	  ellipse	  Z	   is	  more	  often	   located	   in	   the	  centre	  of	   the	  

lattice,	  but	  as	  spatial	  dependence	  becomes	  higher,	   the	  centre	  of	  ellipse	  Z	   is	  more	  

often	  set	  in	  the	  border.	  Border	  effects	  and	  the	  differing	  number	  of	  observations	  for	  

central	  and	  peripheral	  hexagons	  might	  explain	  these	  differences.	  	  

[Figure	  4	  about	  here]	  

	  

4.	  Application	  on	  housing	  prices	  

In	  this	  section,	   the	  performance	  of	  the	  Scan	  test	   is	   illustrated	  with	  an	  application	  

on	   housing	   prices	   in	   Madrid.	   Our	   study	   focuses	   on	   the	   city	   center	   of	   Madrid,	  

‘Central	  Almond’,	  which	  is	  an	  area	  administratively	  formed	  by	  7	  districts,	  encircled	  

by	  the	  first	  metropolitan	  ring-‐road	  (the	  M30).	  The	  districts	  in	  the	  agglomeration	  of	  

Madrid	   are	   displayed	   in	   Appendix	   B.	   Due	   to	   confidentiality	   constraints,	   it	   is	  
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difficult	   to	  obtain	  housing	  prices	  microdata	   from	  Spanish	  official	   institutions.	  For	  

this	   reason,	   our	   records	   were	   drawn	   from	   an	   on-‐line	   real	   estate	   database,	  

‘idealista.com’,	  and	  refer	  to	  January	  2008.	  The	  asking	  price	  has	  then	  been	  used	  as	  a	  

proxy	   for	   the	   selling	   price.	   In	   total,	   around	   5,080	   housing	   prices	   were	   finally	  

recorded	  after	  the	  corresponding	  consolidation	  and	  geocoding	  processes.	  

We	  use	  twenty	  explanatory	  variables,	  seven	  of	  which	  are	  attribute	  data	  provided	  

by	   ‘idealista.com’;	   i.e.	   floor	   level,	   dwelling	   type,	   living	   space,	   and	  modernization	  

and	   repair	   (see	   Table	   7	   for	   a	   complete	   definition).	   Additionally,	   we	   constructed	  

eight	   accessibility	   measures	   since	   they	   are	   frequently	   advertised	   by	   real	   estate	  

agents	   and	   often	   capitalized	   in	   housing	   prices:	   distance	   to	   the	   financial	   district,	  

distance	   to	   the	   historical	   center,	   distance	   to	   the	  main	   thoroughfares,	   distance	   to	  

the	  nearest	  metro	  station,	  distance	  to	  the	  nearest	  communication	  hub,	  distance	  to	  

the	  nearest	  park,	  distance	  to	  the	  M30	  ring-‐road	  and	  distance	  to	  private	  and	  semi-‐

public	   schools.	  As	  air-‐pollution	   is	   an	   important	  determinant	  of	  house	  prices	   (e.g.	  

Nelson,	  1978,	  Smith	  and	  Huang,	  1995),	  another	  explanatory	  variable	  in	  our	  model	  

is	  the	  percentage	  of	  households	  that	  estimate	  that	  their	  homes’	  surroundings	  are	  

polluted.	  Since	  it	   is	  a	  2001	  Census	  variable,	  which	  is	  only	  available	  at	  the	  level	  of	  

census	  tracts,	   it	  has	  been	  interpolated	  at	   the	   level	  of	  houses.	  We	  use	  a	  subjective	  

indicator	   of	   air	   pollution	   as	   it	   appears	   to	   have	   better	   explanatory	   power	   than	  

objective	   air	  quality	  measures	   in	   the	   case	  of	  Madrid,	   as	   shown	   in	  Chasco	  and	  Le	  

Gallo	   (2012a).	   Finally,	   we	   consider	   five	   demographic	   and	   socioeconomic	  

characteristics,	   at	   the	   level	   of	   census	   tracts,	   as	   contextual	   variables5:	  

unemployment	   rate,	   percent	   of	   foreign	   population,	   percent	   of	   population	   with	  

secondary	  and	  university	  degrees,	  and	  percent	  of	  households	   that	  estimated	  that	  

their	  houses’	  surroundings	  are	  characterized	  by	  lack	  of	  cleanness	  or	  safety.	  
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[Table	  7	  about	  here]	  

We	  first	  specify	  a	  standard	  spatial	  model	  in	  order	  to	  explain	  variations	  in	  housing	  

prices	  across	  Central	  Almond.	  The	  model	  is	  in	  semi-‐log	  form:	  

0
1 1 1

S C D

i s si c ci d di i i
s c d

lprice x x x p uβ α γ δ λ
= = =

= + + + + +∑ ∑ ∑ 	   	  

where	   lpricei	   is	   the	   log	   of	   price	   of	   transaction	   i;	   S	   is	   the	   number	   of	   property	  

structural	   attributes,	   xsi;	   C	   is	   the	   number	   of	   accessibility	   variables	   xci;	   D	   is	   the	  

number	   of	   demographic	   and	   socioeconomic	   contextual	   variables	  xdi	   and	  pi	   is	   the	  

indicator	   for	   air-‐pollution.	   This	   model	   was	   estimated	   by	   ordinary	   least	   squares	  

(OLS).	  In	  a	  preliminary	  specification	  including	  all	  the	  regressors	  corresponding	  to	  

the	   structural	   characteristics,	   accessibility	   and	   pollution,	   the	   coefficients	   are	  

significant,	   except	   the	   corresponding	   to	   the	   variables	   distance	   to	   the	   historical	  

center	   and	   distance	   to	   parks.	   The	   Jarque-‐Bera	   non-‐normality	   statistic	   on	   the	  

residuals	  takes	  on	  a	  high	  and	  very	  significant	  value	  (290.84),	  which	  is	  an	  indicator	  

of	  clear	  non-‐normality	   in	   the	  error	   terms.	  Additionally,	   the	  Breusch-‐Pagan	  test	   is	  

also	  very	  high	  and	  significant	  (690.67)	  rejecting	  the	  null	  of	  homoscedasticity.	  	  

Strong	   non-‐normality	   and	   heteroskedasticity	   in	   the	   error	   terms	   affect	   the	  

performance	  of	  the	  LM	  spatial	  autocorrelation	  tests.	  For	  this	  reason,	  in	  order	  to	  be	  

able	  to	  make	  more	  direct	  comparisons	  with	  the	  Scan	  test	  -‐not	  so	  affected	  by	  these	  

problems,	  as	  shown	  by	  the	  MC	  results	  in	  the	  previous	  section-‐	  we	  chose	  to	  correct	  

the	  sample	  for	  a	  small	  group	  of	  outliers.6	  Additionally,	  the	  non-‐significant	  variables	  

were	   also	   dropped.	   The	   results	   of	   the	   OLS	   estimation	   of	   this	   new	   specification	  

(Model	  0)	  are	  shown	  in	  Table	  8	  (first	  column).	  The	  estimates	  of	  the	  variables	  are	  
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very	   significant;	   the	   normality	   test	   can	   only	   reject	   the	   null	   at	   0.05	   and	   the	  

heteroskedasticity	  test	  –though	  still	  high-‐	  is	  clearly	  lower	  than	  in	  the	  other	  case.	  	  

[Table	  8	  about	  here]	  

In	  order	   to	   investigate	   the	  existence	  of	  a	  spatial	   structure	   in	   the	  error	   terms,	  we	  

have	  computed	  the	  Scan	  test7,	  as	  well	  as	  the	  Moran’s	  I	  test	  and	  the	  LM	  tests	  to	  test	  

for	  spatial	  autocorrelation,	  using	  a	  binary	  300	  meters	  distance-‐band	  spatial	  weight	  

matrix	   (d),	  which	   is	   the	  minimum	  distance	   for	  which	  every	  dwelling	  has	  at	   least	  

one	  neighbour.	  The	  Scan	  test	  rejects	  the	  null,	  i.e.	  spatial	  clusters	  of	  residuals	  can	  be	  

detected	  while	  the	  null	  of	  no	  spatial	  autocorrelation	  is	  clearly	  rejected	  at	  1%.	  	  

