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Overview
• Bayesian Information Fusion
• Assumptions and Methods
• Validity Check Using Simulated Data
• P&G Case Study: Link Overall Rating (OAR) of study A 

to OAR of Study B
• Summary
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Consumer’s Usage Experience
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Bayesian Information Fusion Model
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Study B
Findings b1, b2

Study C
Findings c1, c2

Study A
Findings a1, a2

Qualitative Summary
Conclusion 

A, B &C

Consistence within & 
across Studies / Data

Cross Inference among 
Studies / Data

Quantitatively Extracts & Summarizes
Information from Different Types of Studies



Assumptions
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• Studies in different contexts share a set of “common 
variables” such as consumer needs and attitudes

• This set of “common variables” can be consistently
measured across contexts; i.e., they are 
independent of contexts

Allenby G. et al. (2014), Rossi P. et al (2005)



Methods Intuition
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Study B
P(B|CNA)

…Products…

Study A
P(A|CNA)

… …

Study ...
P(…|CNA)

Consumer Needs & Attitudes 
P(CNA)

P(CNA, A, B) = 
P(CNA) × P(A|CNA) × P(B|CNA) × P(…|CNA)

( Chain Rule of Bayesian Belief Network (BBN) )



Methods Implementation: BBN
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aOAR aVar … Need Attitude … bOAR bVar …

Consumer 1       ? ? ?

Consumer 2       ? ? ?

…       ? ? ?

Consumer N       ? ? ?

Consumer 1 ? ? ?      

Consumer 2 ? ? ?      

… ? ? ?      

Consumer M ? ? ?      

Step2: Private A + Common Belief Step1: Common Belief Step2: Private B + Common Belief

Study B

…Produ
cts…

ConsumerStudy A



Methods Implementation: BBN

8Step3: BBN Model to Link Study A and Study B

Study B

…Produ
cts…

Study A Consumer

Private A + Common Belief Common Belief Private B + Common Belief

Koller D. et al. (1997),
Xiang Y. et al. (2003),
Weber P. et al. (2006) 



Validation on Simulated Data: Structure 
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Ground Truth Network

Recovered Network

Study BStudy A



Validation on Simulated Data: Distribution 
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Ground Truth Network Recovered Network



Validation on Simulated Data: Prediction 
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Ground Truth Network Recovered Network



Validation on Simulated Data: Inference* 
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Ground Truth Network Recovered Network
Precision Reliability Precision Reliability

OAR WPI OAR WPI OAR WPI OAR WPI
Study A 
Only 60.7% 42.1% 60.0% 39.0% 60.7% 42.1% 60.0% 39.0%

Study B
Only 82.6% 76.0% 82.5% 76.2% 83.2% 75.7% 83.4% 75.8%

All 
Data 82.6% 76.0% 82.5% 76.2% 83.2% 75.7% 83.4% 75.8%

Random # 0.00 1.5x10-9 0.00 2.2x10-5 0.00 1.5x10-9 0.00 2.2x10-5

* Basesize is 1000, independent from 2000 learning and develop data points
# Achieve the same Precision/Reliability as “Study A Only” by randomness   



P&G Case Study: Procedure

• Step 1: Pick “Common Variables” shared across studies

• Step 2: Build a BBN subnetwork on “Common Variables”

• Step 3: Build BBN subnetworks on data of studies A and B, separately

• Step 4: Link BBN subnetworks together 



Represent knowledge using BBN network

Subnetwork representing knowledge 
learnt from study B

Subnetwork representing knowledge 
learnt from study A

Subnetwork representing common belief learnt 
from variables shared by Studies A and B

CommonVariable aKeyVariable aOtherVariablebOtherVariable bKeyVariable



Overall knowledge learnt from studies A and B

CommonVariable aKeyVariable aOtherVariablebOtherVariable bKeyVariable



Cross Inference: Link OAR of context A to OAR of context B

Q: What is the response of bOAR in context b if we observe a 20% 
boost of aOAR in context a? Assume this aOAR boost is achieved 
through improvement in product benefit cV1. 

A: bOAR in context b will be boosted by 7.7% on average. This will 
make more users in context b thinking the corresponding product is 
excellent (i.e., top box OAR), and increase purchase intent by 3.7% 
on average. 



Are total effects on overall rating consistent 
across studies?

Product
Benefits

Study B
STE

Study A
STE

Rank Product
Benefit-Study B

Rank Product
Benefit-Study A

cV1 0.63 0.61 1 1
cV2 0.49 0.46 2 3
cV3 0.45 0.41 3 4
cV4 0.44 0.36 4 5
cV5 0.39 0.32 5 6
cV6 0.35 0.52 6 2
cV7 0.32 0.30 7 7
cV8 0.27 0.30 8 8
cV9 0.21 0.18 9 9

Cosine similarity between two ranks: 96.5%.

Consistence across Contexts/Studies 



Summary

• Bayesian Information Fusion Model can be used to 
integrate different studies into a BBN network. This 
network represents overall knowledge of complex domain 
and different contexts;  

• The whole modeling process can be implemented using 
existing software BayesiaLab; 

• Omni-direction inference can be conducted within a single 
study, and across multiple studies;

• Validity was checked on simulated data and a P&G dataset.
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