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Brief introduction on Additive Bayesian modelling

Hands-on exercise: first analysis 

Hands-on exercice: advanced features

Wrap-up and discussion

More advanced features of Additive Bayesian modelling 

Gilles Nicolas Reinhard



MATERIAL

https://gilleskratzer.github.io/ABN-UseR-2021/
Material for the workshop

http://r-bayesian-networks.org/
More ressources about ABN



HANDS-ON

ROOM 7

https://gilleskratzer.github.io/ABN-UseR-2021/

https://app.slack.com/



MOTIVATIONAL EXAMPLE: CREDIT CARD FRAUD DETECTION 
PREDICTION



MOTIVATIONAL EXAMPLE: CREDIT CARD FRAUD DETECTION 
PREDICTION



MOTIVATIONAL EXAMPLE: VETERINARY EPIDEMIOLOGY 
DATA VISUALISATION



MOTIVATIONAL EXAMPLE: SOCIAL SCIENCES 
DATA INTERPRETATION



EXAMPLE OF SYSTEMS EPIDEMIOLOGY DATA ANALYSED WITH ABN



EXAMPLE OF SYSTEMS EPIDEMIOLOGY DATA ANALYSED WITH ABN

Technopathy in rabbit

Anti-microbial resistance

Animal welfare

‣Multi-drug resistant Salmonella isolates (7 antibiotics) 
‣ 43 poultry farms in Uganda 
‣ Risk factors: Management practice, farm size, etc … 

‣Welfare control programme after ban of battery cage 
‣ 193 different poultry farms in Sweden 
‣Welfare status depends on many inter-related variables 
‣ Risk factors: Management practice, weather, etc …

‣ Longitudinal study on Pododermatitis in rabbit 
‣ 3 commercial farms in Switzerland 
‣ Group housing on litter and plastic slats 
‣Main interest: Healing process

MULTIPLE OUTCOMES

MULTIDIMENSIONAL

HYPOTHESIS GENERATION

Comin and al. (2019) in PVM

Ruchti and al. (2019) in PVM

Hartnack and al. (2019) in BMC



BAYESIAN NETWORKS IN THE MACHINE LEARNING WORLD



OUTLINE OF THE TALK

Objective of the workshop: 

How to learn Bayesian networks from observational data?



OUTLINE OF THE TALK

Objectif of the workshop: 

How to learn Bayesian networks from observational data?

Bayesian Networks are defined by two elements: 

Network structure: 

Directed Acyclic Graph (DAG): G = (V, A) 

in which each node vi ∈ V corresponds to a random variable Xi 

Probability distribution: 

Probability distribution X with parameters Θ, which can be factorised into smaller 
local probability distributions according to the arcs aij ∈ A present in the graph. 

A BN encodes the factorisation of the joint distribution

P (X) =
nY

j=1

P (Xj | Paj ,⇥j), where Paj is the set of parents of Xj

<latexit sha1_base64="Q5Hpx5WiI8bpSbx7+lIjwVGktpw="></latexit><latexit sha1_base64="Q5Hpx5WiI8bpSbx7+lIjwVGktpw="></latexit><latexit sha1_base64="Q5Hpx5WiI8bpSbx7+lIjwVGktpw="></latexit><latexit sha1_base64="Q5Hpx5WiI8bpSbx7+lIjwVGktpw="></latexit>

select



ABN WORKFLOW

1. From observational dataset deduce probabilistic model 
Epidemiological constrain: mixture of distributions 

2. From probabilistic model deduce structure

Observational dataset Probabilistic model Network structure

Computing directly

1 2

EXPONENTIAL FAMILY

P (X) =
nY

j=1

P (Xj | Paj ,⇥j), where Paj is the set of parents of Xj

<latexit sha1_base64="Q5Hpx5WiI8bpSbx7+lIjwVGktpw="></latexit><latexit sha1_base64="Q5Hpx5WiI8bpSbx7+lIjwVGktpw="></latexit><latexit sha1_base64="Q5Hpx5WiI8bpSbx7+lIjwVGktpw="></latexit><latexit sha1_base64="Q5Hpx5WiI8bpSbx7+lIjwVGktpw="></latexit>



