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1 Overview

Web-basedutoring systemsprovide importantadvantagesas a supplemento traditional classroominstruction.
MANIC (Multimedia AsynchronousNetworked IndividualizedCourse&vare)is aninteractve multimediaWwWWw-
basedtutoring systemthat was originally developedin 1997 and was usedby more than 200 usersduring the
Spring1997 semesteto listento, andview, the storedaudiolecturesandlecturenotesfor afull-semesteisenior
level Networking courseat the University of Massachusettf9]. Previous work hasbeendoneto analyzeand
improve the performanceof MANIC from both systems andusers’perspectie [9] providing empiricalandana-
lytical characterizationsf obsered userbehaior in MANIC. Thework in [9] focusedon studyingthe session-
level behaior (e.g,thelengthof individual sessionsandinteractve userbehaior (e.g.,the time betweenstart-
ing/stopping/pausp the audiowithin a session).[14] built andanalyzea studentmodelfor MANIC, anddeter

mining thelevel of difficulty andthelearningstyle preferencesf a studentby usinga Naive BayesClassifier

Differing from previous work on MANIC, we will usea Hidden Markov Model (HMM) approachto capture
students’behaior individually and studythe useof HMMs to implementpredictionalgorithmsfor prefetching
lecturenotes.Somepastresearchhasbeendoneto predictHTTP request$13] andpredictrequest$o webseners
[2], but they wereall from the sener’s (systems) point of view. Our focusis on characterizinghe behaior of

individual users.Work hasalsobeendoneto constructa usermodelfor tutoring systemausingmachinelearning
techniquegl]. Someof the correspondingesearctstudiesthe interactionof teachingactvities andlearningbe-

haviors [10], andattemptgo determinethe studentslearninggoal[3]. However, the focusof their researchs to
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selectappropriataeachingstratgiesfor a tutoring system.Varing from this relatedresearchthe purposeof our
studyon userbehaior is to capturestudentsaccessctvities to aweb-basedutor. Additionally, noneof the past
relatedwork usesHiddenMarkov Model to drive the predictionprocess.Sarukkai,[12], usedMarkov chainsto

modelweblink sequencedyut did not considetindividual userbehaior.

Our goalin this projectis to usean hiddenMarkov modelapproacho modelstudentsbehaior usingthe web-
basecdeducationatystem— MANIC , to understandhow studentsnteractwith this onlinetutoringsystemsothat
we canpredictfuture browsingactionsof specificusersandpredictively prefetchthenext slidefor a student.This

work consistof thefollowing parts:

¢ We useempirical datagatheredrom previous online accesgecordsof MANIC. Eachstudenthasanin-
dividual log file recordinghis/herbrowsing action(i.e., next slide, previous slide, etc.). Thelog files are

modifiedto sequencesf actionsthatareusedin determininghe parametersf theHiddenMarkov Models.
e For eachstudentwe usea HiddenMarkov Model (HMM) to modelhis/heraccessindpehaior.

e Theaccurag ofanHMM parameteestimationprocesss evaluatedoy feedinganoutputsequencgenerated
by aknown Markov Modelinto theHMM andcomparingthe parametersf the known modelwith thoseof

there-estimateanodel.

o Weexaminethe performancef threealgorithmsthatuseanHMM in differentwaysto predictuserbehaior.
We compardghesealgorithmsacrossarangeof modelsizes(numberof hiddenstates)differentvaluesof an
error threshold whichis a boundof the numberof wrong predictions,anddifferentsessiorwindowsizes
which contolsthe history datathatis usedto re-estimateahe parameteref a HMM. We will introducethe

definitionof error thresholdandsessiorwindowsizein detaillater

Ourresultsshav thata HiddenMarkov Model cancapturetheuserbehaior of mostof the studentsisingMANIC
very well. For afew studentstheir browvsing preferencesrehardto predict. However, by varing the methodof

usingdifferenthistorydatato re-estimateanHMM, thosestudentsbehaior canbepredictedbetter

This reportis organizedasfollows. In Section2, we will give a brief descriptionfor the problembeing stud-
ied in this synthesisproject. Section3 introducesthe conceptof a Hidden Markov Model basedon Rabiners
HMM notation[11], andpresentghe userbehaior modelof MANIC. Section4 proposeshreeobseration data
usealgorithms,which useobseration data(i.e., empirically measuredtudentinteractionswith MANIC) in dif-

ferentwaysto determinghe HMM parametersSection5 andSection6 introducegwo approachesf determining



TechnicalReport01-27 3

the predictiondecision. And basedon eitherof themwe evaluatethe predictionperformanceprovided by using

differentobseration datausealgorithms.In Section7, we concludeour work.

2 Problem Description

MANIC wasusedby morethan200usersduringthe Spring1997semesteto listento, andview, the storedaudio
lecturesandlecturenotesfor afull-semesteseniorlevel courseon ComputeMNetworking[9]. Fromtheacces$og
files of MANIC, we canidentify seneral basicbrowsingactions suchasgo to the next slide, go to the previous

slide,usetheindex choosehe next slide,andturn on/off audio.

In this project, our goalis to predictthe next action of a user sothatif thereis a new slide to be viewed, the
systemcanprefetchit in advance.Thereforetheuseractionsthatwe aremostinterestedn arethoseusedto select
a new slide. More specificly the next slide call andthe index call arevery important. Therearetwo waysfor a
studentto shav the next slide, oneis causeddy the userclicking the“next” button, the otheris causedmplicitly
by continuousaudioplayout. We will focuson the studyof predictingthe studentspaththroughthe slides,using
aHiddenMarkov Model (HMM) to modeleachindividual students behaior.

