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ABSTRACT

We present a machine-learned model that can auitcatiat
detect when a student using an intelligent tutosystem is
off-task, i.e., engaged in behavior which does ingblve
the system or a learning task. This model was dgesl
using only log files of system usage (i.e. no screapture
or audio/video data). We show that this model cathb
accurately identify each student's prevalence dftagk
behavior and can distinguish off-task behavior framen
the student is talking to the teacher or anothefesit about
the subject matter. We use this model in combinatiith
motivational and attitudinal instruments, develagpim
profile of the attitudes and motivations associatéth off-
task behavior, and compare this profile to théuatés and
motivations associated with other behaviors inlligent
tutoring systems. We discuss how the model of adkt
behavior can be wused within interactive learning
environments which respond to when students ar&asK.
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INTRODUCTION

In recent years, there has been considerable iatietd

modeling and understanding the behavior of studests
they use interactive learning environments [cf.,8%.

However, the vast majority of this past work hasufed

specifically on how students choose to act withire t
software. A student’s behavior outside of a systeay also
affect how well the student learns from the sofevar
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One such type of behavior that may affect students’
learning is off-task behavior, where a student detety
disengages from the learning environment and task t
engage in an unrelated behavior. Examples of sK-ta
behavior include talking to other students aboutelated
subjects [7], disrupting other students [31], aodisg the
web [7].

It has been hypothesized that off-task behaviasg&ociated
with poorer learning [12], but this hypothesis loaty been
studied to a limited degree within learning envir@nts. In
one study, Baker and his colleagues [7] reported offf-
task behavior was not significantly correlated tovér
learning within Cognitive Tutor software [cf. 2].0Mever,
a later meta-analysis by the same research grddpJ6d a
statistically significant negative correlation betm off-
task behavior and learning. Hence, it may be ptsgd
make Cognitive Tutors — and other types of intévact
learning environments — more educationally effextily
detecting and responding to off-task behavior.

It is worth noting that off-task behavior occurs nmany
types of interactive systems beyond just educationa
software. Many technology-supported tasks, from
conducting surveillance with video [cf. 14] to drig a car,
depend on a continually engaged user. Such systegig
also be more effective if they could detect whegirthiser

is not paying attention to the task at hand.

Detecting whether a student is off-task, in a claes
setting, is likely to be a challenging task. In ghty
instrumented setting, with microphones, gaze tnagker
fMRI machines, it might be relatively easy to detare
whether a student is off-task. However, such eqaipnis
not available to most schools; for a system to haehy
useful, it must detect off-task behavior using datly from
students’ actions within the software. It has bfsemd that
recognizing a user’'s intentions solely from his toer
actions within a system can be quite challenging];[2
however, off-task behavior detection need not béeptin
order to be useful. In existing learning environtieased
school curricula, the responsibility lies entirelyjth the
teacher to detect and respond to when studentsfiatask.
Teachers cannot observe and interact with eveidestuat
the same time. By contrast, an off-task behavideaer
built into the learning environment can observe reve
student at every moment. So long as the software’s



response takes into account the possibility of refro
sensitive adaptations to each student’s degreeffafsk
behavior become possible, with
substantially improving students’ learning expecies and
outcomes.

In addition, recent work to detect and improve stud’

motivation and affect [e.g. 16,18] may benefit from

information on when a student is off-task, sincétagk
behavior is likely to be related to motivation aaftect.

In this paper, we present a machine-learned modthv
can determine whether a student is off-task, usinly data
from students’ actions within the software — thedelauses
no audio or video data. We compare our model toodeah
which simply treats idle time as off-task, and shbwat the
machine-learned model is more accurate. Then, \ab/z®
the features that make up the model, in order tterstand
the model better.

Next we examine data from attitudinal and motivadio
surveys, in order to see what factors are assaocisith the

choice to spend more or less time off-task. We also

compare these factors to the factors associateld thi
choice to game the system (“attempting to succeedni
educational environment by exploiting properties tbé
system rather than by learning the material ariddrio use
that knowledge to answer correctly”). Gaming thstem in
Cognitive Tutors consists of behaviors such asesyatic
guessing and persistent overuse of hints, and leasbaen
shown to be significantly associated with pooreariéng
[6,7,8]. We conclude with a discussion of potentialys
that interactive systems can respond to a studEnggff-
task, considering in particular the challenge afprnding
in a way that does not reduce off-task behaviaghatcost
of an increase in gaming the system.

