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Abstract. Human observations and classifications have showsrovide substantial leverage for
developing models of students’ motivation, attitsidand strategic choices, as a student interacts
with an intelligent tutoring system. However, hunabservation and classification is highly time-
consuming, which has limited its use. We preseteicanique for conducting human classification
on “low-fidelity” text-based replays of student laefor derived from logs of tutor usage. We show
that low-fidelity classification is much faster thdive classification, and that low-fidelity
classification is approximately as accurate as tiessification for detecting a behavior known as
gaming the system, using a machine-learning dateétihis behavior as the gold standard.
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INTRODUCTION

In recent years, there has been increasing intéressing human observations and classificationsmjorove
both our understanding of how students interadh wntelligent tutoring systems, and to develop exyst which
can adapt to differences in student motivationfuales, and strategic choices. Human judgment caxige
substantial leverage for studying how studentsaatewith intelligent tutoring systems: human baimggularly
make judgments about other humans’ affective statgivation, attitudes, and strategies in ordepaaticipate
effectively in daily life. However, although humaae very good at making this sort of judgmentsualothers,
they are not as good at describing how they ma&setliudgments, likely due to the large role thatonscious
processing plays (Adolphs, 2006). Because humang@wd at making judgments about affect, motivatard
strategy but not as good at explaining their denishaking process, one strategy which has recémitpme
popular is to combine quantitative data from humbservation and classification, with machine lesgror data
mining techniques.

In such an approach, a set of categories of irntamesfirst developed. These may be specific caiegmf
behavior (working with a tutor, talking off task # neighbor, gaming the system — cf. Baker et241Q4),
categories of affect (effort, confidence, satistatt- cf. de Vicente and Pain, 2002; boredom, fati&tn, and
flow — cf. Craig, Graesser, Sullins, and Gholso@04), or even whether the user is receptive to exifip
interaction (interruptible versus non-interruptiblecf. Fogarty et al., 2005). Next, a human obgeolxserves a
set of students over a period of time — either ana time, or switching between students accortting pre-
determined schedule (cf. Baker et al, 2004). Irhealgservation, a student is classified into ondhef pre-
determined categories. This process of observatiohclassification may be done live, or it may beellater,
using video recordings or screen capture.

Once classifications have been obtained, data fom®s (or videotapes, or other records) of the stude
user’s behavior is distilled into a set of featuttest can be used within a machine learning alguaritFinally, a
machine learning algorithm is used to develop aatet of the categories of interest, predictingdhta from the
human observations using some combination of thlldd features. This approach has successfulgnhesed
in each of the cases mentioned above: to predidest affect (de Vicente and Pain, 2002), wheth&tudent is
gaming the system (Baker et al., 2004), and whetheser is interruptible (Fogarty et al., 2005).

Hence, human observation and classification hageprds value for the development of detectors titian
effectively detect a wide variety of student chéedstics. However, human observation and clasdiba is
highly time-consuming, a disadvantage which hastdidhits use. As shown in Table 1, while the offlci
observation periods of human classifications argalls around 20 or 30 seconds, the actual timeiredquo
obtain each observation is considerably more. deeite and Pain (2002) report making 85 classifioatiin
around 6 hours, an average of one classificatiaryed.2 minutes. Baker et al. (2004) report makhp
classifications in around 7.5 hours of class tikkewever, since the observations in Baker et aleweade in



Table 1.Estimations of the actual time per classificatiorthree prior studies using high-fidelity obsdiwas

Study Total Time Spent | Session Number of Theoretical Actual Time per
Classifying Logistical Classifications | Classification | Classification
(approx) Time (approx) Time

de Vicente and Pain 2002 6 hours minimal 85 N/A 4.2 minutes

Baker et al. 2004 7.5 hours 6 hours 563 20 seconds 1.3 minutes

Craig et al. 2004 20 hours 8.5 hours ? 30 seconds >5 minutes

classrooms distant from the researchers’ officesimg) time and setup time should also be countegaat of the
overall time cost of conducting these observatitihse assume around a half hour driving time inkea
direction, and 15 minutes setup time before easbi®g, that works out to around 6 hours logisticaé. Hence,
while each observation took 20 seconds to condlvetactual time cost per classification is 1.3 nesuCraig et
al. (2004) do not report exactly how many clasatfiins were made, but since there was some setefdr
each of the 34 study participants, and the observéechnique used was to conduct one 30 secorehadifon
every 5 minutes, the time cost of this method wasiaimum 5 minutes per classification. Hence, hama
observation and classification of student behaatotiides/affect within tutoring systems appearksaee a
general time cost of around 1-10 minutes per dlaation, depending on specifics of the categobieing
classified and the classification method choseis breakdown is shown in Table 1.