3 Hidden Mark ov Models asUser Behavioral Models

3.1 HMM

Theconceptainderlyingthe HiddenMarkov Model approachwe employ in this studyarebasedon[4, 11, 8, 15].
In this project,we useRabiners HMM notation[11], in which ¢; andO; arevariablesdenotingtheHMM stateand
obsered outputattime ¢, respectiely. ; is the stationaryprobability of statesS;, a;; is thetransitionprobability
from stateS; to stateS;, andb; (k) is the probability of generatingoutputsymbolx whenthe HMM is in states;.
A denoteghe parameteset(A4,B,r), where A is the matrix of a;;, B is the matrix of b;(k) and~ is the matrix
of stationaryprobabilitiesr;. A centralproblemin HMM’ sis to determine\ from a sequencef obsered output

symbols.Also, N is thenumberof hiddenstatesand M is the numberof outputsymbols.

In Rabiners versionof the HMM, anobsered outputis a probabilisticfunction of the stateof the HMM. That
is, theresultingmodel(whichis calleda hiddenMarkov model)is a doubly embeddedtochastigrocesswith an

underlyingstochastiqprocesghatis not obserable, but canonly be obsered throughanothersetof stochastic
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processethatproducethe sequencef obserations[11]. Basedon the sequencesf obserations,the parameter

set) canbeestimatedisingthe Baum-Vélch algorithm,whichwe will describan detaillater.

In our study of students’behaior in the MANIC system,useractionsare interpretedas obsered outputsof
HMMs. OneHMM is associatedvith one user(student). Basedon a given obsered outputsequence), the

forward algorithmis usedto estimateP[O|A], wheretheforward variable a;(¢) is definedas
ai(i) = P(O102 - - - O, g = Si|A) 1)

i.e.,theprobability of thepartialobsenationsequence(); O- - - - Oy, andstateS; attimet, givenmodelparameters

A. Here,o4(7) canbe computednductively, asfollows:

1) Initialization:

a1 (i) = mbi(O1), 1<i<N (2)
2) Induction:
N
ar1(j) = [Z ai(1)aij | bj(Op+1), 1<t<T-11<j<N 3)
i=1
3) Termination: .
P(O|N) =) ar(i) (4)

i=1

whereT is the numberof transitiongequivalently obsered outputs)in the outputsequence)). Workingtogether
with theforward algorithm the backward algorithmalsoplaysarole in the parametere-estimatiorschemeor a

HMM. Similarto theforward algorithm,in the badward algorithm,a badkward variable 3;(7) is definedas
Be(i) = P(Or410¢42 - - - Orlge = Si, ) (5)

i.e., the probability of the partial obseration sequencdérom ¢ + 1 to the end,given stateS; attime ¢t andmodel

parameters. We cansimilarly solve for 3;(z) inductiely asfollows:

1) Initialization:

pr(i) =1, 1<i<N (6)
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2) Induction:

N
Be(i) = aijbj(0¢r1) B (4), t=T-1,T-2,--,1; 1<i<N @)
j=1

The initialization step1) arbitrarily definesgr (i) to be 1 for all statesS;. Step2) shaws thatin orderto have
beenin stateS; attime ¢, andto accountfor the obseration sequencéom time ¢t + 1 on,we have to considerall
possiblestatesS; attime ¢t + 1, accountingfor the transitionfrom S; to S;, aswell asobseration O, in state

S;, andthenaccountingor theremainingpartialobseration sequencérom stateS; onwards.

Let usnow considerthe problemof estimatingthe parameters), of a HMM with a given numberof states.For
aHMM, ourgoalis to estimatdts parameteset\ = (A, B, w) to maximizethe conditionalprobability P(O|A).

For doingthis, the Baum-Vélch algorithmis implementedasfollows:
1. Letinitial modelbe A;
2. Computenev model)\ basedon A andobsenrationsequenc®;

3. If logP(O|X) — logP(O|\) < A, thenstop;

4. elseset) <+ X andgotostep2;

Here A is avery smallvalue. The re-estimategharameteset ) is iteratively usedin placeof currentparameters
A, until the probability of O beingobsered from the modelreachesomelimiting point. The final resultof this

reestimatiorproceduras calleda maximumlikelihoodestimateof the HMM.

Clearly thekey stepin Baum-Welchalgorithmis step2), wherewe computea nev A basedn currentparameters

A andtheobsenrationsequencé®. For doingthis we needto defineandcalculatethefollowing variables:

o Define(i, j) astheprobability of beingin stateS; attimet andin stateS; attime¢ + 1.

£(i, ) = a1(2)aijbj(O0r41)B:(J) _ a1(1)aijbj(Ot11)Ber1(5) )
’ P(O[N) PO Zévzl a4(7)aijbj(Ogr1)Be41(7)

Note,&(i, j) depend®n Oy, but following the notationof Rabinerwe suppresshaving this explicit depen-

deng.
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¢ Define~,(7) astheprobability of beingin stateS; attime ¢, giventhe obseration sequence®.
N
7(i) = Y &0, ) (9)
7j=1

. Zle ~:(i) is the expectednumberof timesstateS; is visitedduringtheT" transitionsteps

. EtT:_ll &:(1, j) is theexpectednumberof transitionsfrom statesS; to stateS; in T transitionsteps

_ expectedhumberof transitionsfrom stateS; tostateS; 3, ¢(i.j)

¢ Gij = expectednumberof transitionsirom states; = ()
B (k) — expectedhumberof timesin stateS; andobseratingsymbolk X, 5, 4 1:(5)
o bj(k) = expectednumberof timesin stateS; T Xim0)

7; = probabilityof beingin stateS; attime (t = 1) = v4(7), Zf\il =1

e \=(4,B,7)

Here, A is the matrix of the new estimatedransitionprobabilities;a;;; B denoteshe matrix of the new estimated
probability distribution of generatingoutputsymbol (k) at eachstate,Ej(k); and7 denoteghe matrix of the new
estimatedstationaryprobability of eachstate 7;. @;;, b;j(k) and7; arecomputedbasedon theold HMM (), and

together(4, B, 7) constitutethenew HMM parameteset,()).

