
Chapter 0

Intr oduction1

Machine learning attemptsto tell how to automaticallyfind a goodpredictorbasedon pastexperiences.
Although you might arguethat machinelearninghasbeenaroundas long asstatisticshas,it really only
becamea separatetopic in the 1990’s. It draws its inspirationfrom a variety of academicdisciplines,
includingcomputerscience,statistics,biology, andpsychology.

In thisclasswe’regoingto look atsomeof thesignificantresultsfrom machinelearning.Onegoalis to
learnsomeof thetechniquesof machinelearning,but also,justassignificant,wearegoingto getaglimpse
of the researchfront andthe sort of approachesresearchershave takentowardthis very nebulousgoal of
automaticallyfindingpredictors.

Researchershaveapproachedthegeneralgoalof machinelearningfrom avarietyof approaches.Before
we delve into detailsabout these,let’s do a generaloverview of machinelearningresearch. This also
constitutessomethingof anoutlineof this text: We’ll spenda chapteroneachof thefollowing topics.

0.1 Data mining

With the arrival of computingin all facetsof day-to-daybusiness,the amountof accessibledatahasex-
ploded.Employerskeepinformationaboutemployees,businesseskeepinformationaboutcustomers,hos-
pitals keepinformationaboutpatients,factoriesget informationaboutinstrumentperformance,scientists
collectinformationaboutthenaturalworld — andit’ sall storedin computers,readyto accessin mass.

Datamining is graduallyproving itself as an importanttool for peoplewho wish to analyzeall this
datafor patterns. One of the most famousexamplesis from the late 1970s,when datamining proved
itself aspotentiallyimportantfor bothscientificandcommercialpurposesonaparticulartestapplicationof
diagnosingdiseasesin soybeanplants[MC80].

First the researchersfound an expert, who they interviewedfor a list of rulesabouthow to diagnose
diseasesin a soybeanplant. Thenthey collectedabout680diseasedsoybeanplantsanddeterminedabout
35piecesof dataoneachcase(suchasthemonththeplantwasfoundto haveadisease,theamountof recent
precipitation,thesizeof theplant’sseeds,theconditionof its roots). They handedtheplantsto theexpert
to diagnose,andthenthey performedsomedatamining techniquesto look for rulespredictingthedisease
basedon thecharacteristicsthey measured.

What they found is that the rulesthe expert gave during the interview wereaccurateonly 70% of the
time, while the rulesdiscoveredthroughdatamining wereaccurate97.5%of the time. Moreover, after
revealingtheserulesto theexpert,theexpertreportedlywasimpressedenoughto adoptsomeof therulesin
placeof theonesgivenduringtheinterview!
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In this text, we’ll seea few of themoreimportantmachinelearningtechniquesusedin datamining,as
well assurroundingissuesthatapplyregardlessof thelearningalgorithm.We’ll emergefrom this familiar
with muchof theestablishedmachinelearningresultsandpreparedto studylesspolishedresearch.

0.2 Neural networks

Cognitive scienceaimsto understandhow thehumanbrainworks.Oneimportantpartof cognitivescience
involvessimulatingmodelsof the humanbrain on a computerto learn more about the model and also
potentiallyto instill additionalintelligenceinto thecomputer.

Thoughscientistsarefar from understandingthebrain,machinelearninghasalreadyreapedthereward
of artificial neural networks(ANNs). ANNs are deployedin a variety of situations. One of the more
impressiveis ALVINN, a systemthatusesanANN to steeracaronahighway[Pom93].ALVINN consists
of anarrayof camerasonthecar, whoseinputsarefed into asmallANN whoseoutputscontrolthesteering
wheel.Thesystemhasbeentestedgoingup to 70milesperhourover 90milesof apublicdividedhighway
(with othervehicleson theroad).

Herewe’ll look briefly at humanneuronsandhow artificial neuronsmodeltheir behavior. Thenwe’ll
seehow they mightbenetworkedtogetherto form anartificial neuralnetworkthatimproveswith training.

0.3 Reinforcementlearning

Throughthis point, we’ll have workedexclusively with systemsthat needimmediatefeedbackfrom their
actionsin orderto learn.This is supervisedlearning, which thoughusefulis a limited goal.

Reinforcementlearning (sometimescalledunsupervisedlearning) refersto a brandof learningsit-
uation wherea machineshouldlearn to behave in situationswherefeedbackis not immediate. This is
especiallyapplicablein roboticssituations,whereyou might hopefor a robotto learnhow to accomplisha
certaintaskin thesamewayadoglearnsa trick, without explicit programming.

Probablythe mostfamoussuccessstory from reinforcementlearningis TD-Gammon,a programthat
learnsto play the gameof Backgammon[Tes95]. TD-Gammonusesa neuralnetworkcoupledwith re-
inforcementlearningtechniques.After playing againstitself for 1.5 million games,the programlearned
enoughto rankamongtheworld’sbestbackgammonplayers(includingbothhumansandcomputers).

Reinforcementlearningis muchmorechallengingthansupervisedlearning,andresearchersstill don’t
haveagoodgrasponit. We’ll seea few of theproposedtechniques,though,andhow they canbeappliedin
situationslike theonethatTD-Gammontackles.

0.4 Artificial life

Finally, artificial life seeksto emulateliving systemswith a computer. Our study of artificial life will
concentrateon geneticalgorithms,wheresystemsloosely basedon evolution are simulatedto seewhat
might evolve. They hopeto evolve very simple behavior, like that of amoebas,thus gaining a greater
understandingof how evolutionworksandwhateffectsit has.