A number of factors account for the differenceimet taken per classification, in the studies diseds One
factor is the study setting. Conducting studieshwitultiple simultaneous participants (for exampgle,a
classroom) offers time savings over studying theesaehavior in the lab. However, lab studies alforvmore
precision and instrumentation in measurement. Iditad, classroom studies generally involve morartsip
costs (school recruitment, approval, and schedylitgpugh this can be avoided by overlaying a diaasion
study on top of an already occurring study (ashiea Baker et al study). It is also worth noting teatme
behaviors (such as talking off task) many not odcuhe lab, and must be studied in a classroonestn

Overall, though, it appears that the benefits ah&in observation and classification are currentigedfby the
large time cost. This time cost currently hinddrs karge-scale utilization of these methods. Whitall-scale
human observation studies can be useful for impgwaur understanding of student interactions witfiveare
(cf. Craig et al, 2004), they are less immediatghplicable to the problem of developing detectdrstodent
behaviors and attitudes that can be deployed ange Iscale and across different tutor lessons em different
tutoring systems. Recent work suggests that comducibservations across multiple tutor lessons iay
sufficient to train a behavior detector that cotlthsfer between tutor lessons (Baker et al, t@appHowever,
even in that example, collecting enough classificest to develop and verify a generalizable deteafaggaming
behavior required over 60 hours of observationlagistical time.

In this paper, we will discuss and validate anralitve observational technique: observations wtfidelity
replays of student behavior. We investigate thititgue within the context of studying whether stud are
“gaming the system”, a behavior for which we alreadve a considerable amount of observational datha
validated machine-learned detector (Baker et ahpjpear). We find that the individual classificasoobtained
through low-fidelity replays have lower inter-ratetiability than individual classifications obt&id through live
observations; however, the aggregate predictiordenadout each student’s frequency of gaming agieally
well with the machine-learned model as the livessifications (used to train the model) do.

FIDELITY

Each of the three previous studies discussed hermelved “high-fidelity” observations, meaning thtte
observer had access to a very broad range of datsetwhen making inferences. For instance, in trathCraig
et al. and Baker et al. studies, the observer gsigally co-located with the observed participaténce, the
observer could watch the observed student’s actiotise user interface in considerable detail: jost what the
participant entered as answers, but partial regsoimckspacing, pauses in the middle of responsdimitching
windows, and mouse movements. Additionally, theeobesr could view the observed participant’s posttaeial
expression, and gestures, and could hear whatemements or exclamations the observed participantemin
the de Vicente and Pain study, observations wereatocated but were based on exact replays ostient’s
screen. The observer could therefore watch therebdestudent’s actions in the user interface insduime detail
as in the co-located studies, but did not have ssc¢e potential data from the observed studenttgatier
outside of the user interface (e.g. posture, faoigressions, gestures, comments, and exclamations)

There is a fairly wide space for what data canvalable to the human observer, beyond what wéigediin
these three studies. A simple model of this spashdown in Figure 1.

Between live co-located observation and exact screplays (in terms of fidelity), there are exaiteo
replays. Exact video replays show the same oveaddl as live co-located observation, but only feogingle
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Fig. 1. Differing degrees of fidelity in the data a humdiserver has at hand when making a classification.

camera angle. Whereas a live observer can adgrsiehiangle to see the student’s facial expressidhe screen
(when obscured), a single camera can sometimebdmied. Additionally, not all utterances may beked up
by a single camera (as compared to a live obsavithrgood hearing). On the other hand, exact vidggays
enable repeated re-coding and can be directly aedlwith image-processing software. Exact videdesepare
common in research into interactive systems (cfiafty et al., 2005).

A lower-fidelity option is limited, or low-fidelity screen replays (cf. Aleven et al, 2004). Limitedeen
replays attempt to show the best possible apprdiomaf the student’s behavior, given log files moplicitly
designed for that purpose. For instance, manytifmzst intelligent tutoring systems now log eaaldsnt action
at the level of type of action, interface widgetiplem step, and input entered. From these logs,pbssible to
create an approximation of the student’s screentaguing the same windows (and information, prinswaers,
etc., within them) as the student’s screen haig; bt possible, however, to correctly represemdaiv position
or when one window occludes another. Hence theegbrtf the student’s behavior can be shown, but may
include some information that was not salient te #tudent at the time of their action(s). Additibnathe
student’s actions which were directly processethleysoftware (such as answers or help requestd)eahown
in the replay, but mouse movements and partialoresgs are not included. Limited screen replaysigeokess
rich information than an exact screen replay; haxesince they can be generated automatically egisting
log files, they can be conducted on the pre-exgstirtor data which now exists in large quantityseveral
intelligent tutor research groups.

