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Abstract. The ASSISTment online tutoring system was usedwsr 600 students during the
school year 2004-2005. Each student used the sys$epart of their math classes 1-2 times a
month, doing on average over 100+ state-test itend, getting tutored on the ones they got
incorrect. The ASSISTment system has 4 differéailt mnodels, each at different grain-size
involving 1, 5, 39 or 106 skills. Our goal in tpaper is to develop a model that will predict
whether a student will get correct a given item. ¥denpared the performance of these models on
their ability to predict a student state test scafter the state test was “tagged” with skills tioe

4 models. The best fitting model was the 39 skilidel, suggesting that using finer-grained skills
models is useful to a point. This result is prettych the same as that which was achieved by
Feng, Heffernan, Mani, & Heffernan (in press), where working simultaneously, but using
mized-effect models instead of Bayes networks. difeuss reasons why the finest-grained model
might not have been able to predict the data the. Beplications for large scale testing are
discussed.

Keywords: Machine Learning, Bayesian Networks, Fine-Grairtekill Models, Inference,
Prediction, MATLAB.

INTRODUCTION

Most large standardized tests (like the SAT or GRig)what psychometricians call “unidimensional”
in that they are analyzed as if all the questioegapping a single underlying knowledge compong@met., skill).
However, cognitive scientists such as Anderson it (1998), believe that students are learnindgidual
skills, and might learn one skill but not anoth®mong the reasons psychometricians analyze lage $ests in
a unidimensional manner is that student performanceifferent skills is usually highly correlatezljen if there
iS N0 necessary perquisites relationship betweesetlskills. Another reason is that students usuly small
number of items in a given sitting (39 items foe 8th grade Massachusetts Comprehensive AssesSystam
math test). We are engaged in a effort to invewiifave can do a better job of predicting a lasgale test by
modeling individual skills. We consider 4 diffeteskill modeld, one that is unidimensional, WPI-1, one that
has 5 skills we call the WPI-5, one that has 39sskalled the WPI-39 and our most fine-grained pidths 106
skills we call the WPI-106. In all cases, a skilbael is a matrix that relates questions to thdsskiéeded to
solve the problem [Note: we assume that studengt kmow all of the skills associated with a quesiio order
to be able to get the question correct. We donmadel more than one way to solve a problem.] THel\l,
WPI-5, WPI-39, and WPI-106 models are structurethan increasing degree of specificity as the nunabe
skills goes up. The skills of the WPI-5 are far engeneral than those of the WPI-106. The measunsodkl!
performance is the accuracy of the predicted MG#s6 $core based on the assessed skills of thenstude

Modeling student responses data from intelligenibring systems has a long history (Corbett,
Anderson, & O'Brien, 1995; Draney, Pirolli, & Wilap 1995) and different skill models have been degved.
Our collaborators (Ayers and Junker, 2006, in sgbion) are also engaged in using a compensatdiyreidel
to predict the state test scores using the sanse s#atthat we use in this paper. Though differppr@aches
have been adopted to develop skill models andrtiadel students’ responses, as far as we know éittet has
been put to the comparison of different grain-sigkitl models in the intelligent tutoring systenear One might
think that were would be a great deal of relatedkwo education, but we know of only one study vehethers

L A skill-modelis referred to as a “Q-matrix” by some Al researsh(Barnes, 2005) and psychometricians
(Tatsuoka, 1990), while other call them “cognitivedels” (Hao, Koedinger & Junker, 2005) and yeteoth
call them “transfer models” (Croteau, Heffernan &eg¢linger, 2004).



have tried to do something similar; Yun, Willettdallurnane (2004) showed that they could get a bétte
state test data by using an alternative skill-mdlizd the state government provided.

