
METODI	  INNOVATIVI	  PER	  
L’ESTRAZIONE	  DI	  INFORMAZIONE	  DA	  
DATI	  SANITARI	  

Miriam	  Baglioni	  –	  IIT	  CNR	  

26	  Jan	  2012	  



Re8	  Sociali	  
•  Una	  rete	  sociale	  è	  composta	  da	  un	  gruppo	  
eterogeneo	  di	  en8tà	  connesse	  
–  Un’en8tà	  può	  essere	  qualunque	  

•  Un	  medico	  
•  Un	  paziente	  
•  Un	  farmaco	  
•  …..	  

–  Una	  connessione	  è	  una	  proprietà	  che	  lega	  due	  en8tà	  
•  ha_medico	  (fra	  paziente	  e	  medico)	  
•  Assume	  (fra	  paziente	  e	  farmaco)	  
•  …	  



Social	  Networks	  



Re8	  sociali	  in	  ambito	  bio-‐medico	  

Sanità	  	  	  
•  Lo	  studio	  delle	  abitudini	  

prescriTve	  del	  medico	  
generico	  

Biologia 	  	  
•  La	  dipendenza	  delle	  

malaTe	  da	  alcuni	  geni	  

of their patients, the percentage values have been 
standardized to make them comparable. In particular 
there has been a direct standardization of percentages 
of inhibitors of acid pump prescriptions, using sex, age 
and belonging to the group of cardiovascular diseases 
as standardized variables (disease modal group for 
patients of all four doctors with frequencies close to 
50%). The patient population belonging to GP3 was 
used as the standard population. 

Given the overlap of the distributions by sex, age 
and presence of cardiovascular disease in patients 
treated by the four doctors, the standardized 
percentages do not differ substantially from the rough 
(non standardized) ones, confirming GP3 is atypical 
with respect to the other three GP’s. 
 

Table 3. Standardized percentages 

 
3.2.2.�Method.�To investigate the reasons for the 
atypical situation of GP3, specifically regarding the 
acid pump inhibitor drugs, prescription data were 
analyzed considering patient disease patterns (i.e. 
considering co-morbidities for each patient) and the 
number of distinct patients within these sub-groups.  

Patient disease patterns have been created 
elaborating several data flows coming from Italian 
Health Regional Structures for 2007 year, integrating 
outpatients, death registries, hospital stays, drug 
prescriptions, addictions services, mental health 
services and pathology ticket exemptions.  

Prior to use in the analysis, individual patient 
records coming from all data sources have been linked 
in order to create a data warehouse for monitoring and 
evaluation of health status at the individual level. A 
record link occurs when two or more records in a set of 
different sources are determined to represent the same 
individual and are joined as one case. Linked records 
actually represent one person. The linkage procedure 
initially performs tax code1 formal correctness check, 

                                                           
1 Similar to a Social Security Number in the United States, the tax 
code in Italy is an alphanumeric code of 16 characters. It serves to 
identify, unambiguously for tax purposes, individuals residing in 
Italy irrespective of residency status. The code is issued by the 
National Italian tax office. 
�

then the tax code is used for the deterministic linkage, 
avoiding the problem of ambiguously linked records. 

A software algorithm guided from data linked to 
each patient, allows their classification into one or 
more groups of diseases: i.e. a patient is considered 
neoplastic if he received outpatient treatment in the 
oncology branch and/or he took drugs with ATC 3 
digits code equal to ‘L01’ and/or he had diagnosis 
containing code between 140* and 208* (considering 
ICD9CM classification) during hospital stays. 

 After data elaboration, twenty-six different 
patterns were identified, some of them comprising as 
many as five co-morbidities (diabetes, cardiovascular 
disease, pulmonary disease, gastro-enteropathy and 
endocrine-metabolic disease) and patterns less 
complex with four co-morbidities inside the group of 
neoplasia, cardiovascular disease, gastro-enteropathy, 
autoimmune disease, endocrine-metabolic disease, 
pulmonary disease, diabetes, neuropathy, and so on 
down to single disease patterns. 
 