Additionally,	   the	  Scan	   test	  allows	  representing	   the	  most	   likelihood	  cluster	   (MLC)	  

and	  other	   significant	   secondary	   clusters.	   In	  Model	  0,	   there	  are	   twelve	   significant	  

clusters:	   six	   high-‐value	   residual	   clusters	   –one	   of	  which	   is	   the	  MLC-‐	   and	   six	   low-‐

value	  residual	  clusters	  (Table	  8).	  The	  residuals	  located	  in	  high-‐value	  clusters	  have	  

a	   positive	   inside	  mean	   and	   a	  negative	   outside	  mean,	   and	   vice	   versa	   for	   the	   low-‐

value	  clusters.	  The	  Scan	  test	   is	  significant	  at	  5%	  for	  the	   first	   twelve	  clusters,	   in	  a	  

decreasing	   trend	   from	   the	  MLC	   (71.4,	  p-‐value:	   0.001)	   to	   the	   last	   group	   (12.9,	  p-‐

value:	  0.046).	  

[Table	  8	  about	  here]	  

The	   spatial	   representation	   of	   these	   clusters	   is	   shown	   in	   the	   upper	   left	   part	   of	  

Figure	  5.	  Model	  0	  identifies	  the	  MLC,	  which	  is	  a	  high-‐value	  cluster,	  in	  the	  northern	  

part	   of	   Central	   Almond,	   along	   La	   Castellana	   Avenue	   and	   two	   neighborhoods	   of	  

district	   5	   (Chamartín).	   Additionally,	   there	   are	   five	   high-‐value	   and	   six	   low-‐value	  

secondary	  clusters.	  Some	  of	  them	  are	  more	  or	  less	  located	  in	  certain	  districts:	  high	  
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values	   are	   located	   in	   the	   geographical	   center	   of	   Central	   Almond	   (eastern	   and	  

western	  neighborhoods	  of	  districts	  4	  and	  7,	  respectively),	  as	  well	  as	  certain	  areas	  

of	  districts	  1,	  2	  and	  7;	  regarding	  low	  values,	  they	  are	  concentrated	  in	  the	  western	  

and	   eastern	   edges	   of	   districts	   2,	   and	   3	   and	   4,	   respectively,	   along	   the	  M-‐30	   ring-‐

road,	  as	  well	  as	  in	  certain	  neighborhoods	  of	  districts	  1,	  2	  and	  5.	  

This	  clustering	  of	  similar	  values	  around	  certain	  areas,	  joint	  to	  the	  fact	  that	  districts	  

and	   neighbourhoods	   in	   Madrid	   have	   been	   identified	   as	   housing	   submarkets	  

(e.g.	  Leal,	  2002	  or	  Chasco	  and	  Le	  Gallo,	  2012b),	  leads	  us	  to	  respecify	  Model	  0	  as	  a	  

spatial	  regimes	  model	  for	  the	  seven	  districts	  of	  downtown	  Madrid,	  also	  adding	  the	  

group	  of	  contextual	  variables.	  This	  Model	  1	  is	  also	  estimated	  by	  OLS	  and	  its	  main	  

results	   are	   presented	   in	   Table	   8	   (second	   column).8	   In	   this	   case,	   the	   null	   of	  

normality	   in	   the	  errors	   is	  also	   rejected	  at	  5%	  and	   the	   level	  of	  heteroskedasticity	  

has	   been	   significantly	   reduced,	   as	   shown	   by	   the	   value	   of	   the	   Breusch-‐Pagan	  

statistic	   (30.19).	   The	   spatial	   Chow	   test	   rejects	   the	   null	   of	   constancy	   of	   the	  

parameters	   across	   the	   regimes,	   which	   corroborates	   the	   existence	   of	   spatial	  

housing	  submarkets	  in	  Central	  Almond.9	  

[Figure	  5	  about	  here]	  

Regarding	   spatial	   autocorrelation	   tests,	   they	   are	   lower	   compared	   to	   Model	   0,	  

though	  still	  very	  significant.	  

In	  Model	   1,	   though	   the	   previous	   polarization	   of	   clusters	   in	   certain	   districts	   and	  

zones	   is	  no	   longer	  present,	   the	  Scan	  test	  still	  detects	   five	  clusters	  placed	   in	  some	  

specific	  enclaves	  of	  the	  city,	  which	  are	  represented	  in	  the	  upper	  right	  part	  of	  Figure	  

5.	  The	  MLC	  is	  a	  low-‐value	  cluster	  located	  in	  the	  Malasaña	  area	  (district	  1),	  which	  is	  

a	  bohemian	  area	  famous	  for	  its	  nightlife,	  full	  of	  lively	  bars	  and	  clubs	  where	  young	  
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people	  meet	   drinking	   openly	   on	   the	   street;	   the	   part	  which	   is	   closer	   to	  Gran	   Via	  

Street	   is	   frequented	  by	  the	  sole	  aspect	  of	  night	   life	   including	  sex	  clubs,	  sex	  shops	  

and	  street	  activity.	  All	  these	  aspects	  create	  some	  problems	  with	  the	  residents	  and	  

consequently,	  reduction	  in	  house	  prices.	  

There	  are	  also	  four	  interesting	  secondary	  high-‐value	  clusters	  in	  areas	  enriched	  by	  

very	   specific	   positive	   amenities.	   This	   is	   the	   case	   of	   two	   residential	   areas	   in	  

Chamartín	   and	   Retiro	   districts	   (in	   the	   north	   and	   southeast	   of	   Central	   Almond,	  

respectively),	   where	   very	   expensive	   homes	   emerge	   in	   different	   categories	   and	  

types,	   surrounded	   by	   gardens	   and	   quiet	   streets.	   Another	   high-‐value	   cluster	   is	  

placed	   in	   the	  central	  part	  of	  Central	  Almond,	  along	   the	  Castellana	  Avenue.	   It	   is	  a	  

vast	  area	  created	  in	  the	  mid-‐nineteenth	  century	  and	  known	  as	  the	  “Golden	  Mile”,	  

which	  is	  characterized	  by	  its	  wide	  streets	  and	  elegant	  buildings,	  which	  has	  become	  

home	   of	   famous	   people,	   especially	   the	   area	   adjoining	   Serrano	   Street:	   one	   giant	  

fashion	  catwalk.	  Finally,	   a	   fourth	  high-‐value	  cluster	   is	   located	   in	   the	  south,	  along	  

the	  Madrid's	   Avenue	   of	   Art,	  which	   is	   a	   long	   corridor	   home	   to	   some	   of	   the	  most	  

important	   museums	   of	   the	   city	   (Prado,	   Reina	   Sofia,	   CaixaForum	   and	   Thyssen-‐

Bornemisza),	  which	  is	  being	  prolonged	  with	  some	  main	  cultural	  centers	  (MNCARS	  

and	  Casa	  Encendida).	  An	  in-‐depth	  analysis	  of	  these	  five	  clusters	  demonstrates	  the	  

existence	   of	   a	   misspecification	   problem	   in	   this	   model,	   which	   ignores	   the	   extra	  

positive	   and	   negative	   effects	   on	   housing	   prices	   (for	   high	   and	   low	   values	   of	   the	  

clusters,	  respectively)	  caused	  by	  the	  special	  idiosyncrasy	  of	  these	  zones.	  