We have presentechow the parameteref a HMM areiteratively re-estimatedisingthe Baum-\Vi&lch algorithm.
Theaccurag of a HMM’ s parameteestimationprocessanbe examinedby following steps:feedan outputse-
guencegeneratedby aknownMarkov Model into theHMM (with the samenumberof statesasthe knownmodel)
to be estimatedhave the HMM *“trained” usingthat outputsequencdi.e., estimatethe HMM parametergrom
the obsened outputsequeng usingBaum-V&lch), andcomparethe parametersf the original knownmaodelwith
thoseof there-estimatedHMM. Our HMM parametere-estimatiorprocesss written basedon the packagdrom

[5]. We evaluatethere-estimatiorprocessf our HMM for MANIC userbehaior usingthe abore approach.

3.2 UserBehavioral Model

The problemof predictingstudentsbehaior for the MANIC systemis to predictthe actionthata studenttakes
for the next stepbasedon his/herprevious browsingactions For eachuser we cancorvert his/herlog file into
session®f actions. We defineone sessiorasbeginningwhena userstartsusingMANIC to view a sequencef
slidesuntil thatusergoesoffline; for a detaileddiscussiorof the notion of a studentsessiorin MANIC, see[9].

During eachsessiona users possibleactionsare call the next slide, call the previousslide useindex, andstart



TechnicalReport01-27 7

We usea symbolto denoteone actionof a user Thuswe have a symbolsetasV ={1,2,3,4, which simply
representshe next, previous,index, andstart actionsrespecirely. By this mapping,we translatehe original user

log filesinto sequencesf symbols,whereeachsequencef symbolsindicatesa MANIC session.

Recallthatwith an HMM, we areassuminghereis an underlyingstochastiqprocesshatis not obserable,and
that this hiddenstochastigprocessorms a Markov chain. At eachstateof that hiddenMarkov model, we con-
siderthe action symbolof a studentasa randomvariable,having a probability distribution thatis a function of
the state.We alsoassumehatthe symbolsequenceareusedasobsered outputsof thatHiddenMarkov Model.
Basedon the sequencesf obserations,the parameter®f a HMM for eachuserwill be estimatedoy usingthe
forward-badkward andBaum-V&lch algorithms.

4 Prediction Algorithm Design

Whenan HMM (A) hasbeenobtainedbasedon the history dataof a student,we canusethis HMM to predict
the next browsing action. Giventhe obsered actionsandgivena HiddenMarkov Model (\), we canevaluatethe
probability distribution of the next outputby usingtheforward variablea,(7) identifiedin lastsection.Recallthat
ay(1) is the probability of the partial obseration sequenceQ;0- - - - Oy, andstatesS; attime ¢, given the model
parameten. By usinga(z), the probability of symbolk (k € V') appearingasoutputOy;1, P(Ory1 = k), can

beestimatedasfollows,

P(Oy = k) = 3%, mibi(k)

(10)
P(Opy1 =k) = Zjvzl Zf\il (1) - Qg5 - b](k) t=1,2,---,T-1

wherek € V andT is the maximumnumberof stepsof a specificsession.P(O; = k) canbe usedto male
a predictiondecision,decidingwhich actionto predict,for the next step. Note that eachof the possibleactions
may have a non-zeroprobability of occurring.Which of thesepossibleactionsshouldwe predict?In this project,
we will evaluatetwo scheme®f selectinga symbolasthe predictedoutputof an HMM, basedon the estimated
occuringprobability P(O; = k). Oneis to predictthe actionwith the highestprobability of occurrancej.e.,
aig max{P(O; = k)}, asthemodel’s predictionfor the next step.Theotheris to useathresholdg, to controlthe

predictiondecisionWe will discusghesetwo actionselectionschemen Section5 andSectionGsuccessiely.

For now, independento the action selectionschemeswe examinethreedifferentapproachegor using obser
vation datain determiningthe HMM parameterA. We will call thesealgorithms“obsenation datause” (ODU)

algorithmsbelov
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e ODU Algorithm 1 (ODU1): Initially, anHMM with a randomparametesetis generated On loadingthe
first obseration sequencef a user the parameter®f that HMM arere-estimated.Whena new session
starts,the newly re-estimateddMM is usedto predictthatstudent behaior. Whena sessions finished,

theHMM of the students re-estimateaffline basedn all of the students session(sphusfar.

e ODU Algorithm 2 (ODU2): ODU2 is a modified algorithm basedon ODU1. In ODU?2, insteadof re-
estimatinghe HMM atthe endof eachsessionye recorda numberof wrongpredictions(c), which counts
the numberof predictionsthat do not matchthe correspondingeal actions. If ¢ exceedsa thresholdg, a
re-estimatiorof HMM will betriggered.After thisHMM is re-estimatedgainusingall of theobserations
thusfar for that studentthe updatedHMM will be usedto do the predictionfor this sessiorfrom thenon,
andc is resetto 0. At the endof eachsessionthe HMM is alwaysre-estimatedregardlessvhetherc is

largerthang.

