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In	
  the	
  last	
  years	
  the	
  interest	
  for	
  consumers’	
  experience	
  with	
  Services	
  of	
  General	
  
Interest	
  (SGI)	
  largely	
  increased.	
  Several	
  surveys	
  have	
  been	
  conducted	
  in	
  order	
  to	
  
observe	
  how	
  consumers’	
  sa?sfac?on	
  differs	
  across	
  EU	
  countries.	
  

Judgements	
  are	
  based	
  on	
  personal	
  percep?ons	
  and	
  evalua?ons	
  which,	
  in	
  turn,	
  
depend	
  on	
  several	
  unobservable	
  and	
  subjec?ve	
  factors,	
  such	
  as	
  individual	
  
characteris?cs,	
  group-­‐specific	
  features	
  and	
  social	
  norms,	
  as	
  pointed	
  out	
  by	
  several	
  
contribu?ons	
  (McFadden	
  et	
  al.,	
  2005).	
  

Many	
  studies	
  (Fiorio	
  and	
  Florio	
  2010)	
  already	
  focused	
  on	
  the	
  connec?ons	
  
between	
  consumers’	
  sa?sfac?on	
  with	
  SGI,	
  respondents’	
  characteris?cs	
  and	
  socio-­‐
economic	
  indicators.	
  This	
  literature	
  usually	
  makes	
  use	
  of	
  econometric	
  models	
  for	
  
categorical	
  dependent	
  variable.	
  	
  

Our	
  work	
  tries	
  to	
  analyse	
  the	
  same	
  issue	
  through	
  Bayesian	
  Networks	
  (KeneT	
  and	
  
Salini	
  2009)	
  and	
  to	
  compare	
  the	
  results	
  of	
  these	
  two	
  methodologies.	
  

Research	
  mo?va?on	
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Eurobarometer	
  surveys	
  provides	
  every	
  semester	
  large	
  data	
  sets	
  which	
  analyse	
  
and	
  inves?gate	
  individual	
  aWtudes	
  and	
  percep?on	
  across	
  all	
  European	
  countries.	
  

In	
  2000,	
  2002	
  and	
  2004	
  a	
  survey	
  has	
  been	
  devoted	
  (among	
  other	
  issue)	
  to	
  railway	
  
transport:	
  a	
  sample	
  of	
  respondents	
  has	
  been	
  asked	
  to	
  state	
  their	
  judgements	
  
about	
  prices	
  (defined	
  as	
  excessive,	
  unfair,	
  fair)	
  and	
  service	
  quality	
  (defined	
  as	
  very	
  
unsa?sfied,	
  fairly	
  unsa?sfied,	
  fairly	
  sa?sfied,	
  very	
  sa?sfied).	
  

Moreover,	
  Eurobarometer	
  surveys	
  provide	
  us	
  with	
  a	
  large	
  amount	
  of	
  informa?on	
  
about	
  respondents’	
  characteris?cs	
  (such	
  as	
  age,	
  gender,	
  educa?on)	
  and	
  about	
  
their	
  aWtudes	
  toward	
  railway	
  transport.	
  	
  

Our	
  sample	
  is	
  made	
  up	
  by	
  19,458	
  observa?ons	
  from	
  14	
  European	
  countries.	
  

We	
  split	
  our	
  data	
  set	
  in	
  two	
  sub-­‐samples.	
  	
  We	
  es?mated	
  our	
  models	
  on	
  the	
  first	
  
one	
  (90%	
  of	
  the	
  observa?ons)	
  and	
  we	
  used	
  the	
  second	
  sample	
  (10%	
  of	
  the	
  
observa?ons)	
  for	
  tes?ng	
  the	
  results.	
  

The	
  data	
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The data 

Share	
  of	
  sa?sfied	
  respondents	
  in	
  EU	
  countries	
  (2000,	
  2002	
  and	
  2004).	
  	
  

Source:	
  our	
  elabora?ons	
  on	
  Eurobarometer	
  data	
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The data 

PaTerns	
  of	
  sa?sfac?on	
  significantly	
  differ	
  across	
  countries.	
  

