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Abstract.

Intelligert tutoring systens customiz the learnirg experience of studentsBe-
cau® no two studens hawe precisey the sane learnirg history, traditiond analytc
technique are not appropriate This pape shows how to compae the learnirg his-
tories of studens and how to compae groups of studens in differert experimenth
conditions A class of randomizatio tess is introducel ard illustrated with daia
from the AnimalWatd ITS projed for elementay schod arithmetic
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Interactirg with an intelligert tutoring systen is like conversig with a car salesper-
son No two conversationare the sameyet eah goesin roughly the sarre direction the
salespersoestablisherapport finds out what you want, sizes up your budget and even-
tually makesor doesnt make asale Within and betweea dealershipssone salespeo
are bette than others Customes also vary, for examplein their budget how som they
interd to purchasewhethe they have decideal on a particula model and so on. Of the
customes who ded with a salespersarsone fraction actualy purchae a car, so one
can compae salespeo@with a binomid tess or somethig similar. Indeed ary hum-
ber of sourd statistich comparisos can be drawn betwea the outcome of dealirg with
salespeoptdotd revenuesdistributiors of revenus over car modd classesinteractiors
betwea the probability of sak and modd classesand so on.

Similarly, one can evaluag intelligert tutoring systens on outcorme variables the
numbe of problens solvel correctly or the fraction of studens who pas a posttestard
so on. Conside the AnimalWatd tutoring systen for arithmetic Studens betweea the
ages of 10 and 12 worked on customizé sequenceof word problens abou endangera
speciesThey were provided with multimedia help when they mace errors [1]. Theword
problens provided instructian in nine topics including addition subtractionmultiplica-
tion and division of integers recognizirg the numerato and denominato of a fraction,
addirg and subtractig like and unlike fractions and mixed numbersarnd so on. Previols
analyss focuseal on outcone measurs sud as topic mastey estimate maintaing by
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the studen modd componen of the AnimalWatdh ITS. Thes analyss indicatal tha
studens who receivel rich multimeda help when they mack errors (the Heuristic condi-
tion) had highe topic mastey scores than pees who worked with atext only versia of
the ITS which provided only simple text message(e.qg, "try again’) [2].

Outcone variables can provide evidene of learnirg from an ITS. However they
tell us nothing abou the individud students experiene while working with the tutor.
Studens might read similar outcone points via quite differert sequencgof problems
or learnirg trajectoriessone of which might be more effective efficiert or well-matche
to particula studentsThus if our intereg is in the proces of learning then we shoul
evaluae the efficagy ard othe attributes of sequenceof problem-solvilg interactions
The challenge is that by definition, ead students learnirg experiene with an ITS is
unique For examplgthe AnimalWatd IT Sincludes more than 800 word problemsmog
of which can be customize in red time to individud studentsThos who worked with
AnimalWatd took unique patls throudh an extremey large problan space ard eat
step in their trajectories dependd on their prior problem solving history [3].

One approab to evaluatirg studen progres and performane while working with
an ITS has been to examire the reductia in the numbe of errors acros sequencgof
problensinvolving similar skills[4,5]. Unfortunatelythe utility of thisapproat isoften
limited due to the lack of sufficiert problens of the sarre type ard difficulty tha can
be usal to form meaningfli sequencesA more seriots problem is tha the elemens
of interactiors in a problem sequene are nat independentthe next problem a studen
sea depend on his or her unique learnirg history This mears tha we cannd tred the
student experiene asasampe of independenand identically distributed problemsnor
can werely on traditiond statistich method (analyss of variance regressioptha trea
it assud [6].

In this paperwe presenalternative method to compae the learnirg experience of
studentsand experimenthgroups of studentsWe illustrate thee method with studen
problem solving data from the AnimalWatc project howeverthey are general

1. Comparing Experiences

The first step is to creak a multidimensionarepresentatio of the students experiene
asasequeneof dependeninteractionsFor instancethe studem might attemp problem
1, fail, get a hint, fail again get anothe hint, succeedand then mowe onto problan
17, which the tutor judges to the beg nex problem given the observe sequene of
interactionsLet S; = x1,z9,...,x, bethe sequene of interactiors for studen i. In
generathe se of interactin types is quite large for instance the AnimalWatc tutor
includes 807 problems ead of which is instantiatel with a variety of operandsard 47
distind hint types Interactiors hawe attributes in addition to their type They take time,
they are more or less challengimg to the studentthey succed or fail, and so on. In fact,
interaction x; is a vecta of attributes like the one in Figure 1. This is the 5th problem
sea by studen x32A4EESG, it involves addirg two integers it is moderatg} difficult,
it required 142 second and one hint to solve correctly ard so on. The experiene of
a studen is representé by a sequene of structure like this one While our exampls
all focus on information abou problens (topic, difficulty, time), the approat can be
generalizd to othe characterizatiosiof studentsexperiencesud asthe frequeny ard
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PROBLEM-ID 675 , NUMBER 5 , STUDENT #<STUDEN x32A4EE6> ,
TOPIC: ADDINTEGER , OPL 8155 , OP2 2937, DIFFICULTY: 4.3 3
NUMSKILLS 2 , TIME-REQUIRED 142 , NTHINTOPIC. 3
HINTS: (<HIN T x3646D76>)