COMBINATORIAL WALL

16 - 25 Nodes Exact inference possible

26 - 50 Nodes Approximate inference

51 - 100 Nodes

< 10100 DAGs

< 10400 DAGs

< 101700 DAGs Approximate inference

101 - 1000 Nodes

1 - 15 Nodes < 1041 DAGs Exact inference

< 10100000 DAGs (very) approximative inference

# Nodes # DAGs Inference

Approximations: 
‣ limiting number of parents per node  
‣ Decomposable scores/efficient algorithm 
‣ Score equivalence



SOME ELEMENTS OF PROBABILITY THEORY

The conditional probability of A given B is: P (A | B) =
P (A,B)

P (B)
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P (A | B) =
P (B | A)P (A)

P (B)
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Bayes theorem:

1

2



SOME ELEMENTS OF PROBABILITY THEORY

The conditional probability of A given B is: P (A | B) =
P (A,B)

P (B)
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P (A | B) =
P (B | A)P (A)

P (B)
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Bayes theorem:

Let A, B and C non intersecting subsets of nodes in a DAG G 

A is conditionally independent of B given C if: P (A,B | C) = P (A | C)P (B | C)
<latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit><latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit><latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit><latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit>
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   Theorem (Verma & Pearl, 1988): A is d-separated from B by C if, and only if, the       
joint distribution over all variables in the graph satisfies: 

Link between statistical statement (conditionally independence) and a graph 
propriety (d-separation)

SOME ELEMENTS OF PROBABILITY THEORY

A ?? G B|C
<latexit sha1_base64="BO9qeCeaFDNan9EdLoac5n4lPXM="></latexit><latexit sha1_base64="BO9qeCeaFDNan9EdLoac5n4lPXM="></latexit><latexit sha1_base64="BO9qeCeaFDNan9EdLoac5n4lPXM="></latexit><latexit sha1_base64="BO9qeCeaFDNan9EdLoac5n4lPXM="></latexit>

The conditional probability of A given B is: P (A | B) =
P (A,B)