DATA

Data from five studies, conducted between 2003-20G5
used in our investigation of students’ off-task d&ébr as
they used Cognitive Tutor software.

Each of the studies presented in this paper wagdumed in
mathematics classrooms using Cognitive Tutor sofwa
popular type of interactive learning environmentwnased

by around half a million students a year in the USA

Cognitive Tutor curricula combine conceptual instion
delivered by a teacher with problem-solving wheeshe
student works one-on-one with a cognitive tutorsygtem
which chooses exercises and feedback based onnagun
model of which skills the student possesses [2kckeen
shot of a Cognitive Tutor is shown in Figure 1.

Each study was conducted in the Pittsburgh subwritisin
classrooms that had used Cognitive Tutors withiairth
regular curriculum for several months. None of shedies
involved gifted or special needs students. Threethaf
studies involved a tutor lesson on scatterplots;atiner two
studies involved tutor lessons on percents and g&gm

the potential of

Figure 1: A screenshot from a Cognitive Tutor lessw.

The five studies shared the following general deskach
student in each of the five studies first viewedaptual
instruction on the upcoming tutor lesson, deliveréa a
PowerPoint presentation with voiceover and someplem
animations. After viewing conceptual instructionack
student used the tutor for around 80 minutes (ac2osr 3
class periods).

Data about learning was collected using pre- arsd-{@sts
given before and after the students used the Cugnit
Tutor. Two essentially isomorphic problems were
constructed for the tests, for each lesson. Eagblgm was
used as a pre-test for half of the students, aral @sst-test
for the other half. The problems were designedxerase
the key skills involved in the lesson (approximgteix per
lesson), and were graded in terms of how manyeskills
a student successfully demonstrated. The test itesed in
each study are given in [4].

Within each of the studies, quantitative field alséions
[cf. 7] were used to assess each student’s frequeoff-
task behavior. Each student’'s behavior was systeatigt
observed a number of times (around 8-10 times fal)to
during the course of multiple class periods, by ofithree
observers. In each 20 second observation, stucdravinr
was coded as corresponding to one of a set of aadsy
including off-task behavior, on-task conversatiamrking
in the tutor, and gaming the system [cf. 7]. Ofka
behavior included off-task conversation (talkingoab
anything other than the subject material), off-taskitary
behavior (any behavior that did not involve theotirtg
software or another individual, such as readingagamine
or surfing the web), and inactivity (such as stgrinto
space, or the student putting his/her head dowthemlesk,
for at least 20 seconds — brief reflective pauses student
actively using the software were not counted astask).
Gaming the system was not treated as a type ofask-
behavior; within the observations, it was a segarat
category.



Across studies, most of the observations wereezhout by
a single observer. However, an inter-rater religbfiession
was carried out in 2004. In this session, two oleysr
classified the same student at the same time.-tater
agreement as to whether a behavior was off-tagkirga
the system, or other categories of behavior wasorebly
high — Cohen’s [15k = 0.74.

In addition, within two of the studies, motivatidnand
attitudinal questionnaires were given to
understanding of why students choose to game tstersy
In this paper, we will use these questionnairefdlp us

understand why students decide to engage in dff-tas hidden

increase

MODELING OFF-TASK BEHAVIOR

Model Structure

Latent Response Models [22] were used as the tgtatis
basis for all of the detectors of off-task behavd@cussed
in this paper. Latent Response Models have theradga

of easily and naturally integrating multiple datusces, at
different grain sizes, into a single model. In &iddi, they

were used as the basis of successful detectoramfng

behavior, within the same data [5,6].

A detector of off-task behavior, in the framewoded here
(shown in Figure 2), has one observable level amdl t
(“latent”) levels. In a behavior detector's

associated with off-task behavior and gaming trstesy.

A final source of data that we will use to undemstaff-
task behavior is data from student log files asdfuslents
used the tutoring software. Across the five studié29
students performed between 50 and 500 actionseitutior
in each lesson, for a total of 128,887 tutor actitue to
data loss, data from 11 other students could naidesl).
For each student action recorded in the log fieset of 26
features describing that student action were HidtilThese
features included

frequently each of n students is off-task; thossessments

are labeled OFY... OT},. The detector's assessments for
each student can then be compared to the observed
proportions of time each student spent off-tasky.OOT,.

