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Abstract

Heffernan et al. (2001) have developed an online intelligemtritug system
(the ASSISTment system) for eighth grade mathematicssleadglicitly aligned to
state exam standards. In this paper we assess the utillig &FIINA model (Junker
and Sijtsma, 2001) for diagnosing knowledge components'SKekills, pieces
of knowledge, and other cognitive attributes) that stuslefd and do not have,
based on their interactions with the tutoring system. Inligbplf cross-validation
experiment we found that with 50 or more questions per studencould obtain
70% prediction accuracy. We also found that many studerndsalttained 30%
or less of the KC’s associated with these questions in a Qbrizdsed transfer
model. As expected, the KC'’s students lack are not basicevhomber, addition,
and similar skills, but higher-order symbolic skills suchadgebraic manipulation
and equation solving. Overall, we find that the DINA modelugt€ promising for
on-line KC-based diagnosis and reporting.
keywords: diagnostic assessment, benchmark assessnagmis Ret, intelligent

tutor

1 Introduction

Recently there has been intense interest in using periafichmark tests to predict student per-
formance on end-of-year accountability assessments (O2a05). Benchmark tests are typically
paper-and-pencil tests given at regular intervals, froraghlimes a year to monthly, in order to
predict progress toward proficiency on state accountglekiams. Some benchmark tests also
try to function as formative assessments for teachers,adhb classroom time occupied by the
benchmark test is not completely lost to teachers’ insionel mission. Nevertheless, teachers
may still find the time needed for benchmark tests to be ansitn on instructional time.

An alternative approach may be available when an online,peoen-based tutoring system
is in place. The benefits of online tutoring systems are wetikn: Koedinger, Corbett, Rit-

ter & Shapiro (2000) study classroom evaluations of the @mgnTutor Algebra course (e.g.,



@ Triangles ABC and DEF shown below are congruent.

8 inches

C D F

The perimeter of AABC is 23 inches. What is the length of side DF in ADEF?

Figure 1: A released MCAS item. This item would be renderedimilar format as a “main
guestion” for one ASSISTment item.

Koedinger, Anderson, Hadley, & Mark, 1997; Koedinger, et 2000) and demonstrate that stu-
dents in tutor classes outperform students in control elaby 50-100% on targeted real-world
problem-solving skills and by 10-25% on standardized té&&sk, Peng & Mostow (2003) argue
for a mixed predictivdormative use for benchmarks based on tutor interactiosifogtheir online
reading tutor.

Heffernan, et al. (2001) have developed an online tutoring sy&ieeighth grade mathematics
that is explicitly aligned to state exam standards, anddttékes released state exam questions and
morph$ of them as the main student tasks for tutoring. Their systeoailed the ASSISTmeht
system, since it implicitly assesses progress toward peofiy on the state exam at the same time
it assists student learning in mathematics.

A typical student interaction in the ASSISTment System igtkaround a single released
MCAS item, or a morph of a released item, from the end of yeaoactability exam (the 8th
grade MCAS mathematics exam), for example as shown in Fibufée item would be rendered

in the ASSISTment system in a similar format. This is calléthain question”. Figure 2 gives

In other contexts, e.g. Embretson (1999), item morphs dledcitem clones”.
2Coined by Ken Koedinger, to combine thssistingandassessmeritinctions of the system.



Messages

) . . . Corvesponding sides are congruent
What is the length of side DF in triangle DEF? In the picture below, corresponding sides are colored

Original question

B E
Which side of triangle ABC has the same length = 8 inches /
as side DF of the congruent triangle DEF? A / 4
Hint | 44 . cont y
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MNow, given the perimeter of triangle ABC equals 23 ol theelgperin:leti?’l‘ arerlooxing:or

inches, you can write the equation 2x+x+8=23 and =

J essages
solve it for ®, What is the value of x: S5 ) Sk
Hint |AC 1s equal to 2x?