P (B)
<latexit sha1_base64="VnGtKpN3ICY/s1lrDRxMGHefGiU=">AAACCnicbVDLSgMxFM34rPU16tJNtAgtSJkRQTdCrRuXFewDOkPJZDJtaJIZkoxQhq7d+CtuXCji1i9w59+YtrPQ1gPJPZxzL8k9QcKo0o7zbS0tr6yurRc2iptb2zu79t5+S8WpxKSJYxbLToAUYVSQpqaakU4iCeIBI+1geDPx2w9EKhqLez1KiM9RX9CIYqSN1LOPGuVr6HEawnoFXkEvkghnRjutV8ammrtnl5yqMwVcJG5OSiBHo2d/eWGMU06Exgwp1XWdRPsZkppiRsZFL1UkQXiI+qRrqECcKD+brjKGJ0YJYRRLc4SGU/X3RIa4UiMemE6O9EDNexPxP6+b6ujSz6hIUk0Enj0UpQzqGE5ygSGVBGs2MgRhSc1fIR4gk4Y26RVNCO78youkdVZ1nap7d16q1fM4CuAQHIMycMEFqIFb0ABNgMEjeAav4M16sl6sd+tj1rpk5TMH4A+szx9hiJeH</latexit><latexit sha1_base64="VnGtKpN3ICY/s1lrDRxMGHefGiU=">AAACCnicbVDLSgMxFM34rPU16tJNtAgtSJkRQTdCrRuXFewDOkPJZDJtaJIZkoxQhq7d+CtuXCji1i9w59+YtrPQ1gPJPZxzL8k9QcKo0o7zbS0tr6yurRc2iptb2zu79t5+S8WpxKSJYxbLToAUYVSQpqaakU4iCeIBI+1geDPx2w9EKhqLez1KiM9RX9CIYqSN1LOPGuVr6HEawnoFXkEvkghnRjutV8ammrtnl5yqMwVcJG5OSiBHo2d/eWGMU06Exgwp1XWdRPsZkppiRsZFL1UkQXiI+qRrqECcKD+brjKGJ0YJYRRLc4SGU/X3RIa4UiMemE6O9EDNexPxP6+b6ujSz6hIUk0Enj0UpQzqGE5ygSGVBGs2MgRhSc1fIR4gk4Y26RVNCO78youkdVZ1nap7d16q1fM4CuAQHIMycMEFqIFb0ABNgMEjeAav4M16sl6sd+tj1rpk5TMH4A+szx9hiJeH</latexit><latexit sha1_base64="VnGtKpN3ICY/s1lrDRxMGHefGiU=">AAACCnicbVDLSgMxFM34rPU16tJNtAgtSJkRQTdCrRuXFewDOkPJZDJtaJIZkoxQhq7d+CtuXCji1i9w59+YtrPQ1gPJPZxzL8k9QcKo0o7zbS0tr6yurRc2iptb2zu79t5+S8WpxKSJYxbLToAUYVSQpqaakU4iCeIBI+1geDPx2w9EKhqLez1KiM9RX9CIYqSN1LOPGuVr6HEawnoFXkEvkghnRjutV8ammrtnl5yqMwVcJG5OSiBHo2d/eWGMU06Exgwp1XWdRPsZkppiRsZFL1UkQXiI+qRrqECcKD+brjKGJ0YJYRRLc4SGU/X3RIa4UiMemE6O9EDNexPxP6+b6ujSz6hIUk0Enj0UpQzqGE5ygSGVBGs2MgRhSc1fIR4gk4Y26RVNCO78youkdVZ1nap7d16q1fM4CuAQHIMycMEFqIFb0ABNgMEjeAav4M16sl6sd+tj1rpk5TMH4A+szx9hiJeH</latexit><latexit sha1_base64="VnGtKpN3ICY/s1lrDRxMGHefGiU=">AAACCnicbVDLSgMxFM34rPU16tJNtAgtSJkRQTdCrRuXFewDOkPJZDJtaJIZkoxQhq7d+CtuXCji1i9w59+YtrPQ1gPJPZxzL8k9QcKo0o7zbS0tr6yurRc2iptb2zu79t5+S8WpxKSJYxbLToAUYVSQpqaakU4iCeIBI+1geDPx2w9EKhqLez1KiM9RX9CIYqSN1LOPGuVr6HEawnoFXkEvkghnRjutV8ammrtnl5yqMwVcJG5OSiBHo2d/eWGMU06Exgwp1XWdRPsZkppiRsZFL1UkQXiI+qRrqECcKD+brjKGJ0YJYRRLc4SGU/X3RIa4UiMemE6O9EDNexPxP6+b6ujSz6hIUk0Enj0UpQzqGE5ygSGVBGs2MgRhSc1fIR4gk4Y26RVNCO78youkdVZ1nap7d16q1fM4CuAQHIMycMEFqIFb0ABNgMEjeAav4M16sl6sd+tj1rpk5TMH4A+szx9hiJeH</latexit>

P (A | B) =
P (B | A)P (A)