The reasonfor developing this algorithmis to avoid a consistantlypoor predictionfor a very long ses-
sioncausedy anon-adaptie HMM. A studentouldpossiblychangehis/herearningstylefor onesession.
In this casejf we usetheHMM thatis estimatecdy old data,in somecasesit will notpredictthestudents

new behaior very well. In ODU1, there-estimatioronly happensat the end of eachsessionwhich does

not (by definition) considerthe change®f userbehaior duringthe sessiorbeingpredicted.

e ODU Algorithm 3 (ODU3): ODU3 is a modifiedversionof ODU2. ODU3 not only setsa thresholdg for
thenumberof wrongpredictionsput alsohasa slidingwindow Only theobseredsessiongsequencedhat
arecontainedn the sliding window contritute to the re-estimatiorprocess.More precisely if thewindow
size,w, is 3, thenonly the mostrecent3 sessionsvill be usedfor the parametere-estimationln this way,
the history datathatlies outsideof thatwindow will notbe consideredThis algorithmreduceghe effect of
old history data,which may not representhe currentstudystyle of a student.The sliding windowscheme
wasalso usedin [6], which focusedon the study of using hiddenMarkov Modelsas userprofilesfor an

anomalydetectiontaskin aHumanComputernterfaceModelingsenario.

In thefollowing two Sectionswe will evaluatethe predictionperformancdor all of thosethreeODU algorithms,

by usingtwo differentactionselectionschemes.
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5 Experiment Resultsand Evaluation, Using arg max{P(O; = k)} asthe Predic-
k

tion

As we discussedn previous section,for eachoutputactionof anHMM, we canusethe forward variable,ay (i),
to estimatethe probability of symbolk appearing,P(O; = k). Intuitively, giventhe value P(O; = k) for each
symbolk € V', we shouldalwaysconsidettheactionwith thehighestprobabilityof occurrancearg max{P(O; =
k)}, asthe models predictionfor anoutput. In this Section,we will usethis action selectionsgheme(we call it
actionselectionschemel belaw) to evaluatethe predictionperformancenf threeODU algorithms.In Section6,
we will considera secondactionselectionschemewhich will be calledactionselectionscheme?, andwe will

alsodiscusghe motivation of usingthatmethodandevaluatethe performancef threeODU algorithmsagain,by

usingactionselectionscheme2.

5.1 Notation Definition

Fromthestudentslog files of MANIC, we estimatehataround75% of thestudentsactionsarecall for next slide

(theoutputsymbolk = 1). More formally, let usdefine

N T,
> 2 10 =1)

Plk=1] = ":”Zlﬂ (11)

n=1

wherethe randomvariablek denotesanoutputsymbolfor a singlestep, N is the total numberof studentsy, is
the numberof actionsthatstudent: has,and1(P) takesthevalueonewhenthe predicateP is trueandzerooth-
erwise.By this definition, the obsered behaior of MANIC usersshaws that P[k = 1] ~ 0.75. This obseration
tells usthatthe mostfrequentstudentactionis to call for next slide (k = 1). Theaccurag of predictionfor action

1is thuscrucialto the quality of a predictionscheme.

A naturalquestionto askhereis how to evaluatethe quality of a predictionalgorithm. Intuitively, sinceP[k =
1] ~ 0.75, if we predictall of thestudentsactionsas1, we will have 75% chanceo predictcorrectlyacrossevery
obsered output. However, althoughby this nave way, every 1 in the obsered sequencevill have beencorrectly
predictedevery actionin the obsered sequencethatis not 1 will have beenpredictedwrond This introducesa
tradeof betweenaccuratelypredictingaction1sandnot predictinganactionas1 whenthe obseratedoutputis
indeednot 1.
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Basedon the abore agument,we definetwo randomvariablesand a set of notationusing thesetwo random
variablesto evaluatethe performanceof anODU algorithm. Let’s define P; astherandomvariableof a predicted
outputattime ¢, andrecallthat O; denoteghe randomvariableof the observedutputattime ¢, of anHMM. Let

usnext definethefollowing fractions,

1. F[P; = 1| O = 1]: thefractionof correctlypredictedl actions;

# of obsened 1 actionsthatarealsopredictedas1
# of obsered 1 actions

FIP,=1|0,=1] =

T,
10, =1,P, = 1)
_ t=1 _ (12)
> 1(0:=1)

t=1

2. F[O; = 1| P, = 1]: thefractionof correctlymatchedor hit) 1 predictions;

# of 1 predictionghatarealsoobseredasl
# of 1 predictions

FlO,=1|P,=1] =

Ti 1(P,=1,0; =1)
= = (13)

Tn
> U =1)
t=1

3. F[P, = 1| O # 1]: thefractionof wrongpredictednon-1actions;

# of obsenednon-lactionsthatarepredictedasl

FlP=1 1] = i
[Pi=1]0: #1] # of obsered non-1actions

S 1P = 1,0, #1)

= = (14)
> 1(0¢ #1)

t=1

4. F|Oy = 1| P; # 1]: thefractionof wrongmatchedor missed)non-1predictions;

# of non-1predictionghatareobseredasl
# of non-1predictions

%1(@:1,3&#1)
= =4 (15)
t_le(PHél)

FlOi=1|P#1] =

Thefirst two fractions,F[P; = 1 | O; = 1] andF[O; = 1 | P; = 1], reflecttheaccurayg of predictingl actions.