Figure 1. A single probleam instane presentd to a studen by AnimalWatd

contert of hints Tha is, we identity aspecs of interaction with the ITS that we wart to
conside in an evaluation and represetthes in the vecta x;.

Although the problem instane in Figure 1 is unique it belong to severé prob-
lem classes for instance it belongs to the clas of ADD-INTEGERS problens with
DIFFICULT Y = 4.33 . Sud class attributes define problem classesAnothe exam-
ple is the numbe of different mat skills required to solve problens in the class Othe
class attributes are derived from the problem instancein the class An importart derived
attribute is empiricd difficulty, which we defire as the numbe of problensin a clas
answerd incorrectly divided by the totd numbe of attempte problensin tha class In
Sectio 6 we will seetha empiricd difficulty often differs from apriori estimats by the
ITS developes of the difficulty of problems

Once we hawe createl vectoss to represehthe elemens of interes of the students
interaction with the ITS, we can compae studentsWe wart to perform severakinds of
analysis

e Compae two students experiencesfor example asses whethe one studem
learrs more quickly, or is exposeé to awider range of topics than another

e Fomm clustes of studens who hawe similar experiencesfor example cluste stu-
dens accordiny to the rates at which they procee throuch the curriculum or
accordimg to the topics they find particulary difficult.

e Compae groups of studens to see whethe their experience are independenof
the groupirg variables for example tutoring strategis are differert if studens
hawe significanty different experienceunde ead strategy

2. Generd Method

Thes kinds of analyss are mack possibe by the following method We wil | assune that
ead problan instan@ = see by astudenis amembe of exacty one problem class .

1. Re-coc ead studen experiene S; = x1,xs, ...z, asasequene of problen
classso; = Xi, Xj,- - - Xm-

2. Derive one or more functiors ¢(o;, o;) to compae two problem class sequence
(i.e., two studentsexperiences)Typically, ¢ returrs areal-valuel number

3. Studens may be groupel into empiricd clustes by treatirg ¢ as a similarity
measureGroups of studens (e.g, thosin differert experimenthconditiond can
be compard by testirg the hypothess tha the variability of ¢ within groups
equas the variability betwea groups

Expandirg on the lag step let G; be a group comprisirg n; sequencgof problem
classs (one sequene per student) so there are C; = (n? — n;)/2 pairwise comparisos
of sequencesf wemergegroups G; and G;, therare Cu; = ((n;+n;)*—(ni+n;))/2
pairwise comparisos of all sequences
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This equation generalize to multiple groups in the obvious way:. If there are no

differences betwea the groups then the averag@ comparisa amorg elemensg in eah

grow will equa the averag@ comparisa amorg elemens of the union of all the groups

3. Hypothesis Testing by Randomization

We introduce randomizatio testirg for two groups thoudh it generalize easily to mul-
tiple groups In the previows sectilm we introducel a ted statistc A(s, j) and its ex-
pectal value unde a null hypothesisbut nat its samplirg distribution The samplirg
distribution of a statistt unde a null hypothess H, is the distribution of values of the
statistc if Hy istrue Typically H, isastatementhat two things are equal for instance
Hy : A(i,5) = 1. If the ted statistt has an improbabeg value accordirg to the samplirg
distribution then H,, probaby is nat true We rejed H, and repot the probability of the
ted statistt given Hy asap value

Suppos ore has a statistt tha comparstwo grougsi ard j, sudhas A(i, ) (Eq. 2).
Unde the null hypothesstha the groups are nat different, an elemen of one group could
be swappée for an elemen of the othe without affecting the value of the statistt very
much Indeed the elemens of the groups could be thoroughy shuffled and re-distributel
to pseudosampte* ard j* (ensurimg that the pseudosampehave the sane sizes as the
origind samples i and j) and the statistt could be recomputd for the pseudosamples
Repeatig this proces produce a distribution of pseudostatistewhich serves as the
samplirg distribution again$ which to compae the teg statistic

Randomizatia is non-parametricit makes no assumptios abou the distributiors
from which sample are drawn ard it can be use to find samplirg distributiors for ary
statistic

The hypothess testirg procedue for comparirg two groups 7 ard j, of students
then isto derive the ted statistt A(i, j) as describe earlier then throw all the studens
into a single group shuffle them draw pseudosamptei* and j*, compue A*(i*, %)
and incremet a counte c if A*(i*,5*) > A(i, j). After repeating the proces k times
the p value for rejectirg the null hypothess tha the groups are equa is ¢/k.

