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The general population is no 

closer to making use of rigorous 

decision support models in 

business and personal decisions 

then a few decades ago. 
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Only 1 in 5
global enterprises uses predictive

or prescriptive analytics to inform

the majority of their processes and

strategic decisions.

Source: 

IBM Center for Applied Insights

Date published: 02/20/2015
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However prescriptive analytics have proved to be helpful.

1 - Source: IBM Center for Applied Insights, Date published: 07/01/2013

2 - Source: IBM Center for Applied Insights, Date published: 02/20/2015

3 - Source: http://www.ncbi.nlm.nih.gov/pubmed/17369570
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74%
of leading consumer products

companies use analytics to

optimize their decision

making1.

4x
Generation D enterprises are

4x more likely than other

enterprises to use prescriptive

analytics to inform most

processes and strategic

decisions2.

24%
Increase in patient knowledge

from the use of decision aid. The

data also suggested decreased

decisional conflict and increased

satisfaction with the decision-

making process3.
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Decisions

Smoking 

Cessation

Choosing whether 

to immunize

Deciding of a 

patient’s treatment 

plan

Preferences & 

Alternatives

Uncertainty & 

Data

People
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Cognitive Computing

 IBM Watson, a Question – Answering 

system 

 Cognitive Systems:

– Understand

– Reason

– Learn

Goal is Assisting humans. 

5

2011

https://www.youtube.com/watch?v=P18EdAKuC1U
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Decision Making

Formulate

PopulateSolve

Appraise
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Alternatives

Uncertainty BUncertainty A

Value

F

Facilitating the 

framing / 

modeling aspect

Algorithms that 

function with 

messy input

Debater

Medical Recap

Smart Swaps 

Interactions 

and 

explanations 

of results

Automated 

data 

modeling

Medical Recap
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Benjamin Franklin 
Letter to Joseph Priestley  (1772)
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To get over this, my Way is, to divide half a Sheet of Paper 

by a Line into two Columns, writing over the one Pro, and 

over the other Con. 

Then during three or four Days Consideration I put down 

under the different Heads short Hints of the different 

Motives that at different Times occur to me for or against 

the Measure. 

When I have thus got them all together in one View, I 

endeavour to estimate their respective Weights; and 

where I find two, one on each side, that seem equal, I 

strike them both out: If I find a Reason pro equal to some 

two Reasons con, I strike out the three. If I judge some 

two Reasons con equal to some three Reasons pro, I 

strike out the five; and thus proceeding I find at length 

where the Ballance lies; and if after a Day or two of farther 

Consideration nothing new that is of Importance occurs on 

either side, I come to a Determination accordingly.
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IBM Debating Technologies
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Formulating the Problem:
Identify dimensions of outcome and help clarify preferences

9

Topic

Claim

Evidence

®

Debater
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Why is it challenging?

10

1011

claim candidates

500M sentences & 
200 candidates per 

sentence

Less than 100

of those represent 

relevant claims

0.0000001%

but
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Why is it challenging?

 Topic: the sale of violent video games to minors should be banned

 Violent video games should not be sold to children

 Violent video games are significantly associated with increased aggressive behavior

 “Doom” has been blamed for school shooting

 Video game  addiction is excessive or compulsive use of video games that interferes with daily life

11
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Why is it challenging?

 Topic: the sale of violent video games to minors should be banned

 Violent video games should not be sold to children (Repeats the Topic)

 Violent video games are significantly associated with increased aggressive behavior

 “Doom” has been blamed for school shooting (Too specific)

 Video game  addiction is excessive or compulsive use of video games that interferes with daily life (Definition)

12
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Demo

13

Topic +
Top Claim 

predictions 

®

https://www.youtube.com/watch?v=sEf0GLvrP9U
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Argument Construction : Under the Hood

Raw Argument #1

Text Analytics Layer

Topic

Analysis

Topic

Supervised Unsupervised WordNet DBPedia Etc…NLP Utilities Similarity Etc…

More…
Argument

Enrichment

Claim

Detection

Evidence

Oriented IR

Evidence

Detection

Pro/Con

Analysis

Claim

Relations

Claim

Oriented IR

Raw Argument #1
Raw Argument #1

Raw Argument #1
Raw Argument #1

Watson

Machine Learning Layer Resources Layer
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Research 
Engine
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Research 
Engine
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Medical Recap

Risk ModelMedical Recap

Breast 

Cancer

Smoking

BMI

Diabetes
Breast 

Density

Alcohol

Medical Text [PubMed]
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Bayesian networks are a prevalent modelling framework in decision and risk analysis but construction 
is still cumbersome

18

 Bayesian networks are commonly used in decision 

and risk analysis to model dependence and 

independence relations among random variables.

