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1 Overview

Web-basedtutoring systemsprovide importantadvantagesasa supplementto traditionalclassroominstruction.

MANIC (MultimediaAsynchronousNetworkedIndividualizedCourseware)is aninteractive multimediaWWW-

basedtutoring systemthat wasoriginally developedin 1997 andwasusedby more than200 usersduring the

Spring1997semesterto listento, andview, thestoredaudiolecturesandlecturenotesfor a full-semestersenior-

level Networking courseat the University of Massachusetts[9]. Previous work hasbeendoneto analyzeand

improve theperformanceof MANIC from bothsystem’s andusers’perspective [9] providing empiricalandana-

lytical characterizationsof observed userbehavior in MANIC. Thework in [9] focusedon studyingthesession-

level behavior (e.g, the lengthof individual sessions)andinteractive userbehavior (e.g.,the time betweenstart-

ing/stopping/pausing theaudiowithin a session).[14] built andanalyzea studentmodelfor MANIC, anddeter-

mining thelevel of difficulty andthelearningstylepreferencesof astudentby usingaNaiveBayesClassifier.

Differing from previous work on MANIC, we will usea Hidden Markov Model (HMM) approachto capture

students’behavior individually andstudythe useof HMMs to implementpredictionalgorithmsfor prefetching

lecturenotes.Somepastresearchhasbeendoneto predictHTTPrequests[13] andpredictrequeststo webservers

[2], but they wereall from the server’s (system’s) point of view. Our focusis on characterizingthe behavior of

individual users.Work hasalsobeendoneto constructa usermodelfor tutoringsystemsusingmachinelearning

techniques[1]. Someof thecorrespondingresearchstudiestheinteractionof teachingactivities andlearningbe-

haviors [10], andattemptsto determinethestudents’learninggoal [3]. However, thefocusof their researchis to
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selectappropriateteachingstrategiesfor a tutoringsystem.Varing from this relatedresearch,thepurposeof our

studyon userbehavior is to capturestudents’accessactivities to aweb-basedtutor. Additionally, noneof thepast

relatedwork usesHiddenMarkov Model to drive thepredictionprocess.Sarukkai,[12], usedMarkov chainsto

modelweblink sequences,but did not considerindividual userbehavior.

Our goal in this projectis to useanhiddenMarkov modelapproachto modelstudents’behavior usingtheweb-

basededucationalsystem— MANIC , to understandhow studentsinteractwith thisonlinetutoringsystem,sothat

wecanpredictfuturebrowsingactionsof specificusersandpredictively prefetchthenext slidefor astudent.This

work consistsof thefollowing parts:

� We useempiricaldatagatheredfrom previous online accessrecordsof MANIC. Eachstudenthasan in-

dividual log file recordinghis/herbrowsing action(i.e., next slide, previous slide, etc.). The log files are

modifiedto sequencesof actionsthatareusedin determiningtheparametersof theHiddenMarkov Models.� For eachstudent,we useaHiddenMarkov Model (HMM) to modelhis/heraccessingbehavior.� Theaccuracy of anHMM parameterestimationprocessis evaluatedby feedinganoutputsequencegenerated

by aknown Markov Model into theHMM andcomparingtheparametersof theknown modelwith thoseof

there-estimatedmodel.� Weexaminetheperformanceof threealgorithmsthatuseanHMM in differentwaysto predictuserbehavior.

Wecomparethesealgorithmsacrossarangeof modelsizes(numberof hiddenstates),differentvaluesof an

error threshold, which is a boundof thenumberof wrongpredictions,anddifferentsessionwindowsizes,

which contolsthehistorydatathat is usedto re-estimatetheparametersof a HMM. We will introducethe

definitionof error thresholdandsessionwindowsizein detaillater.

Ourresultsshow thataHiddenMarkov Modelcancapturetheuserbehavior of mostof thestudentsusingMANIC

very well. For a few students,their browsingpreferencesarehardto predict. However, by varing themethodof

usingdifferenthistorydata to re-estimateanHMM, thosestudents’behavior canbepredictedbetter.

This report is organizedas follows. In Section2, we will give a brief descriptionfor the problembeingstud-

ied in this synthesisproject. Section3 introducesthe conceptof a HiddenMarkov Model basedon Rabiner’s

HMM notation[11], andpresentstheuserbehavior modelof MANIC. Section4 proposesthreeobservationdata

usealgorithms,which useobservation data(i.e., empiricallymeasuredstudentinteractionswith MANIC) in dif-

ferentwaysto determinetheHMM parameters.Section5 andSection6 introducestwo approachesof determining
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thepredictiondecision.And basedon eitherof themwe evaluatethepredictionperformanceprovided by using

differentobservationdatausealgorithms.In Section7, weconcludeourwork.

2 ProblemDescription

MANIC wasusedby morethan200usersduringtheSpring1997semesterto listento, andview, thestoredaudio

lecturesandlecturenotesfor afull-semestersenior-level courseonComputerNetworking[9]. Fromtheaccesslog

files of MANIC, we canidentify serveralbasicbrowsingactions, suchasgo to thenext slide,go to theprevious

slide,usetheindex choosethenext slide,andturnon/off audio.

In this project,our goal is to predict the next action of a user, so that if thereis a new slide to be viewed, the

systemcanprefetchit in advance.Therefore,theuseractionsthatwearemostinterestedin arethoseusedto select

a new slide. More specificly, thenext slidecall andthe index call arevery important. Therearetwo waysfor a

studentto show thenext slide,oneis causedby theuserclicking the“next” button, theotheris causedimplicitly

by continuousaudioplayout.Wewill focuson thestudyof predictingthestudents’paththroughtheslides,using

aHiddenMarkov Model (HMM) to modeleachindividual student’s behavior.

3 Hidden Mark ov Models asUserBehavioral Models

3.1 HMM

TheconceptsunderlyingtheHiddenMarkov Modelapproachweemploy in thisstudyarebasedon [4, 11, 8, 15].

In thisproject,weuseRabiner’sHMM notation[11], in which ��� and ��� arevariablesdenotingtheHMM stateand

observedoutputat time � , respectively. 	�
 is thestationaryprobabilityof state�

 , ��
�� is thetransitionprobability

from state��
 to state��� , and ��
������ is theprobabilityof generatingoutputsymbol � whentheHMM is in state�

 .�
denotesthe parameterset( � , � , 	 ), where � is thematrix of ��
�� , � is thematrix of ��
������ and 	 is thematrix

of stationaryprobabilities	�
 . A centralproblemin HMM’ s is to determine
�

from a sequenceof observedoutput

symbols.Also,  is thenumberof hiddenstatesand ! is thenumberof outputsymbols.