3.1 Abou the Implementatia

Comparimg ead studei to evely othe is quadratic repeatirgy the proces for eat pseu-
dosampt adds alinear factor Note also tha the denominatoof Eq. 2 is calculat& only
once only the numerato changs when we drawv pseudosamplesn practice one can
male the procedue run very fag by nat actually drawing pseudosamptefrom the orig-
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ina sampe but, rather shuffling pointess into the origind sample This requires littl e
more spae than it takes to store the origind sample ard keeys the spa@ complexity of
the algorithm very low. The analyssin the exampla belawv involve afew dozen studens
in ead of two sample and 1000 pseudosampleand nore takes more than two minutes
on aMacinto$ G4.

4. Example: Comparing the progress of studentsin different conditions

Suppos we wart to asses the distribution of topics encounterd by a studen after
ten twenty, ... problems and compae studens to see whethe they progres throuch
the topics in the sane way. As noted earlier AnimalWatd presentd nine topics Let
si¢ = ni,Ng,...Nng represehthe numbe of problens on ead of nine topics encoun-
tered by studen i at time ¢. Sai differently, we imagire the progres of the studet at
time ¢ asapoint in nine-dimensioniaspacelf we measue the progres of the studen at
regula intervals we get atrajectoy throuch nine-dimensionlaspace Two studens may
be comparé by summirg the Euclidean distance betwea correspondig pointsin this
space

¢(0a70b) = Z Z (ni,a - ni,b)2 (3)
9

t=0,10,20,... \| i=1,2,...

We usal the randomizatio methal to compae progres for studensg in the Text
ard Heuristic experimentbconditions describe earlier We looked at ead studen after
10, 20, ..., 90 problens ard recorde& how mary problens on ead of nine topics the
studet solved Studens were compare with the function ¢ in Eq 3. The teg statistc
A(Text, Heuristic) = 0.981 was rejecta only twice in 1000 randomizatia trials, so
we can rejed the null hypothess that progres throudh the nine-topt problem spaeis
the same for studens in the Text and Heuristc conditions with p = .002.

It is one thing to tes whethe studen in differert experimenthgroups are different,
anothe to visualize how they are different In the previous exampe the trajectories are
in a nine-dimensionlaspace However the progres of ead studen throudh this spae
may be plotted as follows: Let P(s, ¢, ¢) be the proportian of problensin problam clas
c solved correctly by studen s in the first ¢ problens seen by that student For instance
P(1,30,addintegers)=6 mears tha of the addinteges problensin thefirst 30 problens
sea by studen 1, 60 % were solved correctly Let (s, t,p) denok the numbe of
problem classe for which P(s,t,c) > p. For example A/(1, 30,.5) = 2 mears that in
the first 30 problems studen 1 encounterd two problem classes for which she solved
50% of the problenscorrectly Let Vi (s, p) = [N (s, 10,p), N (s, 20, p), N (s, 30, p)...],
tha is, the sequene of values of A/ for studen s after 10, 20, 30... problems Such a
sequene represergprogres for a studet in the seng that it tells us how mary classs
of problens a studemn has solvel to sorre criterion p after 10, 20, 30... problems

To visualize the progres of astudet one may simply plot Vi (s, p), and to compae
groups of studens one may plot the mean Vi (s, p) for studens within groups This
is dore in Figure 2. The verticd axis is mean N (s,t,p) averagd over studens in a
group the horizontd axisis ¢, the numbe of problens attempte by the studentsHere ¢
ranges from 10 to 100 problems The highe of thetwo lines correspondto the Heuristic
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condition thelower to Text One seestha on averageastudetinthe Heuristc condition
mastesroughly fivetopicsto the criterion leve of 50% in thefirst 100 problemswheres
studens in the Text condition maste only 3.5 topicsto thislevd in the same numbe of
attempts The curves also can be compare with our randomizatio procedureard are
significantly different

2 AT

Figure 2. Mean numbe of problen classe masterd to the 50% criterion leve as afunction of the numbe of
problens attempte by the studentsUppe curve is Heuristc condition lower is Text

5. Example: Comparing the distributio n of problems see by studentsin different
conditions

Wewill use datafrom the AnimalWatd projed to illustrate the approachStudens were
taugh abou nine arithmett topics Eac studen can therefoe be representgasavecta
of nine numbers ead representig the numbe of problens on a given topic tha the
studet solved correctly orderel on the bass of our empiricd difficulty measue derived
abo\e (althoudh the vecta might represenothe attributes of interest)

Let 0,,,(7) be the ith value in the vecta for studet m. Two studens may be com-
parad by

WO on) = Y abs(om (i) — (i) (4
that is, the sum of the absolué differences in the numbes of problens solved correctly
on ead topic.