 They are composed of

– Nodes and arcs

– Conditional probability tables

 3 approaches for building such models

 Elicit from domain expert

 Learn information from data

 Knowledge engineer extracts information from 

literature

Oesophagus Project

Joint project between Netherlands Cancer Institute and 
Institute of Information and Computing Sciences, Utrecht 
University [van der Gaag et al, 1999]

Main objective:

Model for therapy selection, 

with around 40 variables 

and  around 1000-2500 

probabilities

2 experts

1 knowledge engineer

For structure alone:

It took 11 sessions, 

each session took 2-4 hours, 

processing and preparation 

for each session took 

around 20 hours

Gaag, L.C. van der, Renooij, S., Witteman, C.L.M., Aleman, B. & Taal, B.G. (1999). How to elicit many probabilities. In K.B. 

Laskey & H. Prade (Eds.), Proceedings of the Fifteenth Conference on Uncertainty (pp. 647-654). San Francisco, CA: 

Morgan Kaufmann Publishers 
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Published literature represents a rich, though daunting, 
source of knowledge for medical risk modeling.

Volume

Velocity

Variety

Veracity

Search

Read

Find

Record

Aggregate
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Published literature represents a rich, though daunting, 
source of knowledge for medical risk modeling.

Search

Read

Find

Record

Aggregate

Medical Recap

Man and machine work
side by side 

to search, extract and 
aggregate risk information from 

academic medical literature

Volume

Velocity

Variety

Veracity



© 2017 IBM Corporation

Risk Information to Risk Model

 Dependence/Independence Relationships:

“Alcohol consumption by adult women is 

consistently associated with risk of breast cancer.”

 Probability Statements:

– “Average duration of breast-feeding of 11-12 

months reduced risk of breast cancer by 54%

compared with the duration of 1-4 months.”

21

 Dependence graph

– Graph showing the dependence and 

independence relationships between variables 

of interest (e.g., breast cancer, smoking, and 

perimenopausal women)

 Bayesian network

– Parameterised dependence graph including 

probabilities
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Approach

22

Extract dependence relationships 

or probability statements

Group similar or related terms 

(e.g., BC, ER+, Breast Cancer)

Aggregate dependence or 

probability statements (resolve 

conflicts)

Extraction

Aggregation

Clustering
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Medical Recap

23

Video at https://www.youtube.com/watch?v=fmfB4nU3j70
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Information Extraction

 For structural information we want first to identify an influence term and then to recover the variables from it.

 For endometrial cancer, body mass index represents a major modifiable risk factor.

 For quantitative information we consider five types of probabilities including Odds Ratio (OR), Relative Risk (RR), and 

Hazard Ratio (HR). 

 We want first to identify a probability number and then to recover the associated variables.

 Malaysian women have a 1 in 20 chance of developing breast cancer in their lifetime 

Var B (Risk factor) Var A (Risk) 

 P(Var A| Var B) = 0.05.

 We created a reference information base from about 500 MEDLINE® abstracts selected according to the query: “breast 

cancer AND parity” over the past 5 years using BRAT for annotation (brat.nlplab.org).

 We used this annotated data  to design and evaluate our extraction algorithms

24
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Extraction Algorithms & Performance

 Probability Numbers - Using a rule-based approach

 Patterns:  [0-9]+%, [0-9]+ in|per [0-9]+, O|OR|RR|HR= [0-9]+.[0-9]+[0-9]+

 F-Measure: 92% where Naïve Bayes yielded  42% and SVM 53%

 Variable Extraction - Testing a variety of machine learning algorithms: Decision trees, KNN, Naïve Bayes, Logistic 

Regression and SVM.

 We combine lexical, syntactic and semantic features.

25

Variable Metrics KNN NB DT SVM LR

Variable A F-Measure

Precision

Recall

0.49

0.39

0.65

0.57

0.41

0.93

0.50

0.43

0.61

0.48

0.32

0.97

0.48

0.37

0.69

Variable B F-Measure

Precision

Recall

0.75

0.79

0.72

0.69

0.65

0.72

0.61

0.61

0.61

0.36

0.47

0.29

0.70

0.68

0.73

Variable C F-Measure

Precision

Recall

0.49

0.74

0.36

0.49

0.54

0.45

0.51

0.54

0.48

0.32

0.23

0.55

0.45

0.36

0.58
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How to aggregate extracted dependence information into a Bayesian Network 
Structure ?

 We adapt Richardson and Domingos (RD) method for aggregation of multiple BBNs 

provided by human experts.

 The main difference in our method is that we assume that the information provided by 

sources (abstracts for us, experts for RD) is not directed.

 In a nutshell, the method consists in performing Bayesian updating on the graph 

structure using information provided as evidence.

Richardson, M., Domingos, P.: Learning with knowledge from multiple experts. In: Proceedings of the Twentieth 

International Conference on Machine Learning, T. Fawcett and N. Mishra, Eds, Morgan Kaufmann, Washington (2003)
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● 300 abstracts representing 1000 extracted relations

● After cleaning, 18 most frequent variables we obtained 96 relations

● 18 unique, 10 concurring, 5 conflicting ex: “Breastfeeding” and “Breast Cancer”,

7 D statements and 6 I statements.
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Bayesian Smart Swaps

Bayesian Interactive Decision Support for Multi-

Attribute Problems with Even Swap

Bhattacharjya, D., Kephart, J. O., 2014, Bayesian interactive decision support for 

multi-attribute problems with even swaps, In Proceedings of UAI.
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Even Swaps

 The even swaps method helps a decision maker choose from among a few alternatives, each scored along multiple 

attributes (criteria). 