The proportion of time each student spends off-tesk
assessed as follows: First, the detector makesirar{)
assessment as to whether each individual studdinac
(denoted SAy) is off-task. From these assessments,
OT,...0OT', are derived by taking the percentage of actions
which are assessed to be off-task, for each student

Details about the action, such as whether the ractio An action is assessed to be off-task or not, bynatfon on
was correct, the type of interface widget involvadd ~ Parameters composed of the features drawn from each
whether this was the student's first attempt on the@ction’s characteristics. Each parameter in a catel
problem step model is either a linear effect on one feature §eameter

Assessment of the probability the student knew thevaluea; multiplied by the corresponding feature value-X
skill involved in the action a; X;), a quadratic effect on one feature (parameterea|
A hybrid feature (nonintuitively called “pknowretjo ~ Multiplied by feature value X squared —aX;%), or an
previously found useful for modeling gaming behavio interaction effect on two features (parameter vahje
[cf. 5] — pknowretro is the probability the studémiew multiplied by feature value ;Xmultiplied by feature value
the skill if that probability changed on the cutren Xj;—aXiX;).

action (the first opportunity to practice the cutrekill

on the current problem step), and -1 otherwise.

Time taken, considered in three fashions

o How many seconds the action took.

o0 The time taken for the action, expressed in
terms of the number of standard deviations
this action’s time was faster or slower than the
mean time taken by all students on this
problem step, across problems.

0 The time taken in the last 3, or 5, actions,
expressed as the sum of the numbers of
standard deviations each action’s time was
faster or slower than the mean time taken by
all students on that problem step, across
problems. (two variables)

Details about relevant previous interactions, idiig

the number of errors and help requests the student
made on this problem step across problems, and how
many recent actions involved this problem step.

Figure 2: The architecture of the
off-task behavior detector.

The full list of features is given in [4].



An assessment SAas to whether action m is off-task is
computed as SA=ag Xp +a; X1+ a, Xo+ ... +a, X,
wherea; is a parameter value and X the data value for
the corresponding feature, for this action, in tbe files.
Each assessment gAs then thresholded using a step
function, such that if SA £0.5, SA, = 0, otherwise
SA', = 1. This gives us a set of classifications ,Sfsr
each action within the tutor, which are then usedreate
the assessments of each student’s proportion ofaskf
behavior, OT...OT,, . We can then assess a model's
goodness of fit by calculating the correlation bestw
OTY%...0T},, and the original observed data QTOT,..

Time-Only Modeling

Within this (or any) modeling approach, the simplasd
most straightforward way to determine whether aest is
off-task is probably to set a cut-off on how muahd an
action should take and treat all actions that takger than
that cut-off as off-task. Approaches similar tosthiave
been used to determine whether a student is afiegniut
complete a problem by guessing [9], and to detesnfira
student is reading hints carefully [cf. 24]. Iistingly, that
prior work viewed time in the opposite fashion thaould
be appropriate in this situation, looking for angoshorter
than a time cut-off, rather than actions longemtlaatime
cut-off.

If we use a single-parameter model which determihas
action is off-task, using only the time taken foatt action,

it fits well to the data, achieving a correlatiof @47
(between the model’s predictions of each studesff:sask
frequency and the frequency found in the original
observations). According to this model's bestiiitti
parameter value, actions which take longer thaseg®nds
are off-task. This model is also not overfit; a fb@
student-by-student cross-validation achieves anragee
correlation of 0.44 across test sets.

Alternatively, it may be that we can get a bettierbly
taking the average time for each problem step actmunt
(since it is conceivable that some students maijitegtely
need 80 seconds to input an answer on specific stegi
are quite difficult or involve considerable caldida).

each action. Considering each action’s time in dbetext
of the distribution of time students take on thé&vant
problem step does not appear to perform substhritietter
than considering time in an absolute fashion.

However, it may be that off-task behavior manifétsislf in

a more complex fashion than this within the tutgrin
environment. In the next section, we will considdrether

a model trained using a fuller set of features @etrect off-
task behavior better than a model based just o eac
individual action’s time.