In asense,theevolutionaryprocesslearn— thoughusuallytheverbweuseis adapt. If youunderstand-
ing learningasimproving performancebasedonpastexperience,theword learnhasasimilardenotationto
adapt, evenif theconnotationis different.

Geneticalgorithmsappearto bea promisingtechniquefor learningfrom pastexperience,evenoutside
simulationsof pseudo-biological. We’ll look at this technique,andthenwe’ll look at its usein attempting
to evolvesimplebehaviors.



Chapter 1

Data mining

Datais abundantin today’ssociety. Every transaction,every accomplishmentgetsstoredawaysomewhere.
Wegetmuchmoredatathanwecouldeverhopeto analyzeby hand.A naturalhopeis to analyzethedataby
computer. Data mining refersto thevarioustasksof analyzingstoreddatafor patterns— seekingclusters,
trends,predictors,andpatternsin a massof storeddata.

For example,many grocerystoresnow have customercards,rewardingfrequentusersof the grocery
storewith discountson particularitems. The storesgivesthesecardsto encouragecustomerloyalty and
to collectdata— for, with this cards,they cantracka customerbetweenvisits to thestoreandpotentially
minethecollecteddatato determinepatternsof customerbehavior. This is usefulfor determiningwhat to
promotethroughadvertisement,shelfplacement,or discounts.

A largebankingcorporationmakesmany decisionsaboutwhetherto accepta loanapplicationor not.
On handis a varietyof informationaboutthe applicant— age,employmenthistory, salary, credit history
— andaboutthe loan application— amount,purpose,interestrate. Additionally, the bankhasthe same
informationaboutthousandsof pastloans,plus whetherthe loan proved to be a goodinvestmentor not.
Fromthis, thebankwantsto know whetherit shouldmakethe loan. Datamining canpotentiallyimprove
theloanacceptanceratewithoutsacrificingon thedefaultrate,profitingboththebankandits customers.

1.1 Predicting fr om examples

We’ll emphasizea particulartype of datamining calledpredicting from examples. In this scenario,the
algorithmhasaccessto severaltraining examples, representingthepasthistory. Eachtrainingexampleis a
vectorof valuesfor thedifferentattrib utesmeasured.In ourbankingapplication,eachexamplerepresents
a singleloanapplication,representedby a vectorholdingthecustomerage,customersalary, loanamount,
andothercharacteristicsof theloanapplication.Eachexamplehasa label, whichin thebankingapplication
mightbearatingof how well theloanturnedout.

The learningalgorithmseesall theselabeledexamples,andthenit shouldproducea hypothesis— a
new algorithmthat, given a new vector asan input, producesa predictionof its label. (That a learning
algorithmproducesanotheralgorithmmaystrikeyou asodd. But, giventhevarietyof typesof hypotheses
thatlearningalgorithmsproduce,this is thebestwecando formally.)

In Section1.1,webriefly lookedatsomedataminingresultsfor soybeandiseasediagnosisby Michalski
andChilausky [MC80]. Figure1.1illustratesa selectionof thedatathey used.(I’ve takenjust sevenof the
680plantsandjust four of the35attributes.)Therearesix trainingexampleshere,eachwith four attributes
(plantgrowth,stemcondition,leaf-spothalo,andseedmold)anda label(thedisease).Wewouldfeedthose
into thelearningalgorithm,andit wouldproduceahypothesisthatlabelsany plantwith asupposeddisease.
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plant stem haloon moldon
growth condition leafspots seed disease

PlantA normal abnormal no no frog eye leaf spot
PlantB abnormal abnormal no no herbicideinjury
PlantC normal normal yes yes downy mildew
PlantD abnormal normal yes yes bacterialpustule
PlantE normal normal yes no bacterialblight
PlantF normal abnormal no no frog eye leaf spot
PlantQ normal normal no yes ???

Figure1.1: A prediction-from-examplesproblemof diagnosingsoybeandiseases.

sepal sepal petal petal
length width length width species

Iris A ����� ����� 	
��� �
��� setosa
Iris B �
��	 ����� ����� 	���� versicolor
Iris C �
��� ����� ����	 	���� versicolor
Iris D �
��� ����� ����	 	���� virginica
Iris E �
��� ����� ����	 �
��� virginica
Iris Q �
��� ����� ����� 	���� ???

Figure1.2: A prediction-from-examplesproblemof Iris classification.

PlantQ, representinga new plantwhosediseasewewantto diagnose,illustrateswhatwemight feedto the
hypothesisto arrive ata prediction.

In thesoybeandata,eachof thefour attributeshasonly twopossiblevalues(eithernormalandabnormal,
or yesandno); the full datasethassomeattributeswith morepossiblevalues(the monthfoundcouldbe
any monthbetweenApril or October;theprecipitationcouldbebelow normal,normal,or above normal).
But eachattributehasjustasmallnumberof possiblevalues.Suchattributesarecalleddiscreteattrib utes.

In somedomains,attributesmaybenumeric instead.A numericattributehasseveralpossiblevalues,
in a meaningfullinear order. Considerthe classicdatasetcreatedby Fisher, a statisticianworking in the
mid-1930s[Fis36]. Fishermeasuredthesepalsandpetalsof 150differentirises,andlabeledthemwith the
specificspeciesof iris. For illustrationpurposes,we’ll justworkwith thefivelabeledexamplesof Figure1.2
andthesingleunlabeledexamplewhoseidentitywe wantto predict.

