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Dades de morbiditat poblacional
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http://146.219.25.61/msiq/IMP.html




Diabetes | contactes amb AP

Homes Dones
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A: Contactes AP (Mitjana de contactes); B: Mombre de contactes AP; C: Nombre de cazos de la categoria
(*) S'han exclds els azzeguratz dels EAP que no notifiquen al CMBD-4AP (poblacid a rizc: 541,391 cazos)
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Intelligencia grupal ECAP
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Que podem fer amb Big Data?

0

L'heterogeneitat de les caracteristiques demografiques i cliniques dels
pacients, especialment els cronics d'alta complexitat, i la dispersio de
'assistencia en diferents especialistes 1 centres de salut, dificulten la
identificaci0 proactiva | sistematica per facilitar les actuacions de
prevencio i cura.

El Big Data és aplicable per caracteritzar els grups de pacients integrant
factors de risc, analisi genomica per personalitzar tractaments, millorar
els resultats d'aplicacio de politiques sanitaries i per implementar nous
models de prestacio d'assistencia sanitaria.

La capacitat de manejar grans volums de dades també s'esta convertint
en un facilitador per dur a terme estudis d'investigacié sense precedents
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DISEASE.html?_r=1&%#

http://www.nytimes.com/interactive/2008/05/05/science/20080506







Que hem fet a BCN?

6 Caracteritzacio de grups (clusters) de problemes de salut & grups de
malalties que s'acostumen a trobar conjuntament a determinats pacients
0 trobar les malalties secundaries que pivoten al voltant d'una malaltia
principal.

6 Caracteritzacio de grups de medicaments i relacio amb els diagnostics.
Significa trobar quins medicaments son receptats en els grups de
I'apartat anterior I sota quines condicions.

6 Capacitat de detectar “outliers” i fer analisis diferencials, per exemple,
SAPs, metges que tenen un comportament molt diferent a la resta a
I’hora de receptar o dels diagnostics relacionats amb la prescripcio, aixi
com malalties o grups de malalties que es tractende manera no.

6 Presentacio de les dades per tal de poder-les visualitzar de forma
entenedora | poder-hi realitzar consultes de forma interactiva.




Que hem fet a BCN?

6 Carrega de les seglients dades del 2013:
6 1,6 milions de pacients
6 12,3 milions de problemes de salut
6 7,7 milions de prescripcions
6 15% usuaris amb identificador nul (episodis no tancats)
6 8,5 GB (560 MB comprimits)




Etapes

g
Etapa 1
*» Determinacio de
requisits i
funcionalitats

fEtapa 2

* Preprocessament de
les dades, analisis
manuals i tria de
metodes a usar

p
Etapa 4

« Experimentacio i
validacio dels
resultats

\ 4

fEtapa 3

» Automatitzacio:
construccio del
software




Machine learning

CIP: 036184714B6R4B3A4B2G4B3A3A
Edat: 16-44
Sexe: D
Malalties: )
EXAMEN I PROVA DE L'EMBARAS (Z32) )
PROBLEMES RELACIONATS AMB CERTES CIRCUMSTANCIES PSICOSOCIALS (7Z64)
Medicaments:
Hormonas tiroideas (H0O3AA)
Hormonas tiroideas (HO3AA)
Hormonas tiroideas (H03AA)
Antagonistas del receptor H2 (A02BA)