In this example we will compae the learnirg experiencs of studens who worked
with two differert versiors of the AnimalWatd ITS: Sone studens worked with aver-
sion tha provided only minimal, text-basd help in respons to errors (Text). Othe stu-
densworked with aversia that provided studens with rich, multimediahints and expla-
natiors (Heuristic) Figure 3 shows the mean numbe of problens on ead topic solved
by studens in the Text and Heuristic conditions with 95% confidene intervak arourd
the meansOne might betempteal to run atwo-way analyss of variane on thes daawith
Topic and Condition as factors but remembetha the problens seen by astuden are not
independentthe tutor constructd a unique sequene of problens for ead studentard
the cel sizes are quite unequal all of which violate assumptios of the analyss of vari-
ance Therandomizatio methal makes no sud assumptions/NVe compare the Text ard
Heuristic conditiors with the randomizatio procedue describé earlier Theted statistt



Bed et al. / Comparirg studens and groups 7

A(Text, Heuristic) = .963 was exceedd in evely one of 1000 randomizatia trials,
so we can rejed the null hypothess that the conditiors are equd with p < .001. Thus
we concluce that, even thoudh studens had unique experiencewith the ITS, those who
receivel multimedi help in respons to errors solved more problens correctly acros
all topics relative to studens who receivel only limited, text-basd help.

The totd numbe problens solved by studens was nat the sane in the Text and
Heuristc conditions This might accoun for the significar result We can run the anal-
ysis differently, askirg of ead studem wha fraction of the problens she saw in eat
problen class she answerd correctly In this cae we are comparirg probabilities of
corred responsesnot raw numbes of corred responsesRepeatig the randomizatio
procedue with this new function for compariry studens still yields a significar result
albet less extreme The teg statistt A(Text, Heuristic) = .973 was exceedd in 950
of 1000 trials, for ap value of 0.05.

By contrast the p value for a comparisa of girls and boys was 0.49, ther is no
reasm to rejed the null hypothesstha girls and boys correctly solved the sarme numbes
of problens on all topics

26
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Figure 3. Mean corre¢ numbe of problens for Heuristc and Text conditions

6. Example: Changein Empirical Difficulty

Asafinal exampé of method for comparimg studen experienceswe retum to the idea
of empiricd difficulty, introducel in Sectio 1. We defire the empiricd difficulty of a
problem as the numbe of unsuccessiuattemps to solve it divided by the totd numbe
of attemps to solwe it. Figure 4 shows the empiricd difficulty of the nth problem for
the Heuristc ard Text groups That is, the horizonta axis represerg where a problem
is encountere in a sequene of problems the verticd axis represergthe proportian of
attemps to solve tha problem which failed. Regressin lines are shown for the Heuristic
ard Text groups It appeas tha the empiricd difficulty of problens in the Heuristic
groy is lower than that of the Text group or, sad differently, Heuristc studens solved
a highe proportian of problens they encounteredThis appeas to be true whereve the
problens were encounterd during the students experience

We can ted this hypothess easily by randomizirg the groyp to which studens be-
long to get a samplirg distribution of mean empiricd problam difficulty. This resut is
highly significant In 1000 randomizé pseudosamptethe mean difference in problam
difficulty betwee Heuristc and Text, 0.094 was neve exceededOne alo can random-



8 Bed et al. / Comparirg studens and groups

ize the groyp to which studens belorg to ge a p value for the differene betwea the
slopes of the regressia lines. This p value is .495, so there is no reasm to rejed the
hypothess tha the regressia lines hawe equa slope In othe words the chang in em-
pirical problem difficulty as a function of when the problem is encountereda slightly
positive relationshipis the sane for Heuristc and Text students

| B8

] 188

Figure 4. Empiricd problem difficulty as afunction of when problens are encountered

In conclusionwe demonstratetha studentsexperiencewith an ITSaresequence
of multidimensional dependenobservationsand yet they are not beyord the read of
statisticd analysis We showel how to represenstudentslearnirg trajectories ard how
to teg hypothessabou them with randomizatio methods
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