We would like thesefirst two fractionsto be aslarge as possible. On the other hand, the later two fractions,
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F[P, =1]| 0 # 1]andF[0; = 1 | P, # 1], capturea measuref predictionmistale. Whenthe obsered action
is notaction1 andwe predictthatit is (evaluatedoy F[P; = 1 | O; # 1]), aprefetchthatmaybeun-neededvill be
executed Whenwe do notpredictthenext actionasaction1 andobseredactionturnsto beanactionl (evaluated
by F[O; = 1 | P; # 1]), thisleadsto a missingprefetch.For thesereasonwe would like thelasttwo conditional

probabilitiesto be assmallaspossible.Inadditionto theabove four fractions,we alsodefine

5. F[Match]: thefractionof predictionsthat matchethe obsered action. For a sequencef predictionsand
actions,we estimateF'[M atch] as:

# of actionsthathave correctpredictions

F[Match] = —
[ Match] # of actionsin asequence
Ty
210 = R)
== (16)

Tn

F[M atch] evaluateghe overall predictionaccurag of a predictionalgorithm.Actions2, 3, and4 arealsoconsid-

eredasfactorsaffectingthe measurementdf F[Match]. Obviously, alarge valueof F[Match] is prefered.

5.2 Experiment Resultsand Analysis of ODU Algorithms

For eachaccessequenc®f a studenta predictionalgorithm,usingary of our threeODU methodsproposedn
Sectiord, canproduceafile tracingeachobseredactionandits correspondingredictedactions.An examplefile

mightlook like:

A P P W W BN
EE N R S S S
P W w b~ W W W
w A A P NDDNMNDN
N N NN PP P

wheretheintegersareactionsymbols.In thistracefile, eachrow representsneactionof astudent.Integersin the
first columnindicatethe real (obsered) actionsthat a studenttakes. Integersin the later four columnsrepresent
the predictionresultsin orderof decreasindikelihood. For example,in thefirst row, the realactionof a student

is ‘4’ (start). Our predictionresultshavs thataction‘4’ hasthe highestprobability of occurrencdor thataction
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(the secondinteger in thefirst row is 4), action‘3’ (index) hasthe next highestprobability of occurrencethe
probabilityof action‘2’ (previous)occuringis lessthanboth‘4’ and'3’, andtheprobabilityof actionl’ occuring
is the smallest.Our actionpredictionschemealwayspicks that actionwith the probability of occurrencewhich
is shavn in the secondcolumnin this examplefile. Therefore the predictionperformancef analgorithmcanbe

calculatedoy examiningthefirst two columnsof thesetracefiles.

Usingthe actionsymbolslisted in thefirst two columnsof eachtracefile, in Figurel1, we shav the performance
of ODU1 with 4 hiddenstatesover all of the studentsby evaluatingthe five performancaneasureslefinedin
equation(12) to equation(16). Onthey-axis,Figurel plotsthevaluesfor multiple fractions,F[P; = 1 | O; = 1],
FlOi=1|P,=1|,F[P,=1]| O # 1], F[Oy = 1| P; # 1] andF[Match| andthe x-axisof Figurel indicates

student(user)ID number

FromFigurel, we obsene thatmostof the studenthave fractionsF[Match|, F[P; = 1 | Oy = 1] andF[O; =
1| P, = 1] thatarehigherthan75% andfractionsF[P; = 1 | O; # 1] andF[O; = 1 | P; # 1] thatarelower
than35%. Theseresultsmatchour expectationfor goodpredictionaccurag (F[Match], F[P; = 1 | Oy = 1],
F[O; = 1| P, = 1]), andlow predictionmistales(F[P, = 1 | O; # 1], F[O; = 1 | P; # 1]). However, Figure
1 only providesanintuition of theseperformanceesults.We would lik e to further quantify the performancef an
ODU algorithm. For doingthat,we evaluatethe numberof studentsvho have high accurateredictions(fractions
of F[Match], F[P; = 1| Oy = 1], andF[O; = 1 | P, = 1] beinggreateror equalto 0.75),andthe numberof
studentsvho suffer low predictionmistales(fractionsof F[P; =1 | O; # 1] andF[O; = 1 | P; # 1] beinglower
or equalto 0.35). Tablel to Table3 will shav theseresultsfor eachof the ODU algorithmsshortly

We alsonoticethat althoughtherewere morethan 200 studentgegisteredin MANIC system not all of the stu-
dents’datacanbereally used.For instancea studentcould possibllyonly registerbut not brovse MANIC at all.

Or thelog file of a studentmay be so shortthatwe remaovedit from consideratior(our cutoff pointsfor doingso
wasthelogfileswith only oneaccessession) Dueto theseconsiderationghe numberof studentswith valid data
thatwe caninvestigatels reducedto around110. Note that, in Figure1, someof F|O; = 1 | P, = 1] fractions
areshawvn to have a nggative value. In the casethatthereis no call next slide action being predictedfor the ac-

Ty
tions of somestudenty> 1(P; = 1) = 0), F[O; = 1 | P, = 1] is setto a negative value(—0.02). Similarly,
=1

Th Th Th
>1(0;=1), Y. 1(P, #1),and " 1(0; # 1) areall possibllybeingzero.Figurel omitsthosecases.
t=1 t=1 t=1

Recallthat we define N asthe numberof statesfor a hiddenMarkov model. In Table 1, we shawv the predic-

tion resultsfor ODU1 for differentvalueof N. Eachrow of Tablel recordshe performanceesultscorresponding
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ODUl: N=4
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Figurel: FractionDistributionsfor ODU1, N =4

Numberof Students

N High Fractions(> 0.75) Low Fractiong(< 0.35)
F[Match] F[P,=1]|0;=1] F[O:=1]|PF;,=1] F[P,=1|0;#1] F[O;=1|P #1]