Departures	
  from	
  the	
  mean	
  of	
  price	
  and	
  quality	
  sa?sfac?on	
  in	
  EU	
  countries.	
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As	
  a	
  first	
  step,	
  following	
  previous	
  literature	
  on	
  the	
  topic	
  (Fiorio	
  and	
  Florio,	
  2010),	
  
we	
  analyse	
  the	
  problem	
  by	
  applying	
  econometric	
  models.	
  

The	
  true	
  level	
  of	
  sa?sfac?on	
  can	
  be	
  represented	
  as	
  a	
  con?nuous,	
  unobserved	
  
latent	
  variable	
  ,	
  which	
  is	
  equal	
  to:	
  

Instead	
  of	
  	
  Y*	
  	
  we	
  observe	
  Y	
  ,	
  our	
  ordinal	
  variable	
  which	
  can	
  be	
  seen	
  as	
  a	
  
collapsed	
  version	
  of	
  Y*	
  whose	
  value	
  depends	
  on	
  whether	
  or	
  not	
  the	
  con?nuous	
  
variable	
  crossed	
  a	
  par?cular,	
  unknown,	
  threshold	
  	
  

Ordered	
  logis?c	
  regression	
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yi=	
  price	
  sa,sfac,on	
   yi=	
  quality	
  sa,sfac,on	
  

socio-­‐demographic	
  characteris,cs	
  	
  
(age,	
  gender,	
  educa?on,	
  job,	
  marital	
  status,	
  poli?cal	
  views)	
  

macroeconomic	
  indicators	
  at	
  regional	
  level	
  (NUTSII)	
  	
  
(per	
  capita	
  income,	
  unemployment	
  rate,	
  popula?on	
  density	
  )	
  

“Objec,ve”	
  quality	
  indicators	
  
(fares,	
  demand,	
  railway	
  length)	
  

Country	
  dummies	
  

Model	
  I	
   Model	
  II	
  

Then,	
  we	
  can	
  es?mate	
  the	
  probability	
  that	
  Y	
  will	
  take	
  on	
  any	
  par?cular	
  value	
  
through	
  standard	
  ordered	
  logis,c	
  regression	
  

Ordered logistic regression 
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Ordered logistic regression 
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Another	
  way	
  to	
  look	
  at	
  the	
  same	
  issue	
  involves	
  Bayesian	
  networks	
  (Pearl,	
  2000).	
  

A	
  Bayesian	
  network	
  is	
  a	
  graphical	
  model	
  that	
  encodes	
  the	
  joint	
  probability	
  distribu?on	
  
(physical	
  or	
  Bayesian)	
  for	
  a	
  large	
  set	
  of	
  variables.	
  

A	
  Bayesian	
  network	
  consists	
  of	
  the	
  following	
  (Jensen	
  and	
  Nielsen,	
  2007):	
  
1.  	
  A	
  set	
  of	
  variables	
  and	
  a	
  set	
  of	
  directed	
  edges	
  between	
  variables	
  
2.  	
  Each	
  variable	
  has	
  a	
  finite	
  set	
  of	
  mutually	
  exclusive	
  state	
  
3.  The	
  variable	
  together	
  with	
  the	
  direct	
  edges	
  form	
  an	
  acyclic	
  directed	
  graph;	
  a	
  directed	
  

graph	
  is	
  acyclic	
  if	
  there	
  is	
  no	
  directed	
  path	
  A1	
  →…→An	
  so	
  that	
  A1=An	
  	
  
4.  To	
  each	
  variable	
  A	
  with	
  parents	
  B1,…Bn,	
  a	
  condi?onal	
  probability	
  table	
  P(A	
  l	
  B1,	
  …,	
  Bn)	
  is	
  

aTached.	
  

Bayesian	
  networks	
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An	
  early	
  aTempt	
  to	
  apply	
  Bayesian	
  Networks	
  for	
  the	
  analysis	
  of	
  customer	
  surveys	
  

was	
  presented	
  in	
  KeneT	
  and	
  Salini	
  (2009)	
  and	
  Salini	
  and	
  KeneT	
  (2009).	
  	