Good, You've just got the value of x. 10 AC = ﬁf/’_—:“;;
Now you can get the length of side AC. What is it? -— Scaffolding T e s
Remember, we are looking for side DF. Enter the [ auestions AC=10

length of side DF:

Figure 2: Annotated student interaction with the ASSISTnhsgstem, based on the main question
in Figure 1.

an annotated view of the interaction that a student migh¢ hlbased on the main question in Fig-
ure 1. If the student correctly answers the main questioeywamain question is presented. If the
student incorrectly answers, a series of fBalaing” questions are presented, breaking the main
guestion down into smaller, learnable chunks. The studagtrequest hints at any time, and if the
student answers a question incorrectly, a “buggy messagedkto a hypothesized bug or error in
the student’s thinking is presented. Multiple hints on thme question become increasingly spe-
cific. The student repeatedly attempts each question wntict, and then moves on to the next
guestion. Each package of a main question and its assoce##dlds is a single ASSISTment
item.

Two statistical goals for the ASSISTment system are to ptextid-of-year MCAS scores, and
to provide regular, periodic feedback to teachers on howestts are doing, what to teach next,
etc. These goals are complicated in several ways by ASSI8Tsystem design decisions that
serve other purposes. For prediction, the exact conterteoMCAS exam is not known until
several months after it is given, and ASSISTments themselxe ongoing throughout the school

year as students learn (from teachers, from ASSISTmemntictiens, etc.). Junker (2006) reviews



progress on the prediction goal of the ASSISTment projesipgumethods ranging from linear
regression (Anozie & Junker, 2006) and HLM-based growtlveunodels (Feng et al., 2006) to
item response theory (Ayers & Junker, 2006) and Bayes neela@¢Bardos et al., 2006).

In this paper we focus on the goal of diagnosing how studemtsiaing: what knowledge
components (KC’s; e.g. skills, pieces of knowledge, an@iotiognitive attributes) students have
obtained, and what they still need to learn. This goal is atsaplicated by practical features of
the system. Oferent transfer modelsare used and expected byfdirent stakeholders: the MCAS
exam itself is scaled using a unidimensional item respomsery (IRT) model (van der Linden
& Hambleton, 1997), but description and design of the MCABdsed on a five-strand model of
mathematics (Number & Operations, Algebra, Geometry, Mesament, Data Analysis & Prob-
ability) and 39 “learning standards” nested within the fiteisds. In addition, ASSISTment re-
searchers who have examined MCAS questions have developadsder model involving up
to 106 KC’s (WPI-106, Pardos et al., 2006) nested within thde&rning standards, some 77 of
which are active in the ASSISTment content considered iptasent work. To the extent possible,
feedback reports should be delivered at the granularitgebgpl by each stakeholder. Moreover,
scdfolding questions have an ambiguous status in practice: daeybe designed as measures of
single KC’s in a particular transfer model, thus improvingaaurement of those KC's; or they can
be designed to be optimal tutoring aids, regardless of venettey provide information on partic-
ular KC’s in a particular transfer modelFinally, different students work through ASSISTments
at different rates, depending on their own work pace, attendanoed® and the curriculum being
followed by their classroom teachers; consequently theéamental design” and sample size for
diagnosing particular KC'’s varies from student to student.

In this paper we report on an initial use of the DINA (Deterisiilc Inputs, Noisy AND-gate;
Sijtsma & Junker, 2001) conjunctive Bayes net model for a@gndiagnosis with the WPI-106

3A transfer modelspecifies the KC’s needed to solve a problem, and might bedcadth a Q-matrix, as in

Embretson (1984), Tatsuoka (1990) or Barnes (2005).
41t can be argued that good tutorial ficdds do focus on single KC’s or small sets of KC’ssiomerelevant transfer

model, but in a multiple-transfer-model environment fBuld questions need not map well onto KC'ssiveryrelevant

transfer model.



transfer model. In Section 2 we briefly describe our data dbkagesome imputation methods
that are needed for our work. In Section 3 we describe the Difvlel and MCMC estimation
methods for it. In Section 4 we describe some results of m@sitigations: split-half accuracy rates
for predicting correctness of answers to cross-validagiestions, tracking overall, student-level
and KC-level mastery over time, and examining DINA paramegtimates for insights into the
functioning of questions and the transfer model. Finallgéction 5 we discuss some implications

and next steps for our work.