Bayesian Networks

Bayesian Networks have been used in many intelliggoring systems such as Murray, VanLehn &
Mostow (2005), Mislevy, Almond, Yan & Steinberg @, Zapata-Rivera, D & Greer, (2004) to name aist
few instances. One of the nice properties of Bayedlets is that they can help us deal with theizbdgime
assignment problem. That is, if an item is taggét wwo skills, and a student gets the item wrongich skill
should be blamed? Intuitively, if the student ttihe well on one of the skills previously, we wolile to
have most of the blame go against the other sBHhyesian Nets allow for an elegant solution ana gis the
desired qualitative behavior.

The Massachusetts Comprehensive Assessment System ( MCAS)

The MCAS is a Massachusetts state administerediatdized test that produces tests for English,
math, science and social studies for grades 3 to\W¥@ are focused on only'&rade mathematics. Our work
related to the MCAS in two ways. First, we haveltbout content based upon released items as dbestri
above. Secondly, evaluating our models by usieggthgrade 2005 test. Predicting students’ scoresisrtest
will be our gauge of model performance. We haveréisalts from the 2005 MCAS test for all the studemho
used our system. The MCAS test consists of 5 opspanses (essay), 5 short answers and 29 multipieec
(out of four) questions. The state released itemune, at which time we had our subject matt@eexcome
back to WPI to tag the item before we got individszore reports.

Background on the ASSISTment
Project and Skill Mapping

The ASSISTment system is an e-
learning and e-assessing system that is about
1.5 years old. In the 2004-2005 school year,
600+ students used the system about once
every two weeks. Eight math teachers from
two schools would bring their students to the
computer lab, at which time students would be
presented with randomly selected MCAS test

/The original question items. In Massachusetts, the state department
a. Congruence of education has released 8 years worth of
b. Perimeter MCAS test items, totaling around 300 items
¢. Equation-Solvin which we have turned into ASSISTment

content by adding ‘“tutoring”. If students
answered the item correctly they were
I . advanced to the next question. If they
The Ftscaffolding question . . .
— answered incorrectly, they were provided with
a small “tutoring” session where they were
asked to answer a few questions that broke the
problem down into steps. A key feature of an
What is the permeter of triangle ABC? The 29 scaffolding question ASSItSTmfen:his that it p(;(twidem-s”uctti%nalt
assistancen the process assessing students
\,zzii” — the main conference has a paper (Razzaq &
Ol * 8 Heffernan, in press) on student learning due to
theinstructional assistangevhile this paper is
focused on assessistudents
A/buggy message Each ASSISTment consists of ariginal
No. You might be thzlmgthatthe areais 1/2 base times height, but you are looking item and a list OfSC&ﬁO'ding queStionSAn
for the perimeter ASSISTment that was built for item 19 of the
2003 MCAS is shown in Figure 1. In
particular, Figure 1 shows the state of the

as side DF of tnangle DEF7

@, *x(2x)

Perimeter is defined as the sum of all sides of a figure.

Mhames |

= A hint message _| interface when the student is partly done with
< > the problem. The first scaffolding question
&) Done © intemet appears only if the student gets the item

Figure 1. An ASSISTment showing the original quasti
and the first two scaffolding questions.



wrong. We see that the student typed “23” (whichgemed to be the most common wrong answer foiitgmis
from the data collected). After an error, studertsnot allowed to try a different answer to themitbut instead
must then answer a sequence of scaffolding questimn“scaffolds”) presented one at a time. Stuslewtrk
through the scaffolding questions, possibly witht&i until they eventually get the problem corrd€tthe
student presses the hint button while on the 8stffold, the first hint is displayed, which woulgk the
definition of congruence in this example. If thadsnt hits the hint button again, the second tppears which
describes how to apply congruence to this problérthe student asks for another hint, the answegiven.
Once the student gets the first scaffolding quadtiagged with the skill in the WPI-106 of Congraehcorrect