  

A	
  survey	
  with	
  n	
  ques?ons	
  produces	
  responses	
  that	
  can	
  be	
  considered	
  as	
  random	
  

variables,	
  X1,	
  .	
  .	
  .	
  ,	
  Xn.	
  

Some	
  of	
  these	
  variables,	
  q	
  of	
  them,	
  are	
  responses	
  to	
  ques?ons	
  on	
  overall	
  

sa?sfac?on,	
  recommenda?on	
  or	
  repurchasing	
  inten?on,	
  that	
  are	
  considered	
  

target	
  variables.	
  	
  

Responses	
  to	
  the	
  other	
  ques?ons,	
  X1,.	
  .	
  .	
  ,	
  Xk	
  ,	
  k	
  =	
  n-­‐q	
  ,	
  can	
  be	
  analyzed	
  under	
  

the	
  hypotheses	
  that	
  they	
  are	
  posi?vely	
  dependent	
  with	
  the	
  target	
  variables.	
  	
  

The	
  combina?ons	
  (Xi,	
  Xj),	
  Xi	
  ∈	
  X1,	
  .	
  .	
  .	
  ,	
  Xn-­‐q,	
  Xj	
  ∈	
  Xn-­‐q+1,	
  .	
  .	
  .	
  ,	
  Xn	
  ,	
  are	
  either	
  

posi?ve	
  dependent	
  or	
  independent,	
  for	
  each	
  pair	
  of	
  variable	
  (Xi,	
  Xj),	
  i	
  ≤	
  n-­‐q,	
  n-­‐q	
  <	
  

j	
  ≤	
  n.	
  

Bayesian	
  networks	
  in	
  Customer	
  Surveys	
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Kenett, R.S. and Salini S. (2009). 
New Frontiers: Bayesian 
networks give insight into survey-
data analysis, Quality Progress, 
pp. 31-36, August. 
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The	
  R	
  package	
  provides	
  a	
  set	
  of	
  tools	
  devoted	
  to	
  the	
  analysis	
  and	
  es?ma?on	
  of	
  

Bayesian	
  networks.	
  	
  

In	
  this	
  analysis	
  we	
  used	
  the	
  library	
  bnlearn	
  (Scutari,	
  2010),	
  which	
  allows	
  to	
  test	
  

several	
  learning	
  algorithm	
  on	
  our	
  data.	
  	
  

The	
  disadvantage	
  of	
  this	
  analysis	
  relies	
  on	
  the	
  impossibility	
  to	
  mix	
  in	
  our	
  data	
  set	
  

con?nuous	
  variables	
  (such	
  as	
  age)	
  and	
  factors.	
  Even	
  if	
  some	
  libraries	
  (deal,	
  

BoTcher	
  and	
  Dethlefsen,	
  2007)	
  handle	
  networks	
  with	
  mixed	
  variables,	
  their	
  

learning	
  procedure	
  is	
  and	
  hardly	
  applicabile	
  to	
  complex	
  models.	
  

Hence,	
  we	
  recoded	
  con?nous	
  variables	
  (age	
  and	
  macro	
  indicators)	
  as	
  factors.	
  

Bayesian	
  networks:	
  the	
  package	
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We	
  implemented	
  in	
  our	
  analysis	
  all	
  the	
  11	
  algorithms	
  available	
  in	
  bnlearn.	
  	
  
Results	
  significantly	
  differ	
  according	
  to	
  the	
  algorithm	
  implemented.	
  

Hence,	
  we	
  tried	
  to	
  choose	
  the	
  best	
  network,	
  also	
  based	
  on	
  the	
  table	
  (partly)	
  
reported	
  below.	
  

Some	
  algorithms	
  tend	
  to	
  overes?mate	
  the	
  number	
  of	
  arcs	
  in	
  the	
  network.	
  

We	
  chose	
  the	
  BN	
  including	
  all	
  the	
  most	
  robust	
  connec?ons	
  between	
  nodes	
  and	
  
minimizes	
  the	
  number	
  of	
  	
  “weak”	
  arcs.	
  	