An even lower-fidelity option is text replays. Te®plays are generated from the same data asdirsiteeen
replays, but make little attempt to show contextemresent actions as they occurred. A sequenaetioins of a
pre-selected duration are shown in a textual fotimatshows each action’s time (relative to thst faction in the
clip), what type of action it was, the interfacedgét selected, the input entered, and how therayassessed the
action (for instance, correct, incorrect, a helguest, or an incorrect action indicating a knowsaanception).
Other information in the logs (such as the proligbthe student knew the skill) can also be inciiildAn
example of a sequence of text action descriptisnshown in Figure 2. Text replays omit context sash
students’ previous answers, and omit visual infdimmasuch as mouse movements or partial respolisesalso
necessary to use an annotated printout of the iosmface to interpret what widgets such as “x-agtisns”
mean. Hence, text replays have a very low bandwvgtithformation, compared to live co-located obsdions or
full screen replays. However, they are likely tovesy quick to classify (though the cost in ternisaocuracy
may be high), and like limited screen replays camgénerated automatically from existing log files.

Though live co-located observations is the higfidstity technique which is currently commonly usdidey
are not the highest fidelity technique possibler Egample, video replays could be augmented witterot
information such as eye-tracking data (Jacob, 1988hctional Magnetic Resonance Imaging (fMRI) data
retrospective think-aloud data (Russo, JohnsonSteghens, 1989).

IS HIGH FIDELITY NECESSARY?

High fidelity observations have proven their wilibut have also been shown to be very time-consginbn this
section, we will compare high-fidelity observatiotts a very low-fidelity technique, text replays, énder to
clarify the relative advantages and disadvantagesing high-fidelity and low-fidelity techniqueln specific,



Fig. 2. A text replay of a student’s actions

we will study a behavior using low-fidelity techoies that has already been studied using high-fjdeli
techniques, gaming the system, in order to comghereata which results from each technique.

Previous Studies, using High-Fidelity Observations

From 2003 to 2005, we collected data on studersiehin a set of 16 classrooms in 2 schools inRtesburgh
suburbs. The goal of these studies was to investitge prevalence of a set of student behavioistailigent
tutoring systems, and the learning gains associatédthose behaviors. Within these studies, wed Use, co-
located observations to classify a student as émgag one of the following behaviors:

on-task -- working on the tutor

on-task conversation talking to the teacher or another student atimeisubject material

off-task conversation — talking about anything otitiean the subject material

off-task solitary behavior — any behavior that dat involve the tutoring software or another indival

(such as reading a magazine or surfing the web)

5. inactivity -- for instance, the student staringoispace or putting his/her head down on the desthéo
entire observation period

6. gaming the system — inputting answers quickly syglematically, and/or quickly and repeatedly agkin

for help until the tutor gives the student the eotranswer

N

In each of these studies, each student’s behawsroliserved and classified several times duringdbese
of each class period, by one of three observerst ldbthe observations involved a single observer a single
student; however during an inter-rater reliabigssion in 2004, two observers classified the saouent at the
same time. The observational method used was basqatior techniques used to code on-task and eK-ta
classroom behavior (cf. Karweit & Slavin, 1982pydi & Loper, 1986); in order to avoid bias towardere
interesting or dramatic events, the coder obsetliedset of students in a specific order determinefbre the
class began, as in Lloyd and Loper (1986). Any bignaby a student other than the student currebéing
observed was not coded. In each study, betweenab@01000 observations were taken, with around 6-10
observations taken for each student in each stuitly,some variation due to different class sized atudents
arriving to class early or leaving late.



Each observation lasted for 20 seconds — if a studas inactive for the entire 20 seconds, theestud/as
coded as being inactive. If two distinct behaviamsre seen during an observation, only the firstabih
observed was coded. In order to avoid affectingcilneent student’s behavior if they became awaey there
being observed, the observer viewed the studenobgkripheral vision while appearing to look ab#rer
student.

The observations involved a total of six tutor &8ss involving a range of tutor topics. One lessom,
creating and interpreting scatterplots of data, wsed in all three years. The observational data fhis set of
studies was used to validate that there was afisigmi relationship between gaming the system amorgr
learning (Baker, Corbett, Koedinger, and Wagnef430and to develop a detector of gaming behaviat t
transferred between tutor lessons without retrgifBaker et al, to appear).

