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Instances

ωE.g. Days, in terms of weather:

Sky Temp Humid Wind Water Forecast

sunny warm normal strong warm same

sunny warm high strong warm same

rainy cold high strong warm change

sunny warm high strong cool change



Functions

ωά5ŀȅǎ ƻƴ ǿƘƛŎƘ Ƴȅ ŦǊƛŜƴŘ !ƭŘƻ ŜƴƧƻȅǎ Ƙƛǎ ŦŀǾƻǊƛǘŜ ǿŀǘŜǊ 
ǎǇƻǊǘέ

Sky Temp Humid Wind Water Forecast C(x)

sunny warm normal strong warm same 1

sunny warm high strong warm same 1

rainy cold high strong warm change 0

sunny warm high strong cool change 1

INPUT
OUTPUT
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Inductive Learning!

ω Predictthe output for a new instance

Sky Temp Humid Wind Water Forecast C(x)

sunny warm normal strong warm same 1

sunny warm high strong warm same 1

rainy cold high strong warm change 0

sunny warm high strong cool change 1

rainy warm high strong cool change ?

INPUT
OUTPUT
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DEFINE:
ωSet Xof Instances (of n-tuples x = <x1, ..., xn>)
ςE.g., days decribed by attributes(or features):
Sky, Temp, Humidity, Wind, Water, Forecast

ωTarget function y, e.g.:
ς EnjoySport X­ Y = {0,1}
ς HoursOfSport X­ Y = {0, 1, 2, 3, 4}
ς InchesOfRain X­ Y = [0, 10]

GIVEN:
ωTraining examples D 
ςexamples of the target function: <x , y(x)>

FIND:
ωA hypothesish such that h(x) approximates y(x).

General Inductive Learning Task



?

Learn function fromx = (x1Σ ΧΣ xd) to f(x)Í{0, 1}
given labeledexamples (x, f(x))

x1

x2

Another example: 
continuous attributes



Hypothesis Spaces

ωHypothesis space H is a subsetof all y: X ­ Y e.g.:
ςLinear separators
ςConjunctions of constraints on attributes (humidity 

must be low, and outlook != rain)
ςEtc.

ωIn machine learning, we restrict ourselves to H
ςThe subsetthing turns out to be important



Examples

ωCredit Risk Analysis
ςX: Properties of customer and proposed purchase

ς f(x): Approve (1) or Disapprove (0)

ωDisease Diagnosis
ςX: Properties of patient (symptoms, lab tests)

ς f(x): Disease (if any)

ωFace Recognition
ςX: Bitmap image

ς f(x):Name of person

ωAutomatic Steering
ςX: Bitmap picture of road surface in front of car

ς f(x): Degrees to turn the steering wheel



Appropriate applications

ωSituations in which:

ςthere is no human expert

ςIǳƳŀƴǎ Ŏŀƴ ǇŜǊŦƻǊƳ ǘƘŜ ǘŀǎƪ ōǳǘ ŎŀƴΩǘ ŘŜǎŎǊƛōŜ Ƙƻǿ

ςThe desired function changes frequently

ςEach user needs a customized f
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Task: Will I wait for a table?
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Decision Tree
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Decision Trees!



Expressiveness of D-Trees
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A learned decision tree
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Inductive Bias

ωTo learn, we must prefer some functions to others

ςSelection bias
ωuse a restrictedhypothesis space, e.g.:
ςlinear separators
ς2-level decision trees

ςPreference bias
ωuse the whole function space, but state a preference

over concepts, e.g.:
ςLowest-degree polynomial that separates the data
ςshortestdecision tree that fits the data
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Decision Tree Learning (ID3)
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Recap

ωInductive learning
ςGoal: generate a hypothesisςa function from instances

described by attributes to an output ςusing training examples.  

ςRequires inductive bias

ωa restricted hypothesis space, or preferences over 
hypotheses.

ωDecision Trees
ςSimple representation of hypotheses, recursive learning algorithm

ςPrefer smaller trees!
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Decision Tree
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Decision Trees!