  

Bayesian networks: robustness issues 
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We	
  select	
  the	
  Hill-­‐Climbling	
  learning	
  algo?thm	
  

Bayesian networks: the model 
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Bayesian	
  networks:	
  main	
  results	
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Ordered	
  logis?c	
  regression	
  vs	
  BN	
  

The	
  predic?ve	
  performance	
  of	
  the	
  models	
  has	
  been	
  tested	
  by	
  applying	
  cross-­‐valida?on.	
  

A	
  bootstrap	
  resampling	
  procedure	
  on	
  the	
  ini?al	
  data	
  set	
  was	
  performed.	
  We	
  generated	
  
1,000	
  random	
  subsets,	
  each	
  of	
  them	
  made	
  up	
  by	
  1,000	
  observa?ons.	
  	
  

Then,	
  the	
  misclassifica?on	
  rate	
  (MR)	
  of	
  the	
  two	
  models	
  (ordered	
  logit	
  and	
  BN)	
  was	
  
es?mated	
  on	
  each	
  random	
  sample.	
  	
  

MR distribution for price satisfaction MR distribution for quality satisfaction 

In	
  terms	
  of	
  predictory	
  capability,	
  the	
  two	
  methods	
  almost	
  lead	
  to	
  the	
  same	
  results.	
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However,	
  from	
  the	
  point	
  of	
  view	
  of	
  a	
  policy	
  the	
  messages	
  conveyed	
  

by	
  these	
  two	
  methods	
  significantly	
  differ.	
  	
  

The	
  ordered	
  logit	
  model	
  suggests	
  that	
  price	
  and	
  quality	
  sa?sfac?on	
  

are	
  related	
  to	
  a	
  number	
  of	
  items,	
  including	
  individual	
  characteris?cs	
  

and	
  some	
  features	
  of	
  the	
  service	
  provided,	
  but	
  it	
  does	
  not	
  help	
  us	
  

understand	
  where	
  the	
  ac?on	
  of	
  the	
  policy	
  maker	
  should	
  be	
  focused.	
  

It	
  associates	
  the	
  variables	
  to	
  each	
  other,	
  poin?ng	
  out	
  the	
  sign	
  and	
  

the	
  strength	
  of	
  these	
  linkages,	
  without	
  providing	
  an	
  extensive	
  

explana?on	
  of	
  the	
  cause/effect	
  rela?onships	
  between	
  them.	
  

Ordered	
  logis?c	
  regression	
  vs	
  BN	
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What	
  are	
  the	
  causes	
  of	
  sa?sfac?on?	
  	
  

Finding	
  an	
  answer	
  to	
  this	
  ques?on	
  is	
  the	
  most	
  relevant	
  informa?on	
  

from	
  the	
  planner’s	
  perspec?ve.	
  	
  

Even	
  if	
  the	
  issue	
  concerning	
  “explanatory”	
  vs.	
  “predic?ve”	
  

modelling	
  is	
  oren	
  ignored	
  in	
  the	
  economic	
  and	
  social	
  science	
  

literature,	
  its	
  relevance	
  is	
  straighsorward,	
  especially	
  in	
  an	
  empirical	
  

study	
  not	
  supported	
  by	
  a	
  robust	
  theore?cal	
  framework	
  (Shmueli,	
  

2010).	
  	
  

Ordered	
  logis?c	
  regression	
  vs	
  BN	
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The	
  BN	
  provides	
  more	
  informa?on	
  with	
  regard	
  to	
  clarifying	
  this	
  

direc?on:	
  

-­‐ For	
  example,	
  that	
  price	
  sa?sfac?on	
  is	
  directly	
  affected	
  by	
  quality	
  

sa?sfac?on,	
  while	
  the	
  reverse	
  does	
  not	
  hold.	
  	
  

-­‐ A	
  reduc?on	
  of	
  fares	
  would	
  not	
  be	
  accompanied	
  by	
  an	
  increase	
  in	
  

quality	
  sa?sfac?on.	
  	