In Rabiner’s versionof the HMM, an observed outputis a probabilisticfunctionof the stateof theHMM. That

is, theresultingmodel(which is calleda hiddenMarkov model)is a doublyembeddedstochasticprocesswith an

underlyingstochasticprocessthat is not observable,but canonly be observed throughanothersetof stochastic
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processesthatproducethesequenceof observations[11]. Basedon thesequencesof observations,theparameter

set
�

canbeestimatedusingtheBaum-Welch algorithm,whichwe will describein detail later.

In our study of students’behavior in the MANIC system,useractionsare interpretedas observed outputsof

HMMs. OneHMM is associatedwith oneuser(student). Basedon a given observed outputsequence� , the

forward algorithmis usedto estimate"$#��&% �(' , wherethe forward variable ) � �+*�� is definedas),�-�+*.�0/1"2���43��658797:7;���.<-���=/>� 
 % � � (1)

i.e., theprobabilityof thepartialobservationsequence,� 3 � 5 7�7?7.� � , andstate�

 at timet, givenmodelparameters�
. Here, ) � �+*�� canbecomputedinductively, asfollows:

1) Initialization:

) 3 �+*��0/1	�
@��
���� 3 �-< ACBD*EBF (2)

2) Induction:

) �HG,3 �JIK�L/ MONP 
JQ 3 ) � �+*�����
���RS���:��� �HG,3 �-< ASBF�TBVUXWFA , ASBYI&BF (3)

3) Termination: "2���$% � �0/ NP 
JQ 3 ),ZE�+*�� (4)

whereU is thenumberof transitions(equivalentlyobservedoutputs)in theoutputsequence,� . Working together

with the forward algorithm, thebackward algorithmalsoplaysa role in theparameterre-estimationschemefor a

HMM. Similar to theforward algorithm,in thebackward algorithm,abackward variable [(�-�+*.� is definedas[ � �+*��\/X"2��� �HG,3 � �HG�5 7:797]�OZT% � � />�

^< � � (5)

i.e., theprobabilityof thepartialobservation sequencefrom �`_aA to theend,givenstate �

 at time � andmodel

parameters
�
. Wecansimilarly solve for [ � �+*.� inductively asfollows:

1) Initialization:

[(Zb�+*��0/cAd< ACBF*bBF (6)
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2) Induction:

[ � �+*��\/ NP��Q 3 ��
��e���9��� �HG,3 �f[ �HG,3 �JI��-< �\/gUgWFAd<�U1WYhi<�7�7�7 , 1; ACBF*EBF (7)

The initialization step1) arbitrarily defines[(Zb�+*�� to be 1 for all states�

 . Step2) shows that in order to have

beenin state�

 at time � , andto accountfor theobservationsequencefrom time �j_1A on,we have to considerall

possiblestates��� at time �`_aA , accountingfor the transitionfrom �

 to �(� , aswell asobservation � �HG,3 in state�(� , andthenaccountingfor theremainingpartialobservationsequencefrom state��� onwards.

Let usnow considertheproblemof estimatingtheparameters,
�
, of a HMM with a givennumberof states.For

a HMM, our goal is to estimateits parameterset
� /k�+�l<-�m<-	`� to maximizetheconditionalprobability "2���$% � � .

For doingthis, theBaum-Welch algorithmis implementedasfollows:

1. Let initial modelbe
�
;

2. Computenew model
�

basedon
�

andobservationsequence� ;

3. If n@oepi"2���$% � �jWqn@oepi"2���&% � �Trgs , thenstop;

4. elseset
�ut �

andgotostep2;

Here s is a very smallvalue. There-estimatedparameterset
�

is iteratively usedin placeof currentparameters�
, until theprobabilityof � beingobserved from themodelreachessomelimiting point. Thefinal resultof this

reestimationprocedureis calleda maximumlikelihoodestimateof theHMM.

Clearly, thekey stepin Baum-Welchalgorithmis step2), wherewecomputeanew
�

basedoncurrentparameters�
andtheobservationsequence� . For doingthiswe needto defineandcalculatethefollowing variables:

� Define v��+*.<�IK� astheprobabilityof beingin state�

 at time � andin state��� at time �,_1A .
v��+*.<�IK�\/ ) � �+*�����
��;�^����� �HG,3 �f[ � �JIK�"2���&% � � / ) � �+*�����
��e���:��� �HG,3 �f[ �HG,3 �JIK�w N
JQ 3 w N�xQ 3 ) � �+*�����
��]���:��� �HG,3 �f[ �HG,3 �JI�� (8)

Note, v��+*.<�IK� dependson � � , but following thenotationof Rabiner, wesuppressshowing thisexplicit depen-

dency.
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 at time � , giventheobservationsequence� .

yi�-�+*��0/ NP�xQ 3 v��-�+*.<�IK� (9)

� w Z � Q 3 y��-�+*.� is theexpectednumberof timesstate� 
 is visitedduringthe U transitionsteps� w Z,z 3� Q 3 v � �+*.<�I�� is theexpectednumberof transitionsfrom state�

 to state��� in U transitionsteps� ��
��{/ expectednumberof transitionsfrom state�

 to state���
expectednumberof transitionsfrom state��
 /}|�~�� ~�� 
�� �x�| ~�� ~ � 
J�� ���:�����0/ expectednumberof timesin state��� andobservatingsymbol �

expectednumberof timesin state��� / | ~�� � ~��:� � ~�� ���| ~ � ~�� �x�� 	�
j/ probabilityof beingin state�

 at time ( �\/�A ) /gy 3 �+*��-< w N
�Q 3 	�
j/cA� � /�� ��< �m< 	`�
Here, � is thematrixof thenew estimatedtransitionprobabilities,��
�� ; � denotesthematrixof thenew estimated

probabilitydistribution of generatingoutputsymbol( � ) at eachstate,�^�:����� ; and 	 denotesthematrix of thenew

estimatedstationaryprobabilityof eachstate,	 
 . � 
�� , � � ����� and 	 
 arecomputedbasedon theold HMM (
�
), and

together( �l< �m< 	 ) constitutethenew HMM parameterset,(
�
).