For	   this	   reason,	   Model	   2,	   which	   is	   also	   a	   spatial	   regimes	   model,	   includes	   five	  

dummy	  variables	  corresponding	   to	   the	  previously	  shown	  clusters.	  These	  dummy	  

variables	  are	  all	  strongly	  significant.	  In	  general,	  the	  results	  (third	  column	  of	  Table	  

8)	  are	  quite	  similar	  to	  those	  in	  Model	  1,	  with	  the	  exception	  of	  the	  Jarque-‐Bera	  test,	  
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which	  now	  does	  not	  reject	  the	  null	  of	  normality	  but	  for	  90%	  of	  confidence.	  Another	  

important	  difference	  is	  illustrated	  by	  the	  Scan	  test,	  which	  is	  significant	  and	  detects	  

only	   one	   high-‐value	   cluster	   (lower	   left	   and	   right	   parts	   of	   Figure	   5),	   which	  

practically	  coincides	  with	  the	  “Golden	  Mile”	  cluster	  detected	  by	  the	  previous	  model	  

in	  the	  center	  of	  Central	  Almond.	  It	  is	  a	  spatial	  cluster	  of	  high	  value	  residuals	  with	  

an	  inside	  mean	  of	  0.11	  and	  an	  outside	  mean	  of	  -‐0.0016.	  Therefore,	  the	  inclusion	  of	  

the	  new	  five	  dummy	  variables	  in	  Model	  2	  absorbs	  the	  low-‐value	  cluster	  in	  district	  

1	  as	  well	  as	  three	  of	  the	  four	  high-‐value	  clusters,	  but	  this	  model	  still	  significantly	  

under-‐estimates	   housing	   prices	   in	   the	   “Golden	  Mile”	   area	   and	   creates	   remaining	  

spatial	   autocorrelation	   in	   the	   error	   terms.	   This	   is	   probably	   because	   there	   is	   a	  

significant	   spatial	   autocorrelation	   in	   the	   residuals,	   as	   shown	   by	   the	   spatial	  

autocorrelation	  LM	  tests.	  However,	  the	  consideration	  of	  the	  five	  clusters	  in	  Model	  

2	  produces	  a	  higher	  value	  for	  the	  robust	  LM-‐lag	  test	  suggesting	  that	  the	  spatial	  lag	  

spatial	  regimes	  model	  could	  be	  the	  solution	  in	  order	  to	  completely	  absorb	  spatial	  

dependence	  from	  the	  error	  terms.	  

The	  complete	  estimation	  results	  for	  the	  spatial	  lag	  spatial	  regimes	  model	  (Model	  3)	  

is	  shown	  in	  the	  last	  seven	  columns	  of	  Table	  8.	  As	  pointed	  out	  by	  LeSage	  and	  Pace	  

(2009),	   the	   interpretation	   of	   the	   coefficients	   in	   a	   spatial	   lag	   model	   is	   not	  

straightforward,	  as	  they	  do	  not	  correspond	  to	  marginal	  effects.	  For	  this	  reason,	  we	  

directly	   report	   in	  Table	  8	   the	  direct	  effects,	  which	  are	  summary	  measures	  of	   the	  

impact	   arising	   from	   changes	   in	   the	   ith	   observation	   of	   each	   variable.	   All	   the	  

coefficients	   are	   significant	   at	   least	   for	   one	   regime,	   with	   the	   exception	   of	   two	  

contextual	  variables:	  unemployment	  rate	  and	  the	  percentage	  of	  foreign	  people.	  In	  

general,	  the	  structural	  variable	  coefficients	  are	  more	  significant	  across	  the	  spatial	  

regimes	  than	  the	  accessibility	  ones,	  especially	  for	  first	  floor	  or	  upper	  (floor),	  attic,	  
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living	  space	  (lm2)	  and	  new	  dwelling	  (new).	  The	  enclave	  dummy	  variables	  are	  still	  

significant	   with	   the	   exception	   of	   the	   dummy	   variable	   pertaining	   to	   the	   “Golden	  

Mile”,	   probably	   because	   the	   endogenous	   spatial	   lag	   variable	   (W-‐LAG)	   is	   positive	  

and	   very	   significant,	   hence	   capturing	   the	   particularity	   of	   this	   zone.	   The	  Anselin-‐

Kelejian	  test	  on	  the	  error	  terms	  is	  no	  longer	  significant	  (1,19),	  suggesting	  the	  error	  

term	  is	  a	  white	  noise.	  This	  is	  also	  the	  conclusion	  reached	  by	  the	  Scan	  test,	  with	  a	  

non-‐significant	  MLC	  	  (12.19,	  p-‐value:	  0.10).	  

	  

5.	  Conclusion	  	  

In	  this	  paper,	  we	  explore	  the	  use	  of	  the	  Scan	  test	  to	  test	  for	  spatial	  structure	  in	  the	  

regression	   residuals.	   This	   test	   has	   been	   originally	   derived	   in	   the	   field	   of	   spatial	  

epidemiology	  for	  count	  data,	  while	  Kulldorff	  et	  al.	  (2009)	  and	  Huang	  et	  al.	  (2009)	  

have	   recently	   suggested	   a	   version	   of	   the	   test	   based	   on	   normal	   data.	   Here,	   we	  

investigate	  the	  size	  and	  power	  properties	  of	  this	  test,	  via	  an	  extensive	  Monte-‐Carlo	  

simulation	   in	   a	   number	   of	   situations	   involving	   spatial	   dependence	   and	   spatial	  

heterogeneity	  and	  we	  compare	  them	  with	  those	  of	  the	  Moran’s	  I	  statistic,	  the	  usual	  

LM	  statistics	  for	  spatial	  lag	  and	  spatial	  error	  and	  the	  RESET	  test.	  

As	   shown	   by	   the	   Monte-‐Carlo	   simulations,	   under	   normality,	   non-‐normality	   and	  

heteroskedasticity,	  the	  size	  of	  the	  Scan	  test	  is	  correct,	  whereas	  as	  it	  is	  well-‐known,	  

the	  MI	  and	  LM	  tests	  display	  lower	  sizes	   in	  cases	  of	  a	  strong	  non-‐normality	  of	  the	  

distribution.	   The	   Scan	   test	   does	   not	   have	   power	   problems.	   In	   fact,	   it	   is	   more	  

powerful	  than	  the	  Moran’s	  I	  and	  classical	  LM	  tests	  in	  the	  cases	  of	  low	  and/or	  local	  

spatial	   dependence.	   The	   Scan	   test	   also	   proves	   itself	   very	   powerful	   against	  

alternatives	  of	  spatial	  discrete	  instability	  of	  regression	  coefficients.	  	  
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Two	   issues	   are	   worth	   mentioning	   on	   the	   Spatial	   Scan	   test.	   First,	   it	   does	   not	  

necessitate	   the	   specification	   of	   the	   classical	   weight	   matrix	   used	   in	   spatial	  

econometrics.	   Second,	  when	   rejecting	   the	   null	   hypothesis,	   it	   yields	   an	   additional	  

complementary	   information	   by	   detecting	   significant	   clusters	   of	   high	   and	   low	  

residuals.	   This	   feature	  helps	   the	   research	   in	   the	   specification	   search	  of	   the	  most	  

appropriate	  model	  and	   is	   illustrated	  on	  a	  hedonic	  model	  of	  housing	  prices	   in	   the	  

center	  of	  Madrid.	  

Possible	   further	   research	   in	   this	   topic	   include	   on	   the	   one	   hand,	   extending	   the	  

analysis	   to	   space-‐time	  data	  by	   evaluating	   the	  properties	   of	   spatio-‐temporal	   Scan	  

statistics	   (as	   in	   Kulldorff	   et	   al.,	   1998)	   applied	   to	   residuals	   of	   spatial	   panel	   data	  

models	  and,	  on	  the	  other	  hand,	  considering	  the	  possibility	  of	  different	  schemes	  of	  

heteroskedasticity	  in	  the	  error	  terms	  with	  the	  use	  of	  the	  heteroskedastic	  version	  of	  

the	  spatial	  Scan	  test	  suggested	  by	  Huang	  et	  al.	  (2009).	  
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Notes	   	  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  
1	  In	  order	  to	  run	  the	  Scan	  test,	  the	  SatsScan	  software	  is	  freely	  downloadable	  from	  www.satscan.org;	  

Matlab	  codes	  are	  also	  available	  from	  the	  authors	  under	  request.	  
2	   A	   spatial	  weight	  matrix	   is	   a	   (n	   x	  n)	   symmetric	  matrix	  W,	   which	   specifies	   for	   each	   observation	  

(row)	   the	   locations	   (columns)	   that	   belong	   to	   its	   neighborhood	   set	   as	   nonzero	   elements.	   More	  

formally,	  wij	  is	  a	  finite	  number	  when	  i	  and	  j	  are	  neighbors,	  and	  wij	  =	  0	  otherwise.	  The	  simpler	  case	  is	  

a	  first-‐order	  spatial	  contiguity	  matrix,	  which	  is	  based	  on	  the	  notion	  of	  a	  common	  border	  between	  

observations.	  By	  convention,	  the	  diagonal	  elements	  of	  the	  weight	  matrix	  are	  set	  to	  zero.	  For	  ease	  of	  

interpretation,	  the	  weight	  matrix	  is	  often	  standardized	  such	  that	  the	  elements	  of	  a	  row	  sum	  to	  one	  