  

-­‐ A	
  policy	
  aimed	
  at	
  increasing	
  the	
  quality	
  of	
  the	
  service	
  (such	
  as	
  

improving	
  access	
  to	
  the	
  railway	
  facili?es	
  or	
  enhancing	
  the	
  

informa?on	
  provided	
  to	
  the	
  travellers)	
  would	
  be	
  more	
  effec?ve,	
  

since	
  it	
  would	
  allow	
  for	
  genera?ng	
  	
  posi?ve	
  spill-­‐overs	
  on	
  both	
  price	
  

and	
  quality	
  sa?sfac?on.	
  	
  

Ordered	
  logis?c	
  regression	
  vs	
  BN	
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• BN	
  in	
  the	
  framework	
  of	
  IPA	
  approach	
  and	
  Sensi?vity	
  Analysis	
  (with	
  

F.	
  Cugnata	
  and	
  R.	
  KeneT)	
  	
  

• 	
  R	
  func?on	
  to	
  conduct	
  “what	
  if”	
  sensi?vity	
  scenarios	
  given	
  a	
  BN	
  
(with	
  F.	
  Cugnata)	
  

• Bootstrap	
  confidence	
  intervals	
  for	
  performance	
  indicators	
  in	
  the	
  

value-­‐added	
  models	
  in	
  Educa?on	
  (with	
  F.	
  Cugnata	
  and	
  G.	
  Perucca)	
  

Working	
  Progress	
  and	
  Further	
  research	
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How	
  are	
  the	
  factors	
  in	
  the	
  model	
  affec?ng	
  the	
  target	
  variable	
  
levels?	
  

How	
  are	
  factors	
  affec?ng	
  the	
  distance	
  between	
  condi?oned	
  
distribu?ons	
  and	
  observed	
  data?	
  

Which	
  factors	
  affect	
  customer	
  sa,sfac,on	
  and	
  how	
  

Which	
  factors	
  will	
  have	
  the	
  largest	
  impact	
  if	
  changed	
  

Working	
  Progress	
  and	
  Further	
  research	
  Importance-­‐Performance	
  Sensi?vity	
  Analysis	
  	
  	
  

Cugnata, F., Kenett, R.S. and Salini S. (2014). Bayesian Network Applications to Customer Surveys and InfoQ, to appear in 
Procedia Economics and Finance  
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Generate	
  a	
  full	
  factorial	
  experiments	
  based	
  on	
  driver	
  combina?ons.	
  

Analyse	
  the	
  target	
  variable	
  thus	
  generated	
  (overall	
  sa?sfac?on)	
  with	
  respect	
  
to	
  the	
  observed	
  one,	
  in	
  order	
  to	
  study	
  the	
  effect	
  that	
  each	
  driver	
  
combina?ons	
  has	
  on	
  its	
  variability.	
  	
  

Working	
  Progress	
  and	
  Further	
  research	
  Importance-­‐Performance	
  Sensi?vity	
  Analysis	
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1000	
  simulated	
  target	
  variable	
  using	
  the	
  BN	
  es?mated	
  on	
  the	
  observed	
  dataset.	
  
Distribu?on	
  of	
  simulated	
  target	
  variable	
  for	
  each	
  level	
  of	
  each	
  variable	
  	
  

Mean	
  of	
  simulate	
  target	
  variable	
  for	
  each	
  level	
  of	
  each	
  variable	
  (ABC)	
  

Impact	
  of	
  factors	
  on	
  target	
  variable	
  

Working	
  Progress	
  and	
  Further	
  research	
  Importance-­‐Performance	
  Sensi?vity	
  Analysis	
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Compare	
  the	
  observed	
  	
  distribu?on	
  with	
  the	
  simulated	
  one	
  (1000	
  runs)	
  	
  
using	
  Kolmogorov-­‐Smirnov	
  test	
  

Mean	
  of	
  Kolmogorov-­‐Smirnov	
  for	
  each	
  level	
  of	
  each	
  variable	
  (ABC)	
  

Impact	
  of	
  factors	
  on	
  condi?oned	
  target	
  variable	
  distribu?on	
  

Working	
  Progress	
  and	
  Further	
  research	
  Importance-­‐Performance	
  Sensi?vity	
  Analysis	
  	
  	
  



Thank	
  you	
  for	
  your	
  aNen,on	
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