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Logical Deductionversus Induction

DEDUCTION

• Commonlyassociatedwithformallogic

• Involvesreasoningfromknown  

premisestoaconclusion

• Theconclusionsreachedareinevitable,  

certain,inescapable

INDUCTION

• Commonlyknownasinformallogicor

everyday argument

• Involvesdrawinguncertaininferences 

basedonprobabilisticreasoning

• Theconclusionsreachedareprobable,  

reasonable,plausible,believable
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Handlinguncertainknowledge

INDIAN INSTITUTE OF TECHNOLOGY KHARAGPUR

• Classical first order logic hasnoroomforuncertainty

p Symptom(p, Toothache)  Disease(p, Cavity)

• Not correct – toothachecan becaused inmany othercases

• In first order logic wehaveto include all possible causes

p Symptom(p, Toothache) Disease(p, Cavity)  Disease(p, GumDisease)

 Disease(p, ImpactedWisdom)  …

• Similarly, Cavity doesnot always causeToothache,so the following isalso not true

p Disease(p, Cavity)  Symptom(p, Toothache)
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Reasonsforusingprobability
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• Specification becomes toolarge

• It is too much workto list the complete set of antecedents or consequentsneeded to ensure an 
exception-less rule

• Theoretical ignorance

• Thecomplete set of antecedents is not known

• Practical ignorance

• Thetruthof the antecedents is not known,but westill wish to reason
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PredictingversusDiagnosing
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• Probabilistic reasoning can beusedforpredicting outcomes( from causeto effect )

• Giventhat I haveacavity, what is the chancethat I willhavetoothache?

• Probabilistic reasoning can also beused fordiagnosis ( from effect to cause )

• Giventhat I amhaving toothache, what is thechance thatit isbeing caused byacavity?

Weneedamethodology forreasoning that can workboth ways.
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Axioms of Probability

1. All probabilities arebetween 0and1: 0 P(A)  1

2. P(True) = 1andP(False) = 0

3. P(A B) = P(A) + P(B) –P(A B)

Bayes’Rule

P(A B) = P(A| B) P(B)

P(A B) = P(B |A) P(A)

P B A =
P A B P(B)
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P(A)
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• Given:conditional probability tables

• Evidencenodes: truthsof knownvariables

• Goal:Findprobabilitiesofothervariablesand/ortheircombinations

BayesianBelief Network
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Hepatiticsteatosis

Obesity

Triglycerides AST

Historyof  

alcoholabuse

Cirrhosis

ALT

ChronicHepatitis

Historyofviral  

hepatitis

Totalbilirubin Fatigue

Jaundice

P(Obesity)

0.24
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T 0.3

F 0.05

AST:Aspartate aminotransferase  

ALT:Alanine aminotransferase



Belief Networks

INDIAN INSTITUTE OF TECHNOLOGY KHARAGPUR

Abelief network isagraphwith the following:

• Nodes: Set of random variables

• Directed links: Theintuitive meaningof alink fromnodeXto nodeYis that Xhasa 
direct influence onY

Each nodehasaconditional probability table that quantifies the effects that the parent have 
onthe node.

Thegraph hasnodirected cycles. It isadirected acyclic graph (DAG).
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Classical Example

• Burglar alarmat home

• Fairly reliable at detecting aburglary

• Respondsat times to minor earthquakes

• Twoneighbors, onhearingalarm,callspolice

• John always calls when he hears the alarm, but sometimes confuses the telephone ringing 
with thealarm andcalls then, too.

• Mary likesloud musicand sometimesmisses the alarm altogether
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Belief NetworkExample

A P(J)

T 0.90

F 0.05

A P(M)

T 0.70

F 0.01

B E P(A)

T T 0.95

T F 0.95

F T 0.29

F F 0.001

P(B)

0.001

P(E)

0.002

Alarm

Burglary Earthquake

JohnCalls MaryCalls

1
0
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Thejointprobabilitydistribution

n

• Agenericentry inthe jointprobabilitydistribution P(x1, …,xn) isgivenby:

P(x1,..., xn ) =P(xi | Parents( X i ))
i=1

INDIAN INSTITUTE OF TECHNOLOGY KHARAGPUR 11

Alarm

Burglary Earthquake

JohnCalls MaryCalls

B E P(A)