We have presentedhow theparametersof a HMM areiteratively re-estimatedusingthe Baum-Welch algorithm.

Theaccuracy of a HMM’ s parameter-estimationprocesscanbeexaminedby following steps:feedanoutputse-

quencegeneratedby aknownMarkov Model into theHMM (with thesamenumberof statesastheknownmodel)

to be estimated,have the HMM “trained” usingthat outputsequence(i.e., estimatethe HMM parametersfrom

theobservedoutputsequency usingBaum-Welch), andcomparetheparametersof theoriginal knownmodelwith

thoseof there-estimatedHMM. Our HMM parameterre-estimationprocessis written basedon thepackagefrom

[5]. Weevaluatethere-estimationprocessof ourHMM for MANIC userbehavior usingtheabove approach.

3.2 UserBehavioral Model

Theproblemof predictingstudents’behavior for theMANIC systemis to predicttheaction thata studenttakes

for the next stepbasedon his/herprevious browsingactions. For eachuser, we canconvert his/herlog file into

sessionsof actions.We defineonesessionasbeginningwhena userstartsusingMANIC to view a sequenceof

slidesuntil thatusergoesoffline; for a detaileddiscussionof thenotionof a studentsessionin MANIC, see[9].

During eachsession,a user’s possibleactionsarecall thenext slide, call thepreviousslide, useindex, andstart.
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We usea symbol to denoteoneactionof a user. Thuswe have a symbolset as ��/�� 1,2,3,4� , which simply

representsthenext, previous,index, andstart actionsrespectively. By this mapping,we translatetheoriginal user

log files into sequencesof symbols,whereeachsequenceof symbolsindicatesaMANIC session.

Recallthatwith anHMM, we areassumingthereis an underlyingstochasticprocessthat is not observable,and

that this hiddenstochasticprocessforms a Markov chain. At eachstateof that hiddenMarkov model,we con-

siderthe action symbolof a studentasa randomvariable,having a probability distribution that is a function of

thestate.We alsoassumethatthesymbolsequencesareusedasobservedoutputsof thatHiddenMarkov Model.

Basedon thesequencesof observations,theparametersof a HMM for eachuserwill be estimatedby usingthe

forward-backward andBaum-Welch algorithms.

4 Prediction Algorithm Design

Whenan HMM (
�
) hasbeenobtainedbasedon the history dataof a student,we canusethis HMM to predict

thenext browsingaction.Giventheobservedactionsandgivena HiddenMarkov Model (
�
), we canevaluatethe

probabilitydistribution of thenext outputby usingtheforward variable ) � �+*�� identifiedin lastsection.Recallthat) � �+*�� is theprobabilityof thepartialobservation sequence,� 3 � 5 7�7�7x� � , andstate �

 at time � , given themodel

parameter
�
. By using ),�-�+*.� , theprobabilityof symbol � ( �q��� ) appearingasoutput �O�HG,3 , "2�����HG,3�/���� , can

beestimatedasfollows,"2��� 3 />���0/ w N
JQ 3 	(
+��
^�����"2�����HG,3�/>���0/ w N�xQ 3 w N
JQ 3 ),�-�+*��=7e� 
�� 7e� � ����� �\/cAd<?hi<�7�7�7;<�U1WFA (10)

where �X�a� and U is the maximumnumberof stepsof a specificsession. "2������/���� canbe usedto make

a predictiondecision,decidingwhich actionto predict,for the next step. Note that eachof the possibleactions

mayhave a non-zeroprobabilityof occurring.Which of thesepossibleactionsshouldwe predict?In this project,

we will evaluatetwo schemesof selectinga symbolasthepredictedoutputof anHMM, basedon theestimated

occuringprobability, "2��� � /���� . One is to predict the actionwith the highestprobability of occurrance,i.e.,�d�?���� �]  �e"2�����`/>���.� , asthemodel’s predictionfor thenext step.Theotheris to usea threshold,¡ , to controlthe

predictiondecisionWewill discussthesetwo actionselectionschemesin Section5 andSection6successively.

For now, independentto the actionselectionschemes,we examinethreedifferentapproachesfor usingobser-

vationdatain determiningtheHMM parameter,
�
. We will call thesealgorithms“observation datause” (ODU)

algorithmsbelow
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first observation sequenceof a user, the parametersof that HMM arere-estimated.Whena new session

starts,thenewly re-estimatedHMM is usedto predictthatstudent’s behavior. Whena sessionis finished,

theHMM of thestudentis re-estimatedoffline basedonall of thestudent’s session(s)thusfar.� ODU Algorithm 2 (ODU2): ODU2 is a modified algorithm basedon ODU1. In ODU2, insteadof re-

estimatingtheHMM at theendof eachsession,werecordanumberof wrongpredictions( ¢ ), whichcounts

the numberof predictionsthat do not matchthe correspondingreal actions. If ¢ exceedsa threshold£ , a

re-estimationof HMM will betriggered.After thisHMM is re-estimatedagainusingall of theobservations

thusfar for thatstudent,theupdatedHMM will beusedto do thepredictionfor this sessionfrom thenon,

and ¢ is resetto 0. At the endof eachsession,the HMM is alwaysre-estimated,regardlesswhether ¢ is

largerthan £ .

The reasonfor developing this algorithm is to avoid a consistantlypoor predictionfor a very long ses-

sioncausedby anon-adaptive HMM. A studentcouldpossiblychangehis/herlearningstylefor onesession.

In thiscase,if we usetheHMM thatis estimatedby old data,in somecases,it will notpredictthestudent’s

new behavior very well. In ODU1, the re-estimationonly happensat theendof eachsession,which does

not (by definition)considerthechangesof userbehavior duringthesessionbeingpredicted.� ODU Algorithm 3 (ODU3): ODU3 is a modifiedversionof ODU2. ODU3 not only setsa threshold£ for

thenumberof wrongpredictions,but alsohasaslidingwindow. Only theobservedsessions(sequences)that

arecontainedin thesliding window contribute to there-estimationprocess.More precisely, if thewindow

size, ¤ , is 3, thenonly themostrecent3 sessionswill beusedfor theparameterre-estimation.In this way,

thehistorydatathatlies outsideof thatwindow will notbeconsidered.Thisalgorithmreducestheeffect of

old historydata,which maynot representthecurrentstudystyleof a student.Thesliding windowscheme

wasalsousedin [6], which focusedon the studyof usinghiddenMarkov Modelsasuserprofiles for an

anomalydetectiontaskin aHumanComputerInterfaceModelingsenario.