(Anselin,	  1988).	  
3	  Similar	  results	  are	  obtained	  when	  selecting	  4	  and	  5	  neighbors.	  
4	  Note	  that	  in	  the	  literature,	  Farber	  et	  al.	  (2009)	  find	  that	  high	  connectivity	  of	  the	  weight	  matrix	  has	  

a	  negative	   impact	  on	  the	  probability	  of	  detecting	  the	  true	  model	  specification	  while	  Smith	  (2009)	  

shows	   that	   strongly	   connected	   matrices	   introduce	   a	   downward	   bias	   for	   maximum	   likelihood	  

estimates	  of	  the	  spatial	  parameter.	  Here,	  on	  the	  contrary,	  we	  find	  a	  detrimental	  effect	  on	  the	  power	  

of	  LM-‐lag	  test	  in	  the	  presence	  of	  a	  low	  level	  of	  connectivity	  in	  the	  spatial	  weight	  matrix.	  
5	   These	   census	   variables	   have	   also	   been	   interpolated	   at	   the	   level	   of	   houses.	   Though	   they	   are	   all	  

referred	  to	  2001,	  their	  inclusion	  in	  this	  model,	   in	  which	  the	  rest	  of	  the	  variables	  are	  registered	  in	  

2008,	  can	  be	  justified	  by	  the	  fact	  that	  since	  they	  are	  population	  averages,	  they	  remain	  very	  stable	  in	  

time.	  
6	   An	   error	   is	   classified	   as	   an	   outlier	  when	   it	   lies	  more	   than	   2.0	   the	   interquartile	   range	   above	   or	  

below	  respectively	   the	  value	  of	   the	  75th	  percentile	  and	  25th	  percentile.	  There	  are	  about	  60	  upper	  

and	  60	  lower	  outliers	  (2%	  of	  the	  sample),	  which	  are	  scattered	  across	  Central	  Almond	  surface.	  
7	   Running	   on	   a	   desktop	  with	   Inter(R)	   Core	   i7	  with	   2.93	  GHz,	   and	   12Gb	   of	   Ram,	   the	   elapsed	   cpu	  

times	  for	  performing	  the	  Scan	  test	  -‐in	  this	  case,	  for	  5,080	  observations-‐	  was	  1,373	  seconds.	  
8	  We	  do	  not	  include	  the	  complete	  estimation	  results	  for	  the	  spatial	  regimes	  Models	  1	  and	  2	  due	  to	  a	  

lack	  of	  space,	  though	  all	  the	  computations	  are	  available	  from	  the	  authors	  upon	  request.	  
9	  The	  spatial	  Chow	  test	  was	  proposed	  by	  Anselin	  (1990).	  This	  is	  a	  test	  on	  the	  null	  hypothesis	  that	  

the	   coefficients	   are	   the	   same	   in	   all	   regimes	   and	   it	   is	   based	   on	   an	   asymptotic	   Wald	   statistic,	  

distributed	  as	  a	  χ2	  distribution	  with	  [(m-‐1).k]	  degrees	  of	  freedom	  (m	  as	  the	  number	  of	  regimes	  and	  

k	  as	  the	  number	  of	  regressors).	  
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Tables	  
	  
	  
Table	  1:	  Size	  of	  the	  Scan	  test.	  Percentage	  pB-‐values	  <	  0.05	  
	  

	   	   n	   DGP1	   DGP2	   DGP3	   DGP4	   DGP5	   DGP6	   DGP7	  

Re
gu
la
r	  l
at
tic
e	  

(H
ex
ag
)	  

μZ	  >	  μZc	  
or	  

μZ	  <	  μZc	  

36	   0.052	   0.062	   0.040	   0.061	   0.058	   0.071	   0.064	  
49	   0.057	   0.061	   0.055	   0.059	   0.033	   0.076	   0.055	  
100	   0.055	   0.057	   0.040	   0.070	   0.049	   0.061	   0.046	  
225	   0.064	   0.047	   0.050	   0.043	   0.057	   0.047	   0.063	  

	  
μZ	  >	  μZc	  

	  

36	   0.051	   0.056	   0.052	   0.065	   0.052	   0.076	   0.040	  
49	   0.049	   0.050	   0.054	   0.057	   0.060	   0.053	   0.053	  
100	   0.046	   0.054	   0.043	   0.058	   0.040	   0.061	   0.047	  
225	   0.041	   0.056	   0.055	   0.053	   0.044	   0.060	   0.050	  

Ir
re
gu
la
r	  l
at
tic
e	  

(R
an
do
m
)	  

μZ	  >	  μZc	  
or	  

μZ	  <	  μZc	  

36	   0.055	   0.050	   0.059	   0.066	   0.048	   0.066	   0.058	  
49	   0.053	   0.051	   0.057	   0.069	   0.047	   0.059	   0.055	  
100	   0.054	   0.057	   0.053	   0.053	   0.055	   0.047	   0.066	  
225	   0.038	   0.046	   0.055	   0.041	   0.043	   0.034	   0.050	  

μZ	  >	  μZc	  
	  

36	   0.053	   0.068	   0.059	   0.055	   0.058	   0.062	   0.051	  
49	   0.050	   0.066	   0.048	   0.057	   0.051	   0.050	   0.054	  
100	   0.047	   0.059	   0.057	   0.051	   0.059	   0.038	   0.042	  
225	   0.037	   0.046	   0.053	   0.041	   0.052	   0.050	   0.042	  
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Table	  2:	  Power	  of	  tests	  in	  classical	  spatial	  econometric	  models;	  DGP8	  (matrix	  W1)	  
	   	   	  

SEM	   SAR	  

	   n	   λ/ρ	   Scan	   MI	   LM-‐err	   LM-‐
lag	   RESET	   Scan	   MI	   LM-‐err	   LM-‐

lag	   RESET	  

Re
gu
la
r	  l
at
tic
e	  
(H
ex
ag
)	  

n	  =	  36	   0.2	   0.144	   0.151	   0.091	   0.092	   0.040	   0.147	   0.163	   0.099	   0.145	   0.054	  

	   0.5	   0.401	   0.561	   0.479	   0.396	   0.055	   0.515	   0.677	   0.580	   0.682	   0.051	  

	   0.9	   0.936	   0.984	   0.976	   0.969	   0.052	   0.969	   0.991	   0.987	   0.990	   0.039	  

n	  =	  49	   0.2	   0.155	   0.174	   0.127	   0.112	   0.043	   0.152	   0.187	   0.113	   0.162	   0.066	  

	   0.5	   0.492	   0.732	   0.642	   0.561	   0.049	   0.544	   0.758	   0.682	   0.777	   0.033	  

	   0.9	   0.967	   0.996	   0.994	   0.989	   0.016	   0.976	   0.998	   0.997	   0.999	   0.017	  

n	  =	  100	   0.2	   0.198	   0.287	   0.225	   0.183	   0.046	   0.225	   0.329	   0.260	   0.380	   0.049	  

	   0.5	   0.655	   0.945	   0.923	   0.816	   0.052	   0.686	   0.958	   0.934	   0.978	   0.037	  

	   0.9	   0.999	   1.000	   1.000	   1.000	   0.040	   0.997	   1.000	   1.000	   1.000	   0.022	  

n	  =	  225	   0.2	   0.226	   0.495	   0.443	   0.336	   0.053	   0.250	   0.514	   0.467	   0.612	   0.043	  

	   0.5	   0.830	   0.999	   0.999	   0.987	   0.065	   0.878	   1.000	   1.000	   1.000	   0.066	  

	   0.9	   1.000	   1.000	   1.000	   1.000	   0.042	   1.000	   1.000	   1.000	   1.000	   0.044	  

Ir
re
gu
la
r	  l
at
tic
e	  
(R
am

do
m
)	  

n	  =	  36	   0.2	   0.163	   0.185	   0.108	   0.102	   0.052	   0.145	   0.186	   0.104	   0.150	   0.055	  