(by typing AC), the second scaffolding question appears. Figiisleows a “buggy” message that appeared after
the student clicked on “%2*x(2x)” suggesting theyghtibe thinking about area. There is also a hirgsage in a
box that gives the definition of perimeter. Onlse student gets this question correct they wilableed to solve
2x+x+8=23 for 8, which is a scaffolding questiomttlis focused on equation-solving. So if a studgn the
original item wrong, what skills should be blaméd#s example is meant to show that the ASSISTmgsiem

has a better chance of showing the utility of fgrained skill modeling due to the fact that we ek
scaffolding questions that will be able to telltife student got the item wrong because they didknotv
congruence versus not knowing perimeter, versusbeditg able to set up and solve the equation. Most
guestions’ answer fields have been converted tbestry style from the multiple choice style theygmally
appear as in the MCAS test. As a matter of loggihthe student answered an original question @biyeor
incorrectly, the student is only marked as gettimg item correct if they answered the questionktrigefore
asking for any hints or encountering scaffolding.

Figure 3 shows the original question and two stdffiuestions from the ASSISTment in Figure 1 as
they appear in our online model. The graph dessribat Scaffold question 1 is tagged with Congraenc
Scaffold question 2 is tagged with Perimeter aradfiginal question is tagged with all three. The Agates
assert that the student must know all skills retatd a question in order to answer correctly. Ahe gate will
be described further in the Bayesian applicatiati@e. The prior probabilities of the skills areosin at the top
and the guess and slip values for the questionshae at the bottom of the graph. These are intuiialues
that were used, not computed values. A prior priityabf 0.50 on the skills asserts that the sidljust as likely
to be known as not known previous to using the AF8&ient system. It is very likely that some skille harder
to learn than others and therefore the actual gfobabilities of the skills should differ. The pability a
student will answer a question correctly is 0.98hdy know the skill or skills evolved. Due to waus factors of
difficulty and motivation, the priors for variousigstions should be differ. This is why we will atfgt to learn
the prior probabilities of our skills and questjparameters in future papers.

[Figure 2. — Directed graph of skill and questioapping in our model]

P(Congruence) P(Equation-Solving) P(Perimeter)
0.50 0.50 0.50
Gate P(Question) Gate P(Question) G P(Question)
True 0.95 True 0.95 True 0.95
False 0.10 False 0.10 False 0.10




CREATION OF THE FINE-GRAINED SKILL MODEL

In April of 2005, we staged a 7 hour long “codirgsion”, where our subject-matter expert, Cristieffernan,
with the assistance of th&"2author set out to make up skills and tag all ef éisting 8 grade MCAS items
with these skills. There were about 300 releasstlitem for us to code. Because we wanted tdleeta track
learning between items, we wanted to come up witliraber of skills that were somewhat fine-grained ot

too fine-grained such that each item had a diffies&ill. We therefore imposed upon our subject-erag¢ixpert
that no one item would be tagged with more thakilBss She was free to make up whatever skills thioeight
appropriate. We printed 3 copies of each iterrhab éach item could show up in different piles veheach pile
represented a skill. She gave the skills namestheureal essence of a skill is what items it veaged. The
name of the skill served no-purpose in our comzedranalysis. When the coding session was exehad 6,

8 foot-long tables covered with 106 piles of itefff® create the coarse-grained models, such as fieS\ve
used the fine-grained model to guide us. We stast€knowing that we would have 5 categories; 1gebra,

2) Geometry, 3) Data Analysis & probability, 4) Nibem Science and 5) Measurement. Both the National
Council of Teachers of Mathematics and the Masssettai Department of Education use these broad
classifications. After our 600 students had takken2005 state test, the state released the itemsthat test,
and we had our subject matter expert tag up thesiia that test. Shown bellow is a graphical repngation of

the skill models we used to predict the 2005 digeitems. The models are for the MCAS test sowill see

the 1, 5, 39 and 106 skills at the top of each g the 29 multiple choice questions of theaegite bottom.