In thefollowing two Sections,we will evaluatethepredictionperformancefor all of thosethreeODU algorithms,

by usingtwo differentactionselectionschemes.
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5 Experiment Resultsand Evaluation, Using ¥j¦�§¨ª© ¥,«�¬j­�®�¯q°S± ²�³�´ asthe Predic-

tion

As we discussedin previoussection,for eachoutputactionof anHMM, we canusethe forwardvariable, ) � �+*�� ,
to estimatetheprobabilityof symbol � appearing,"2��� � /µ��� . Intuitively, given thevalue "2��� � /µ��� for each

symbol �¶�·� , weshouldalwaysconsidertheactionwith thehighestprobabilityof occurrance,�d�?�� � �]  �e"2��� � /���.� , asthemodel’s predictionfor anoutput. In this Section,we will usethis actionselectionscheme(we call it

actionselectionscheme1 below) to evaluatethepredictionperformanceof threeODU algorithms.In Section6,

we will considera secondactionselectionscheme,which will be calledactionselectionscheme2, andwe will

alsodiscussthemotivationof usingthatmethodandevaluatetheperformanceof threeODU algorithmsagain,by

usingactionselectionscheme2.

5.1 Notation Definition

Fromthestudents’log filesof MANIC, weestimatethatarounḑd¹:º of thestudents’actionsarecall for next slide

(theoutputsymbol �»/�A ). More formally, let usdefine

"&#��2/�A ' / ¼
Nw½ Q 3 Z;¾w� Q 3
¿ ��� � /cA]�

¼
Nw½ Q 3 U ½ (11)

wheretherandomvariable � denotesanoutputsymbolfor a singlestep, À is the total numberof students,U ½ is

thenumberof actionsthatstudentÁ has,and ¿ �+"»� takesthevalueonewhenthepredicate" is trueandzerooth-

erwise.By this definition,theobservedbehavior of MANIC usersshows that "&#��m/ÂA 'jÃÅÄKÆ ¸d¹ . This observation

tellsusthatthemostfrequentstudentactionis to call for next slide( �»/cA ). Theaccuracy of predictionfor action

1 is thuscrucialto thequalityof apredictionscheme.

A naturalquestionto askhereis how to evaluatethequality of a predictionalgorithm. Intuitively, since "&#��Ç/A 'ÈÃ1ÄKÆ ¸d¹ , if wepredictall of thestudents’actionsas A , wewill have ¸d¹:º chanceto predictcorrectlyacrossevery

observedoutput.However, althoughby this naive way, every 1 in theobservedsequencewill have beencorrectly

predicted,every actionin theobservedsequencesthat is not 1 will have beenpredictedwrong! This introducesa

tradeoff betweenaccuratelypredictingaction1sandnot predictinganactionas1 whentheobservatedoutputis

indeednot1.
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Basedon the above argument,we definetwo randomvariablesand a set of notationusing thesetwo random

variablesto evaluatetheperformanceof anODU algorithm.Let’s define " � astherandomvariableof a predicted

outputat time � , andrecall that � � denotestherandomvariableof theobservedoutputat time � , of anHMM. Let

usnext definethefollowing fractions,

1. É&# " � /cAl%:� � /cA ' : thefractionof correctlypredicted1 actions;

É&# " � /cA�%9� � /�A ' / # of observed1 actionsthatarealsopredictedas1
# of observed1 actions

/ Z;¾w� Q 3
¿ ��� � /�Ad<-" � /�A]�Z]¾w� Q 3 ¿ �����`/cA]� (12)

2. É&#����`/cAl%d"=�=/cA ' : thefractionof correctlymatched(or hit) 1 predictions;

É&#����`/cA�%]"j�=/cA ' / # of 1 predictionsthatarealsoobservedas1
# of 1 predictions

/ Z;¾w� Q 3 ¿ �+" � /cAd<�� � /�A]�Z ¾w� Q 3 ¿ �+" � /�A]� (13)

3. É&# " � /cAl%:� �OÊ/cA ' : thefractionof wrongpredictednon-1actions;

É&# " � /cA�%�� �OÊ/�A ' / # of observednon-1actionsthatarepredictedas1
# of observednon-1actions

/ Z;¾w� Q 3
¿ �+" � /�Ad<�� �6Ê/cA]�Z;¾w� Q 3 ¿ ��� �OÊ/cA]� (14)

4. É&#�� � /cAl%d" �OÊ/cA ' : thefractionof wrongmatched(or missed)non-1predictions;

É$#��O�=/�A�%]"j� Ê/cA ' / # of non-1predictionsthatareobservedas1
# of non-1predictions

/ Z ¾w� Q 3 ¿ ��� � /cAd<-" ��Ê/cA]�Z ¾w� Q 3 ¿ �+" ��Ê/cA]� (15)

Thefirst two fractions,É&# "=�\/kA2%i�O�E/kA ' and É&#����E/kA»%�"=�L/kA ' , reflecttheaccuracy of predicting1 actions.

We would like thesefirst two fractionsto be as large as possible. On the other hand,the later two fractions,
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É$# " � /ÂAË%�� �6Ê/�A ' and É&#�� � /�A�%9" �6Ê/�A ' , capturea measureof predictionmistake. Whentheobservedaction

is notaction1 andwepredictthatit is (evaluatedby É$# " � /�Al%:� �OÊ/cA ' ), aprefetchthatmaybeun-neededwill be

executed.Whenwedonotpredictthenext actionasaction1 andobservedactionturnsto beanaction1 (evaluated

by É$#�� � /ÂAË%:" �6Ê/�A ' ), this leadsto a missingprefetch.For thesereason,we would like thelasttwo conditional

probabilitiesto beassmallaspossible.Inadditionto theabove four fractions,we alsodefine

5. É&#�!a����¢ÍÌ ' : the fractionof predictionsthatmatchetheobserved action. For a sequenceof predictionsand

actions,we estimateÉ$#�!Å���^¢ÍÌ ' as:É&#�!a����¢ÍÌ ' / # of actionsthathave correctpredictions
# of actionsin asequence

/ Z ¾w� Q 3 ¿ ��� � /X" � �U ½ (16)

É$#�!Å���^¢ÍÌ ' evaluatestheoverallpredictionaccuracy of apredictionalgorithm.Actions2, 3, and4 arealsoconsid-

eredasfactorsaffectingthemeasurementof É$#�!Å���^¢ÍÌ ' . Obviously, a largevalueof É&#�!a����¢ÍÌ ' is prefered.