2 Data

The data we consider comes from from the 2004-2005 schoao) tfeafirst full school year in
which ASSISTments were used in classes in two middle schiotite Worcester School district in
Massachusetts. At that time, the ASSISTment system cadairiotal of 493 main questions and
1216 sc#olds; 912 unique students logs were maintained in the systemthe time period from
September to April. Of these, approximately 400 main qoestand their corresponding $icdds
were in regular use. The remaining questions and studeptesented various experimental or
otherwise non-usable data for the studies considered Wereonsider six months of tutor system
data, October 2004 through March 2005. The number of stadargach month ranged from
400 to 600, the number of KC’s studied in each month rangea %06 to 70, and the number of
guestions items studied in each month ranged from 400 t0.1200

Although the system is web-based and hence accessiblencigld anywher@nytime, stu-
dents typically interact with the system during one clasgopén the schools’ computer labs every
two weeks. Because ASSISTment items were assigned randorsiydents within curricula de-
veloped by teachers and researchers, and because styslEmtsarying amounts of time on the
system, the sample of ASSISTment items seen by each stualeed widely from student to stu-
dent. We treat the items that studentsidsee for these reasonsrassing completely at random
(MCAR; Mislevy and Wu, 1996); terms corresponding to MCARalare simply dropped from

the likelihood in the formal modeling below.



Another kind of missing data occurs because, as discuss&edtion 1, the ASSISTment
system employs a forced dsBalding strategy: if a main question is answered incorrestiydents
must complete a sequence of relatedffadding questions; but if a main question is answered
correctly, the corresponding gtald questions are skipped. Missing foéd question responses
are therefore very informative—such responses are missihgif the main question was gotten
right. This is an example of dateot missing at randoniNMAR; Mislevy and Wu, 1996). In
order to capture as much information as possible in estmgatihether or not students possess
particular KC’s, we decided to impute these missing respsiy crediting all sd&old questions
corresponding to each correctly-answered main question.

Underlying this imputation scheme is the assumption thasK&@ the sc#old questions are
necessary for correctly answering the main question. Tdess like a safe assumption when the
main question is tagged with several KC’s in the transfer ehathd each sd¢bold is designed to
measure one of those KC’s. It is a less satisfactory assompitinen scfiolds are designed to be
optimal tutoring aids, or when they were designed withféedent transfer model in mind, since
in that case they may involve KC’s not employed in the mainstjoa (e.g. if the main question
were designed to tap a cross-multiplication skill for pramal reasoning, and a corresponding

scdtold question tapped a coordinated count-up skill instead).

3 Modeling and Estimation

Leti = 1...1 denote studentg,= 1...Jdenote questions, atkd= 1...K denote KC'’s. The basic

ingredients of many cognitive diagnosis models (Junked9) @re the item response variables
Xij = 1 or 0, indicating whether studenanswered questiopcorrectly;

the elements of the transfer model@matrix
Qjk = 1 or 0, indicating whether knowledge componki relevant to questiofy

and the indicators of KC's for individual students

aix = 1 or 0, indicating whether studenpossesses knowledge component

7



3.1 The DINA Model

The DINA model (so named by Junker & Sijtsma, 2001) is a sineplgunctive Bayes net model
for cognitive diagnosis. It has been used as the basis of mppgoaches to cognitive diagnosis
and assessment (e.g. Macready & Dayton, 1977; Haertel,; I2@Suoka, 1990). In the DINA

model, latent response variablgsare defined as

K
& = 1_[ @ik = na%k
k=1

k Q=1
indicating whether examinaehas all the KC's required for questign In Tatsuoka’s (1990) ter-
minology the latent vectors(i, . . ., aij«) are calledknowledge statesnd the vectorss(y, ..., &)
are calleddeal response patterns
The latent response variablgg are related to the observable response variaklewith two

parameters, the slip parameggiand the guessing parametgr

P(X; = 1) = 1-5 ifg=1
g; if & =0

The slip and guessing parameters are related to questibcutty: questions with large; and
smallg; are more diicult than questions with smad| and largeg;. Generally speaking a question
with low s; and lowg; is more discriminating—that is, there is a closer relatiopbetweenx;;
andé;—than questions with largg and largeg;. When boths; andg; are large, this may suggest
either that the question should be rewritten to more cle@pythe relevant KC’s, or the transfer
model @Q-matrix) should be redesigned to associate a more releeanf KC'’s to that question.
Dibello, Stout & Roussos (1995) address similar issues éir ttiscussion of thgositivity of a
guestion with respect to the KC’s it measures.