3.2.3. Analysis. The network analysis was performed 
using Gephi, an open source software platform that 
allows interactive exploration of data through complex 
networks using technology based on the mathematical 
model of graphs. The model is simplified as much as 
possible in order to have two node types only: GP’s 
and pattern of disease of patients who received acid 
pump inhibitors prescriptions. The arcs connect GP’s 
to different patterns, each arc is weighted based on the 
average number of prescriptions (total number of 
prescriptions / number of patients) against the specific 
pattern. Weight is visible through arc width. 
 

 
Picture 2. Graph of acid pump inhibitor 

prescriptions 
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Drug GP
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Acid pump inhibitors 7.1 6.2 4.4 10.3 
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Analisi	  di	  Re8	  Sociali	  

•  Lo	  scopo	  dell’analisi	  delle	  re8	  sociali	  è	  lo	  
studio	  delle	  connessioni	  fra	  le	  en8tà	  

•  Strumen8	  8pici	  sono	  
–  Indici	  di	  centralità	  e	  di	  flusso	  
– Ricerca	  di	  zone	  dense	  
– Pafern	  search	  
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•  Lo	  scopo	  dell’analisi	  delle	  re8	  sociali	  è	  lo	  studio	  delle	  
connessioni	  fra	  le	  en8tà	  

•  Strumen8	  8pici	  sono	  
–  Indici	  di	  centralità	  e	  di	  flusso	  

•  Scoperta	  dei	  nodi	  più	  importan8	  all’interno	  della	  rete	  rispefo	  a	  
certe	  proprietà	  
–  Grado	  
–  Vicinanza	  
–  Betweenness	  
–  …	  

–  Ricerca	  di	  zone	  dense	  
–  Pafern	  search	  



Betweenness	  
•  La	  betweenness	  di	  un	  nodo	  indica	  quale	  è	  il	  flusso	  
dell’informazione	  che	  passa	  nella	  rete	  afraverso	  di	  
esso	  

•  Si	  calcola	  afraverso	  i	  cammini	  minimi.	  
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•  Per	  categorie	  di	  nodi	  molto	  frequen8	  nelle	  re8	  
sociali	  la	  betweenness	  può	  essere	  calcolata	  
esafamente	  senza	  ricorrere	  ai	  cammini	  minimi	  
–  Calcolo	  cammini	  minimi	  solo	  su	  sofoinsieme	  di	  nodi	  
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Risparmio	  più	  del	  
50%	  nel	  tempo	  di	  
calcolo	  sul	  grafo	  di	  
esempio	  
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Analisi	  di	  Re8	  Sociali	  

•  Lo	  scopo	  dell’analisi	  delle	  re8	  sociali	  è	  lo	  
studio	  delle	  connessioni	  fra	  le	  en8tà	  

•  Strumen8	  8pici	  sono	  
–  Indici	  di	  centralità	  e	  di	  flusso	  
– Ricerca	  di	  zone	  dense	  

•  Quali	  sono	  gli	  insiemi	  di	  individui	  che	  hanno	  più	  cose	  in	  
comune	  rispefo	  ad	  alcune	  proprietà	  

– Pafern	  search	  



Ricerca	  di	  zone	  dense	  (1)	  
•  Condizione	  necessaria	  affinché	  un	  nodo	  sia	  parte	  
di	  una	  zona	  densa	  e’	  che	  abbia	  N	  vicini	  i	  quali	  
devono	  avere	  N	  vicini	  
–  Calcolabile	  con	  core	  sets	  decomposi8on	  

1	  

3	  



•  Condizione	  necessaria	  affinché	  un	  insieme	  di	  
nodi	  formi	  una	  zona	  densa	  e’	  che	  si	  formino	  
un	  numero	  adeguato	  di	  triangoli	  

Ricerca	  di	  zone	  dense	  (2)	  



•  Grafi	  da	  5K	  a	  1.4M	  nodi	  
•  Recovery	  delle	  comunità	  maggiore	  del	  90%	  
•  Tempo	  di	  esecuzione	  massimo	  32	  sec.	  

Zone	  Dense	  alcuni	  risulta8	  
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Analisi	  di	  Re8	  Sociali	  
•  Lo	  scopo	  dell’analisi	  delle	  re8	  sociali	  è	  lo	  
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•  La	  rete	  sociale	  con8ene	  insiemi	  di	  nodi	  connessi	  
rispefando	  un	  certo	  pafern?	  
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