	   0.5	   0.501	   0.678	   0.584	   0.524	   0.046	   0.528	   0.672	   0.571	   0.653	   0.051	  

	   0.9	   0.983	   0.997	   0.996	   0.990	   0.051	   0.979	   0.994	   0.993	   0.994	   0.049	  

n	  =	  49	   0.2	   0.159	   0.206	   0.147	   0.149	   0.055	   0.160	   0.205	   0.140	   0.189	   0.050	  

	   0.5	   0.609	   0.799	   0.737	   0.686	   0.047	   0.657	   0.851	   0.802	   0.843	   0.055	  

	   0.9	   1.000	   1.000	   1.000	   1.000	   0.055	   1.000	   1.000	   1.000	   1.000	   0.045	  

n	  =	  100	   0.2	   0.217	   0.323	   0.267	   0.230	   0.052	   0.214	   0.341	   0.284	   0.357	   0.047	  

	   0.5	   0.778	   0.975	   0.963	   0.914	   0.050	   0.775	   0.977	   0.970	   0.987	   0.051	  

	   0.9	   1.000	   1.000	   1.000	   1.000	   0.049	   1.000	   1.000	   1.000	   1.000	   0.050	  

n	  =	  225	   0.2	   0.317	   0.594	   0.556	   0.480	   0.058	   0.296	   0.614	   0.566	   0.688	   0.047	  

	   0.5	   0.921	   1.000	   1.000	   0.999	   0.048	   0.959	   1.000	   1.000	   1.000	   0.053	  

	   0.9	   1.000	   1.000	   1.000	   1.000	   0.052	   1.000	   1.000	   1.000	   1.000	   0.052	  
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Table	  3a:	  Power	  of	  tests	  with	  W	  misspecification.	  Global	  vs	  Local;	  DGP9	  (below	  NN3).	  
Regular	  Lattice	  
	  
	   	   	   SEM	   SAR	  

	   n	   λ/ρ	   Scan*	   MI	   LM-‐err	   LM-‐lag	   Scan*	   MI	   LM-‐err	   LM-‐lag	  

	  D
GP
	  u
sin
g	  
W

1	  a
nd
	  te
st
	  w
ith
	  W

2	  

n	  =	  36	   0.2	   0.074	   0.054	   0.039	   0.044	   0.111	   0.063	   0.036	   0.061	  
	   0.5	   0.102	   0.059	   0.047	   0.047	   0.934	   0.303	   0.172	   0.277	  
	   0.9	   0.679	   0.278	   0.144	   0.157	   1.000	   1.000	   0.817	   0.945	  

n	  =	  49	   0.2	   0.060	   0.057	   0.044	   0.050	   0.114	   0.055	   0.041	   0.037	  
	   0.5	   0.115	   0.070	   0.058	   0.061	   0.837	   0.323	   0.234	   0.119	  
	   0.9	   0.685	   0.404	   0.313	   0.303	   1.000	   1.000	   1.000	   0.999	  

n	  =	  100	   0.2	   0.052	   0.056	   0.051	   0.058	   0.067	   0.050	   0.043	   0.049	  
	   0.5	   0.084	   0.078	   0.059	   0.058	   0.605	   0.340	   0.284	   0.172	  
	   0.9	   0.671	   0.530	   0.497	   0.485	   1.000	   1.000	   1.000	   1.000	  

n	  =	  225	   0.2	   0.050	   0.046	   0.049	   0.064	   0.083	   0.051	   0.042	   0.047	  
	   0.5	   0.068	   0.058	   0.053	   0.056	   0.870	   0.481	   0.435	   0.420	  
	   0.9	   0.633	   0.437	   0.416	   0.385	   1.000	   1.000	   1.000	   1.000	  

DG
P	  
us
in
g	  
W

2	  a
nd
	  te
st
	  w
ith
	  W

1	  

n	  =	  36	   0.2	   0.074	   0.124	   0.729	   0.048	   0.111	   0.121	   0.733	   0.052	  
	   0.5	   0.102	   0.156	   0.723	   0.065	   0.934	   0.135	   0.724	   0.077	  
	   0.9	   0.679	   0.132	   0.694	   0.062	   1.000	   0.105	   0.667	   0.056	  

n	  =	  49	   0.2	   0.060	   0.142	   0.793	   0.066	   0.114	   0.142	   0.807	   0.047	  
	   0.5	   0.115	   0.169	   0.799	   0.082	   0.837	   0.163	   0.800	   0.074	  
	   0.9	   0.685	   0.144	   0.718	   0.082	   1.000	   0.179	   0.743	   0.100	  

n	  =	  100	   0.2	   0.052	   0.125	   0.880	   0.056	   0.067	   0.118	   0.885	   0.045	  
	   0.5	   0.084	   0.158	   0.888	   0.075	   0.605	   0.158	   0.890	   0.069	  
	   0.9	   0.671	   0.210	   0.843	   0.113	   1.000	   0.222	   0.861	   0.136	  

n	  =	  225	   0.2	   0.050	   0.136	   0.962	   0.061	   0.083	   0.137	   0.955	   0.063	  
	   0.5	   0.068	   0.189	   0.953	   0.096	   0.870	   0.186	   0.945	   0.122	  
	   0.9	   0.633	   0.362	   0.953	   0.194	   1.000	   0.491	   0.959	   0.417	  

Note:	   (*)	  W	   is	   the	  spatial	  weight	  matrix	  assumed	  by	   the	  researcher	   in	   the	   testing	  procedure.	  The	  
Scan	  test	  does	  not	  need	  connectivity	  information.	  
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Table	  3b:	  Power	  of	  tests	  with	  W	  misspecification.	  Global	  vs	  Local;	  DGP9	  (below	  NN3).	  
Irregular	  Lattice	  
	   	   	   SEM	   SAR	  
	   n	   λ/ρ	   Scan*	   MI	   LM-‐err	   LM-‐lag	   Scan*	   MI	   LM-‐err	   LM-‐lag	  

	  D
GP
	  u
sin
g	  
W

1	  a
nd
	  te
st
	  w
ith
	  W

2	  

n	  =	  36	   0.2	   0.076	   0.065	   0.045	   0.039	   0.132	   0.121	   0.071	   0.036	  
	   0.5	   0.110	   0.107	   0.067	   0.069	   0.904	   0.872	   0.815	   0.676	  
	   0.9	   0.700	   0.698	   0.653	   0.631	   1.000	   1.000	   1.000	   1.000	  

n	  =	  49	   0.2	   0.057	   0.048	   0.039	   0.039	   0.108	   0.063	   0.043	   0.038	  
	   0.5	   0.106	   0.079	   0.057	   0.057	   0.926	   0.581	   0.478	   0.404	  
	   0.9	   0.676	   0.516	   0.459	   0.450	   1.000	   1.000	   1.000	   1.000	  

n	  =	  100	   0.2	   0.059	   0.049	   0.043	   0.051	   0.094	   0.083	   0.067	   0.122	  
	   0.5	   0.080	   0.070	   0.059	   0.072	   0.954	   0.809	   0.768	   0.878	  
	   0.9	   0.651	   0.591	   0.558	   0.532	   1.000	   1.000	   1.000	   1.000	  

n	  =	  225	   0.2	   0.057	   0.047	   0.041	   0.041	   0.061	   0.068	   0.062	   0.048	  
	   0.5	   0.074	   0.054	   0.046	   0.054	   0.649	   0.300	   0.264	   0.106	  
	   0.9	   0.642	   0.523	   0.504	   0.458	   1.000	   1.000	   1.000	   0.999	  