Multiple-Feature Models

Model Selection Process

Within the model structure described above, thera very
large space of potential models that may potegtiall
describe student behavior (if any model with 1-fapzeters
is permitted, approximately ¥dmodels are possible). A
combination of Fast Correlation-Based Filtering]f3and
Forward Selection [26] was used in order to effitie
search this space of models, as follows: Firstet of
single-parameter models were selected, such that:

1. Each single-parameter model was at least 60% as
good as the best single-parameter model found (in
terms of linear correlation to the observed data).

If two parameters had a closer correlation than 0.7
to each other, only the better-fitting single-
parameter model was used.

Once a set of single-parameter models was obtageazh
model was expanded, by repeatedly adding the patent
parameter that most improved the linear correlation
between the model's assessments and the origirtal da
using lterative Gradient Descent [11] to find thestvalue

for each candidate parameter. Parameters were &oldee
model until adding a parameter worsened the model's
performance in a student-by-student 10-fold cross-
validation. 10-fold cross-validation is equivaleéatdoing a
training set/test set validation ten times. Pseade®f this
algorithm can be found in [4].

Hence, we can set up a single-parameter model whicfMode! Accuracy

determines whether an action is off-task, using tihee
taken for that action, expressed in terms of thebmr of
standard deviations the action’s time was fasteslower
than the mean time taken by all students on thevael
problem step, across problems. This model alsont to
the data, achieving a correlation of 0.46. Accogdio this
model’s best-fitting parameter value, actions whieke
more than 3.8 standard deviations longer than nloarea
off-task. This model is also not overfit; a 10-fottloss-
validation achieves an average correlation of (adfoss
test sets.

Hence, it appears that it is possible to creatseduli model
of off-task behavior just by considering the tinaken on

The best-fitting multiple-parameter model fits wadl the
data, achieving a correlation of 0.62. The modehikily
overfit; a 10-fold cross-validation achieves an rage
correlation of 0.55 across test sets. However, entiere is
some decrease in performance in cross-validatibe, t
cross-validated performance of this model is suttistiy
better than the single-parameter time-only modelsich
had cross-validated correlations of 0.44 and 0.4%)s

1 In the implementation of Fast Correlation-Baselefing used
within the research presented here, linear coroelas used as the
goodness-of-fit measure rather than entropy, aoweeall model
architecture is based on linear correlation.



indicates that the full model is likely a bettepknation of behavior; hence, 0.039 additional correlation isated by
the data than the time-only models. adding this parameter to the model.

Overall, then, the multiple-parameter model is effee at The third parameter identifies specific situatiovisere off-
determining how much each student is off-task.dditéon, task behavior is more or less likely. A studeness likely
this model is effective at determining how much lkeac to go off-task when they are inputting a stringd dmow
student is off-task, relative to other students. thie the step well (inputting a string corresponds teceg
observers found that student A was off-task motenothan problem features, for example which variable tacelan a
student B, the multiple-parameter model agreed 88%e graph). A student is more likely to go off-task whthey

time. are inputting a string, and have already made aor.er
Adding this parameter to the model adds 0.023 ® th
Model Details model’s cross-validated correlation.

The best-fitting multiple-parameter model is mageofi six
parameters. We will discuss these parameters irottier

they were selected by the model; in the framewas&du o
here, each parameter after the first parameter rbast parameter indicates that repeated help-requestscareff-

understood in the context of the parameters alread);aSk behavior, re_,-ga_rdless of how fast or slow ey The
selected. The full model is given in Table 1. fifth parameter indicates that two or more errorshelp

requests in a row are associated with off-task \iera
The first parameter involves very fast actions irdiately Because the fourth parameter is already in the mthie
before or after very slow actions. This represehés fact parameter likely focuses on errors, suggesting Saae
that consistent very slow actions may indicate dpefi- level of carelessness may be associated with skf-ta
task, but may also indicate careful thought or easking behavior. (Note that two errors do not make up teepa of
the teacher for help. Careful thought or asking lieip systematic guessing as seen in ‘gaming the sysfgn’
would probably not lead the student to work extrdgme The sixth parameter, making many errors on skilislents
quickly right before or after a long, thoughtfultiag. generally know before starting the current tutesta, also
Hence, slow actions right before or after fast adi is seems to be indicate a general pattern of caredsssn

more indicative of off-task behavior than slow an#
alone. Taken alone, this parameter, when 10-folmsser
validated, achieves a correlation of 0.483 to thegudency
of off-task behavior; hence, it already performtdrethan a
model which labels all actions longer than a ciitasf off-
task.