[Fig 3.a — WPI-1 MCAS Model]

[Fig 3.b — WPI-5 MCAS Model]

[Fig 3.c — WPI-39 MCAS Model]

[Fig 3.d — WPI-106 MCAS Model]

Figures 3.a and 3.b depict a two layer network eteach question node has one skill node mapped to
it. Figures 3.c and 3.d introduce multi-mapped odéhere one question node can have up to thréenekies
mapped to it. The later figures also introducerdarmediary third layer of ALL nodes. You will nog that in
the WPI-106 model, many of the skills do not shgnou the final test, since each year they decidegbonly a
subset of all the skills taught iff' grade math.

The WPI-1, WPI-5 and WPI-39 models are derived fribien WPI-106 model by nesting a group of
fine-grained skills into a single category. Figdrehows the hierarchal nature of the relationbleiveen WPI-
106, WPI39 and WPI-5, and WPI-1. The first colurstsl just 11 of the 106 skills in the WPI-106. the
second column we see how the first three skillsrergted inside of “setting-up-and-solving-equatipmsich
itself is just one piece of “Pattern-Relations-&ige, which itself is one of the 5 that comprise WWPI-1.

2 In Feng, Heffernan, Mani & Heffernan (in press) eedled this model the WPI-78 because the dathséwtas
used included fewer items.



[Fig 4 — Skill Transfer Table]

WPI-106 WPI-39 WPI-5 WPI-1

Inequality-solving
Equation-Solving— —p" | setting-up-and-solving-equations
Equation-concep ;:}:?;?13_ =
Plot Graph > modeling-covariation Al elbras- g
X-¥-Graph B understanding-line-slope-concept ’ 5
Congruence » | understanding-and-applying- Geometry X
Similar Triangles/ congruence-and-similarity 2
Perimeter \ . Measurement | F

) o using-measurement-formulas-and-
Circumference > .
Area . techniques

Consider the item in Figure 1, which had the fgsaffolding question tagged with “congruence”, the
second tagged with “perimeter”, the third taggethwequation-solving”. In the WPI-39, the item wiherefore
tagged with “setting-up-and-solving-equations”, denstanding-and-applying-congruence-and-similariayid
using-measurement-formulas-and-techniques”. Tém Wvas tagged with three skills at the WPI-5 leasid
just one skill of “math” at the WPI-1.

BAYESIAN NETWORK APPLICATION

Representing the Skill Models

Bayesian networks consist of nodes which have ¢iomail probability tables. These tables indicate th
prior probability of an event, given another evéntour three tier model, skill nodes are mappeAltb nodes,
which are mapped to question nodes. Our modele/gffor a question to be tagged with up to threlsskdny
skill that a question has been tagged with is datexd to be essential to solving the problem. Tdsegdion here
in the model is that in the case of a question redppith two skills, both those skills must be knowrorder for
the question to be solved by the student. The imefgation of this assertion is the ALL gate noddse ALL
gates also help to simplify the Bayesian networkifiting all question node conditional probabiligbles to a
guess and slip parameter.

Assessing Student Skill Levels

Using MATLAB and the Bayes Net Toolkit as a platfgran architecture was developed to assess the
skill levels of students in the ASSISTment systerd t test the predictive performance of the varimodels.
First, the skill model, which has been formattetb iBayesian Interchange Format (BIF), is loaded int
MATLAB, i.e. bnet39. A student-id and Bayesian miogie given as arguments to our prediction progréne
Bayesian model at this stage consists of skill saxfea particular skill model which are approprigat@apped to
the over 2,000 question nodes in our system. Tdnisbe referred to as the online model. We then fbadiser’s
responses to ASSISTment questions from our logafilé then enter his/her responses into the Bayesiavork
as evidence. Using inference, dictated by the Citides of the questions, the skill level posteriarginal
probabilities are calculated using likelihood-weigh inference which is an approximate inferencening
engine.