5.2 Experiment Resultsand Analysis of ODU Algorithms

For eachaccesssequenceof a student,a predictionalgorithm,usingany of our threeODU methodsproposedin

Section4, canproduceafile tracingeachobservedactionandits correspondingpredictedactions.An examplefile

might look like:

4 4 3 2 1

1 4 3 2 1

3 4 3 2 1

3 3 4 1 2

1 1 3 4 2

1 1 3 4 2

4 4 1 3 2

wheretheintegersareactionsymbols.In this tracefile, eachrow representsoneactionof astudent.Integersin the

first columnindicatethe real (observed) actionsthata studenttakes. Integersin the later four columnsrepresent

thepredictionresultsin orderof decreasinglikelihood. For example,in thefirst row, the realactionof a student

is ‘4’ (start). Our predictionresultshows thataction‘4’ hasthehighestprobabilityof occurrencefor thataction
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(the secondinteger in the first row is 4), action ‘3’ (index) hasthe next highestprobability of occurrence,the

probabilityof action‘2’ (previous)occuringis lessthanboth‘4’ and‘3’, andtheprobabilityof action‘1’ occuring

is thesmallest.Our actionpredictionschemealwayspicks thatactionwith theprobabilityof occurrence,which

is shown in thesecondcolumnin this examplefile. Therefore,thepredictionperformanceof analgorithmcanbe

calculatedby examiningthefirst two columnsof thesetracefiles.

Usingtheactionsymbolslisted in thefirst two columnsof eachtracefile, in Figure1, we show theperformance

of ODU1 with 4 hiddenstatesover all of the studentsby evaluatingthe five performancemeasuresdefinedin

equation(12) to equation(16). On they-axis,Figure1 plotsthevaluesfor multiple fractions,É&# " � /cA�%9� � /cA ' ,É$#�� � /�A�%d" � /ÂA ' , É&# " � /cA�%�� ��Ê/cA ' , É$#�� � /�A�%d" ��Ê/ÂA ' and É&#�!a���^¢ÍÌ ' andthex-axisof Figure1 indicates

student(user)ID number.

FromFigure1, we observe thatmostof thestudentshave fractions É&#�!a���^¢ÍÌ ' , É$# "j�b/ÎA2%����E/ÎA ' and É&#����b/AÏ%�" � /ÐA ' thatarehigherthan ¸d¹:º andfractions É$# " � /ÐAÏ%
� ��Ê/ÑA ' and É&#�� � /ÒA¶%(" �ËÊ/ÒA ' thatarelower

than Ó9¹:º . Theseresultsmatchour expectationfor goodpredictionaccuracy ( É&#�!a����¢ÍÌ ' , É&# " � /ÔAÕ%È� � /ÖA ' ,É$#�� � /ÎA&%�" � /ÎA ' ), andlow predictionmistakes( É&# " � /µA&%K� �SÊ/ÎA ' , É&#�� � /µA&%�" �SÊ/ÎA ' ). However, Figure

1 only providesanintuition of theseperformanceresults.Wewould like to furtherquantifytheperformanceof an

ODU algorithm.For doingthat,weevaluatethenumberof studentswhohavehighaccuratepredictions,(fractions

of É&#�!a����¢ÍÌ ' , É&# " � /ÒAm%×� � /}A ' , and É&#�� � /ÒAm%(" � /}A ' beinggreateror equalto 0.75),andthenumberof

studentswhosuffer low predictionmistakes(fractionsof É&# " � /cA�%9� �OÊ/cA ' and É&#�� � /cA�%]" �OÊ/cA ' beinglower

or equalto 0.35).Table1 to Table3 will show theseresultsfor eachof theODU algorithmsshortly.

We alsonoticethatalthoughthereweremorethan200studentsregisteredin MANIC system,not all of thestu-

dents’datacanbereally used.For instance,a studentcouldpossibllyonly registerbut not browseMANIC at all.

Or thelog file of a studentmaybesoshortthatwe removed it from consideration(our cutoff pointsfor doingso

wasthelogfileswith only oneaccesssession).Dueto theseconsiderations,thenumberof studentswith valid data

thatwe caninvestigateis reducedto around110. Note that, in Figure1, someof É$#�� � /ÖAu%×" � /ÖA ' fractions

areshown to have a negative value. In thecasethat thereis no call next slideactionbeingpredictedfor theac-

tions of somestudents(
Z]¾w� Q 3 ¿ �+"j�6/ÔA]�{/ Ä

), É&#����{/ÖAÕ%
"=�6/ØA ' is setto a negative value( W ÄKÆ�Ä h ). Similarly,Z;¾w� Q 3�¿ ��� � /cA]� , Z;¾w� Q 3�¿ �+" �OÊ/cA]� , and
Z;¾w� Q 3×¿ ��� ��Ê/�A]� areall possibllybeingzero.Figure1 omitsthosecases.

Recall that we define  asthe numberof statesfor a hiddenMarkov model. In Table1, we show the predic-

tion resultsfor ODU1for differentvalueof  . Eachrow of Table1 recordstheperformanceresultscorresponding
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Figure1: FractionDistributionsfor ODU1,  Ô/��
Numberof Students

High Fractions( � ÄKÆ ¸d¹ ) Low Fractions( B ÄKÆ Ó9¹ ) 
��� ��� °
����� ���  "!$#&%('*)+!$#&% � ��� )+!,#�%-'* "!,#�% � ���  "!,#�%-'*).!+/#0% � ��� ).!$#&%('1 2!+/#0% �Ó 60 54 58 66 63

� 60 53 56 70 67¹ 61 54 56 71 68

Table1: ODU1,UsingDifferent  
to anexaminedvalueof  for ODU1. We inspectthe numbersof students,from whomindividually we have a

highpredictionaccuracy (with fractionsof É&#�!a����¢ÍÌ ' , É&# " � /cA�%9� � /�A ' , and É&#�� � /cA�%]" � /�A ' beinggreater

or equalto 0.75)andlow predictionmistakes(with fractionsof É&# " � /cA�%:� �OÊ/cA ' and É&#�� � /cAl%9" �OÊ/cA ' being

loweror equalto 0.35),thatareprovidedby usinganunderlyinghiddenMarkov modelwith  states.Intuitively,

by changingthesize,  , of a hiddenMarkov model,theperformanceof ODU1 shouldbedifferent.However, we

observe from Table1 that, by varying the sizeof an underlyingHMM, the numbersof studentsunderdifferent

fraction constraintsdiffer insignificantly for ODU1. In the meantime, althoughusingHMMs with  /3� or /Ñ¹ hasslightly betterperformance(morestudentssatisfythe fraction constraints)thanusinga modelwith Ô/ Ó , thecomplexity of ODU1 is noticeablyhigherasthesizeof amodelgetslarger.
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Numberof students