The fourth through six parameters together add 6r099
to the model's cross-validated correlation. The rtiou

Overall, then, off-task behavior occurs in the tutot just

as slow actions, but as co-occurrence of very slod/very
fast actions. In terms of student motivation, @ik
behavior appears to be associated with carelesssacand
possibly also with avoiding help [cf.1]. This patteof
behavior, though it has some commonalities with the
The second parameter indicates that if the cumetion is knowledge-engineered time-only model of off-task
extremely slow or extremely fast, the evidence that an behavior, represents off-task behavior in a morbtlsu
off-task action is even stronger. This featureamewhat  fashion than the time-only model, and thus addsuo
similar to the single-feature models consideredvabdhe understanding of off-task behavior in a way thatdelo
combination of the first two parameters achievgsrass- cannot.

validated) correlation of 0.522 to the frequencyotfftask

Additional
cross-val
param 1 param 2 value Interpretation correlation
OT: Very fast actions immediately before or aftery| 0.483
F1 timelast3SD timelast5SD -0.08slow actions
F2 timeSD timeSD 0.0183 OT: Extremely fast actionsxdiremely slow actions| 0.039
OT: Less likely on well-known string-input steps 0.023
F3 string pknowretro -0.36 OT: More likely when inputting a string after error
F4 notfirstattempt | recent8help -0.38 Not OT: Askiaga lot of help 0.004
OT: Two errors or help-requests in a row 0.004
Not OT: Errors or help requests on skills the shide
F5 notright pknowretro -0.16 has already mastered
generally- OT: Indicated by many errors on skills students001
F6 pctwrong known 0.04| generally know prior to starting this lesson

Table 1.The model of off-task behavior (OT). In all caggaram1 is multipled by param2, and then multipled/ddue.



Does this model distinguish on-task conversation from off-

task behavior?

One important goal for a model of off-task behav#that
it should effectively distinguish off-task behavidrom

other types of behavior that occur outside of th&tesn —
for example, on-task conversation (defined asnglko the
teacher or another student about the subject rahtarithe
tutoring system). A sophisticated system shouldrespond
in the same way to a student asking a peer oeteher for
help, as it would to a student going off-task. Huere there
is some risk that a system may not be able tongjsish
between these categories of behavior just fromfileg of

the student’s behavior within the tutor.

Fortunately, data is available to investigate waetthe
model of off-task behavior can distinguish thesbawéoral
categories. Talking to the teacher or another siiudbout
the material was one of the categories of behavioded
within the original observations, in each of thedses.

Within the model, there is some correlation between
observed on-task conversation and the model’s giieds

of off-task behavior for each student, r= 0.16,
F(1,427)=11.32, p<0.001. Since there is no coliat
between these two categories of behavior in
observational data, r=-0.04, this is evidence thatmodel
does not completely distinguish between these ostegof
behavior. However, the correlation between obsemved
task conversation and the model of off-task behaigo
much lower than the cross-validated correlationwben
the model of off-task behavior and the observedtastk
behavior (r=0.16 versus r=0.55), t(426)=6.85,p<0,d6r a
test of the significance of the difference betwed®ro
correlation coefficients for correlated samplesnéte the
model of off-task behavior does appear to succlgsfu
distinguish between these two categories of behabiat
does not achieve complete success in doing so.

Interestingly, the model of off-task behavior thelies only
upon a time cutoff (all actions longer than 80 setare
off-task) appears to do a worse job of distinguighi
between on-task conversation and off-task behaviam
the full model of off-task behavior does. The timéoff
model correlates significantly to the frequencyooi-task
conversation, r=0.22, F(1,427)=20.97, p<0.001. This
model’s correlation to on-task conversation is rreaily
significantly higher than the full model’s corretat to on-
task conversation, t(426)=1.84, p=0.07. This sutggtsat
more sophisticated models of off-task behavior ooty
capture those behaviors better, but are more ssfttest
discerning the difference between off-task behawaad
other behaviors which involve idle time, such astask
conversation. This may be because the machineddarn
model takes behavioral correlates (the third tthsigatures

in the model) into account.

Hence, it appears that the model of off-task bedravi
captures considerably more off-task behavior thasask
conversation, and does better at distinguishingvéen

the

these behaviors than a simple time-only model &task
behavior does. Some on-task conversation is stptuwred
by the model, though - therefore, any system régdes
which uses this model to detect and respond taasH-
behavior will need to take this possibility intccacant.