Choosing an attribute
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Information
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Entropy
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H
(V

)

P(V=0)

The entropy H(V) of a Boolean random variable V  as the probability

of  V = 0 varies from 0 to 1



Using Information
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Measuring Performance
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What the learning curve tells us
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Rule #2 of Machine Learning

The besthypothesis almost never achieves 
100% accuracy on the training data.

όwǳƭŜ Ім ǿŀǎΥ ȅƻǳ ŎŀƴΩǘ ƭŜŀǊƴ ŀƴȅǘƘƛƴƎ 
without inductive bias)



²ƘŀǘΩǎ άƎƻƻŘέ ǇŜǊŦƻǊƳŀƴŎŜΚ

ωAccuracy = fraction of output classifications that 
are correct on the test data

ωBut what about these tasks:

ςIs a randomly drawn Web doc about baseball?

ςLǎ ǊŜŎƻǊŘ a ƛƴ 5.м ǘƘŜ ǎŀƳŜ ŀǎ aΩ ƛƴ 5.нΚ

ω!ƴǎǿŜǊƛƴƎ άƴƻέ ŀƭƭ ǘƘŜ ǘƛƳŜ ŜƴǎǳǊŜǎ Ҕфф҈ 
accuracy!

ς¦ǎŜŦǳƭ ǘƻ ŎƻƳǇŀǊŜ ǿƛǘƘ ōŀǎŜƭƛƴŜ όŜΦƎΦ άZeroRέύΣ ƻǊ ǳǎŜ 
metrics that fit the application (e.g. precision, recall)
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Overfitting



Learn function fromx = (x1, é, xd) to yÍ{0, 1}

given labeledexamples (x, y)

x1

x2

Example of Overfitting



hǾŜǊŦƛǘǘƛƴƎ ƛǎ ŘǳŜ ǘƻ άƴƻƛǎŜέ

ωSources of noise:

ςErroneous training data

ωconcept variable incorrect (annotator error)

ωAttributes mis-measured

ςMuch more significant:

ωIrrelevantattributes

ωTarget function not deterministic in attributes



Irrelevant attributes

ωIf many attributes are irrelevant, 
information gains can be spurious, e.g.:
ω20 noisy attributes 

ω10 training examples

ωExpected # of different depth-3 trees that split the 
training data perfectly using onlynoisy attributes: 
13.4



Non-determinism

ωIn general:

ς²Ŝ ŎŀƴΩǘ ƳŜŀǎǳǊŜ ŀƭƭ ǘƘŜ ǾŀǊƛŀōƭŜǎ ǿŜ ƴŜŜŘ ǘƻ 
do perfect prediction.

ς=> Target function is not uniquely determined 
by attribute values



Non-determinism: Example

Humidity EnjoySport

0.90 0

0.87 1

0.80 0

0.75 0

0.70 1

0.69 1

0.65 1

0.63 1

Decent hypothesis:

Humidity > 0.70 ­ No

Otherwise ­Yes

Overfit hypothesis:

Humidity > 0.89 ­ No

Humidity > 0.80 

^ Humidity <= 0.89 ­ Yes

Humidity > 0.70 

^ Humidity <= 0.80 ­ No

Humidity <= 0.70 ­Yes



Avoiding Overfitting

ωApproaches

ςStop splitting when information gain is low or when split is 
not statistically significant.

ςGrow full tree and then prune it when done

ωIƻǿ ǘƻ ǇƛŎƪ ǘƘŜ άōŜǎǘέ ǘǊŜŜΚ

ςPerformance on training data?

ςPerformance on validationdata?

ςComplexity penalty?
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Effect of Reduced Error Pruning
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C4.5 Algorithm

ωBuilds a decision tree from labeled training 
data

ωAlso by Ross Quinlan

ωGeneralizes ID3 by

ςAllowing continuous value attributes

ςAllows missing attributes in examples

ςPrunes tree after building to improve 
generality
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Rule post pruning

ω Used in C4.5

ω Steps

1. Build the decision tree

2. Convert it to a set of logical rules

3. Prune each rule independently

4. Sort rules into desired sequence for use
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