3 60 54 58 66 63

4 60 53 56 70 67

5 61 54 56 71 68

Tablel: ODU1, UsingDifferentN

to anexaminedvalueof N for ODU1. We inspectthe numbersof studentsfrom whom individually we have a
high predictionaccurag (with fractionsof F[Match], F[P, =1 | Oy = 1],andF[O; = 1 | P, = 1] beinggreater
or equalto 0.75)andlow predictionmistales(with fractionsof F[P; =1 | O; # 1] andF[O; = 1 | P; # 1] being
lower or equalto 0.35),thatareprovided by usinganunderlyinghiddenMarkov modelwith N statesIntuitively,
by changingthesize, N, of a hiddenMarkov model,the performancesf ODU1 shouldbedifferent. However, we
obsere from Table 1 that, by varying the size of an underlyingHMM, the numbersof studentsunderdifferent
fraction constraintsdiffer insignificantlyfor ODUL. In the meantime, althoughusingHMMs with N = 4 or
N = 5 hasslightly betterperformancegmore studentssatisfy the fraction constraintsYhanusinga modelwith

N = 3, thecomplity of ODUL1 s noticeablyhigherasthe sizeof a modelgetslarger.
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Numberof students
¢ High Fractiong(> 0.75) Low Fractiong(< 0.35)

1 79 67 68 73 81
2 71 63 64 74 77
3 67 58 61 73 77
4 66 57 62 70 74
Table2: ODU2, N = 4, UsingDifferent¢
Numberof students
v High Fractions(> 0.75) Low Fractions(< 0.35)
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, N = 4, ¢ = 2, UsingDifferentw

Let usnext considerODUZ2. Recallthat ¢ is definedastheerror threshold which triggersthe HMM re-estimation
process Whenthe numberof mismatchebetweerthe predictionandthe real actionis higherthan¢, the param-
etersof an HMM arere-estimatedinderODUZ2. In Table2,the performanceof ODU2 is evaluatedfor varying

¢. We obsenre thatthe smaller¢ thelargerthe numberof studentssatisfyingthe fraction constraintshut alsothe

more complex the computation.Meanwhile,comparingthe performanceesultsof ODU1 andODU2, we notice

thatODU2 performssignificantlly betterthanODU1.

In ODU3, ratherthan using the error threshold¢, we definea sliding window of size w, which controlsthe
proportionof history databeingusedto re-estimatea HMM. For awindow size,w = 3, for example,only the
last 3 session®f a studentare usedin determiningA (By contrast,all of a student pastsessionsare usedin
ODU1 andODU2). We examinethe performanceof ODU3 by varying w, andshav the resultsin Table3. The
performanceof ODUS3 for differentvalue of w is quite comparable.Comparedo ODU2, ODU3 doesnt have

remarkablemprovementtoo, thoughit performssignificantlly betterthanODU1.

Thus far, we have examinedthe performanceof three ODU algorithmsby evaluatingthe experimentalresult
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for eachstudentindividually andcountingthe numberof studentsatisfyingthe performancdraction constraints.
We have foundthatODU2 andODU3 have a highernumberof studentssatisfyingthe performancdraction con-
straints. We also seenthat smallervalue of ¢ providesbetterperformanceof ODU2 comparedwvith ODUL. In
additionto this evaluationmethod we canalsoinvestigatehe quality of anODU algorithmby evaluatingtheaccu-
ragy of apredictionfor all theactionstakenby all the studentsin the next Section,insteadof studyingprediction

performanceéndividually, we will focuson evaluatingall of theactionstaken by all students.

6 EvaluationsBasedon Action SelectionScheme2

Recall that our goal for this projectis to understanchow studentsinteractwith MANIC, so that we can pre-
dictively prefetchthe next slidesfor a studentcorrectly The meaningof correctly predictingand prefetching
actionl is twofold. For all of thereal 1 actions,we shouldpredictthemasmuchaspossible(a high probability
P(P, = 1|0, = 1)), sothatanext slidecanbe prefetchedvheneerit is necessaryin themeantimewhenwe pre-
dictthenext actionasl, we expectthattherealactionis morelikely to be 1 (ahighprobability P(O; = 1|P; = 1)),
sothatthe prefetchechext slide won't be useless.In the following Sectionswe will call P(O; = 1|P, = 1) as

precisionand P(P; = 1|0; = 1) asrecall[7] 1.

Action selectionschemel thatis usedin Section5 selectsthe actionthat hasthe highestprobability of occur
rance,arg max { P(O; = k)}, asthe predictionfor an obsered output. We have investigatedhe correctnessf
predictiﬁgaction 1 by that action selectionschemel for all of the students’actionsandfound 0.892 precision
aswell as0.899recall (by usingODU1 with 4 hiddenstates).Theseresultsshav thatactionselectionschemel

provideshigh accurag of predictingactionl. Canthe predictioncorrectnesdor action1 bebetter?

Basedon our obsenation, for mary real 1 actions,the HMM doesnot predictaction 1 asthe mostlikely ac-
tion, i.e., the actionwith the highestrank. This situationcould be causedy the useof anHMM, A, thatdoesnot
capturea students behaior quite well. To have more 1 actionspredictedcorrectly we proposea new method,
actionselectionscheme2, which doesnot considerthe rank of anactionsymbols occuringprobability to deter
mine the prediction. In actionselectionscheme?, a thresholds is setfor controlling the predictionof action1.
Specifically if P(O; = 1) is greateror equalto é, 1 will be predictedjor all of othercasesit simply predictsthe
outputasanon-laction.We examinethe precisionandrecall of actionselectionscheme& andcompareheresult

with thatof actionselectionschemel below.

Precisionis definedasfoundcorrect/foundtotal andrecallis definedasfoundcorrect/knowrcorrectin [7]
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6.1 Evaluating Action SelectionScheme2

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

know the mistale thata predictioncould possibllymale by usingthis actionselectionscheme.