OFF-TASK BEHAVIOR, AND MOTIVATION/ATTITUDES

Methods

Data from two self-report questionnaires was usestidy
the relationship between students’ motivations and
attitudes, and their frequency of off-task behavior

All items on both questionnaires were drawn fronsixg
motivational inventories or from items used acrossny
prior studies with students from the relevant agaig, and
were adapted minimally (for instance, the wordse“th
computer tutor” was regularly substituted for “lass”, and
some items were changed from first-person to second
person for consistency). Both questionnaires wérengto
students along with their unit pre-tests, beforytivorked
through a Cognitive Tutor lesson on scatterplotf (a
students who received the first questionnaire, bélthe
students who received the second questionnaineg¢m@ents
(half of the students who received the second
guestionnaire). All items were given as 6-point drik
scales, except for a small number of multiple-cecéimd
true-false items.

In order to analyze the relationship between studen
motivations/attitudes and off-task behavior, werelated
students’ responses on the questionnaires toftieguency

of off-task behavior, as assessed by the modelffetask
behavior presented in this paper. It is advantageowse
the model’s assessments of off-task behavior rdtizer the
classroom observations, because the model of sif-ta
behavior's assessments are more precise thanaksrabm
observations. 2-3 researchers can only obtain all sma
number of observations of each student’s behasaiat,thus
the estimations of each student's frequency oftagk
behavior have high variance. By contrast, the modih
access to predictions about every student actiam,ngcake
considerably more precise predictions.

We also compare the relationship between off-tadiabior
and student responses to the relationship betwasring
the system and student responses, in order to rbette
understand the relationship between these two cagsgof
behavior. We focus this discussion on “harmful” gagn
which occurs on steps the student finds diffic@ther
students game time-consuming but easy steps, ier dod
focus time on more challenging material [cf. 5,61his
strategic behavior is not associated with poorarniag,
and does not appear to be associated with poowvatiatn
or negative attitudes towards the learning corfefx8].



Questionnaire One F(1,100)=5.06, p=0.03, r=0.22. Interestingly, dislg
computers is also associated with gaming the systetme
Questionnaire Constructs harmful fashion [8], F(1,100)=3.94, p=0.05, r=0.1bne
The first questionnaire, given in Spring 2004, iscdssed  of the other quantities assessed in the first qprasaire
in complete detail in [8]. This questionnaire catisdl of  study had correlations which were significantlyfefiént
items measuring: than chance — the closest was anxiety about using

Whether the student had performance goals orcomputers, F(1,100)=1.60, p=0.21, r=0.13.

learning goals [cf. 23]

(Example: “We are considering adding a new Questionnaire Two

feature to the computer tutors, to give you more

control over the problems the tutor gives you. If

you had your choice, what kind of problems would

you like best?

A) Problems that aren’t too hard, so | don't get
many wrong.

B) Problems that are pretty easy, so I'll do well.

C) Problems that I'm pretty good at, so | can
show that I'm smart.

D) Problems that I'll learn a lot from, even if |
won't look so smart.”) [e.g. 23]

Questionnaire Constructs

The second questionnaire, given in Spring 2004, is
discussed in complete detail in [4]. This questarm
consisted of items measuring:

If the student believes that computers in general,
and the tutor in specific, are not very useful.
(Example: “Most things that a computer can be
used for, | can do just as well myself.”) [e.g. 28]

If the student believes that computers/the tutor
don't/can’t really care how much he/she learns.

The student’s level of anxiety about using thertuto

(Example: “When you are working problems in the

tutor, do you feel that other students understand
the tutor better than you?”) [eg. 20]

The student’'s level of anxiety about using

computers

(Example: “When you use computers in general,
do you feel afraid that you will do something

wrong?”) [eg. 20]

How much the student liked using the tutor

(Example: “How much fun were the math

problems in the last computer tutor lesson you

(Example: “I feel that the tutor, in its own unique
way, is genuinely concerned about my learning.”)
[e.g. 10]

If the student has a tendency towards passive-
aggressiveness [25]

(Example: “At times | tend to work slowly or do a
bad job on tasks | don’t want to do”) [e.g. 25]