Given the respons¥;, the DINA model #@ords a natural way to update the odds that a student

possesses KK, using Bayes’ rule (Junker & Sijtsma, 2001, p. 267):

Oddsyfter seeing;; (@ik = 1) = Cij * Oddgyefore seeing; (cic = 1)



where
Sj
1-g;

Cijk = 15—151 if student has all KC’shesides kfor questionj, andX;; = 1;

if student has all KC’shesides kfor questionj, andX;; = 0

1 otherwise.

More details are provided by Junker & Sijtsma (2001) and éu(k999). de la Torre and Douglas
(2004) provide a comparative evaluation of the DINA moddhviihe LLTM (linear logistic latent

trait model); the DINA model worked well even on data simethby the LLTM model.

3.2 The Likelihood, Prior and Posterior

Applying the principle of local independence, as in itenpsse theory models, we can easily see

that the likelihood for the DINA model when all students aeswall questions is

Pl s @)= | [] [s79@-s09]" [@-gygf]™ )

i=1 j: i seesj
where the notationf: i seesj” in the inner product is intended to account for studentskivay
on different subsets of the ASSISTments depending on their wokk jgaenputer lab availability,
teachers’ selection of curricula, etc.: only terms coroeging to questions each student actually
sees are incorporated into the inner product; we are tiggétis kind of missingness as missing
completely at random. Missing d6ald question responses corresponding to correct main ques-
tions are imputed to be correct (see Section 2) and so doffemt &quation 1. We also assume
that each KC has prior probabilify, = P(aix = 1) of being present in the relevant population of
students as a whole.

Following de la Torre & Douglas (2004) we take all prior dilstitions to be 4-beta distribu-

tions. In particular we make the following prior assumptions:
e p¢ ~ beta(11) for all k;

e s; ~ 4-beta(22,0,0.5) for all j;

SA random variablé/ has a 4-beta, 3, a, b) distribution if and only if it can be written 8¢ = a+ (b — a)B, where
B has a beta, ) distribution.



e gj ~ 4-beta(22,0,0.5) for all j;

It is then easy to calculate complete conditional (postgdestributions for each parameter,

given the data and the other parameters:
® Dy~ beta(zi'zl ak+ 1,1 - Zilzl @ik + 1)
o gj ~4-betall_; Xj(1- &) +2,X_1(1- Xj)(1- &) +2,a=0b=05)

o s; ~4-betal_,&;(1 - X;j) + 2, X &;X; +2,a=0,b=0.5)

These make sense intuitively: estimategptlepend on the proportion of students who are esti-
mated to have K&; estimates ofj; depend only on the performance of students who are missing
one or more KC’s for questiofy and estimates af; depend only on the performance of students

who are estimated to have all the KC’s needed for quegtion

3.3 Estimation

Estimation is based on Markov chain Monte Carlo (MCMC) witibls sampling (Patz & Junker,
1999; Junker & Sijtsma, 2001; Gelman et al., 2004; Wasser2@04). Our work is similar
in spirit to Pardos et al. (2006), who used a maximum likedth@pproach, but we go further
in several ways. First, we estimate the population distitiouof KC's, represented by thpy
parameters; second, we let the guess and slip probabilgigsacross questions; and third, we
include a constraint that the guess and slip probabilitiestrine between zero and one-half.

For the first step for each parameter’s Markov chain eachmpetex is drawn from a Unif(Q)
probability distribution, with the exception @f; which is set to 1 for all students and items. It
is recommended in future analyses to begin chain at an dstiofidhe posterior distribution for
parameter or to begin chain with maximum likelihood estesdGelman et al., 2004).