T T 0.95

T F 0.95

F T 0.29

F F 0.001



Thejointprobabilitydistribution

• Probability of the event that the alarmhassounded but neithera 
burglarynor anearthquakehasoccurred, andboth MaryandJohn call:

P(J  MA B E)

=P(J |A) P(M |A) P(A|B E) P(B) P(E)

=0.9X0.7X0.001X0.999X0.998

=0.00062
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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A P(M)

T 0.70 P(E) P(B)

F 0.01 0.002 0.001

B E P(A)

T T 0.95

T F 0.95

F T 0.29

F F 0.001



Thejointprobabilitydistribution

• Computationof theprobabilities of severaldifferent event combinationsof 
theBurglary-Alarmbeliefnetworkexample:

P(B) 

P(B’)

P(E) 

P(E’)

=0.001

=1–P(B) =0.999

=0.002

=1–P(E) =0.998
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05

INDIAN INSTITUTE OF TECHNOLOGY KHARAGPUR

A P(M)

T 0.70 P(E) P(B)

F 0.01 0.002 0.001

B E P(A)

T T 0.95

T F 0.95

F T 0.29

F F 0.001



Thejointprobabilitydistribution

• Computation of the probabilities of severaldifferent eventcombinationsof the Burglary-
Alarmbelief networkexample:

P(A) =P(AB’E’) +P(AB’E) +P(ABE’) +P(ABE)

=P(A| B’E’).P(B’E’) +P(A| B’E).P(B’E) +P(A| BE’).P(BE’) +P(A| BE).P(BE)

=0.001x0.999 x0.998+0.29 x0.999x0.002+0.95 x0.001x0.998 +0.95 x0.001x0.002

=0.001+0.0006+0.0009=0.0025
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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A P(M)

T 0.70 P(E) P(B)

F 0.01 0.002 0.001

B E P(A)

T T 0.95

T F 0.95
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Thejointprobabilitydistribution:FindP(J)

P(J) =P(JA) +P(JA’)

=P(J |A).P(A) +P(J |A’).P(A’)

=0.9x0.0025+0.05x (1–0.0025)

=0.052125

=P(ABE)+P(ABE’) =0.95x0.001x0.002+0.95x0.001x0.998

=0.00095

P(AB)
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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A P(M)

T 0.70 P(E) P(B)

F 0.01 0.002 0.001

B E P(A)

T T 0.95

T F 0.95

F T 0.29

F F 0.001



Thejointprobabilitydistribution:FindP(A’B)andP(AE)

P(A’B) =P(A’BE) +P(A’BE’)

=P(A’ | BE).P(BE) +P(A’ | BE’).P(BE’)

= (1–0.95)x0.001x0.002

+(1–0.95)x0.001x0.998

=0.00005

=P(AEB) +P(AEB’)

=0.95x0.001x0.002+0.29x0.999x0.002=0.00058

P(AE)
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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A P(M)

T 0.70 P(E) P(B)

F 0.01 0.002 0.001

B E P(A)

T T 0.95

T F 0.95

F T 0.29

F F 0.001



Thejointprobabilitydistribution

P(AE’) =P(AE’B) +P(AE’B’)

=0.95x0.001x0.998+0.001x0.999x0.998

=0.001945

P(A’E’) =P(A’E’B) +P(A’E’B’)

=P(A’|BE’).P(BE’) +P(A’| B’E’).P(B’E’)

= (1–0.95)x0.001x0.998+(1–0.001)x0.999x0.998=0.996
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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A P(M)

T 0.70 P(E) P(B)

F 0.01 0.002 0.001

B E P(A)

T T 0.95

T F 0.95

F T 0.29

F F 0.001



Thejointprobabilitydistribution:FindP(JB)

P(JB) =P(JBA) +P(JBA’)

=P(J |AB).P(AB) +P(J |A’B).P(A’B)

=P(J |A).P(AB) +P(J |A’).P(A’B)

=0.9x0.00095+0.05x0.00005

=0.00086
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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Thejointprobabilitydistribution

• Computation of the probabilities of severaldifferent eventcombinationsof the Burglary-
Alarmbelief networkexample:

