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1. Bayesian networks 

for medical diagnosis 



A very simple Bayesian network 



A more complex Bayesian network 



Bayesian networks we have built 

Medical Bayesian networks we have built 

 DIAVAL: echocardiography (valvulopathies) 

   F. J. Díez’ thesis, 1994 

 Prostanet: urology (prostate cancer) 

   Carmen Lacave’s thesis, 2003 

 Nasonet:  nasopharyngeal cancer spread 

   Severino Galán’s thesis, 2003 

 HEPAR II: liver dieseases 

   Agnieszka Onisko’s thesis, 2003 

 Catarnet: Cataract surgery  

   Nuria Alonso’s thesis, 2009 

 



DIAVAL 













Prostanet (for prostate diseases) 



Nasonet (nasopharyngeal cancer spread) 



Hepar II (liver diseases) 

 



Catarnet (cataract surgery) 



BN vs. a panel of experts (Delphi) 

expert panel (median) 
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 Comparison in 429 clinical scenarios 

 Result:   ICC=0.83  [IC95%: 0.80 – 0.86]  (p<0.001) 



Input:  1. General data 



Input:  2. Ocular comorbidity 



Input:  3. Surgical complexity 



Output:  1. Expert panel’s recommendations 



Output:  2. BN recommendation 





How to build a Bayesian network 

 From a database 

Data 

base 
algorithm Bayesian 

network 

 There are many algorithms, several new algorithms every year  

 Similar to other machine learning methods 

but the model is easily interpretable: “white box” 

 With a human expert’s help 

Causal 

knowledge 
modeling Causal 

graph 
probabilities Bayesian 

network 

 Hybrid methods:  

 experts structure;   database probabilities 

 experts initial model;   new cases refine the probabilities 





OpenMarkov. Main features 

 Main advantage: open source 

 Free 

 Users can adapt it to their needs 

 Software engineering tools:  

    JUnit, maven, mercurial (bitbucket), nexus, bugtracker, etc. 

 Strengths 

 Written in Java: portability (Windows, linux, MacOS…) 

 Many types of models, potentials, etc.  

 Algorithms not available in any other package 

• interactive learning 

• cost-effectiveness analysis with IDs, Markov IDs and DANs 

 Very active: new features are continuously added 

 Support for users and developers: wiki, lists, mail… 

 Well-documented format for encoding networks: ProbModelXML. 



OpenMarkov’s users 

 Used in: 

 universities, research centers 
• Los Alamos National Laboratory,  

National Oceanic and Atmospheric Administration… 

 large companies  

 In more than 30 countries: 

 Europe: Spain, Portugal, France, Italy, UK, Belgium, The 

Netherlands, Germany, Slovenia, Norway, Sweden, Finland, 

Poland, Ukraine 

 Asia: Turkey, Saudi Arabia, Iran, China, India, South Korea, 

Malaysia, Singapore, Japan 

 America: United States, Mexico, Cuba, Colombia, Ecuador, 

Venezuela, Brazil  

 Africa: Algeria, Ghana, Nigeria 



Neural networks vs. Bayesian networks 

 Advantages of Bayesian networks: 

 can built from data, statistical reports (medical literature),  

expert knowledge, or any combination of them 

 can learn causal models from data 

 can be built interactively 

 easy to interpret  explanation of the model and the results 

All these advantages are very important for health applications 

 Advantages of neural networks: 

 can build networks with thousands of variables 

 suitable for computer vision, natural language processing… 

 A promising novel method: sum-product networks (SPNs) 

 may have the advantages of neural nets and Bayesian nets 

 but they are still in their infancy: “born” in 2011. 

  

  



2. Influence diagrams 

for medical decision making 



An influence diagram 







Mediastinet (lung cancer) 

Equivalent to a decision tree containing ~104 branches. 



Arthronet (total knee arthroplasty) 

Equivalent to a decision tree containing ~104 branches. 



Mediastinet (DAN version) 

Decisions are partially ordered. 



3. Cost-effectiveness analysis 



Quantity and quality of life 

 Effectiveness (in cost-utility studies): 

1 

 QoL(t) 

time: t 

  dttQoLeff )(

 1 QALY = effectiveness accrued in one year of perfect health 



QoL is subjective: how can we measure it? 

 Visual analog scale (VAS) 

 

 

• does not measure quantitative preferences 

• cannot be directly used in cost-utility analyses 

 Standard gamble 

• “Do you prefer to live in state s or to enter a lottery with probability p of recovering 

perfect health and (1- p) of dying?” 

 Time trade-off (TTO) 

• “Do you prefer to live in state s for 50 years or do you prefer to live with perfect health 

for 45 years?” 