We implemented this Gibbs sampler in the R statistical pgeKa.g., Hornik, 2006). One run
of 1000 steps requires approximately 11 hours on a DELL Xeaegifion 670 linux workstation
(clock speed 3.6 GHZ). In general the first 500 steps weréeitieas burn in and we retained all
other steps for posterior inferences. Visual inspectiotimé series plots of the MCMC output

indicated good convergence to the stationary distribution
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4 Results

4.1 Item Prediction

To evaluate the accuracy of estimation of KC’s for indivitktadent we conducted cross-validation
experiments with each of the six monthly data sets (Octobé# 2hrough March 2005) available
for analysis, after imputing correct responses to notiredscéold questions (see Section 2).

We divided each month’s data intoti@ining data setand atest data seteach consisting of
random halves of that month’s main questions andfsigs. Students with no data in either the
training or test data set were omitted from both data setthétrmonth. Overall, student sample
sizes for each of these 6 pairs of data sets ranged from a maxamound 650 each in October to
a minimum around 435 each in March. The number of KC’s asdassged from a minimum of
56 in October to a maximum of 77 in March. The number of quest{onain and sdéold) ranged
from a minimum of about 240 in October to a maximum around &3@arch.

We estimated the DINA model as described in Section 3 usiadrtdining data set to obtain
per-student MAP (mode a-posteriori) estimates for each&C= 1 iff P(ai = 1| the data)> 0.5
as estimated from the MCMC procedure. Responses to qusstidhe test data set were then
predicted using the rule

X =1 iff ﬁ&i‘ﬁik =1
k=1
Note that this prediction assumes tisat= g; = O for all questions in the test data set. In our
cross-validation scheme there is no opportunity to préate questions in the training data set,
so this seemed like a reasonable assumption. Finally, girediaccuracy for each studeints
simply calculated as normalized complementary Hammingudce,
1 -
T - t;;“ng Sefl — [Xij = Xijl),

whereT; is the number responses from studieintthe test data set.

Figure 3 illustrates the result of this procedure for theadDet, November and December data
sets (top, middle and bottom panels). In each panel, thegrestn on the left shows the distribution

of prediction accuracies for all students in the training testing data sets. In the scatter plot on
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the right, each student is plotted according to the numbeegponses in the training data set
for that studentX-axis) and the prediction accuracy for that student in teedata setY-axis).
Thus, students with a low number of training responses hes@igiion accuracies fully ranging
from 0% to 100%, whereas students with a high number of iginesponses have more stable
prediction accuracies above 50%. The colors in these sgdtts indicate the number of responses
for each student in the testing data set, to give a sense ahttertainty in the estimated prediction
accuracies. Figure 4 provides similar information for theeé spring months, January, February
and March.

In the Fall the average accuracy of prediction for questioglsl out for cross validation is
relatively good: 69%, 72%, and 73% correct predictions fotaDer, November and December,
respectively (Figure 3). In the Spring average predictioougacy for questions held out was
slightly lower: 69%, 68%, and 70% for January, February, Bfaich respectively (Figure 4).
Anozie & Junker (2006) noted a similar but more severe dipdcueacy for predicting MCAS
scores from ASSISTments around February in the same dathegtonjectured that this dip was
due to a diferent experimental “forced s€alding” regimen that was tried out in that month in live
ASSISTment sessions.

Greater prediction accuracy in the fall may be due to thetfedtstudents possess fewer KC's,
so that the base rate of incorrect responses is higher: nthael also tends to predict incorrect
responses it will tend to be right. The base rates of incoremponses decrease toward 50% as the
school year progresses, making it much harder to accurnatetlict responses unlessandg; are
truly near zerb. Prediction accuracy might be improved by pre-calibraspgndg; parameters
for the test data set, rather than assuming they were all hagrovements in the transfer model,
and greater focus of sffald questions on measurement rather than tutoring, mayhalgo

Nevertheless, this is already a potentially powerful tawlteachers. Prediction accuracy of

around 70% is high enough that reporting the underlying k@& students do and don’t know

8if by the end of the year, the base rate of incorrect resporseedsed to near zero, then the model could be
accurate again by predicting the base rate response. Hovetwdent do not appear to master more than about 50-

60% of the KC's in this domain by year’s end (see Figure 5).
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would probably be informative for teachers’ lesson platang for review topics, etc., combined

with teachers’ prior knowledge of students.