DG
P	  
us
in
g	  
W

2	  a
nd
	  te
st
	  w
ith
	  W

1	  

n	  =	  36	   0.2	   0.076	   0.129	   0.748	   0.062	   0.132	   0.134	   0.742	   0.072	  
	   0.5	   0.110	   0.212	   0.735	   0.089	   0.904	   0.232	   0.769	   0.151	  
	   0.9	   0.700	   0.291	   0.674	   0.163	   1.000	   0.275	   0.691	   0.187	  

n	  =	  49	   0.2	   0.057	   0.172	   0.819	   0.077	   0.108	   0.155	   0.815	   0.089	  
	   0.5	   0.106	   0.258	   0.799	   0.160	   0.926	   0.251	   0.816	   0.169	  
	   0.9	   0.676	   0.547	   0.842	   0.312	   1.000	   0.535	   0.834	   0.429	  

n	  =	  100	   0.2	   0.059	   0.175	   0.903	   0.083	   0.094	   0.164	   0.914	   0.058	  
	   0.5	   0.080	   0.299	   0.905	   0.146	   0.954	   0.290	   0.881	   0.172	  
	   0.9	   0.651	   0.605	   0.899	   0.391	   1.000	   0.526	   0.875	   0.389	  

n	  =	  225	   0.2	   0.057	   0.155	   0.962	   0.075	   0.061	   0.174	   0.952	   0.118	  
	   0.5	   0.074	   0.243	   0.956	   0.131	   0.649	   0.375	   0.971	   0.323	  
	   0.9	   0.642	   0.513	   0.930	   0.268	   1.000	   0.849	   0.983	   0.813	  

Note:	   (*)	  W	   is	   the	  spatial	  weight	  matrix	  assumed	  by	   the	  researcher	   in	   the	   testing	  procedure.	  The	  
Scan	  test	  does	  not	  need	  connectivity	  information.	  
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Table	  4:	  Power	  of	  tests	  against	  spatial	  dependence	  instability;	  DGP10	  
	  

	   	  
	  

	  
SEM	   SAR	  

	   n	   λ1/ρ1	   λ2/ρ2	   Scan	   MI	   LM-‐err	   LM-‐lag	   Reset_sem	   Scan	   MI	   LM-‐err	   LM-‐lag	   Reset_lag	  

Re
gu
la
r	  l
at
tic
e	  
(H
ex
ag
)	  

n	  =	  36	   0.2	   0.7	   0.165	   0.211	   0.113	   0.103	   0.040	   0.856	   0.706	   0.540	   0.685	   0.081	  
	   0.4	   0.8	   0.348	   0.491	   0.348	   0.297	   0.047	   0.959	   0.946	   0.879	   0.943	   0.069	  
	   0.2	   0.9	   0.181	   0.249	   0.128	   0.111	   0.040	   0.995	   0.923	   0.814	   0.887	   0.087	  

n	  =	  49	   0.2	   0.7	   0.176	   0.200	   0.140	   0.127	   0.035	   0.729	   0.539	   0.425	   0.393	   0.063	  
	   0.4	   0.8	   0.415	   0.582	   0.465	   0.413	   0.041	   0.886	   0.878	   0.828	   0.810	   0.045	  
	   0.2	   0.9	   0.244	   0.255	   0.165	   0.162	   0.046	   0.980	   0.821	   0.728	   0.680	   0.064	  

n	  =	  100	   0.2	   0.7	   0.228	   0.365	   0.300	   0.262	   0.051	   0.851	   0.848	   0.806	   0.718	   0.027	  
	   0.4	   0.8	   0.527	   0.835	   0.790	   0.714	   0.046	   0.957	   0.993	   0.991	   0.983	   0.027	  
	   0.2	   0.9	   0.282	   0.414	   0.353	   0.300	   0.047	   0.997	   0.983	   0.981	   0.958	   0.016	  

n	  =	  225	   0.2	   0.7	   0.245	   0.518	   0.474	   0.358	   0.060	   0.862	   0.826	   0.790	   0.839	   0.057	  
	   0.4	   0.8	   0.674	   0.981	   0.977	   0.917	   0.061	   0.969	   0.996	   0.995	   1.000	   0.056	  
	   0.2	   0.9	   0.264	   0.552	   0.500	   0.385	   0.045	   0.996	   0.994	   0.959	   0.965	   0.058	  

Ir
re
gu
la
r	  l
at
tic
e	  
(R
an
do
m
)	  

n	  =	  36	   0.2	   0.7	   0.200	   0.260	   0.184	   0.208	   0.048	   0.916	   0.938	   0.910	   0.858	   0.054	  
	   0.4	   0.8	   0.450	   0.562	   0.484	   0.460	   0.047	   0.984	   0.992	   0.988	   0.980	   0.059	  
	   0.2	   0.9	   0.274	   0.384	   0.292	   0.272	   0.054	   0.998	   0.996	   0.996	   0.994	   0.035	  

n	  =	  49	   0.2	   0.7	   0.218	   0.280	   0.204	   0.194	   0.051	   0.942	   0.892	   0.846	   0.936	   0.028	  
	   0.4	   0.8	   0.516	   0.674	   0.614	   0.550	   0.049	   0.988	   0.998	   0.990	   0.998	   0.034	  
	   0.2	   0.9	   0.270	   0.334	   0.252	   0.256	   0.043	   0.998	   0.994	   0.988	   0.998	   0.017	  

n	  =	  100	   0.2	   0.7	   0.264	   0.376	   0.322	   0.252	   0.040	   0.980	   0.988	   0.968	   0.982	   0.030	  
	   0.4	   0.8	   0.614	   0.876	   0.844	   0.720	   0.038	   0.990	   1.000	   1.000	   1.000	   0.045	  
	   0.2	   0.9	   0.364	   0.506	   0.420	   0.324	   0.047	   1.000	   1.000	   1.000	   1.000	   0.021	  

n	  =	  225	   0.2	   0.7	   0.346	   0.689	   0.643	   0.518	   0.045	   0.969	   0.989	   0.984	   0.987	   0.057	  
	   0.4	   0.8	   0.786	   0.997	   0.997	   0.969	   0.052	   0.997	   1.000	   1.000	   1.000	   0.059	  
	   0.2	   0.9	   0.478	   0.768	   0.739	   0.615	   0.040	   1.000	   1.000	   1.000	   1.000	   0.046	  
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Table	  5:	  Power	  of	  test	  against	  spatial	  regimes	  
	   	   	   DGP11a:	  2	  spatial	  regimens	   DGP11b:	  4	  spatial	  regimens	  
	   n	   level	   Scan	   MI	   LM-‐err	   LM-‐lag	   RESET	   Scan	   MI	   LM-‐err	   LM-‐lag	   RESET	  

Re
gu
la
r	  l
at
tic
e	  
(H
ex
ag
)	  

n	  =	  36	   low	   0.129	   0.108	   0.059	   0.044	   0.048	   0.298	   0.338	   0.208	   0.279	   0.041	  
	   strong	   0.377	   0.339	   0.217	   0.134	   0.043	   0.692	   0.616	   0.445	   0.575	   0.035	  

n	  =	  49	   low	   0.127	   0.096	   0.069	   0.068	   0.040	   0.228	   0.240	   0.164	   0.127	   0.030	  
	   strong	   0.420	   0.360	   0.258	   0.289	   0.025	   0.484	   0.553	   0.434	   0.330	   0.016	  

n	  =	  100	   low	   0.250	   0.153	   0.119	   0.096	   0.046	   0.768	   0.668	   0.610	   0.617	   0.068	  
	   strong	   0.864	   0.668	   0.617	   0.466	   0.044	   0.994	   0.976	   0.959	   0.970	   0.091	  

n	  =	  225	   low	   0.660	   0.280	   0.240	   0.140	   0.049	   1.000	   0.980	   0.980	   0.960	   0.111	  
	   strong	   1.000	   0.970	   0.970	   0.870	   0.037	   1.000	   1.000	   1.000	   1.000	   0.172	  

Ir
re
gu
la
r	  l
at
tic
e	  
(R
an
do
m
)	   n	  =	  36	   low	   0.132	   0.116	   0.070	   0.046	   0.044	   0.263	   0.220	   0.153	   0.224	   0.047	  

	   strong	   0.306	   0.298	   0.209	   0.139	   0.058	   0.613	   0.545	   0.406	   0.562	   0.079	  

n	  =	  49	   low	   0.165	   0.115	   0.076	   0.084	   0.040	   0.415	   0.357	   0.273	   0.154	   0.067	  
	   strong	   0.615	   0.429	   0.338	   0.381	   0.076	   0.809	   0.777	   0.691	   0.496	   0.088	  

n	  =	  100	   low	   0.315	   0.159	   0.132	   0.203	   0.052	   0.641	   0.419	   0.352	   0.134	   0.056	  
	   strong	   0.890	   0.683	   0.622	   0.737	   0.064	   0.948	   0.827	   0.776	   0.501	   0.060	  

n	  =	  225	   low	   0.573	   0.243	   0.212	   0.075	   0.050	   0.998	   0.964	   0.957	   0.911	   0.048	  
	   strong	   1.000	   0.934	   0.921	   0.638	   0.059	   1.000	   1.000	   1.000	   1.000	   0.070	  

Note:	  to	  check	  spatial	  dependence	  we	  use	  rook	  connectivity	  for	  regular	  lattice	  and	  four	  near	  neighbours	  for	  irregular	  lattice.	  