Scaffold credit compensation
When evaluating a student’s skill level, both tepel question and scaffold responses are used as

evidence. Scaffolds and top level questions hagesime weight in evaluation. If a student answeopdevel
question incorrectly, it is likely they will als;mawer the subsequent scaffold questions incorrddtyever, if

a student answers a top level question corredtly aire only credited for that one question. Ineorid avoid

this selection effect, scaffolds of top level qimst are also marked correct if the student gedstdip level
guestion correct. This provides appropriate inflatof correct answers, however, this technique cayse
overcompensation when coupled with learning sepgratameters for the original and scaffold question

Predicting MCAS scores

After the skill levels of a particular student haa@en assessed using the specified skill modethere
load a model of the actual MCAS test. The MCAS tastel looks similar to the training model, withilsk



nodes at top mapped to AND nodes, mapped to guestides. In this case we take the already calcllate
marginal probabilities of the skill nodes from theline model and import them as soft evidence ithotest
model. Join-tree exact inference is then used tahgemarginal probabilities on the questions. Tgrabability

is then multiplied by the point value for that qus, which is 1 for multiple choice and short aeswuestions.
For example, if the marginal on a question markétth @eometry is 0.6, then 0.6 points are tallied tieat
question. The same is done for all 29 questiorikartest and then the ceiling is taken of the tptahts giving
the final predicted score.

Prior Probabilities

Priors are required for the skill and question rsitkeboth the training and test models. The primed
for the skills in the training model are set at@fér each skill in the training model. This makiee assumption
that it is equally likely a student will know or hknow a certain skill when they start using thetegn. The
questions in the training model are given a 0.18sguand 0.05 slip values. That is, if they do mavk the
skill(s), there is a 10% probability that they vgkt the question correct and a 5% probability thay will get it
wrong if they do know the skill(s) tagged with theestion. For the test model, the questions arengav0.05
slip and 0.25 guess. The guess value is increaseailibe the MCAS test questions used are multiglieehout
of four.

Software Implementation

The main model evaluation and prediction routires wvritten in MATLAB by the first author using
routines from Kevin Murphy’'s Bayes Net Toolkit (BNTPerl scripts were written for data mining and
organization of user data as well as the conversiodatabase skill model tables to Bayesian Intmge
Format (BIF) and then to loadable MATLAB/BNT cod®ortions of the BIF to BNT conversion was faciliat
by Chung Shan’s script. MATLAB was setup and resulére run on a quad AMD Opteron system running the
GNU/Linux platform.

OUTPUT from a single user’s run through the evatuatoutine is show bellow:
[+] Loading bayesian network of transfer model WPI- 106 (Cached)
- Knowledge Components in model: 106
- Questions in model: 2568

[+] Running User Data Miner to retrieve and organiz e response data for user 882
- Number of items answered by student: 225
[+] Crediting scaffold items of correctly answered top level questions

- Items correct before scaffold credit: 109
- Items correct after scaffold credit: 195
[+] Loading inference engine (likelihood weighting)
[+] Entering user answers as evidence in bayesian n etwork
[+] Calculating posterior probability values of Kno wledge Components
[+] Loading bayesian network of MCAS Test model
- Knowledge Components in model: 106
- Questions in model: 30
[+] Loading inference engine (jtree)

[+] Entering posterior probability values as soft e vidence in MCAS Test network
[+] Predicting MCAS Test score from posterior value s of question nodes

[+] Running User Data Miner to tabulate actual MCAS Test score for user 882

[+] Results:

Predicted score: 18
Actual score: 16
Accuracy: 93%

RESULTS

For each student and for each model, we subtracittident’s real test score from our predictedescor
We took the absolute value of this number and aeztdhem to get our Mean Absolute Differences (MA®@)
each model, shown in Figure 5. For each model ividetl the MAD by the number of questions in thst te
get a “% Error” for each model.
[ Figure 5 — Model Performance Results (30 quadist model) ]

MODEL Mean Average Deviance (MAD) % ERROR
WPI-39 4.500 15.00 %
WPI-106 4.970 16.57 %
WPI-5 5.295 17.65 %
WPI-1 7.700 25.67 %




Does an error rate of 15% on the WPI-39 seem isgre of poor? What is a reasonable goal to shoot
for? Zero percent error? In Feng, Heffernan & #ionger (2006a) we reported on a simulation of gjviwo
MCAS in a row to the same students and then usedtest to predict the other and got an approxirhagé
error rate, suggesting that a 15% error rate ikilgpsomewhat impressive.