29

A C

Experience 5 2

Tech. skills 4 4

Comm. skills 3 3

References 5 4

A C

Experience 6 2

Tech. skills 3 4

Comm. skills 3 3

References 5 4

A C

Experience 6 2

Tech. skills 3 4

Comm. skills 3 3

References 5 4

Alice Bob Chris Diane Units

Experience 6 3 2 1 # of years

Tech. skills 3 2 4 4 1 (worst) – 5 (best)

Comm. skills 3 4 3 2 1 (worst) – 5 (best)

References 5 1 4 3 1 (worst) – 5 (best)

(a) Initial consequence table

A B C D

Experience 6 3 2 1

Tech. skills 3 2 4 4

Comm. skills 3 4 3 2

References 5 1 4 3

(b) C absolutely dominates D

(f) A absolutely dominates C(e) Even swap(c) A practically dominates B (d) Equal attribute

A B C

Experience 6 3 2

Tech. skills 3 2 4

Comm. skills 3 4 3

References 5 1 4

The even swaps process helps a decision maker choose from among a few alternatives, each scored 

along multiple attributes (criteria). The decision maker starts with the decision situation represented as a 

consequence table, and iteratively tries to remove columns/ rows until the optimal alternative is revealed.
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Smart swaps

 Smart swaps (Mustajoki and Hamalainen 2005, 2007) refers to guided even swaps, i.e. using a decision support system to 

provide process suggestions.

 Which users might want to use even/smart swaps? Those that: 

• Have a hard time assessing the weights directly

• Find working with the alternatives engaging

• Enjoy the (almost) instant gratification of solving the problem!

30
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Notation & Assumptions

31

0
0 ( ) 1;  ( ) 0 ;  *( ) 1

i i i i i i
v x v x v x   

Assumptions

1. Additive value function

where weights                                 are non-negative and sum to 1.

2. Marginal value functions are continuous, bounded and monotonic.

  : 1, ,  
i

w i M  w

The Decision Maker (DM) chooses among N alternatives, each with M attributes

  : 1, ,  
i

x i M  xAn alternative is denoted: 

An even swap is denoted:  ' , '
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The Bayesian Approach

32

Recommending Practical Dominance using Probable Dominance: 

How likely is it that an alternative is preferred over another?

Recommending an Even Swap using a Dominance Focused Heuristic: 

How likely is it that an even swap will make an alternative better than 

another on an additional attribute, and therefore “push” the pair closer 

to dominance?

( ) ( )p D ir ic h le tw 

The system has prior beliefs about the DM’s attribute weights

Ex:
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Absolute vs. Probable Dominance

33

Assume DM has 2 attributes, linear marg. value functions; true weights = [0.5, 0.5] 

Example: Two Attribute Example

Regions of dominance when w1 ~ Uniform(0,1)

Attribute x1 Attribute x1

A
tt
ri

b
u
te

 x
2

A
tt
ri

b
u
te

 x
2

Regions of dominance when w1 ~ Uniform(0.4,0.6)
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Even Swap: A Dominance Focused Heuristic

 Two Steps:

1. Identify alternatives x and y such that x might be preferred over y.

• How? Use probable dominance!

2. Identify attributes i and j such that the swap is likely to decrease the set of attributes where y is 

preferred over x.

• If more is preferred to less for both attributes i and j, this prob. is: 

34
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Bayesian Smart Swaps: 
High-Level Algorithm

35
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Experimental Results

36

SETUP

1. Randomly generate scenarios: N alternatives with M attributes

• Decision situation – Uniformly generate N*M normalized [0-1] numbers for the consequence 

table

• Decision maker – Uniformly generate M Dirichlet weights

2. Practical dominance threshold = 90%

3. Swap response noise = 0.2 

• Ex: If the DM’s response is that the normalized consequence = 0.4, we treat that as implying 

that the response lies in the interval [0.3, 0.5]
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L means “learning on”. These figures explore the effect of learning upon the number 

and type of queries and events.
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Smart Swaps Cog: Guiding the even swaps process 

38

 Provides an interactive interface for supporting the even swaps process

 Manages the consequence table – removes columns (alternatives) and greys out rows 

(attributes) as appropriate

 Recommends next steps to the user:
 Identifies absolute dominance

 Suggests potential practical dominance

 Identifies irrelevant attributes (where all alternatives have equal consequences)

 Suggests the alternatives and attributes for potential even swaps

 Reduces the user’s cognitive load by making decisions about the process

 Enables inexperienced users to easily apply the process

 Retains information from multiple decision situations/ decision makers over time; has the ability to learn 

preferences and exploit this knowledge over a single or multiple sessions

S
u
m

m
a
ry

B
e
n
e
fi
ts
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Final Comments

 Think practical and find great research topics

 Think interdisciplinary ; explore & leverage other domains

More focus on collaborative decision making

39
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Bluemix!   https://console.ng.bluemix.net/catalog/?category=watson

40
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