Thesetwoexamplesof datasetscomefrom actualdatasets,but they aresimplerthanwhatonenormally
encountersin practice.Normally, datahasmany moreattributesandseveraltimesthenumberof examples.
Moreover, somedatawill bemissing,andattributesareusuallymixedin character— someof themwill be
discrete(like aloanapplicant’sstateof residence)while othersarenumeric(like theloanapplicant’ssalary).
But thesethingscomplicatethebasicideas,which is whatwe wantto look at here,sowe’ll keepwith the
idealizedexamples.

1.2 Techniques

We’re goingto look at threeimportanttechniquesfor datamining. The first two — linear regressionand
nearest-neighborsearch— arebestsuitedfor numericdata.Thelast,ID3, is aimedatdiscretedata.



1.2Techniques5

1 2 3 4 5

2

1

p
e

ta
l w

id
th

petal length
1 2 3 4 5

2

1

p
e

ta
l w

id
th

petal length

(a) (b)

Figure1.3: Fitting a line to a setof data.

1.2.1 Linear regression

Linear regressionis oneof theoldestformsof machinelearning. It is a long-establishedstatisticaltech-
niquethatinvolvessimplyfitting a line to somedata.

Single-attribute examples Theeasiestcasefor linear regressionis whentheexampleshave a singlenu-
mericattributeandanumericlabel;we’ll lookat thiscasefirst. Saywehave � examples,wheretheattribute
for eachexampleis called ��� , andthelabelfor eachis ��� . Wecanenvisioneachexampleasbeingapoint in� -dimensionalspace,with an � -coordinateof ��� anda � -coordinateof ��� . (SeeFigure1.3(a).)

Linear regressionwould seekthe line ������ "!$#%�'&)( (specifyingthe prediction ������ for any given
single-attributeexample *+��, ) thatminimizesthesum-of-squareserror for thetrainingexamples,-.��/10 �2� �43 �5�2� �  6 879�
(SeeFigure1.3(b).)Thequantity : ��� 3 �������2 �: is thedistancefrom thevaluepredictedby thehypothesisline
to theactualvalue— theerrorof thehypothesisfor this trainingexample.Squaringthisvaluegivesgreater
emphasisto largererrorsandsavesusdealingwith complicatedabsolutevaluesin themathematics.

For example,wemightwantto predictthepetalwidthof an iris givenits petallengthusingthedata
of Figure1.2. Here �;0 is 	
��� (thepetallengthof Iris A) and ��0 is �
��� . FromIris B, weget � 7 !<�����
and � 7 !=	
��� . Wegetsimilar datafromIris C, Iris D, andIris E. Figure1.3graphsthepoints.

With a little bit of calculus,it’ s not too hard to computethe exact valuesof # and ( that minimize
thesum-of-squareserror. We’ll skip the derivationandjust show theresult. Let >� bethe average� value
( �2? � � �  6@�� ) and >� betheaverage� value( ��? � � �  8@
� ). Theoptimalchoicesfor # and ( are

#A! � ? � � � � �  3 �B>�C>�D ? � � 7�FE 3 �B>� 7HG (I!J>� 3 #K>�L�
For the irises, we computethat ? � ���M!N�
�
��� and hence >�O!P�����
� , ? � ���Q!$����� and hence >�R!	����
� , ? � �
�S���Q!T�
	
��	�� , ? � � 7� !T�
�
����	 . Knowingthese,we compute# to be �2�
	
��	�� 3 �"UV�����
�WU	����
�
 6@��2�
�����X	 3 �YUZ������� 7  I![�����
�
@
	������
���
�]\^���_��	Z�`� and ( to be 	
���
� 3 ���a��	Z�`�]Ub�����
�Y! 3 �
���
�
�
� .
Soour hypothesisis that, if thepetallengthis � , thenthepetalwidth will be

���_��	Z�`�
� 3 ���
�
�
�c�
OnIris Q, with a petallengthof �
��� , thishypothesiswouldpredicta petalwidthof 	
���
� , not too far
fromtheactualvalueof 	
��� . (Ontheotherhand,thehypothesiswouldpredicta negativepetalwidth
for a veryshortpetal,which is clearlynotappropriate.)
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Multiple-attrib ute examples Wheneachpieceof trainingdatais a vectorof several attributes,theprob-
lem becomesmore complicated. What we’re going to do is to expandthe single-attribute exampleby
expandingthe dimensionsof the space. If eachexamplehasjust two attributes,we could view eachla-
beledexamplein three-dimensionalspace,with an � -coordinatecorrespondingto the first attribute, the� -coordinatecorrespondingto thesecondattribute,andthe d -coordinatecorrespondingto the label. We’d
look for aplane�5�2� G �X e!^#gf
�W&O#ghi� thatminimizesthesum-of-squareserror.

For ageneralnumberof attributesj , we’ll view eachlabeledexampleasapoint in �2j9&k	� -dimensional
space,with a coordinatefor eachattribute,plusa coordinatefor the label. We’ll look for a j -dimensional
hyperplane�5�2�l0 G � 7 G ����� G ��mZ 5! ? m�n/10 #g�2��� thatminimizesthesum-of-squareserror.