4.2 Tracking student learning over time — Overall

We can also examine the proportion of KC'’s learned by eadtfestiin each month. For this, we
usedall of the post-imputation data available in each month, ongtstudents from each monthly
data set who had no response data at all in that month.

We estimated the DINA model as before, on these larger mpdtth sets, and from the esti-
mated model we computed posterior 95% credible intervakhoprobabilitie®[ai = 1|the data].
We declared studemtto have mastered K&, if both I5[aik = 1| the data]> 0.5, andthe equal-
tailed 95% posterior interval for this probability did natrg¢ain 0.5.

Figure 5 shows the overall average number of KC’s mastereadlllsgudents, using this crite-
rion, for each month. There is a steady rise in learning dweicburse of the fall months, a small
slump after the winter break, a precipitous drop in Febraeralso noticed by Anozie & Junker
(2006), and a recovery in March. At no time is the average gntogn of KC'’s learned above 45%.

Figure 6 breaks the data in Figure 5 down into proportion ofs¢@astered by each individual
student. Students are ordered along Xaaxis in each panel of Figure 6 in increasing order of
KC’s mastered in October. Aside from the overall trends a&lsible in Figure 5, we can see that,
as the school year progresses, (a) KC mastery generalbases for most students (except for the
February drop), and (b) students become more similar to nathar, with respect to proportion

of KC’s learned.

4.3 Tracking student learning over time — By Knowledge Compaoent

Figure 7 breaks Figure 5 down by KC. Abbreviated names forki&s are labeled across the
X-axis; for clarity the full names of the KC’s are also listedTiable 1. Only 58 KC’s could be
compared across all six months of data. Above each KC areadorex] dots labeled with the

month letter: (O)ctober, (N)ovember, (D)ecember, (J)ayu#)ebruary, or (M)arch, indicating

15



Tracking Overall Learning Over Time
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Figure 5: Proportion of KC’s mastered, averaged over alflestts in each month (see text for
definition of mastery).
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colored curves correspond tdidirent months.
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Tracking student Learning Over time- By Knowledge Component
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Figure 7: Proportion of students mastering each KC in eachtim(see text for definition of

mastery). Full names of KC’s are listed in Table 1. KC’s astelil in increasing order of mastery
as of October 2004. Colored dots indicate proportion ofettslwho mastered each skill in each
month (months indicated by letter in dot).

the proportion of students we estimate to have masteredta each month.

There is evidence of both learning and forgetting in Figurk&@’s that are easy throughout the

year include Addition, Integers, and Multiplying Positisad Negative Numbers. KC'’s that are

difficult throughout the year include Combinatorics, LiridaegVolume Conversion, and Venn

Diagrams. KC'’s on which students generally improved thtuug the year include Rounding,

Subtracting Decimals, and Finding Percents. KC’s on whiadents seemed to fall down by the

end of the year included Making Sense of Expressions andtiegsaand Fractions.

Despite the ambiguous picture of learning in Figure 7, theia fact evidence that students
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| KC Definition | KC Definition
1 | Combinatorics 30 | Transversals
2 | Graph.Shape 31 | Percents
3 | Linear.Area.Volume.Conversion 32 | Fraction.Multiplication
4 | Mean 33| Sum.of.Interior.Angles.Triangle
5 | Number.Line 34 | Perimeter
6 | Probability 35 | Proportion
7 | Fraction.Division 36 | Area
8 | Inducing.Functions 37 | Supplementary.Angles
9 | Rounding 38 | Pattern.Finding
10 | Scientific.Notation 39 | Properties.of.Geometric.Figures
11 | Subtracting.Decimals 40 | Multiplying.Decimals
12 | Finding.Percents 41 | Square.Root
13 | Reciprocal 42 | Reading.graph
14 | Isosceles.Triangle 43 | Equivalent.Fractions.Decimals.Percents
15 | Interpreting.Numberline 44 | Of.Means.Multiply
16 | Symbolization.Articulation 45 | Point.Plotting
17 | Algebraic.Manipulation 46 | Equation.Solving
18 | Evaluating.Functions 47 | Multiplication
19 | Congruence 48 | Triangle.Inequality
20 | Order.of.Operations 49 | Addition
21 | Transformations.Rotations 50 | Division
22 | Pythagorean.theorem 51 | Substitution
23| Venn.Diagram 52 | Exponents
24 | Divide.Decimals 53 | Equilateral.Triangle
25 | Discount 54 | Ordering.Numbers
26 | Interpreting.Linear.Equations 55 | Making.Sense.of.Expressions.and.Equations
27 | Sum.Of.Interior.Angles.more.than.3.Sides 56 | Fractions
28 | Subtraction 57 | Integers
29 | Percent.Of 58 | Multiplying.Positive.Negative.Numbers