CIP: 036184714B7H6R4B3A2G1U3A3A
Edat: 16-44
Sexe: D
Malalties: )
EXAMEN GENERAL I INVESTIGACIO EN PERSONES SENSE QUEIXES O QU (Z00)
FEBRE D'ORIGEN DESCONEGUT (R50)
ANTECEDENTS FAMILIARS DE CERTES DISCAPACITATS [ MALAITIES CR (Z82)
CAIGUDA NO ESPECIFICADA (W19) )
ANTECEDENTS PERSONALS D'AL-LERGIA A DROGUES, FARMACS I SUBST (Z88)
URTICARIA (L50) \ \
ANTECEDENTS PERSONALS D'AL-LERGIA A DROGUES, FARMACS I SUBST (Z88)
ASMA (J45) i
ALTRES HIPOTIROIDISMES (E03)
RINITIS AL-LERGICA I VASOMOTORA (J30)
ANEMIA PER DEFICIENCIA DE FERRO (D50)
NEVUS MELANOCITIC (D22)
INFERTILITAT FEMENINA (N97)
Medicaments:
Hierro trivalente, preparados orales (BO3AB)
Otros antihistaminicos para uso sistemico (RO6AX)
Inhibidores de la bomba de protones (A02BC)
Hormonas tiroideas (HO3AA)
Hormonas tiroideas (HO3AA)
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XARXA DE DEMENCIES — AP ICS BCN

La taula expressen quants cops mes del que s'esperaria si no tinguessin relacio la malaltia de la fila
esta relacionada amb la malaltia central del cluster.

Per exemple, la malaltia del Parkinson es troba diagnosticada alhora juntament amb les demencies
13 cops del que s'esperaria si no tinguessin cap relacio.

Z99 DEPENDENCIA DE MAQUINES | DISPOSITIUS CAPACITANTS 30.189
L89 ULCERA DE DECUBIT 25.428
R15 INCONTINENCIA FECAL 23.272
Z74 ATDOM - PROBL. AMB DEPEND. DE LA PERSONA QUE DONA ELS SERVEIS 15.271
Y53 EFECTES ADVERSOS D'AGENTS QUE AFECTEN PRINCIPALMENT EL SISTEMA 14.781
R32 INCONTINENCIA URINARIA, INESPECIFICA 13.436
100155 RISC DE CAIGUDES 13.335
G20 MALALTIA DE PARKINSON 13.034
S72 FRACTURA DEL FEMUR 12.788
Z59 PORBLEMES RELACIONATSAMB L'HABITATGE | LES CIRCUMSTANCIES E 12.033
R45 SIMPTOMES | SIGNES QUE INVOLUCREN L'ESTAT EMOCIONAL 10.988
R41 ALTRES SIMPTOMES | SIGNES QUE INVOLUCREN LA FUNCIO COGNOSCIT 10.266
Z63 ALTRES PROBLEMES RELACIONATSAMB UN GRUP PRIMARI DE RECOLZAM 9.053
164 ACCIDENT VASCULAR ENCEFALIC AGUT, INESPECIFIC (HEMORRAGIC O 7.426
W19 CAIGUDA NO ESPECIFICADA 7.376
Z86 ANTECEDENTS PERSONALS D'ALTRES MALALTIES 7.206
G45 ATACS D'ISQUEMIA CEREBRALTRANSITORIA | SINDROMES AFINS 7.042
M80 OSTEOPOROSI AMB FRACTURA PATOLOGICA 6.04
148 FIBRIL-LACIO | ALETEIG AURICULAR 5.903
M15 POLIARTROSI 5.631
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Que ens permet el software?

6 Filtres (AND / OR): podem filtrar per edat, sexe, malalties,
medicaments, zona de residencia o codi UBA. Per exemple podem
filtrar els pacients amb una malaltia del cor i que tinguin menys de
30 anys. També podem seleccionar els pacients gue tenen mes d'un
cert nombre de malalties 0 medicaments

6 Trobar regles: permet generar un fitxer de regles a partir d'un
fitxer de pacients. S'ha d'especificar un suport minim i una
confianca minima per tal de no obtenir totes les regles possibles.