	  
	  

	   	  
Table	  6:	  Cluster	  size	  (number	  of	  locations	  inside	  Z)	  and	  other	  characteristics	  
	  

	   	   (0,5]*	   (5,10]	   (10,15]	   (15,20]	   (20,25]	   (25,30]	   (5,10]	   (35,40]	   (5,10]	   (45,50]	   Total	   mean	  
size	   ph	   mean	  

shape	  
mean	  
angle	  

SEM	  

λ/ρ	  =	  0.2	   181	   228	   134	   91	   77	   64	   58	   43	   63	   61	   1000	   18,6	   51.6%	   3,2	   90,5	  

λ/ρ	  =	  0.5	   56	   160	   158	   113	   87	   88	   78	   69	   77	   114	   1000	   24,1	   49.2%	   3,0	   89,7	  

λ/ρ	  =	  0.9	   3	   42	   82	   114	   84	   119	   111	   117	   94	   234	   1000	   32,3	   51.7%	   2,5	   85,1	  

SAR	  

λ/ρ	  =	  0.2	   168	   228	   139	   100	   72	   59	   66	   52	   45	   71	   1000	   18,8	   50.2%	   3,2	   90,8	  

λ/ρ	  =	  0.5	   86	   159	   132	   101	   101	   92	   71	   72	   66	   120	   1000	   23,8	   48.2%	   2,9	   90,7	  

λ/ρ	  =	  0.9	   4	   45	   88	   91	   120	   105	   122	   105	   100	   220	   1000	   31,9	   47.8%	   2,4	   83,3	  

*	  number	  of	  times	  that	  the	  cluster	  size	  is	  between	  (0-‐5],(5-‐10],...;	  ph=	  percentage	  of	  times	  that	  the	  mean	  inside	  is	  higher	  that	  
outside	  of	  Z.	  mean=mean	  of	  size	  of	  MLC	  Z;	  and	  mean	  values	  of	  shape	  and	  angle	  of	  MLC	  
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Table	  7:	  Variables	  used	  in	  the	  model	  
	  
Variable	   Description	   Source	   Units	   Period	  
lprice	   Housing	  price	   Idealista	   Euros	  

(in	  logs)	  
Jan.	  2008	  

floor	   First	  floor	  and	  upper	   Idealista	   0-‐1	   Jan.	  2008	  
attic	   Attic	   Idealista	   0-‐1	   Jan.	  2008	  
house	   House	  (‘chalet’)	   Idealista	   0-‐1	   Jan.	  2008	  
duplex	   Duplex	   Idealista	   0-‐1	   Jan.	  2008	  
bedsit	   Bedsit	   Idealista	   0-‐1	   Jan.	  2008	  
new	   New	  dwelling	   Idealista	   0-‐1	   Jan.	  2008	  
reform	   Old	  dwelling	  that	  must	  be	  reformed	   Idealista	   0-‐1	   Jan.	  2008	  
lm2	   Living	  space	   Idealista	   Square	  meter	  

(in	  logs)	  
Jan.	  2008	  

axis	   Proximity	  to	  the	  main	  axis	   Self-‐elab.	   0-‐1	   -‐	  
discen	   Distance	  to	  the	  financial	  district	   Self-‐elab	   Km.	   -‐	  
dissol	   Distance	  to	  the	  historical	  center	   Self-‐elab	   Km.	   -‐	  
mmetro	   Distance	  to	  the	  nearest	  metro	  station	   Self-‐elab	   Km.	   -‐	  
mhub	   Distance	  to	  communication	  hubs	   Self-‐elab	   Km.	   -‐	  
mm30	   Distance	  to	  the	  M30	  ring-‐road	   Self-‐elab	   Km.	   -‐	  
dispark	   Distance	  to	  parks	   Self-‐elab	   Km.	   -‐	  
dpriv	   Distance	  to	  private	  schools	   Self-‐elab	   Km.	   -‐	  
dconc	   Distance	  to	  semi-‐public	  schools	   Self-‐elab	   Km.	   -‐	  
cont	   Subjective	  air-‐pollution	  indicator	   Census	  and	  

self-‐elab	  
%	   Nov.	  

2001	  
dirty	   Scarcity	  of	  cleanness	  at	  street	   Census,	  INE	   %	   2001	  
delinq	   Delinquency	  or	  vandalism	  in	  the	  area	   Census,	  INE	   %	   2001	  
educ	   Education	  level	  (secondary/university)	   Census,	  INE	   %	   2001	  
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Table	  8:	  Regression	  results	  
	  

	   Basic(OLS)	   Sp.	  Reg.	  (OLS)	   Spatial	  lag	  spatial	  regimes	  (2SLS),	  Model	  3;	  direct	  effects
	  

	   Mod.0	   Mod.1	   Mod.2	   Distr.1	   Distr.	  2	   Distr.3	   Distr.4	   Distr.	  5	   Distr.6	   Distr.7	  

const.	   8.979***	   -‐	   -‐	   6.747***	   6.710***	   7.244***	   7.367***	   7.200***	   7.187***	   6.745***	  

floor	   0.108***	   -‐	   -‐	   0.148***	   0.0107***	   0.076**	   0.084***	   0.118***	   0.069***	   0.153***	  

attic	   0.035***	   -‐	   -‐	   0.036**	   0.092***	   0.094***	   0.058***	   -‐	   -‐	   0.072***	  

house	   0.273***	   -‐	   -‐	   -‐	   -‐	   0.244*	   -‐	   0.379***	   -‐0.179***	   0.647***	  

duplex	   0.034**	   -‐	   -‐	   -‐	   0.141***	   -‐	   0.159**	   -‐	   -‐	   -‐	  
bedsit	   0.079***	   -‐	   -‐	   0.057***	   0.074**	   -‐	   -‐	   0.116**	   0.033*	   -‐	  
lm2	   0.918***	   -‐	   -‐	   0.890***	   0.823***	   0.884***	   0.907***	   0.915***	   0.786***	   0.929***	  

new	   0.200***	   -‐	   -‐	   0.240***	   0.161***	   0.281***	   0.264***	   0.220***	   0.151***	   0.286***	  

reform	   -‐0.055***	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐0.095***	   -‐0.103***	  

axis	   0.066***	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   0.053***	   -‐	  
discen	   -‐0.086***	   -‐	   -‐	   -‐0.021***	   -‐	   -‐	   -‐0.083***	   0.234***	   -‐	   -‐0.028***	  

dissol	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐0.134***	   -‐0.127***	   -‐0.227***	   0.032***	   -‐0.076***	  

mmetro	   -‐0.057***	   -‐	   -‐	   -‐	   -‐0.161***	   -‐	   -‐	   -‐	   -‐	   -‐	  
mhub	   0.062***	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐0.056***	  

mm30	   -‐0.027***	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   0.123***	   -‐	   -‐	  
dispark	   -‐	   -‐	   -‐	   -‐	   -‐0.106***	   0.167***	   -‐	   -‐	   -‐	   -‐	  
dpriv	   -‐0.026***	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐0.096***	   -‐0.046**	   -‐0.066**	  

dconc	   0.163***	   -‐	   -‐	   -‐	   -‐	   0.188***	   0.059*	   0.113***	   -‐	   -‐	  
cont	   -‐0.002***	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐0.011***	   -‐	   -‐	  

dirty	   -‐	   -‐	   -‐	   -‐0.002***	   -‐	   -‐0.004***	   -‐	   -‐	   -‐0.002***	   -‐	  
delinq	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐	   -‐0.002**	   -‐	   -‐	  
educ	   -‐	   -‐	   -‐	   0.003***	   0.006***	   -‐	   -‐	   0.004***	   0.002**	   0.004***	  