Table 1: Full names of the knowledge components (KC's)disteFigure 7.
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are learning, in part due to normal classroom experiengesjrapart due to the ASSISTments
tutor itself (Razzaq, et al., 2005). Some of the masteryregéés shown in Figure 7 are based
on relatively small student and item sample sizes within iqadar month, and therefore have
not moved the posterior probability of posessing the KC epipbly from the prior value of 0.30,
which does not meet our criterion of mastery. However, oahais does not yet take into account
the fact that in previous months students may have shownenyast a KC. We are currently
investigating two approaches to incorporating this infation: one is to use the previous month'’s
proportion mastered as the prior probability of posessimcheKC when estimating the DINA
model in the current month; another is to model each KC indiea, as a two-state Markov chain
with a transient “unlearned” state and an absorbing “lediretate, by analogy with the knowledge
tracing algorithm of Corbett, Anderson & O’Brien (1995).

4.4 Evaluating the quality of questions and transfer model

Our analysis is also informative about the nature of thesfiemmodel and its use in tagging ques-
tions with KC'’s.

Consider, for example, Figure 8, which shows a main ASSISTmeestion and its associated
scdtold questions. Figure 9 shows posterior boxplots for thedirameters for the main question
and each sd#old question, estimated from each of our six monthly data. deigure 10 gives the
analogous plots for the guessing parameters for these sa@seans.

To the extent that the sftalding questions have lower slip and guess parameters lieamain
guestion, they are more reliable indicators of the KC tha&mtlain question is. DiBello, Stout and
Roussos (1995) refer to this increased per-item relighititmeasuring KC’s as “high positivity”
for the transfer model.

However, another phenomenon appears in Figures 9 and 10lagnweaost months, the slip
parameter decreases, and the guessing parameter in¢feasesne scold question to the next.
These trends tell us that the ficdds are getting successively easier, perhaps reflectmdatit
that the student does not have to re-parse the problem swetagoh¢she has parsed it for the main

guestion (and perhaps the first fo#d), andor a practice ffect with the KC. This reflects a validity
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AT C. { Table 1: Which graph
I ,' . - ',1 ’" . above contains the points
: in the table below?
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. Let’s go through the steps for solving
the problem. The first point in the ta-
ble is (-2, -3). The x-coordinate is neg-
ative and the y-coordinate is negative.
If vou plotted this point, which quad-

rant wouild it be in?

2. Good. The next point is (-1, -1). Which
quadrant would this be plotted in?

T 3. Okay. The final point is (1, 3). Which
quadrant is this point in?

. Great. You know that the correct graph

has a line that passes through the first

I
|
[ 2% |
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=
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and third quadrants. That means you
can eliminate some choices. Based
on the location of the plotted points,
which graph do you think is the correct

one?

Figure 8: lllustration of an ASSISTment main question (ta@fhwith its associated séald
guestions (bottom half).
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Scaffold 1: Let’s go through the steps for solving the problem.

The first point in the table is (-2, —3). The x—coordinate
is negative and the y—coordinate is negative. If you plotted
this point, which quadrant would it be in?

Scaffold 2: Good. The next point is (—1, —1). Which quadrant
would this be plotted in?

Scaffold 3: The final point is (1, 3). Which quadrant is
this point in?

Scaffold 4: Great. You know that the correct graph has a line that passes
through the first and third quadrants. That means you can

eliminate some choices. Based on the location of the plotted points,
which graph do you think is the correct one?