High Fractions( � ÄKÆ ¸d¹ ) Low Fractions( B ÄKÆ Ó9¹ )£
��� ��� °
�4�5� ���  ! #0%-'�) ! #0% � ��� ) ! #0%('1 ! #�% � ���  ! #�%('*) ! /#�% � ��� ) ! #&%('1 ! /#&% �A 79 67 68 73 81h 71 63 64 74 77Ó 67 58 61 73 77

� 66 57 62 70 74

Table2: ODU2,  Ô/�� , UsingDifferent £
Numberof students

High Fractions( � ÄKÆ ¸d¹ ) Low Fractions( B ÄKÆ Ó9¹ )¤
��� ��� °
����� ���  "!,#�%('*)+!,#�% � ��� )+!$#&%('1 2!$#&% � ���  2!$#&%('�).!./#�% � ��� ).!6#0%-'1 2!./#0% �

2 73 60 62 72 77

3 75 63 62 71 78

5 72 63 62 73 78

7 71 63 62 71 78

Table3: ODU3,  Ô/�� , £u/>h , UsingDifferent ¤
Let usnext considerODU2. Recallthat £ is definedastheerror threshold, which triggerstheHMM re-estimation

process.Whenthenumberof mismatchesbetweenthepredictionandtherealactionis higherthan £ , theparam-

etersof an HMM arere-estimatedunderODU2. In Table2,the performanceof ODU2 is evaluatedfor varying£ . We observe thatthesmaller £ thelarger thenumberof studentssatisfyingthefractionconstraints,but alsothe

morecomplex thecomputation.Meanwhile,comparingtheperformanceresultsof ODU1 andODU2, we notice

thatODU2performssignificantllybetterthanODU1.

In ODU3, ratherthan using the error threshold £ , we definea sliding window of size ¤ , which controls the

proportionof history databeingusedto re-estimatea HMM. For a window size, ¤}/ÑÓ , for example,only the

last 3 sessionsof a studentareusedin determining
�

(By contrast,all of a student’s pastsessionsareusedin

ODU1 andODU2). We examinetheperformanceof ODU3 by varying ¤ , andshow the resultsin Table3. The

performanceof ODU3 for differentvalueof ¤ is quite comparable.Comparedto ODU2, ODU3 doesn’t have

remarkableimprovementtoo, thoughit performssignificantllybetterthanODU1.

Thus far, we have examinedthe performanceof threeODU algorithmsby evaluating the experimentalresult
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for eachstudentindividually andcountingthenumberof studentssatisfyingtheperformancefractionconstraints.

We have foundthatODU2 andODU3 have a highernumberof studentssatisfyingtheperformancefractioncon-

straints. We alsoseenthat smallervalueof £ providesbetterperformanceof ODU2 comparedwith ODU1. In

additionto thisevaluationmethod,wecanalsoinvestigatethequalityof anODU algorithmby evaluatingtheaccu-

racy of apredictionfor all theactionstakenby all thestudents.In thenext Section,insteadof studyingprediction

performanceindividually, wewill focuson evaluatingall of theactionstakenby all students.

6 EvaluationsBasedon Action SelectionScheme2

Recall that our goal for this project is to understandhow studentsinteractwith MANIC, so that we can pre-

dictively prefetchthe next slides for a studentcorrectly. The meaningof correctly predictingand prefetching

action1 is twofold. For all of the real 1 actions,we shouldpredictthemasmuchaspossible(a high probability"&�+"j�=/cA�%����`/�A]� ), sothatanext slidecanbeprefetchedwhenever it is necessary. In themeantime,whenwepre-

dict thenext actionas1,weexpectthattherealactionis morelikely to be1 (ahighprobability "2��� � /cA�% " � /cA]� ),
so that theprefetchednext slidewon’t beuseless.In the following Sections,we will call "2��� � /ÖA�% " � /ÖA]� as

precisionand "2�+" � /cA�%�� � /cA]� asrecall [7] 1.

Action selectionscheme1 that is usedin Section5 selectsthe actionthat hasthe highestprobability of occur-

rance,�d�-�� � �]  �e"2��� � />���.� , asthepredictionfor an observed output. We have investigatedthe correctnessof

predictingaction1 by that actionselectionscheme1 for all of the students’actionsandfound 0.892precision

aswell as0.899recall (by usingODU1 with 4 hiddenstates).Theseresultsshow thatactionselectionscheme1

provideshigh accuracy of predictingaction1. Canthepredictioncorrectnessfor action1 bebetter?

Basedon our observation, for many real 1 actions,the HMM doesnot predict action1 as the most likely ac-

tion, i.e., theactionwith thehighestrank. This situationcouldbecausedby theuseof anHMM,
�
, thatdoesnot

capturea student’s behavior quite well. To have more1 actionspredictedcorrectly, we proposea new method,

actionselectionscheme2, which doesnot considerthe rankof anactionsymbol’s occuringprobability to deter-

mine theprediction. In actionselectionscheme2, a threshold¡ is setfor controlling the predictionof action1.

Specifically, if "2��� � /�A]� is greateror equalto ¡ , 1 will bepredicted;for all of othercases,it simplypredictsthe

outputasanon-1action.Weexaminetheprecisionandrecallof actionselectionscheme2 andcomparetheresult

with thatof actionselectionscheme1 below.
1Precisionis definedasfoundcorrect/foundtotal andrecall is definedasfoundcorrect/knowncorrect in [7]
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6.1 Evaluating Action SelectionScheme2

For evaluatingthe performanceof usinga fixed threshold,¡ , to make the predictiondecision,we would like to

know themistake thatapredictioncouldpossibllymake by usingthisactionselectionscheme.