6 Generar un graf
6 Trobar pacients “sospitosos”




Big Data In Health Care: Using Analytics To
|dentify And Manage High-Risk And High-Cost

Patients
2014 Jul;33(7):1123-31

6 The US health care system is rapidly adopting electronic health records, which will
dramatically increase the quantity of clinical data that are available electronically.
Simultaneously, rapid progress has been made in clinical analytics—techniques for
analyzing large quantities of data and gleaning new insights from that analysis—which is
part of what is known as big data. As a result, there are unprecedented opportunities to
use big data to reduce the costs of health care in the United States. We present six use
cases—that is, key examples—where some of the clearest opportunities exist to reduce
costs through the use of big data: high-cost patients, readmissions, triage,
decompensation (when a patient’s condition worsens), adverse events, and
treatment optimization for diseases affecting multiple organ systems. We
discuss the types of insights that are likely to emerge from clinical analytics, the types of
data needed to obtain such insights, and the infrastructure—analytics, algorithms,
registries, assessment scores, monitoring devices, and so forth—that organizations will
need to perform the necessary analyses and to implement changes that will improve care
while reducing costs. Our findings have policy implications for regulatory oversight,
ways to address privacy concerns, and the support of research on analytics.



http://www.ncbi.nlm.nih.gov/pubmed/25006137

The rise of big clinical databases
2015 Jan;102(2)

BACKGROUND:

6 The routine collection of large amounts of clinical data, 'big data’, is becoming more common, as are research
studies that make use of these data source. The aim of this paper is to provide an overview of the uses of data from
large multi-institution clinical databases for research.

METHODS:

6 This article considers the potential benefits, the types of data source, and the use to which the data is put.
Additionally, the main challenges associated with using these data sources for research purposes are considered.

RESULTS:

6 Common uses of the data include: providing population characteristics; identifying risk factors and developing
prediction (diagnostic or prognostic) models; observational studies comparing different interventions; exploring
variation between healthcare providers; and as a supplementary source of data for another study. The main
advantages of using such big data sources are their comprehensive nature, the relatively large number of patients
they comprise, and the ability to compare healthcare providers. The main challenges are demonstrating data
quality and confidently applying a causal interpretation to the study findings.

CONCLUSION:

6 Large clinical database research studies are becoming ubiquitous and offer a number of potential benefits.
However, the limitations of such data sources must not be overlooked; each research study needs to be considered
carefully in its own right, together with the justification for using the data for that specific purpose.



http://www.ncbi.nlm.nih.gov/pubmed/25627139

Using Big Data to Measure and Improve

Cardiovascular Health and Healthcare Services
2015 Feb 3

BACKGROUND:

6 The CArdiovascular HEalth in Ambulatory care Research Team (CANHEART) is conducting a
unique, population-based observational research initiative aimed at measuring and improving
cardiovascular health and the quality of ambulatory cardiovascular care provided in Ontario,
Canada. A particular focus will be on identifying opportunities to improve the primary and
secondary prevention of cardiovascular events in Ontario's diverse multiethnic population.

METHODS AND RESULTS:

6 A population-based cohort comprising 9.8 million Ontario adults 220 years in 2008 was assembled
by linking multiple electronic survey, health administrative, clinical, laboratory, drug, and electronic
medical record databases using encoded personal identifiers. The cohort includes 9.4 million
primary prevention patients and %400 000 secondary prevention patients. Follow-Up on clinical
events Is achieved through record linkage to compre%ensive hospitalization, emergency department,
and vital statistics administrative databases. Profiles of cardiovascular health and preventive care will
be developed at the health region level, and the cohort will be used to study the causes of regional
variation in the incidence of major cardiovascular events and other important research questions.

CONCLUSIONS:

6 Linkage of multiple databases will enable the CANHEART study cohort to serve as a powerful big
data resource for scientific research aimed at improving cardiovascular health and health services
delivery. Study findings will be shared with clinicians, policy makers, and the public to facilitate population
health interventions and quality improvement initiatives.



http://www.ncbi.nlm.nih.gov/pubmed/25648464
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loT / WEAREABLES / Digital tatoos

6 Les dades emmagatzemades en els wereables 1 sensors
permeten una serie temporal diaria de dades personals de
salut i estils de vida per a ser emmagatzemat en el nuvol a
traves de dispositius mobils. Es poden extreure les normes i
patrons relatius a condicions de vida i la salut de l'usuari




Twitter: @scordomi
silvia.cordomi@gencat.cat
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