P(J | B) =P(JB) / P(B) =0.00086/ 0.001=0.86
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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A P(M)

T 0.70 P(E) P(B)

F 0.01 0.002 0.001

B E P(A)

T T 0.95

T F 0.95

F T 0.29
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Thejointprobabilitydistribution

P(MB) =P(MBA) +P(MBA’)

=P(M|AB).P(AB) +P(M |A’B).P(A’B)

=P(M|A).P(AB) +P(M|A’).P(A’B)

=0.7x0.00095+0.01x0.00005

=0.00067

2
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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A P(M)
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F 0.01 0.002 0.001
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F F 0.001



Thejointprobabilitydistribution

P(M| B) =P(MB) / P(B) =0.00067/ 0.001=0.67  

P(B| J) =P(JB) / P(J) =0.00086/ 0.052125=0.016  

P(B |A) =P(AB) / P(A) =0.00095/ 0.0025=0.38

P(B|AE) =P(ABE) / P(AE) = [ P(A| BE).P(BE) ] / P(AE)

= [0.95x0.001x0.002] / 0.00058

=0.003
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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Thejointprobabilitydistribution

• Computation of the probabilities of severaldifferent eventcombinationsof the Burglary-
Alarmbelief networkexample:

P(AJE’) =P(J |AE’).P(AE’) =P(J |A).P(AE’)

=0.9x0.001945=0.00175

P(A’JE’) =P(J |A’E’).P(A’E’) =P(J |A’).P(A’E’)

=0.05x0.996=0.0498

P(JE’) =P(AJE’) +P(A’JE’) =0.00175+0.0498=0.05155
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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Thejointprobabilitydistribution

P(A| JE’) =P(AJE’) / P(JE’) =0.00175/ 0.05155=0.03
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Alarm

Burglary Earthquake

JohnCalls MaryCalls

A P(J)

T 0.90

F 0.05
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Thejointprobabilitydistribution

P(BJE’) =P(BJE’A) +P(BJE’A’)

=P(J |ABE’).P(ABE’) +P(J |A’BE’).P(A’BE’)

=P(J |A).P(ABE’) +P(J |A’).P(A’BE’)

=0.9x0.95 x0.001 x0.998 +0.05x (1 –0.95) x0.001x0.998

=0.000856

P(B| JE’) =P(BJE’) / P(JE’) =0.000856/ 0.05155=0.017
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A P(J)

T 0.90

F 0.05
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Inferences usingbelief networks

• Diagnostic inferences (from effects to causes)

• Giventhat JohnCalls, infer that

P(Burglary | JohnCalls) = 0.016

• Causal inferences (from causes to effects)

• GivenBurglary, infer that

P(JohnCalls | Burglary) =0.86  

P(MaryCalls | Burglary) = 0.67
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Inferences usingbelief networks

• Inter-causal inferences (between causes of acommon effect)

• GivenAlarm, wehaveP(Burglary |Alarm) = 0.376

• If weaddevidence that Earthquake is true,then P(Burglary |Alarm  Earthquake) =0.003

• Mixed inferences

• Setting theeffectJohnCalls to true andthe causeEarthquake to falsegives 

P(Alarm | JohnCalls  Earthquake) = 0.003
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Alarm

Burglary Earthquake

JohnCalls MaryCalls
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Exercise

Threecandidatesrunforan electionasa majorinacity.

Accordingtoa publicopinionpoll, theirchances to winare0.25, 0.35 und0.40.

Thechances that theybuildabridgeafter theyhave been electedare 0.60, 0.90 and0.80. 

What is theprobabilitythat thebridgewillbebuiltafter theelection?
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Exercise

On an airportall passengers are checked carefully.

LetTwitht∈ {0, 1} be therandom variable indicatingwhethersomebodyis a terrorist (t =1) ornot(t=0). 

LetAwitha∈ {0, 1} bethevariable indicatingarrest.

Aterrorist shall bearrested withprobabilityP(A=1|T =1) =0.98, anon-terroristwithprobabilityP(A=1|T =0) =0.001. 

One ina lakhpassengers isa terrorist, P(T=1) =0.00001.

What is theprobabilitythatanarrested personactually is aterrorist?
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