This is slightly differentthanthe two-dimensionalcasebecausethis �5�2�� is forcedto go throughthe
origin �2� G � G ���Z� G �
 . Forcingthiskeepsthemathematicsprettier. If wewantto beableto learnahyperplane
that doesn’t necessarilygo throughthe origin, we can get aroundthis limitation by simply insertingan
additionalattributeto everyvectorthatis always 	 (sothat #g�2��� for thatcoordinateis just theconstant#g� ).

For theiris example,we’rein � -dimensionalspace. We’readdingtheextra always-	 attribute,giving
usa total of jo!T� attributesin each example,and thenwehavethe label. Thelabel needsto be
numeric,thoughtheiris examplelabelsaren’t. Whatwe’ll do is saythat thelabel is 	 if thespecies
is versicolorand � otherwise. Thusif the predictedvalueis large (at least ����� ), the hypothesisis
that theiris is probablyversicolorandif thepredictedvalueis small (lessthan ����� ), thehypothesis
is that it is probablynot. ThusIris A is at the point �p	 G ����� G ����� G 	
�a� G ���a� G �
 . Iris B is at the point�q	 G ����	 G ����� G ����� G 	
�a� G 	� .
We’ll usethenotation � ��r to referto the s th example’s t th attributevalueandthenotation � � to referto

the s th example’s label.Thusourexamplesareasfollows.

�u�;060 G �;0 7 G �l0+v G ����� G �;0wm G �
0  �u� 7 0 G � 787 G � 7 v G ����� G � 7 m G � 7  
...

...
...

. ..
...

...�x� - 0 G � - 7 G � - v G ����� G � - m G � -  
We wantto find asetof coefficients #g� sothatthefunction �5�2�� 5!)? m��/10 #g�S�
� ascloselyapproximatesthe��� aspossible(still usingthesum-of-squareserror).To computethis �5�2�� , it turnsout thatweneedto solve
a setof equations.

� ? � ���y0q�
�y0z �#o0{& � ? � �
�y0z��� 7  �# 7 & U�U�U=& � ? � ���y06����m� �#%m|! ? � ���y0z����2? � ��� 7 �
�y0z �#o0{& �2? � �
� 7 ��� 7  �# 7 & U�U�U=& �y? � ��� 7 ����m� �#%m|! ? � ��� 7 ���...
...

. ..
...

...�2? � � �nm � �y0  �# 0 & �y? � � ��m � � 7  �# 7 & U�U�U=& ��? � � ��m � �nm  �# m ! ? � � ��m � �
Herewehave j equationsand j unknowns(namely, #o0 through#%m ). After wesolvefor the #g� , thebest-fit
hyperplaneis thefunction ������ ]!=? � #g�S�
� . Givenanexample *+�l0 G ����� G ��mZ, for which we wantto makea
prediction,wewouldpredict ���q*+�;0 G ����� G ��mF,6 .

Soto computethebest-fithyperplanefor our versicolorlabeling,we’ll haveto find our setof equa-
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tions.To do that, weneedto computea lot of sums.Here wego.

? � ���y0z�
�}0~! 	 7 &)	 7 &^	 7 &^	 7 &^	 7 ! ���a�? � ���y0z�
� 7 ! 	]UF�����9&^	]UZ����	I&<	]U�������&<	cU������9&<	]U��
��� ! �
���a�? � ���y0z�
��v|! 	]UZ�����9&^	]UZ�����]&<	]U�������&<	cU������9&<	]U��
��� ! 	Z���a�? � ���y0z�
���|! 	]UV	
���9&^	]UF�����]&<	]UZ����	�&<	cU�����	5&<	]U��
��	 ! �
���a�? � ���y0z�
�n��! 	]UZ�����9&^	]UV	
���]&<	]U
	
����&<	cU
	
���9&<	]U��
��� ! ���a�? � ���y0z��� ! 	]UZ�]&^	9U
	I&<	cU
	I&<	]U��c&<	]U�� ! ���a�? � � � 7 � � 7 ! ����� 7 &O����	 7 &O����� 7 &k����� 7 &O����� 7 ! 	��
���a�
�? � ��� 7 �
��v|! �����MU������9&O����	�U������9&������QU������9&O�����YUZ������&k�����MU������ ! �
���a�
�? � ��� 7 �
���|! �����MU
	
���9&O����	�Ub�����9&������QUb����	5&O�����YUZ����	�&k�����MU�����	�! 	��
��� �`�? � � � 7 � �n� ! �����MU������9&O����	�U�	
���9&������QU�	
���9&O�����YUV	
����&k�����MU������ ! �
���a�
�? � ��� 7 ��� ! �����MU��9&�����	�U�	I&O�����MU
	I&O�
���MU��]&O������U�� ! 	
	
�a�? � ����v��
��v|! ����� 7 &O����� 7 &O����� 7 &k����� 7 &O����� 7 ! �
���a��	? � ����v��
���|! �����MU
	
���9&O�����QUb�����9&������QUb����	5&O�����YUZ����	�&k�����MU�����	�! �
���a��	? � � ��v � �n� ! �����MU������9&O�����QU�	
���9&������QU�	
���9&O�����YUV	
����&k�����MU������ ! 	���� �`�? � ����v���� ! �����MU��9&������QU�	I&O�����MU
	I&O�
���MU��]&O������U�� ! ���a�? � �������
���|! 	
��� 7 &������ 7 &�����	 7 &k����	 7 &O����	 7 ! �
���a��	? � � ��� � �n� ! 	
���MU������9&������QU�	
���9&O����	�U�	
���9&O����	]UV	
����&k����	9U������ ! ��	
��	��? � ��������� ! 	
���MU��9&O�����QU�	I&�����	9U
	I&O�
��	9U��]&O����	cU�� ! ���a�? � �����Z�
�n��! ����� 7 &<	
��� 7 &<	
��� 7 &)	
��� 7 &O����� 7 ! 	����a�
�? � �����Z��� ! �����MU��9&^	
���QU�	I&<	
���MU
	I&<	����MU��]&O������U�� ! ���a�? � ��������� ! � 7 &)	 7 &^	 7 &�� 7 &�� 7 ! ���a�
Fromthesewederivea setof fiveequationswith fiveunknowns.