Figure 9: Posterior boxplots for slip parameter estimdiasthe main question and dtalding
guestions for Figure 8. The line in the middle of the box reprds the posteroir median, the
edges of the box the posterior'®2and 79" percentiles, and so forth.
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Figure 10: Posterior boxplots for guessing parameter eséisy for the main question and scaf-
folding questions for Figure 8. The line in the middle of thexlvepresents the posteroir median,
the edges of the box the posteriof2&8nd 79" percentiles, and so forth.

decision about the “completeness”, to use DiBello et al296) term, of the transfer model: there
is a tradef to make between developing a more complete list of KC’s ah@rotleterminants

of student performance (reducing biases in assessing ehEtB's have been learned or not),
vs. having little unique information about each individeamponent of the model (increasing

uncertainty about whether KC’s have been learned or not).

5 Discussion

The ASSISTment System was conceived and designed to hedpratan teachers address the

accountability demands of the public education system oways. First, ASSISTments provide
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ongoing benchmarking of students that can be used to psdicess on end-of-year accountability
exams, while providing some instructional benefit—not iatle spent with ASSISTments is lost

to testing. Second, the system can provide feedback togeaom students’ progress in specific
areas or on specific sets of KC's. Anecdotal evidence sugdleat teachers are positive about
the system, and students are impressed with its abilityattkttheir work. Previous work, e.g. as

surveyed by Junker (2006), has concentrated on the statiptioblem of predicting end-of-year

MCAS exam scores form ASSISTments data.

The present paper turns to the other task, that of diagnasidgreporting achievement of
students learning particular knowledge components (Ki@'s) transfer model. Figure 11 shows
a knowledge components report for teachers, based onioggdiaming the most diicult KC
involved in each correficorrect ASSISTment question (similar to Fengflidenan, Mani & Hef-
fernan’s, 2006, max-tliculty reduction of the transfer model). This approach d¢yaander-credits
less-diticult KC'’s involved in multiple-KC items. Use of the DINA mobjas illustrated in this pa-
per, has the potential to more accurately diagnose whetihéeists do or do not possess particular
KC’s in a transfer model.

As such, we plan to turn to the problem of developing repakes Figure 11 from the DINA
model. In order to do this, we will have to speed up estimabbKC'’s; current MCMC methods
using the DINA model are quite slow. On the other hand, pestapne of the suggestions of
Junker & Sijtsma (2001) for data summaries that are relesfaotit KC acquisition will be helpful
to us.

A further refinement of the DINA approach, now under investign, combines the knowledge
tracing algorithm of Corbett, Anderson & O’Brien (1995) wiBayes Net (DINA) models (Junker
& Sijtsma, 2001). This has the potential advantage of smogtaver artificial backsliding such
as the February dip in the 2004—-2005 data we consideredifopaiper.

Another aspect of the project is that the ASSISTment systerst iIserve a variety of stake-
holders, and not all of them need or want reports at the sawet ¢é¢ granularity. Indeed, the
ASSISTment project has worked with fourfidirent transfer models, from a one-variable Rasch

model, which is likely best for predicting MCAS scores, tod%1KC Bayes Net model, which may
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Figure 11: Classroom-level KC’s report for teachers in tf@&SASTment system. Student-level
gradebook information is also available in the system.
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be closer to optimal for providing teacher feedback. As tiESATment system is considered in
multiple States and other jurisdictions, additional tfansnodels will be needed, that are aligned
to those States’ learning standards.

The multiple transfer-model problem becomes more acuteebesidering the information
that sc#fold questions provide for inferences about students. It beagossible to write sékld
guestions that tap one KC at a time in a particular transfetehdut the same questions may tap
more than one KC at a time in a finer-grained transfer modethey may tap bits and pieces of
KC'’s in a transfer model that is not a proper coarsening oneefient of the transfer model used to
develop the sd#old questions. In addition, question developers sometinrée scdfolds based
on KC-related goals, and sometimes based on tutorial glmalexample reframing part or all of
a question to look at the same KC in ddrent way. This may make KC learning look look less
stable than it really is, since students’ KC-related betraig also influenced by thefectiveness
of the tutorial reframing. In part to understand this, we argrently building some true one-KC

guestions to investigate the stability of KC’s across goest
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