We definerandomvariable 7 � to be the predictedprobability of occurranceof action1 at time � , anddefine ¡
asa thresholdvaluefor "2��� � /cA]� andmodify ourpredictionschemessothataction1 is predictedonly whenthe"&��� � /�A]� is greateror equalto ¡ ; otherwisethenext outputis predictednot to be1. Thuswe have,

� "&#�� �6Ê/cA�% 7 � �D¡ ' : representstheempiricalfractionof wrongpredictionsgivenwe predicttheactionto be

1 usingthreshold¡ ,
"$#�� �OÊ/�A�% 7 � �F¡ ' / ¼

Nw½ Q 3 Z;¾w� Q 3 ¿ ��� ��Ê/cAd<�7 � �F¡:�
¼
Nw½ Q 3 Z ¾w� Q 3 ¿ ��7 � �F¡�� (17)

In thiscase,precisioncanbecalculatedby A�Wq"&#�� ��Ê/cA�% 7 � �F¡ ' .� "&# 7»�ErF¡�%����`/cA ' : representstheempiricalfractionof real1 actionsthatwemissto predictusingthreshold¡ ,
"$# 7 � rF¡K%�� � /�A ' / ¼

Nw½ Q 3 Z;¾w� Q 3 ¿ ��� � /cAd<�7 � rF¡:�
¼
Nw½ Q 3 Z ¾w� Q 3 ¿ ��� � /cA]� (18)

In thiscase,recallcanbecalculatedby A�Wq"&# 7 � rF¡�%�� � /cA ' .
By varing ¡ , we hopeto minimize "&#�� �lÊ/}A�% 7 � �Å¡ ' and "$# 7 � rÅ¡�%�� � /}A ' . Basedon ODU1, using4 hidden

states,we evaluatedthetrendof thesetwo conditionalfractionsasa functionof ¡ , andshow themin Figure2.

In Figure2, thex-axiscorrespondsto threshold¡ , andthey-axisplots "&#���� Ê/cA�% 7»�8�F¡ ' and "&# 7»�\rg¡K%����`/cA ' .
The decreasingcurve represents"&#�� �ÕÊ/�A�% 7 � �Ò¡ ' , andthe increasingcurve represents"&# 7 � rÒ¡�%�� � / A ' .
Figure2 canbeusedto determinea reasonablethreshold¡ for controllingtheprediction.For instance,if we want

high precision,then ¡ shouldbe set to a large value. For example,assume¡ / ÄKÆ:9
. In this case,only those1

actionswith an occuringprobability higherthanor equalto 0.8 arepredictedasthe next outputaction. In this

case,from Figure2, we noticethattheprecisionis 0.92( "&#�� ��Ê/ÂA�% 7 � � ÄKÆ:9;' / ÄKÆ�Ä�9 ). However, oneshouldalso

noticethetradeoff thattherecall is only 0.77( "&# 7 � r ÄKÆ:9 %�� � /cA ' / ÄKÆ h9Ó ). On theotherhand,if wewantahigh

recallandcantoleratea low precision,thena low valueof ¡ shouldbeused.Wecanseefrom Figure2 that,when
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Figure2: ProbabilityDistributionsfor "&#�� ��Ê/cA�% 7 � �F¡ ' and "&# 7 � rF¡�%�� � /cA ' of ODU1with  �/��

¡ is setto 0.3, thereareonly aroundÓ Æ ¹:º 1 actionsbeingmissedto bepredicted,therecall is 0.965.Still, in this

threshold,apredictionfor action1 is wrong AÍÓ:º of thetime,whichprovides0.87precision.

A moreimportantobservationfrom Figure2 is that,when ¡ is setto 0.3,althoughtheprecisionof actionselection

scheme2 is slightly lower thanthatof actionselectionscheme1, the0.965recallof actionselectionscheme2 is

significantlyhigherthanthe0.899recallof actionselectionscheme1. This tells usthatthepredictioncorrectness

for action1 canbeimprovedby usingactionselectionscheme2.

6.2 PerformanceEvaluation of ODU Algorithms Using Action SelectionScheme2

As discussedin theprevioussection,thereis atradeoff betweenprecisionandrecall.Theevaluationmethodshown

in Figure2 canprovideasolutionfor how to setanappropriatevalueof ¡ givendifferentperformancerequirement.

Wecanalsousethisapproachto comparetheperformanceof ODU algorithms.

Figure3 shows thevalueof "$#�� ��Ê/ÎA�% 7 � � ¡ ' over differentvaluesof ¡ for ODU1 with 4 hiddenstates,ODU2

with error threshold £ /Îh , andODU3 with a sliding window of size ¤k/kÓ . Fromthis graph,we observe that

ODU2 performssignificantlybetterthanODU1 andprovidesthesmallestvalueof "&#�� �{Ê/�A�% 7 � �X¡ ' amongthe
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Figure3: ProbabilityDistribution of "&#�� �OÊ/cA�% 7 � �F¡ ' ComparingThreeODU Algorithms

threealgorithms.ODU3,again,doesn’t provide a remarkableimprovementof theperformance.Theseresultsare

compatiblewith theevaluationresultsin Section5.

Meanwhile,Figure4 shows the valueof "$# 7 � rµ¡�%�� � / A ' over differentvaluesof ¡ alsofor ODU1 with 4

hiddenstates,ODU2 with error threshold£·/>h , andODU3 with a sliding window of size ¤>/ÅÓ . Again,ODU2

performssignificantlybetterthanbothODU1andODU3,it alsoprovidesthesmallestvaluefor "&# 7 � rF¡�%�� � /cA '
amongthesethreealgorithms.In Figure4, theperformanceof ODU3significantlydistinguishesfrom it of ODU1

or ODU2. However, althoughtheperformanceof ODU3 is betterthantheperformanceof ODU1, it is still not as

goodastheperformanceof ODU2.

Baseon above results,we concludethatODU2hasthebestperformance.

7 Conclusionsand Discussions

In this project,we studiedthe underlyingconceptsof HiddenMarkov Models,usingRabiner’s notationof the

HMM. The log files of students,who usedMANIC system,were translatedinto sequencesof outputsymbols.

For eachstudent,anHMM wasdevelopedto capturehis/herbrowsingbehavior. Thesequencesof actionsymbols
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Figure4: ProbabilityDistribution of "&# 7 � rD¡K%�� � /cA ' ComparingThreeODU Algorithms

were thenusedas the outputof HMMs. We focussedour studyon predictingthe students’call the next slide

action. ThreeODU algorithmswereproposed,implementedandevaluated.Basedon theoccuringprobabilities

of differentactions,we alsoproposedtwo schemesfor determiningtheprediction: selectingtheactionwith the

highestoccuringprobability, or using threshold¡ to determinethe prediction. Basedon all of the experiment

results,ODU2 shows thebestperformance,andactionselectionscheme2 providesbetterpredictioncorrectness

for predictingaction1.