W-‐LAG	   -‐	   -‐	   -‐	   0.175***	  
J-‐B	   9.11**	   6.37**	   4.84*	   -‐	  
B-‐P	   145.8***	   30.19***	   29.74****	   -‐	  
S.	  Chow	   -‐	   10.10***	   -‐	   -‐	  

R.	  lag_d	   503.8***	   58.79***	   33.13***	   -‐	  
R.	  err_d	   2,396***	   83.97***	   18.69***	   -‐	  

AK	  err_d	   -‐	   -‐	   -‐	   1.19	  

SCAN	   71.40***	   18.58***	   15.99***	   12.19	  
Note:	   ***	   significant	  at	  1%,	  **	   significant	  at	  5%,	  ***	  significant	  at	  10%,	  W-‐LAG	   is	   the	  endogenous	  
variable	  spatial	  lag,	  J-‐B	  is	  Jarque-‐Bera	  normality	  test,	  B-‐P	  is	  Breusch-‐Pagan	  homoscedasticity	  test,	  S.	  
Chow	  is	  Spatial	  Chow	  test,	  R.	  lag	  is	  the	  robust	  LM	  spatial	  lag	  test,	  R.	  err	  is	  the	  robust	  LM	  spatial	  error	  
test,	  AK	   error	   is	   the	   Anselin-‐Kelejian	   spatial	   error	   test,	   d	   is	   a	   binary	   spatial	   weight	  matrix	   for	   a	  
distance	  band	  of	  300	  meters.	  Distr.	  are	  districts:	  1	  Centro,	   2	  Arganzuela,	   3	  Retiro,	   4	  Salamanca,	   5	  
Chamartín,	  6	  Tetuán,	  7	  Chamberí.	  
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Table	  9:	  High	  and	  low	  spatial	  clusters	  of	  OLS	  residuals;	  Model	  0	  
	  
Cluster	  ID	   #	  Dwellings	   Mean	  Inside	   Mean	  outside	   Scan-‐Test	   p-‐value	  

1	   232	   0.130	   -‐0.006	   71.4	   0.001	  
2	   250	   -‐0.130	   0.007	   68.7	   0.001	  
3	   164	   0.150	   -‐0.005	   67.8	   0.001	  
4	   175	   -‐0.120	   0.004	   45.3	   0.001	  
5	   201	   0.110	   -‐0.004	   40.1	   0.001	  
6	   236	   -‐0.096	   0.005	   38.5	   0.001	  
7	   223	   -‐0.096	   0.004	   32.0	   0.001	  
8	   233	   0.072	   -‐0.004	   21.0	   0.001	  
9	   125	   -‐0.100	   0.003	   19.1	   0.002	  
10	   165	   0.078	   -‐0.003	   16.7	   0.002	  
11	   183	   0.072	   -‐0.003	   15.7	   0.005	  
12	   138	   -‐0.075	   0.002	   12.9	   0.046	  

Note:	  In	  shadow	  cluster	  of	  cases	  with	  high	  values	  
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Figures	  
	  

	  
Figure	  1:	  Regular	  lattice	  with	  high	  spatial	  dependence	  

	  	  	  	  	  

	   	   	  
Figure	  1a	   Figure	  1b	   Figure	  1c	  

	  
	  
	  

Figure	  2:	  Local	  NN3	  
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Figure	  3:	  Spatial	  regimes	  in	  a	  10	  x	  10	  regular	  lattice	  
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Meγ	  is	  the	  median	  of	  the	  coordinates	  cy	  and	  P33
y ;P33

x 	  is	  33th	  percentile	  of	  coordinates	  cy	  and	  cx	  	  

(cx,cy)	  is	  the	  coordinate	  of	  i-‐th	  localization	  

	  

	  

Figure	  4:	  Location	  of	  the	  center	  of	  the	  Z	  cluster	  
	  

	   λ/ρ	  =0.2	   λ/ρ	  =0.5	   λ/ρ	  =0.9	  

SEM	  

	   	   	  

SAR	  

	   	   	  
Note	  	  In	  black	  high	  percentage;	  in	  white	  low	  percentage	  of	  times	  that	  the	  hexagon	  is	  in	  the	  center	  of	  the	  
cluster	  
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Figure	  5:	  Significant	  spatial	  clusters	  of	  the	  error	  terms	  detected	  by	  the	  Scan	  test	  
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Appendix	  A:	  Size	  of	  spatial	  dependence	  tests	  *.	  Percentage	  p-‐values	  <	  0.05	  
	  

	   n	   Test	   DGP1	   DGP2	   DGP3	   DGP4	   DGP5	   DGP6	   DGP7	  
Re
gu
la
r	  l
at
tic
e	  
(H
ex
ag
)	  

n	  =36	   MI	   0.050	   0.035	   0.049	   0.033	   0.050	   0.031	   0.048	  

	  
LM-‐err	   0.037	   0.023	   0.041	   0.021	   0.038	   0.026	   0.039	  

	  
LM-‐lag	   0.043	   0.024	   0.049	   0.024	   0.039	   0.030	   0.042	  

n	  =	  49	   MI	   0.048	   0.039	   0.058	   0.037	   0.050	   0.032	   0.043	  

	  
LM-‐err	   0.040	   0.028	   0.047	   0.027	   0.045	   0.026	   0.039	  

	  
LM-‐lag	   0.044	   0.034	   0.055	   0.030	   0.044	   0.029	   0.042	  

n	  =	  100	   MI	   0.048	   0.044	   0.049	   0.035	   0.048	   0.041	   0.051	  

	  
LM-‐err	   0.043	   0.037	   0.043	   0.027	   0.044	   0.035	   0.047	  

	  
LM-‐lag	   0.045	   0.037	   0.051	   0.029	   0.044	   0.036	   0.046	  

n	  =	  225	   MI	   0.055	   0.042	   0.050	   0.037	   0.049	   0.033	   0.053	  

	  
LM-‐err	   0.052	   0.039	   0.046	   0.034	   0.050	   0.032	   0.052	  

	  
LM-‐lag	   0.051	   0.044	   0.051	   0.037	   0.049	   0.036	   0.047	  

Ir
re
gu
la
r	  l
at
tic
e	  
(R
an
do
m
)	  

n	  =36	   MI	   0.053	   0.038	   0.052	   0.031	   0.047	   0.032	   0.047	  
	   LM-‐err	   0.035	   0.024	   0.031	   0.016	   0.034	   0.022	   0.032	  
	   LM-‐lag	   0.039	   0.032	   0.049	   0.023	   0.036	   0.029	   0.046	  

n	  =	  49	   MI	   0.041	   0.038	   0.050	   0.029	   0.047	   0.031	   0.047	  
	   LM-‐err	   0.033	   0.024	   0.038	   0.019	   0.039	   0.026	   0.035	  
	   LM-‐lag	   0.039	   0.029	   0.048	   0.022	   0.043	   0.026	   0.046	  

n	  =	  100	   MI	   0.053	   0.043	   0.051	   0.038	   0.050	   0.040	   0.049	  
	   LM-‐err	   0.048	   0.037	   0.045	   0.031	   0.045	   0.036	   0.040	  
	   LM-‐lag	   0.048	   0.038	   0.058	   0.029	   0.049	   0.036	   0.048	  

n	  =	  225	   MI	   0.049	   0.039	   0.052	   0.040	   0.047	   0.042	   0.051	  
	   LM-‐err	   0.047	   0.039	   0.049	   0.037	   0.046	   0.036	   0.050	  
	   LM-‐lag	   0.043	   0.043	   0.052	   0.038	   0.049	   0.039	   0.048	  

*In	   regular	   lattices,	  W	   is	   defined	   as	   rook	   contiguity	  matrix.	   In	   irregular	   lattices,	  W	   is	   a	   four	  near	  
neighbours	  matrix.	  5,000	  iterations	  
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Appendix	  B:	  The	  districts	  in	  the	  agglomeration	  of	  Madrid	  
	  

	  
	  