We definerandomvariable X; to be the predictedprobability of occurranceof actionl at time ¢, anddefined
asathresholdvaluefor P(O; = 1) andmodify our predictionschemesothatactionl is predictedonly whenthe

P(0O; = 1) is greateror equalto §; otherwisethe next outputis predictednotto be 1. Thuswe have,

e P[O; # 1|X; > ¢]: representthe empiricalfractionof wrongpredictionsgivenwe predictthe actionto be
1 usingthresholds,

M’ﬂ

N
>
P[O; # 11X, > §] = "=LE

(Ot 7é ]-aXt Z 5)

Il
—

— (17)
210X > )

In this case precisioncanbe calculatedby 1 — P[O; # 1| X; > 4.

e P[X; < §|O¢ = 1]: representtheempiricalfractionof real1 actionsthatwe missto predictusingthreshold

61
N T,
S 3 1(0: =1, X < 9)
n=1t=1
[Xt < J‘Ot = 1] N T (18)
> 20 =1)
n=1t=1
In this casefecall canbecalculatecdby 1 — P[X; < §|0; = 1].

By varing 4, we hopeto minimize P[O; # 1|X; > ¢] andP[X; < 6|O; = 1]. Basedon ODU1, using4 hidden

stateswe evaluatedthetrendof thesetwo conditionalfractionsasafunctionof §, andshaov themin Figure2.

In Figure2, thex-axiscorrespondso thresholdy, andthey-axisplots P[O; # 1| X; > §] andP[X; < §|O; = 1].
The decreasingune represent[O; # 1|X; > 4], andthe increasingcurve represent[X; < 6|0; = 1].
Figure2 canbeusedto determineareasonabl¢hresholds for controllingthe prediction.For instancejf we want
high precision,thend shouldbe setto a large value. For example,assum& = 0.8. In this case,only thosel
actionswith an occuringprobability higherthanor equalto 0.8 are predictedasthe next outputaction. In this
casefrom Figure2, we noticethatthe precisionis 0.92(P[0; # 1|X; > 0.8] = 0.08). However, oneshouldalso
noticethetradeof thattherecallis only 0.77 (P[X; < 0.8|0; = 1] = 0.23). Ontheotherhand,if we wanta high

recallandcantoleratealow precisionthenalow valueof § shouldbe used.We canseefrom Figure2 that,when
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Empirical Fraction Distributions for ODU1 with 4 Hidden States

0.6

05

04r

PIX, <80, =1] 4

PO, # 1| X; > 6] )
\*,

Empirical Fraction Distributions

L L L
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Threshold &

Figure2: ProbabilityDistributionsfor P[O; # 1|X; > é] andP[X; < 6|O; = 1] of ODUlwith N =4

¢ is setto 0.3,thereareonly around3.5% 1 actionsbeingmissedto be predictedtherecallis 0.965. Still, in this

thresholda predictionfor actionl is wrong13% of thetime, which provides0.87 precision.

A moreimportantobserationfrom Figure?2 is that,whenJ is setto 0.3, althoughthe precisionof actionselection
scheme is slightly lower thanthat of actionselectionschemel, the 0.965recall of actionselectionscheme? is
significantlyhigherthanthe 0.899recall of actionselectionschemel. Thistells usthatthe predictioncorrectness

for action1 canbeimproved by usingactionselectionscheme2.

6.2 PerformanceEvaluation of ODU Algorithms Using Action SelectionScheme2

As discussedh the previoussection thereis atradeof betweerprecisionandrecall. Theevaluationmethodshavn
in Figure2 canprovide a solutionfor how to setanappropriatevalueof § givendifferentperformanceequirement.

We canalsousethis approacto comparethe performancef ODU algorithms.

Figure3 shaws thevalueof P[O; # 1|X; > 4] over differentvaluesof § for ODU1 with 4 hiddenstatesODU?2
with error thresholdg = 2, andODU3 with a sliding window of sizew = 3. Fromthis graph,we obsere that
ODU2 performssignificantlybetterthanODU1 andprovidesthe smallestvalueof P[O; # 1|X; > §] amongthe
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Figure3: ProbabilityDistribution of P[0, # 1|X; > 6] ComparingThreeODU Algorithms

threealgorithms.ODU3, again,doesnt provide a remarkablemprovementof the performanceTheseresultsare

compatiblewith the evaluationresultsin Section5.

Meanwhile,Figure 4 shavs the valueof P[X; < §|O; = 1] over differentvaluesof ¢ alsofor ODU1 with 4
hiddenstatesODU2 with error thresholdg = 2, andODU3 with a sliding window of sizew = 3. Again,ODU2
performssignificantlybetterthanbothODU1andODU3, it alsoprovidesthesmallestvaluefor P[X; < §|O; = 1]
amongthesethreealgorithms.In Figure4, the performancef ODUS significantlydistinguishegrom it of ODU1
or ODU2. However, althoughthe performancesf ODUS3 is betterthanthe performancef ODUL, it is still notas

goodasthe performancesf ODU?2.

Baseon above results,we concludethatODU2 hasthe bestperformance.

7 Conclusionsand Discussions

In this project, we studiedthe underlyingconceptsof Hidden Markov Models, using Rabiners notationof the
HMM. The log files of studentswho usedMANIC system,weretranslatednto sequencesf outputsymbols.