�����
#o0�& �������
�
# 7 & 	Z�������
#gv�& �
�������
#g��& �
���
�
#%�~! ������
�����
#o0�& 	��������
�
# 7 & �
�������
#gv�& 	��
���a�X�
#g��& �
�
���
�
#%�~! 	
	
���	Z�����
#o0�& �������
�
# 7 & �
�����
	�#gv�& �
�����
	�#g��& 	��
�a�`�
#%�~! ������
�����
#o0�& 	������a�`�
# 7 & �
�����
	�#gv�& �
�����
	�#g��& ��	���	��
#%�~! ����������
# 0 & �������
�
# 7 & 	����a�X�
# v & ��	
��	��
# � & 	��
���
�
# � ! �����
Nowwesolvethis to getthehyperplanehypothesis.(Youcantry to do it byhand,but at thispoint I
brokedownandwentto a computer.) Theanswerturnsout to bethefollowing.

�5�2�l0 G � 7 G �
v G ��� G ���F 5!^�����
�
�
�l0l&O�����
�
�
� 7 3 	
���
�
��v 3 �������
�
��� 3 �������
�
���
For Iris Q, thepredictedansweris

�����
�
�MU
	I&O�����
�
�MUZ����� 3 	
���
�MU������ 3 �������
�MU������ 3 �������
�MU
	
���M!^�������
�M�
Thuslinear regressionindicatesthatwearefairly confidentthat Iris Q is versicolor(asindeedit is).

Analysis Linearregressionis reallybestsuitedfor problemswheretheattributesandlabelsareall numeric
andthereis reasonto expectthata linearfunctionwill approximatetheproblem.This is rarelyareasonable
expectation— linearfunctionsarejust too restrictedto representa widevarietyof hypotheses.
Advantages:� Hasrealmathematicalrigor.
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� Handlesirrelevant attributessomewhat well. (Irrelevant attributestendto get a coefficient closeto
zeroin thehyperplane’sequation.)� Hypothesisfunctionis easyto understand.

Disadvantages:� Oversimplifiestheclassificationrule. (Why shouldwe expecta hyperplaneto bea goodapproxima-
tion?)� Difficult to compute.� Limited to numericattributes.� Doesn’t atall representhow humanslearn.

1.2.2 Nearestneighbor

Our secondapproachoriginatesin the ideathatgivena query, the trainingexamplethat is mostsimilar to
it probablyhasthe samelabel. To determinewhat we meanby most“similar”, we have to designsome
sortof distancefunction. In many cases,thebestchoicewould be theEuclidean distancefunction, the
straight-linedistancebetweenthe two points *����y0 G ��� 7 G ����� G �
��mz, and *+�XrF0 G �Xr 7 G ����� G �Xr6mZ, in j -dimensional
space.Theformulafor thiswouldbe� �2���y0 3 �XrF0z 7 &^�2��� 7 3 �Xr 7  7 &<U�U�Uz&��2����m 3 �Xr6m� 7 �
Anothercommonpossibility is to usetheManhattan distancefunction,

:a���y0 3 �XrF0i:F&�: ��� 7 3 ��r 7 :F&^U�U�UF&^:a����m 3 ��rqm
:��
In practice,peoplegenerallygo for theEuclideandistancefunction. They don’t really have muchmathe-
maticalreasoningto backthisup; it just seemsto work well in general.

In theIris example,we’ll computetheEuclideandistancefromeach of thevectorsfor the training
examplesto thequeryvectorrepresentingIris Q.

example distance label

Iris A � �y����� 3 �
���
 7 &��2����� 3 �����
 7 &^�p	
��� 3 ������ 7 &^������� 3 	
���
 7 !^�
���V� setosa
Iris B � �2����	 3 �
���
 7 &��2����� 3 �����
 7 &^�y����� 3 ������ 7 &^�q	
��� 3 	
���
 7 !^�
���
� versicolor
Iris C � �2����� 3 �
���
 7 &��2����� 3 �����
 7 &^�y����	 3 ������ 7 &^�q	
��� 3 	
���
 7 !^�
�a�`� versicolor
Iris D � �2����� 3 �
���
 7 &��2����� 3 �����
 7 &^�2����	 3 ������ 7 &^�q	
��� 3 	
���
 7 !=	����
� virginica
Iris E � �2����� 3 �
���
 7 &��2����� 3 �����
 7 &^�2����	 3 ������ 7 &^������� 3 	
���
 7 !=	����
� virginica

SinceIris C is the closest,the nearest-neighboralgorithm would predict that Iris Q hasthe same
labelasIris C: versicolor.