• “Imagine you are in state s and your life expectancy is 50 years. How many years of 

your life expectancy would you give up  to recover perfect health? 

 

 

 



Methods of Information in Medicine 2015;54:353-358. 



4. Temporal PGMs 



Markov chain 

One variable that evolves over time 

 Transition probabilities:  P(xi+1|xi) 



Hidden Markov model (HMM) 

Observed variable:  Y 

 Non-observed (hidden) variable: X 

 Probability of each observation:  P(yi|xi) 

 Transition probability:  P(xi+1|xi) 

 



Markov decision process (MDP) 

Observed variable:  X 

 Decision: D 

 Transition probability:  P(xi+1|xi) 

 Reward:  U(xi, di) 

 



Partially observable MDP (POMDP) 

 Hidden variable: X  

Observed variable : Y 

 Decision: D 

Observation prob.: P(yi|xi) 

 Transition prob.: P(xi+1|xi) 

 Reward: U(xi, di) 

 



Factored extensions of Markov models 



Dynamic Bayesian network (DBN) 

 Markov chain or hidden Markov model:  

  – one variable, X 

  – one conditional probability: P(xi+1|xi) 

 Dynamic Bayesian network:  

  – several variables, {X, Y, Z…} 

  – factored probability: P(yi|xi), P(zi|xi, yi), P(xi+1|xi, yi)… 



IJCAI Workshop Decision Making in Partially Observable,  

Uncertain Worlds: Exploring Insights from Multiple Communities 

Barcelona, July 2011 



5. Markov influence diagrams: 
cost-effectiveness analysis 

in temporal domains 





A MID for malignant pleural effusion 

 Meeting of the Society for Medical Decision Making (SMDM 2015),  

St. Louis, October 2015. 



A MID for colorectal cancer screening 

 European Conference of the Society for Medical Decision Making,  

London, UK, June 2015. 



A MID for breast cancer screening 



6. Estudio del coste-efectividad 

del I.C. bilateral en España 

 



Mi motivación 

Que todos los niños que lo necesitan tengan dos implantes cocleares. 

¿Cómo lograrlo? 

Análisis de coste-efectividad del IC bilateral en España. 

Objetivo 



Dos encuestas para medir  

calidad de vida y costes 

 1ª encuesta: población general 

 Objetivo: medir el aumento de calidad de vida que aporta  

el 2º implante; detectar sesgos 

 Demo: www.cisiad.uned.es/implante-coclear/encuesta-demo  

 Invitados:  3.465 estudiantes de informática de la UNED. 

 Respondieron 583 personas. 

 Nuestra hipótesis se confirmó rotundamente: hay sesgos. 

 2ª encuesta: usuarios de uno/dos implantes, o sus padres 

 Objetivo: medir el aumento de calidad de vida y costes 

 Respondieron 273 personas 

 69 personas respondieron por sí mismas 

• 92 con un implante (75%), 23 con dos (25%). 

 181 personas respondieron por su hijo/a 

• 66 con un implante (36’5%), 115 con dos (63’5%). 

 

 

http://www.cisiad.uned.es/implante-coclear/encuesta-demo
http://www.cisiad.uned.es/implante-coclear/encuesta-demo
http://www.cisiad.uned.es/implante-coclear/encuesta-demo
http://www.cisiad.uned.es/implante-coclear/encuesta-demo
http://www.cisiad.uned.es/implante-coclear/encuesta-demo




A MID for bilateral cochlear implantation 

 Cochlear Implant Symposium, Washington DC, October 2015. 





La Orden SSI/1356/2015 

 España es el primer país que cubre (en la ley) el ICB para niños y adultos. 

 Hay cierta ambigüedad en la ley  dificultades en la práctica. 



 Campaña de microfinanciación (crowdfunding) 

 Gran repercusión en los medios de comunicación. 



www.observatorio-ic.org 

http://www.observatorio-ic.org/
http://www.observatorio-ic.org/
http://www.observatorio-ic.org/








Collaboration with other groups 

 We offer:  

 Expertise in probability and medical decision analysis 

 Experience in national and international projects 

 OpenMarkov, an open-source tool for: 

• building probabilistic models from expert knowledge 

• building probabilistic models from data: white-box models 

• building probabilistic models interactively 

• cost-effectiveness analysis 

 We are looking for: 

 Financial support (of course!) 

 Collaboration in new national and international projects 



Thank you very much for your attention! 

 Links 

• www.cisiad.uned.es 

• www.OpenMarkov.org 

• www.ProbModelXML.org/networks 

 Contact: fjdiez@dia.uned.es 

 

http://www.probmodelxml.org/networks
mailto:fjdiez@dia.uned.es