It’s worth mentioningthat we also tried a third actionselectionschemethat choosethe actionas the next out-

putusingtheprobabilitydensityfunctionof theoutputsymbol( ÒÔÓ������ , whereÕ is therandomvariabledefinedas

theoutputaction,and �u�Ç� ). Unfortunately, this schemeshows varyingpredictionresults.A student’s behavior

may be predictedvery well once,but the samesequenceof behavior might be poorly predictedfor someother

time. Dueto thisobservation,wedid’t explorethisactionselectionschemeany further. In themeantime,wehave

shown thatwhena HMM wasperfect(i.e., theprobabilitythatactionk occurs,aspredictedby theHMM, always

equalsto theactualprobabilityof theappearanceof actionk), theschemeof using �d�?�� � �]  �e"2��� � /c���.� should

beat leastasgoodasthethird actionselectionscheme.However whena HMM doesnot exactly capturea user’s

behavior, the third actionselectionschemewould possiblyprovide betterpredictionresults. We will provide a

proof anddiscussionin theAppendix.
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Also we find that, in the real case,the students’behavior is quite different. An ODU algorithm might fit to

mostof studentsvery well but doesnot capturesomestudents’behavior. We saythatODU2 hasthebestperfor-

mancebasedon theevaluationresultsfor all of thestudents.Nonetheless,wealsonoticethatfor a few of students

ODU1worksthebest,for a few of otherstudentsODU3worksthebest.

In asummary, aHiddenMarkov Model canbeusedto studyastudent’s browsingbehavior for anon-linetutoring

systemsuchasMANIC. It capturesthe studypreferenceof mostof the studentsandprovidesgoodprediction

results.
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Appendix: Comparisonof Action SelectionScheme1 and Action Selection
Scheme3

ActionSelectionScheme1 (Strategy 1): For predictingeachobservationaction, �d�-�� � �]  �e"2��� � /����.� is chosen

astheprediction.

Action SelectionScheme3 (Strategy 3): For predictingeachobservation action,basedon the probability den-

sity function of the outputsymbolof an HMM ( ÒÔÓ������ , where Õ is the randomvariabledefinedas the output

action,and �m�·� ), abiasedcoin is tossed.Theactionshown by thecoin is chosenastheprediction.

Claim: WhenanHMM wasperfect(i.e., theprobability thatactionk occurs,aspredictedby theHMM, always

equalsto theactualprobabilityof theappearanceof actionk), Strategy 1 shouldbeat leastasgoodasStrategy 3.

Define:

� � � , therandomvariableof theobservedactionat time � ;� �×Ö� , therandomvariableof theoutputactionof aHMM modelat time � ;� " � , therandomvariableof thepredictedactionat time � ;� � , thesetof actionsymbols;

Proof:

1. For Strategy 1, the expectedprobability of the predictedaction being the sameas the observed action,Ø 3 # "2��� � /X" � � ' , is

Ø 3 # "2��� � / " � � ' / P
ÚÙÔÛ "2��� � /1" � %�� � /1*��j7Í"&��� � /1*��/ P
ÚÙÔÛ "2�+"=�=/1*�%����`/1*.�j7Í"2�����`/1*��
(19)

BaseonStrategy 1,

"2�+" � /1*�%�� � /1*.�0/
ÜÝÝÝÞ ÝÝÝß
Ad<}*0/ �d�-�� � �]  �e"2��� Ö� /Å���.�
Ä <}o]�-Ì�à�ád¤6*Uâhà (20)
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Substituteequation(20) into equation(19),

Ø 3 # "2��� � /1" � � ' / AO7Í"2��� � / �d�-�� � �]  �e"&��� Ö� />���.�9�/ "&��� � / �d�-�� � �]  �e"2��� Ö� /Å���.�9�-< �Ï�Õ� (21)

2. For Strategy 3, the expectedprobability of the predictedaction being the sameas the observed action,Ø(ã # "2��� � /X" � � ' , is

Ø(ã # "2��� � / " � � ' / P
ÚÙÔÛ "2��� � /1" � %�� � /1*��j7Í"&��� � /1*��/ P
ÚÙÔÛ "2�+" � /1*�%�� � /1*.�j7Í"2��� � /1*��
BaseonStrategy 3, "2�+" � /1*�%�� � / *��0/1"2��� Ö� /X*.� (22)/$ä

Ø(ã # "2��� � /1" � � ' / P
ÚÙÔÛ "2��� Ö� /1*��=7Í"2��� � /1*��B P
ÚÙÔÛ "2��� � /1*��=7Í"2��� Ö� / �d�-�� � �]  �e"&��� Ö� />���.�9�/ � P
ÚÙÔÛ "2��� � /1*��.�=7e"2��� Ö� / �d�-�� � �]  �e"&��� Ö� / ���.�9�/ "2��� Ö� / �d�-��a� �]  �e"2��� Ö� /Å���.�9� (23)

/$ä Øåã # "2��� � /1" � � ' BF"2��� Ö� / �d�-�� � �]  �e"2��� Ö� />���.�9�-< �¶�·� (24)

3. Fromequation(21)andinequality(24),wefoundthatwhen � � />� Ö� , Ø(ã # "2��� � /1" � � ' B Ø 3 # "2��� � /1" � � ' ,
which tellsusthatwhenanHMM is perfect, Strategy 1 is at leastasgoodasStrategy 3.

HoweverwhenanHMM doesnotexactlycaptureastudent’sbehavior, � ��Ê/>� Ö� , Strategy 3 couldpossiblyprovide

betterpredictionresult.

Example for � �ÇÊ/ � Ö� : Assumethereare4 actionsymbolsin � . We show the probability of occurranceof

each*{�V� that is provide by anHMM, "2���×Ö� /Â*�� , andtheobserved probabilityof occurrancefor eachaction,"&��� � / *�� , in thetablebelow.
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Action Symbol( * ) "2����Ö� /1*.� "2��� � /1*��
1 0.5 0.4

2 0.45 0.45

3 0.02 0.08

4 0.03 0.07

FromStrategy 1, we have
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FromStrategy 3, we have
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