Therearetwo commonrefinementsto the nearest-neighboralgorithmto addresscommonissueswith
thedata.Thefirst is thatthetheraw Euclideandistanceoveremphasizesattributesthathavebroaderranges.
In theIris example,thepetallengthis givenmoreemphasisthanthepetalwidth (sincethelengthvariesup
to four centimeters,while thewidth only variesup to two centimeters).This is easyto fix by scalingeach
attributeby themaximumdifferencein theattributevalues,to ensurethatthedistancebetweentwo attribute
valuesin thesameattributeneverexceeds	 .� ��r�! �
��r�L�V��� � � r�3 �"����� � � r
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By applyingthedistancefunctionto the � ��r insteadof the ����r , this artificial overemphasisdisappears.
The secondcommonrefinementis to addressthe issueof noise — typically, a small but unknown

fractionof thedatamight bemislabeledor unrepresentative. In the iris example,Iris C maynot really be
versicolor. Or perhapsIris C’sdimensionsareuncharacteristicof versicolorspecimens.We cangetaround
thisusingthelaw of largenumbers:Selectsomenumber� andusethe � nearestneighbors.Theprediction
canbetheaverageof these� nearestneighborsif thelabelvaluesarenumeric,or theplurality if the label
valuesarediscrete(breakingtiesby choosingtheclosest).

If wechoose� to be � , wefind that thethreeclosestirisesto Iris Q are IrisesB, C, andD, of which
twoareversicolorandoneis virginica. Thereforewestill predictthat Iris Q is versicolor.

Analysis Thenearest-neighboralgorithmandits variantsareparticularlywell-suitedto collaborative fil-
tering, wherea systemis to predicta givenperson’s preferencebasedon otherpeople’s preferences.For
example,amovie Websitemightaskyouto ratesomemoviesandthentry to find moviesyou’d like to see.
Here,eachattribute is a singlemovie thatyou have seen,andtheWebsite looks for peoplewhosemovie
preferencesarecloseto yoursandthenpredictsmoviesthattheseneighborsliked but thatyouhavenotseen.
Or you might seethis on book-shoppingsites,wherethesitemakesbookrecommendationsbasedon your
pastorderhistory.

Collaborative filtering fits into the nearest-neighborsearchwell becauseattributestendto be numeric
andsimilar in nature,soit makessenseto givethemequalweightin thedistancecomputation.
Advantages:� Representscomplex spacesverywell.� Easyto compute.

Disadvantages:� Doesnot handlemany irrelevantattributeswell. If we have lots of irrelevantattributes,thedistance
betweenexamplesis dominatedby thedifferencesin theseirrelevantattributesandsobecomesmean-
ingless.� Still doesn’t look muchlike how humanslearn.� Hypothesisfunctionis too complex to describeeasily.

1.2.3 ID3

Linear regressionandnearest-neighborsearchdon’t work very well whenthe datais discrete— they’re
reallydesignedfor numericdata.ID3 is designedwith discretedatain mind.

ID3’s goal is to generatea decisiontree that seemsto describethe data. Figure 1.4 illustratesone
decisiontree.Givena vector, thedecisiontreepredictsa label.To getits prediction,westartat thetop and
work downward.Saywe takePlantQ. We startat the top node.SincePlantQ’s stemis normal,we go to
theright. Now we look for moldonPlantQ’sseeds,andwe find thatit hassome,sowe go to theleft from
there.Finally we examinethespotson PlantQ’s leaves;sincethey don’t have yellow halos,we go to the
right andconcludethatPlantQ musthave downy mildew.

Decisiontreesarewell-suitedfor discretedata.They representa goodcompromisebetweensimplicity
andcomplexity. Recallthatoneof our primarycomplaintsaboutlinear regressionwasthat its hypothesis
wastooconstrictedto representverymany typesof data,whileoneof ourprimarycomplaintsaboutnearest-
neighborsearchwasthat its hypothesiswastoo complex to beunderstandable.Decisiontreesareeasyto
interpretbut canrepresenta widevarietyof functions.
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stem
condition

mold
on seed

plant
growth

plant
growth

herbicide
injury

frog eye
leaf spot

bacterial
pustule mildew

downy

bacterial
blight

abnormal normal noyes

normalabnormal

abnormal normal

Figure1.4: A decisiontreeexample

Givena setof data,the goal of ID3 is to find a “good” decisiontreethat representsit. By good, the
generalgoalis to find a smalldecisiontreethatapproximatesthetruelabelprettywell.

Constructing the treeautomatically ID3 follows a simpletechniquefor constructingsucha decision
tree.We begin with a singlenodecontainingall thetrainingdata.Thenwe continuethefollowing process:
We find somenodecontainingdatawith differentlabels,andwe split it basedon someattributewe select.
By split, I meanthatwe takethenodeandreplaceit with new nodesfor eachpossiblevalueof thechosen
attribute. For example,with thesoybeandata,if we have a nodecontainingall theexamplesandchooseto
split onplantgrowth, theeffect wouldbeasfollows.

A,B,C,D,E,F

plant
growth

abnormal normal

B,D A,C,E,F

beforethesplit afterthesplit

Westopsplittingnodeswheneverynodeof thetreeis eitherlabeledunanimouslyor containsindistinguish-
ablevectors.