DISCUSSION

It appeared that the WPI-39 had the best resutimwed by the WPI-106, followed by the WPI-5,
followed by the WPI-1. To see if these “% Errotimbers were statistically significantly differerdr fthe
different models we compared each model with edlbranodel. We did paired-t-tests between the “YoiEr
terms for the 600 students. We found that WPI-8@l@ehis statistically significantly better (p<.00thgn all the
other models, and the WPI-1 is statistically siigaifitly worse than the three other models. Wherovapared
WPI-106 with WPI-5, we got a p-value of 0.17 sudiyesthat WPI-106 was not as significantly bettat the
p=.05 level) than the WPI-5, but it might be difat if we had more data.

After doing this testing we realized that had madmistake by included one short answer question
along with the other 29 multiple choice questiofi$ie inclusion of this item was not a conceptualbpem, but
we re-ran our analysis to see if we would get simibsults, and it would also serve as a sensitanialysis.
Table 6 summarizes the new results

[ Figure 6 — Model Performance Results (29 quagist model) ]

MODEL Mean Average Deviance (MAD) % ERROR
WPI-39 4.210 14.52 %
WPI-5 5.030 17.34 %
WPI-106 5.187 17.89 %
WPI-1 7.328 25.27 %

In the 29 question test model the WPI-39 maintétisigop standing with a MAD of 4.21 and the WPI-1
remains the lowest performing model with a MAD 0828. The subtraction of the short answer testtaqres
resulted in slightly better performance of 5.030 tiee WPI-5 and slightly lower performance of 5.187 the
WPI-106, compared to the 30 question model. Thatility in relative performance of the WPI-5 vs. WE06
reflects the p value of 0.17 calculated above wiétls us that these two models’ results can notlaened as
statistically different, given these tests.

CONCLUSION

It appears that we have found good evidence thatdrained models can produce better tracking of
student performance as measured by ability to pretlident performance on a state test. We hypiatn that
the WPI-106 would be the best model, but that wadhre case, and instead the WPI-39 was the mostate.
We explain our result by first noting that the W33 4s already relatively fine- grained, so we deglgo see that
by paying attention to skill model we can do adwejbb. On the other hand, the finest grained ehads not
the best predictor. Given that each student dig @few hundred questions, if we have 106 skills,are likely
to have only a few data points per skill, so weliedy to be seeing a trade-off between finer-geai modeling
and a declining accuracy in prediction do to lesmgber skill.

We think that this work is important, in that usifitge-grained models is hard, but we need to be bl
show that using them can result in better predictb things that others care about, such as statestores.
The are still several good reasons for psychoniatigcto stick with their uni-dimensional models¢isuas the
fact that most tests have a small number of itemd, they don’t have scaffolding questions that fealp deal
with the hard credit-blame assignment problemsiciigh allowing multi-mapping (allowing a singleugstion
to be tagged with more than one skill).

FUTURE WORK

We also want to use these models to help us réfmenapping in the WPI-106. Furthermore, now that
we are getting reliable results showing the valfighese models, we will consider using these modtels
selecting the next best-problem to present a studéh. There are many ways we could improve this
prediction. Using “time” would be an obvious exd&m, since we are treating all students’ answehgther
collected in September or one week before the tesdlin May, equally (See Feng, Heffernan, Koedinge
(2006b) for some initial work on using “time”. Ledéng parameters of all our models and evaluating
performance gain could also be productive asexitloring the best hierarchy configuration for potidn.
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