If the student believes that computers/the tutor
reduce his/her sense of being in control

(Example: “Using the tutor gives me greater
control over my work”) [e.g. 17]

If the student is not educationally self-driven

used?”) [e.g. 23]

The student's attitude towards computers

(Example: “How much do you like using

computers, in general?”) [e.g. 19]

If the student was lying or answering carelessly on

the questionnaire — such ‘lie scale” items are Relations to off-task behavior

designed such that anyone answering thoughtfullyAs shown in Table 3, two of the quantities assessdte

and honestly would never give one of the answers. second gquestionnaire were significantly associafi¢iul off-

(Example: “Is the following statement true about task behavior: the student disliking math, F(1,%2%7,

YOU? ‘I never worry what other people think p=0.01, r= 0.27, and the student having a tendéemwgrds

about me.” TRUE/FALSE") [e.g. 27] passive-aggressive behavior, F(1,92)=3.93, p=0:08,20.

Another quantity was marginally significantly aseded

Relations to off-task behavior with off-task behavior: a lack of educational sgtive,
As shown in Table 2, of the quantities assesseatidrfirst F(1,92)=2.74, p=0.10, r= 0.17. Curiously, educaloself-
guestionnaire study, only disliking computers was drive and disliking mathematics have also beenddorbe
significantly  associated  with  off-task  behavior,

(Example: “I study by myself without anyone
forcing me to study.”) [e.g. 21]

If the student dislikes math

(Example: “Math is boring”)e.g. 21]

Performance  Anxiety About Anxiety About | Lying/ Answering | Disliking | Disliking
Goals Using Computers| Using the Tutor Carelessly Computers| the Tutor
Off-Task Behavior 0.11 0.13 0.04 -0.03 0.22 0.12
Gaming the System
(harmful fashion) 0.00 -0.02 -0.04 0.06 0.19 0.20

Table 2.Relationships between the categories in the fusstionnaire, and off-task behavior, as assesséuebyodel.
Statistically significant relationships (p<0.05gan boldface.



Belief that Belief that Tendency Belief that The Disliking
Computers/ | Computers/ the towards Computers/ the | studentis math
the Tutor are Tutor are passive- Tutor reduce not self-
not useful uncaring aggressiveness control driven
Off-Task Behavior 0.02 -0.03 0.20 0.00 0.17 0.27
Gaming the System
(harmful fashion) 0.16 0.13 0.10 0.04 0.25 0.21

Table 3.Relationships between the categories in the segoastionnaire, and off-task behavior, as assess#telmodel.
Statistically significant relationships (p<0.05gan boldface; marginally significant relationshijps0.10) are in italics.

associated with the choice to game the system é th
harmful fashion [4].

Overall Pattern and Implications

Overall, off-task behavior is associated with disig
computers, disliking mathematics, passive-aggressiss,
and not being educationally self-driven. This pattés
quite similar to the pattern of attitudes in studewho

game the system in a fashion associated with poore

learning. Those students dislike computers, dislike
tutoring software, dislike mathematics,
educationally self-driven. It is somewhat curiousatt
passive-aggressiveness is associated with offdakhvior,
rather than gaming the system. Gaming the systemidwo
seem, at some level, to be related to “doing ajbadn a
task | don't want to do” — however, gaming can atso
seen an attempt to succeed in an undesirable takkul
having to put full effort into that task, ratheathan attempt
to intentionally perform poorly or work more slowly

One possible explanation for the overall commoiealiin
the attitudes associated with off-task behavior hadnful
gaming is that the same students engage in botwlmeh —
i.e. students who spend time off-task also gamesyiséeem
in the harmful fashion. However, the two behaviars, if
anything, negatively correlated with each otherross the
five studies, the frequency of harmful gaming afffetask
behavior in each student’s actions (each assesgetieb
relevant detector) are negatively correlated, R(7)48.22,
p<0.01, r=-0.14. If anything, this trend was sgfenwithin

and are not

relationship between student knowledge and thecehtm
go off-task, as shown in Table 1.

Another possibility is that the students’ relatibips with
their teacher may influence this choice. It may that
students who feel positively towards their teachensd
want their teacher to approve of them, game théesys
rather than engaging in more noticeable behavioch gs
Lalking off-task or surfing the web (or asking teacher for

elp, which would show lack of knowledge, and ptitgly
cause the teacher to think less well of them). Bytiast,
students who feel more negatively towards theichea
may have less desire to avoid being seen off-task.