How doesID3 decideon which attributeto split a node?Beforewe answerthis,we needto definethe
entropyof a setof examples.Theentropy of a set � is definedby thefollowing equation.�� �¡2¢w£�¤4¥ �2�B e! .

labels¦ 35§�¨�© � §X¨
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Here§X¨ is thefractionof pointsin thesetwith thelabel ª .
In thetrainingdataof Figure1.1,thereare fivelabels: �
@
� of theexampleshavefrogeyeleaf spot,
and 	�@
� of theexampleshaveeach of thefour otherdiseases.Sotheentropyis

3 �� © � �� & 3 	� © � 	� & 3 	� © � 	� & 3 	� © � 	� & 3 	� © � 	� !=	����
�
�
�M�
Thisentropyis ratherlarge,quantifyingthefact that thesetisn’t labeledconsistentlyat all.

Theentropyis a weird quantitythatpeopleusemoreor lessjustbecauseit works.Whentheentropyis
small,this indicatesthatthingsarelabeledprettyconsistently. As anextremeexample,if everythinghasthe
samelabel ª , thensince§X¨ !«	 theentropywouldbejust 35§X¨�© � §X¨ !�� . We’re aimingfor a smalldecision
treewherethetotalentropyof all theleavesis assmallaspossible.

Now let’s look at whathappenswhenwe split a node.This splitsthesetof examplesit representsinto
piecesbasedon thevaluesof theattribute.To quantifyhow goodthesplit is, we definethegain of splitting
anodeona particularattribute: It is theentropyof theold setit represented,minustheweightedsumof the
entropiesof thenew sets.Say � representstheold set,and �l¬ representstheexamplesof � with thevalue� for theattributeunderconsideration.Thegainwouldbe�9 �¡2¢p£F¤4¥ �2�I 3 .

values­
:a�l¬`::a�Q: �� �¡2¢w£�¤4¥ �2�;¬� 5�

At thebeginningof thealgorithm,all theexamplesare in a singlenode. Let’s considersplittingon
theplant growth. We just computedtheentropyof all six training examplesto be 	
���
�
��� . After we
split on plant growth,wegettwo setsof plants: B andD haveabnormalplant growth(this sethas
entropy 3 �p	�@
�� © � �p	�@
�� 
& 3 �p	�@
�� © � �q	�@
�
 �!^�������
��	 ); andA, C,E, andF havenormalplantgrowth
(thissethasentropy 	
���
���
� ). Sothegainof splittingonplantgrowthis

	
���
���
� 3«® �� �����
����	e& � � 	
���
���
�V¯°!)�����
�
���]�
We candosimilar calculationsto computethegain for stemconditioninstead.Thisdividesthe

plantsinto a setof A,B, andF (entropy �����
�
��� ) anda setof C, D, andE (entropy 	
���
�
�
� ). Thegain
of splittingonstemconditionis

	
���
�
�
� 3 ® �� �����
�
�
�9& �� 	
���
�
�
� ¯ !^�������
��	
Thisis larger thanthegain for plantgrowth,sosplittingonstemconditionis preferable.

After computingthegainsof splitting for eachof the attributes,we choosethe attributethatgivesthe
largestgainandthensplit on it, givingusanew tree.Wecontinuesplittingnodesuntil theexamplesin every
nodeeitherhave identicallabelsor indistinguishableattributes.

Wewouldalsoconsidersplittingon leaf-spothalos(gainof 0.6931)andsplittingonseedmold(gain
of 0.6367).Of these,wecouldgowith eitherstemconditionor leaf-spothalos: They bothhavethe
samegain,0.6931.We’ll choosestemcondition,givingusa new tree.

stem
condition

A, B, F C, D, E

normalabnormal
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We repeattheprocessfor each of theremainingsets.We first considerPlantsA, B, andF. They
don’t havethesamedisease,sowe’ll look for an attributeonwhich to split them.Thatturnsout to
beeasy, as they disagreeonly on the plant-growthattribute(noneof themhaveleaf-spothalosor
seedmold),sowe’ll split thatnodebasedonplantgrowth.(Thegainof thiswouldbe0.6365,while
splittingon leaf-spothalosor seedmoldgivesa gainof 0.) Nowwehavethefollowing tree.

stem
condition

plant
growth

B A, F

C, D, E

abnormal normal

normalabnormal

Thesetof A and F isn’t a problem,as they bothhavethe samedisease. Sothe next setwe’ll
considerfor splitting is C, D, andE. There,thegain for splittingbasedonplantgrowthis 	
���
�
��� 3�8�2�
@
�
 8�����
�
�X	;&±�q	�@
�
 6�� e!^�
���
�
�
� . Thegain for splittingon leaf-spothalosis 0, sincethey all have
leaf-spothalos.Thegain for splittingonseedmoldis 	
���
�
��� 3 �6�2��@
�
 6�����
�
��	;&^�p	�@
�� 6�
 �!^�����
���
� .
Wecouldgo for eitherplantgrowthor seedmold;saywechooseseedmold.

stem
condition

mold
on seed

plant
growth

B A, F C, D E

abnormal normal noyes

normalabnormal

Finally, we considerhow to split PlantsC and D. Splitting on plant growth givesa gain of
0.6931,whilesplittingon leaf-spothalosgivesa gainof 0. Wemustsplit onplantgrowth,givingus
thetreeof Figure1.4.

Analysis Advantages:� Representscomplex spaceswell.� Generatesasimple,meaningfulhypothesis.� Filtersout irrelevantdata.

Disadvantages:
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Figure1.5: Overfittingsomedata.

� Doesn’t handlenumericattributeswell.� Still doesn’t look muchlike how humanslearn.