For eachstudentanHMM wasdevelopedto capturehis/herbrowsingbehaior. Thesequencesf actionsymbols
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Figure4: ProbabilityDistribution of P[X; < §|O; = 1] ComparingThreeODU Algorithms

werethen usedasthe outputof HMMs. We focussedour study on predictingthe students’call the next slide
action. ThreeODU algorithmswere proposedjmplementedand evaluated.Basedon the occuringprobabilities
of differentactions,we alsoproposedwo schemedor determiningthe prediction: selectingthe actionwith the
highestoccuringprobability or usingthresholdd to determinethe prediction. Basedon all of the experiment
results,0ODU2 shaws the bestperformanceandactionselectionscheme? providesbetterpredictioncorrectness

for predictingactionl.

It's worth mentioningthat we alsotried a third action selectionschemethat choosethe actionasthe next out-
putusingthe probability densityfunctionof the outputsymbol(fx (k), whereK is therandomvariabledefinedas
theoutputaction,andk € V). Unfortunately this schemeshaws varying predictionresults.A students behaior
may be predictedvery well once,but the samesequencef behaior might be poorly predictedfor someother
time. Dueto this obsenation,we did’'t explorethis actionselectionschemeary further In the meantimewe have
shavn thatwhena HMM wasperfect(i.e., the probabilitythatactionk occurs,aspredictedby the HMM, always
equalsto the actualprobability of the appearancef actionk), the schemeof usingarg max{P(O; = k)} should
be at leastasgoodasthe third actionselectionscheme However whena HMM doegnot exactly capturea users
behaior, the third action selectionschemewould possiblyprovide betterpredictionresults. We will provide a

proof anddiscussionn the Appendix.
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Also we find that, in the real case,the students’behaior is quite different. An ODU algorithm might fit to
mostof studentsvery well but doesnot capturesomestudentsbehaior. We saythat ODU2 hasthe bestperfor
mancebasedn theevaluationresultsfor all of the studentsNonethelessye alsonoticethatfor afew of students
ODU1 worksthebest,for afew of otherstudentfODU3 worksthebest.

In asummaryaHiddenMarkov Model canbe usedto studya students browsing behaior for anon-linetutoring
systemsuchas MANIC. It captureghe study preferenceof mostof the studentsand provides good prediction

results.
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Appendix: Comparison of Action SelectionSchemel and Action Selection
Schemes

ActionSelectionSthemel (Strategy 1): For predictingeachobseration action,arg max{P(O; = k)} is chosen
k

astheprediction.

Action SelectionStheme3 (Strategy 3): For predictingeachobsenation action, basedon the probability den-
sity function of the outputsymbolof anHMM (fx(k), where K is the randomvariable definedas the output

action,andk € V), abiasedcoinis tossed.Theactionshavn by the coinis choserasthe prediction.

Claim: WhenanHMM wasperfect(i.e., the probability thatactionk occurs,aspredictedby the HMM, always

equalgto theactualprobability of theappearancef actionk), Stratgy 1 shouldbe atleastasgoodasStrategy 3.
Define:

e (O;, therandomvariableof theobsered actionattimet;
e 0,, therandomvariableof the outputactionof aHMM modelattime ¢;
e P, therandomvariableof the predictedactionattime ¢;

e V, thesetof actionsymbols;
Proof:

1. For Stratgy 1, the expectedprobability of the predictedaction being the sameas the obsered action,
El[P(Ot = Pt)]’ is

E\[P(Oy=P)] = Y P(O,=P|0,=i)-P(O,=1)
i€V
= Y P(P,=i|0; =) P(O; =)
i€V
(19)
Baseon Stratgy 1,
1, i=argmax{P(0; = k)}
k
P(P;=i|0y = i) = (20)

0, otherwise
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Substituteequation(20) into equation(19),
Ei[P(O;,=P)] = 1-P(O;= arg max{P(0, = k)})

= P(0; = argmax{P(0; = k)}), keV (21)
k

2. For Stratgy 3, the expectedprobability of the predictedaction being the sameas the obsered action,
E3[P(Ot = Pt)], is

By[P(O;=P)] = Y P(Oy=P|O;=i)- P(O; =1i)
i€V
= Y P(P =i|0;=i)- P(O; = i)
eV
Baseon Stratgy 3,
P(P, = i|0; = i) = P(O, = i) (22)
—
Bs[P(O,=P)] = Y P(O,=1i)-P(O,=i)
i€V
< Y P(0r =i)- P(0; = arg max{P(0; = k)})
iev k
= (D) P(0,=1)) - P(O; = argmax{P(0; = k)})
iev k
= P(0; = arg max{P(0; = k)}) (23)
—
By[P(O; = Py)] < P(0, = argmax{P(0; = k)}), kev (24)

3. Fromequation(21) andinequality(24), we foundthatwhenO; = Oy, E3[P(0; = P;)] < E1[P(O; = B;)],
whichtellsusthatwhenanHMM is perfect Strateyy 1 is atleastasgoodasStratay 3.

HoweverwhenanHMM doesnotexactly captureastudents behaior, O; # O;, Strategyy 3 couldpossiblyprovide

betterpredictionresult.

Example for Oy # O;: Assumethereare 4 action symbolsin V. We shav the probability of occurranceof
each: € V thatis provide by anHMM, P(O; = 1), andthe obsered probability of occurrancdor eachaction,
P(O¢ = 1), in thetablebelow.
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Action Symbol(i) P(0; = i)

1

2
3
4

From Strateyy 1, we have

PO, =)

0.5 0.4

0.45 0.45

0.02 0.08

0.03 0.07

E[P(Oy=P)] = P(Or= arg max{P(0; = k)})
— P(0;=1)
= 04

From Strateyy 3, we have

E3[P(Oy=P)] =

>

Y P(0; =1i)- P(O; =1)

eV

0.5-0.4 + 0.45 - 0.45 + 0.02 - 0.08 4 0.03 - 0.07
0.4062

0.4

23