Another possibility is that students systematicaliffer in
whether they prefer gaming the system or goingtask,
for reasons that are not explicitly attitudinal
motivational. One possibility is that students teaver
time that their teachers or parents respond bgitene of
these behaviors than the other, and adopt the lehav
which they have previously found more successfulenv
working in the Cognitive Tutor. It is also possikileat
personality factors such as extraversion play a relfor
example, more extroverted students may prefer lfotta
their neighbors than interact with the system wtiay are
unmotivated.

or

The similarity between the attitudes and charasties
associated with off-task behavior and gaming thetesy is
striking — especially when the lack of correlatioetween
the behaviors themselves is taken into accounthdnong

the students for whom we have questionnaire dataterm, we will understand both behaviors better wivercan

F(1,211) = 9.92, p<0.01, r = -0.21.

The negative correlation between the two behaviors,

combined with the similarity in the motivations and
attitudes associated with the two behaviors, suggemst
the choices to game the system or go off-task driza
relatively similar motivations but that some othHector
leads students to choose between these two apg®ach

One possibility is that this factor may be the @egto
which the students perceive the current tutor lesas
difficult. Students game harmfully predominantly steps
they know poorly [5,6], whereas there appears tdithe

identify what factors differentiate between thedstnts who
engage in each type of behavior.

Responding to Off-Task Behavior

Knowing which student characteristics and attitudes
associated with off-task behavior is a good stawatrds
developing systems that can respond appropriatanva
student is off-task. One important implication ofr sgesults

is that off-task behavior is likely more than justidence
that a system is badly designed; instead, it islyiko be
associated with deeper motivational problems. Iditaah,
evidence that off-task behavior stems from similar
motivations as gaming the system suggests that the



possibility of students switching from off-task laefor to
gaming should be seriously considered in the design
system responses to off-task behavior.

In particular, redesigning systems to respond imately
and in a heavy-handed way — for example, by making
loud noise when a student is off-task — are likedybe
counterproductive. Re-designing systems in thishitas
may actually lead students to game the systemderado
avoid the system'’s intervention. For example, adest
might learn to type in an answer — any answer +ye28
seconds so that the system thinks he or she igebcti
working. In addition, heavy-handed solutions akely to
irritate a student who is off-task, and irritatedsnts even
more when the model is incorrect and the studerst mea
off-task (which will occur some proportion of thamg,
since the model is not perfectly accurate).

Instead, it may be more appropriate to respondffitask

behavior with more long-term oriented, non-heavyded

solutions. One more constructive response to cH-ta
behavior may be to use self-monitoring, where desttiis

led to monitor their own on and off-task behavidhis

approach has been shown to reduce off-task behavior
traditional classrooms [cf. 15] and may be feasiatel
effective in interactive learning environments a®llw
Alternatively, it may be possible to increase atradle when
students go off-task, or to give rewards to stuslemho
correctly complete problems quickly without gamitige
system. Rather than reducing off-task behavior
increasing gaming behavior, such an approach mewy be
able to remediate both off-task behavior and gantirey

system at the same time, an important step toward

interactive learning environments that can
sensitively to the full spectrum of ways studertisase to
interact with them.

CONCLUSIONS

adaptation, so long as the system adaptation iggtitéully
designed.

We then analyzed what student attitudes, motivati@amd
characteristics are associated with off-task bedravising
the detector in combination with questionnaire datte
determined that off-task behavior is associatedh wit
disliking computers, disliking mathematics, passive
aggressiveness, and lack of educational self-drive.

These student attitudes and characteristics ane sigrilar
to the attitudes and characteristics found in earkesearch
to be associated with gaming the system — an especi
surprising result in the light of the negative etation
between gaming the system and off-task behaviore On
possibility is that the two behaviors are differeesponses
to the same motivation. A student’'s decision of chhi
behavior to use may interact with the student’sorpri
learning experiences, specifics of the learningiagion
(such as the presence or absence of material tirdérs
finds particularly difficult), their relationship it the
teacher, or personality characteristics not measurethe
qguestionnaires.

Future work will be needed to determine why some
students choose to go off-task, while others chbogmme

the system. Understanding the answer to this questiay
enable the development of systems that can respond
appropriately to both of these student behaviors.
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