P (B)
<latexit sha1_base64="LziXPdQ3M7n0WCRz5noiDpH4IUw=">AAACFXicbZDLSsNAFIYnXmu9RV26GSxCA1ISEXQjtHXjMoK9QBPKZDJph04uzEyEEvISbnwVNy4UcSu4822ctFlo64GBn+8/hzPn9xJGhTTNb21ldW19Y7OyVd3e2d3b1w8OuyJOOSYdHLOY9z0kCKMR6UgqGeknnKDQY6TnTW4Kv/dAuKBxdC+nCXFDNIpoQDGSCg31M7vegk5Ifdg24DV0Ao5wZtfbc9YyoPINmBfIyId6zWyYs4LLwipFDZRlD/Uvx49xGpJIYoaEGFhmIt0McUkxI3nVSQVJEJ6gERkoGaGQCDebXZXDU0V8GMRcvUjCGf09kaFQiGnoqc4QybFY9Ar4nzdIZXDlZjRKUkkiPF8UpAzKGBYRQZ9ygiWbKoEwp+qvEI+RCkaqIKsqBGvx5GXRPW9YZsO6u6g122UcFXAMTkAdWOASNMEtsEEHYPAInsEreNOetBftXfuYt65o5cwR+FPa5w+uZ5rB</latexit><latexit sha1_base64="LziXPdQ3M7n0WCRz5noiDpH4IUw=">AAACFXicbZDLSsNAFIYnXmu9RV26GSxCA1ISEXQjtHXjMoK9QBPKZDJph04uzEyEEvISbnwVNy4UcSu4822ctFlo64GBn+8/hzPn9xJGhTTNb21ldW19Y7OyVd3e2d3b1w8OuyJOOSYdHLOY9z0kCKMR6UgqGeknnKDQY6TnTW4Kv/dAuKBxdC+nCXFDNIpoQDGSCg31M7vegk5Ifdg24DV0Ao5wZtfbc9YyoPINmBfIyId6zWyYs4LLwipFDZRlD/Uvx49xGpJIYoaEGFhmIt0McUkxI3nVSQVJEJ6gERkoGaGQCDebXZXDU0V8GMRcvUjCGf09kaFQiGnoqc4QybFY9Ar4nzdIZXDlZjRKUkkiPF8UpAzKGBYRQZ9ygiWbKoEwp+qvEI+RCkaqIKsqBGvx5GXRPW9YZsO6u6g122UcFXAMTkAdWOASNMEtsEEHYPAInsEreNOetBftXfuYt65o5cwR+FPa5w+uZ5rB</latexit><latexit sha1_base64="LziXPdQ3M7n0WCRz5noiDpH4IUw=">AAACFXicbZDLSsNAFIYnXmu9RV26GSxCA1ISEXQjtHXjMoK9QBPKZDJph04uzEyEEvISbnwVNy4UcSu4822ctFlo64GBn+8/hzPn9xJGhTTNb21ldW19Y7OyVd3e2d3b1w8OuyJOOSYdHLOY9z0kCKMR6UgqGeknnKDQY6TnTW4Kv/dAuKBxdC+nCXFDNIpoQDGSCg31M7vegk5Ifdg24DV0Ao5wZtfbc9YyoPINmBfIyId6zWyYs4LLwipFDZRlD/Uvx49xGpJIYoaEGFhmIt0McUkxI3nVSQVJEJ6gERkoGaGQCDebXZXDU0V8GMRcvUjCGf09kaFQiGnoqc4QybFY9Ar4nzdIZXDlZjRKUkkiPF8UpAzKGBYRQZ9ygiWbKoEwp+qvEI+RCkaqIKsqBGvx5GXRPW9YZsO6u6g122UcFXAMTkAdWOASNMEtsEEHYPAInsEreNOetBftXfuYt65o5cwR+FPa5w+uZ5rB</latexit><latexit sha1_base64="LziXPdQ3M7n0WCRz5noiDpH4IUw=">AAACFXicbZDLSsNAFIYnXmu9RV26GSxCA1ISEXQjtHXjMoK9QBPKZDJph04uzEyEEvISbnwVNy4UcSu4822ctFlo64GBn+8/hzPn9xJGhTTNb21ldW19Y7OyVd3e2d3b1w8OuyJOOSYdHLOY9z0kCKMR6UgqGeknnKDQY6TnTW4Kv/dAuKBxdC+nCXFDNIpoQDGSCg31M7vegk5Ifdg24DV0Ao5wZtfbc9YyoPINmBfIyId6zWyYs4LLwipFDZRlD/Uvx49xGpJIYoaEGFhmIt0McUkxI3nVSQVJEJ6gERkoGaGQCDebXZXDU0V8GMRcvUjCGf09kaFQiGnoqc4QybFY9Ar4nzdIZXDlZjRKUkkiPF8UpAzKGBYRQZ9ygiWbKoEwp+qvEI+RCkaqIKsqBGvx5GXRPW9YZsO6u6g122UcFXAMTkAdWOASNMEtsEEHYPAInsEreNOetBftXfuYt65o5cwR+FPa5w+uZ5rB</latexit>

Bayes theorem:

Let A, B and C non intersecting subsets of nodes in a DAG G 

A is conditionally independent of B given C if: P (A,B | C) = P (A | C)P (B | C)
<latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit><latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit><latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit><latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit>
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ELEMENT OF GRAPH THEORY

Let A, B and C non intersecting subsets of nodes in a DAG G 

A is conditionally independent of B given C if:

P (A,B | C) = P (A | C)P (B | C)
<latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit><latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit><latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit><latexit sha1_base64="e3Ep9Iltpfb3ONs260/wvZrn+Gc=">AAACDnicbVDLSgMxFM3UV62vUZdugqVQQcqMCLoRartxOYJ9QDuUTCZtQ5PMkGSEMvQL3Pgrblwo4ta1O//GtB1BWw8Ezj3nXm7uCWJGlXacLyu3srq2vpHfLGxt7+zu2fsHTRUlEpMGjlgk2wFShFFBGppqRtqxJIgHjLSCUX3qt+6JVDQSd3ocE5+jgaB9ipE2Us8ueeXr01qX0xDWT+AVNCXMKq9c+6E9u+hUnBngMnEzUgQZvJ792Q0jnHAiNGZIqY7rxNpPkdQUMzIpdBNFYoRHaEA6hgrEifLT2TkTWDJKCPuRNE9oOFN/T6SIKzXmgenkSA/VojcV//M6ie5f+ikVcaKJwPNF/YRBHcFpNjCkkmDNxoYgLKn5K8RDJBHWJsGCCcFdPHmZNM8qrlNxb8+L1VoWRx4cgWNQBi64AFVwAzzQABg8gCfwAl6tR+vZerPe5605K5s5BH9gfXwDUbuX2g==</latexit>

A ?? P B|C
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LEARNING BAYESIAN NETWORKS

Constraint based algorithms Search-and-score algorithms

Example of scoring functions: 

‣ Bayesian versus ML scores 

‣ log marginal likelihood 

‣ Bayesian-Dirichlet (BDeu,BDs,BDe) 

‣ Bayesian Information Criterion (BIC) 

Maximum a posteriori scoreLearning independence 
relationships

PX??Y |Z < ↵
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LEARNING BAYESIAN NETWORKS VIA SEARCH-AND-SCORE ALGORITHMS

Model selection 

Structure learning

Parameter estimation 

Parameter learning

P (M|D) = P (⇥M,S|D)| {z }
model learning

= P (⇥M|S,D)| {z }
parameter learning

· P (S|D)| {z }
structure learning
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DEEP DIVE INTO ABN

From now on … ABN specific



ABN                            STRUCTURE LEARNING

Search and score algorithm

…

…

score 1

score 2

score 3

score 4

Structures glm AIC/BIC

Exact or heuristic search

Bayesian network with 
highest posterior 
probability

…

…



ABN                            STRUCTURE/PARAMETER LEARNING

Search and score algorithm

Parameter estimation 

‣ compute marginal posterior density 

‣ regression estimate

Exact or heuristic search

Bayesian network with 
highest posterior 
probability

…

……
… … …

……

…

…

…

score 1

score 2

score 3

score 4

Structures glm AIC/BIC
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ABN                            STRUCTURE/PARAMETER LEARNING

Search and score algorithm

Exact or heuristic search

Bayesian network with 
highest posterior 
probability

…

……
… … …

……

… Using R 

buildScoreCache() 

mostProbable() 

fitAbn()

Ban/Retain 
structures

Causality!

Random effect

Adjustment

Parameter estimation 

‣ compute marginal posterior density 

‣ regression estimate

…

…

score 1

score 2

score 3

score 4

Structures glm AIC/BIC
…

…



simulateDag

plotAbn

searchHillClimber

mostProbable

toGraphviz

searchHeuristic

essentialGraph
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Data simulation

Plotting

Bayes

Model learning

buildScoreCache

MLE

Parameter learning

fitAbn

DAG metrics

Search function

Bayes MLE

simulateAbn

createDag

compareDag

infoDag

Legend

Bayesian
MLE
Not applicable

entropyData

discretization

miData

mb

linkStrength

Information theory Graph inference

scoreContribution

Model inference

Category
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