1.3 General issues

Thereareanumberof overarchingdataminingissuesthatapplyregardlessof thetechnique.Theimportance
of theseissuesmakesthemworthstudyingseparately. We’ll look at justa few.

Data selection Choosingthedatais animportantelementof applyingdatamining techniques.Of course
we want thedatato have integrity — thoughthere’s a naturaltradeoff betweenintegrity andquantitythat
wehave to balance.Wecertainlyneeda goodsampleof data,or elsethelearnedhypothesiswon’t beworth
much.But we alsoneeda largesampleto work from.

Lessobvious is the importanceof a selectinggoodattributes.Sometimeswe needto do someprepro-
cessingto getgooddata.For example,with loanapplications,theapplicant’sdateof birth is probablywhat
is really storedon the computer, but really this isn’t significantto the application(neglectingastrological
effects)— what’s importantis the applicant’s age. So, thoughthe databaseprobablyholdsthe birthday,
we shouldcomputetheageto give to the learningalgorithm. We canseea similar thing happeningin the
soybeandata(Figure1.1): Insteadof giving theplantheight(which afterall, coupledwith themonththe
plantwasfoundimplieswhethergrowth is stunted),thedatasetjust includesa featuresayingwhetherplant
growth is normalor abnormal. The researchersheredid somepreprocessingto simplify the task for the
learner.

Overfitting In applyinga machinelearningtechnique,we needto be carefulto avoid overfitting . This
occurswhen the algorithmadaptsvery carefully to the specifictraining datawithout improving general
performance.For example,considerthe two graphsin Figure1.5. Althoughthegraphat theright fits the
dataperfectly, it’ s likely thatthegraphat left is abetterhypothesis.

Overfitting appliesto just aboutany learningalgorithm. ID3 is particularly proneto overfitting, as
it continuesgrowing the tree until it fits the dataperfectly. Machinelearningresearchershave waysof
workingaroundthis,but they getrathercomplicated,andsowe’rechoosingto skip theirapproaches.

There’sa tradeoff: Do we go for theperfectfit (which maybeanoverfit), or do we settlefor a simpler
hypothesisthat seemsto be pretty close? The answeris that this is part of the art of applyingmachine
learningtechniquesto datamining.But anaid to this is to beableto evaluatetheerrorof agivenhypothesis.

Evaluating hypotheses Oncewe geta hypothesisfrom a learningalgorithm,we oftenneedto getsome
sortof estimateof how goodit is. Themosttypicalmeasureis theerror: theprobabilitythatthehypothesis
predictsthewronglabelfor a randomlychosennew example.
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It’ s very temptingto feedall thedatawe have into the learningalgorithm,but if we needto reportthe
hypothesiserror, this is a mistake.We alsoneedto usesomedatato computetheerror, andwe can’t reuse
thetrainingdatafor this computation.(This wouldbeanalogousto giving studentsall theanswersto a test
thedaybefore:Of coursethey’ll dowell on thetest,but whathave they learned?)

Soin situationswherewe needto computetheerror, we separatethedatainto two sets— thetraining
set, which holds the exampleswe give to the learningalgorithm— and the test set, which we usefor
computingthe error. The error we reportwould be the fraction of the examplesin the testseton which
the learningalgorithm’s hypothesispredictswrongly. Typically two-thirdsof the datamight go into the
trainingsetanda third into thetestset,to give a reasonabletradeoff on theaccuracy of thehypothesisand
theaccuracy of thereportederror.

In many situations,thedatajust isn’t plentiful enoughto allow this. U S Presidentialelectionswould
beagoodexample:It’ snotasif we cangoout andgeneratenew elections,sowe’re stuckwith thehandful
wehave. If wewantto applya learningalgorithmto pastpolling dataandtheir effecton thefinal result,we
wantto useall thedatawecanfind. Machinelearninghasproposedseveraltechniquesfor bothusingall the
dataandgettingacloseestimateof theerror, but they’rebeyondthescopeof thissurvey.

Ethics Obviously any time you dealwith personalinformation,ethicalconsiderationsarise. Databases
often include sensitive information that shouldn’t be released.Social Securitynumbersare just one of
several piecesof datathat onecanuseto gain accessto a person’s identity, which you don’t want to get
aroundtoomuch.

Lessobviously, dataminersalsoneedto becarefulto avoid discrimination.For example,a bankthat
intendsto usedatamining to determinewhetherto approve loansshouldthink twice beforeincludingrace
or genderasoneof the attributesgivento the learningalgorithm. Evenzip codesshouldprobablynot go
into thelearningalgorithm,asimplicit discriminationcanarisedueto communitieswith aparticularlyhigh
densityof onerace.

For theseapplications,thedatamining practitionershouldreview thegeneratedhypothesisto look for
unethicalor illegal discrimination.Algorithmsthatgeneratemeaningfulhypothesis(like linear regression
or ID3, but notnearest-neighborsearch)areparticularlyusefulfor suchapplicationsthatneedhumanreview
at theend.

1.4 Conclusion

We have seena sampleof datamining techniques— linear regression,nearest-neighborsearch,andID3
— andotherissuesthatdatamining practitionersmustheed.Thetopic of datamining is rich andjust now
becomingawidely appliedfield. Wecouldeasilyspendacompletesemesterstudyingit — it involvesmany
interestingapplicationsof mathematicsto thisgoalof dataanalysis.I’d personallylove to spendmoretime
on it — but I alsoknow what’s to come,andit’ severy bit asintriguing!