Current Study, using Low-Fidelity Observations

We conducted a study on the effectiveness of lolity observations, using log file data from orfettoe
previous high-fidelity observational studies, a 20§tudy on an unmodified version of the scatterplabr
lesson. We only investigated gaming behavior, sthissbehavior has already been studied in corsliderdepth
using high-fidelity observations, allowing a cleaomparison. Additionally, gaming behavior is erijire
expressible in the student’s actions within thert(by contrast to, for instance, talking off task)ough the
richer data accessible in live co-located obseswatmay provide additional leverage for identifygaming.

In the low-fidelity study, two coders coded a sktlps of student behavior. These coders wereséime two
coders who had conducted the majority of the olagems in the previous high-fidelity observatioiitiey were
also the same two coders who conducted the inter-raliability session in 2004, which determinéeé inter-
rater reliability of the high-fidelity observation§hese coders coded overlapping sets of clipgh Boter A and
coder B coded the same 318 clips; coder A codeddalitional 273 clips. Hence, there were a totab09
classifications made during the low-fidelity study.

It was not possible to exactly sync the low-fidelitlips with the previous high-fidelity classroom
observations, since exact times were not recordedhe earlier high-fidelity observations. Hendee tclips
classified were chosen as follows: For each cligg student action (entering an answer or requekgiim) was
chosen at random. This action became the firsbradti the clip. Subsequent actions were addedédalip, in
the order they occurred in the log file, until atiylan action would make the clip more than 20 sgsdong (20
seconds was the length of the live observations).

The clips were shown to the observers in the foshatvn in Figure 2.

Time Taken

The 909 classifications made by the two codersigusxt replays, were conducted in approximatehp@rs and
20 minutes. Since the two coders could code at thesks on their personal computer, and could atadtstop
whenever they liked, there was minimal logisti¢alet associated with conducting the classificati(iime spent
programming the coding system was not counted, nasctime spent negotiating an observation schedlitite
teachers and principals is not counted in the taken for the classroom observations). Overal§ #orked out
to around 9 seconds per text replay classification.

Within the 2005 high-fidelity study, around 5 howfsclassification time and 3 hours of logisticiahé¢ were
devoted to collecting 488 observations. (In actyahalf the class was using a different tutor desen percents,
and observations were collected for both lessotisarsame session — for comparability, since halfdass was
using the other tutor lesson, we simply halved tital amount of classification and logistical tifiem that
study). This works out to around 1 minute per dfasdion, an amount in line with the 1.3 minutesr p

Table 2. Estimations of the actual time per classificatiorthree prior studies using
high-fidelity observations, and in the current studing text action descriptions

Study Total Time Spent | Session Number of Theoretical Actual Time per
Classifying Logistical Classifications| Classification | Classification
(approx) Time (approx) Time

de Vicente and Pain 2002 | 6 hours minimal 85 N/A 4.2 minutes

Baker et al. 2004 7.5 hours 6 hours 563 20 seconds 1.3 minutes

Craig et al. 2004 20 hours 8.5 hours ? 30 seconds >5 minutes

2005 high-fidelity 5 hours 3 hours 488 20 seconds 1 minute

(live observation) study

Text replays 2.3 hours minimal 909 N/A 9 seconds




observation calculated for the earlier study cotetign 2003 (Baker et al., 2004). The moderate adese in
time per observation from 2003 to 2005 suggeststiiobservers may have become more efficientrising
down their observations and moving on to the nextent from year to year.

Overall, then, text action description observatioeguire about 15% as much time to conduct asdive
located observations. This is a considerable gaierims of speed; but if that gain comes at subatagost in
terms of accuracy, higher-fidelity observations retily be superior.

Consistency Measures

In the 2004 inter-rater reliability session, twaleos conducted live co-located observations orséimee student
at the same time. In order to do this, the two pless observed the same student out of periphésainy but
from different angles. The observers moved fromtiefright; the observer on the observed studdeftsstood
close behind the student to the left of the obskstadent, and the observer on the observed staddgitt stood
further back and further right, so that the twoeslsers did not appear to hover around a singleesiud he two
observers began and ended each observation artieetsne, through hand signals.

The two observers in the 2004 inter-rater religpiession made 49 simultaneous classificationssidering
solely whether a behavior was coded as gaming bgaiming, Cohen’s (196® was 0.83, indicating very high
agreement between these two observers. Within eke action description observations, the two obmsesrv
separately coded the same 318 clips. Within thdse @ips, Cohen’k was 0.58, indicating only moderate
agreement. The overall rate of gaming codes int#@ conditions was comparable (6.6% versus 5.3%),
validating that Cohen’k can validly be compared, between methods.

The greater degree of agreement in the live coidocabservations suggests that this observatioatiiad is
generally more accurate than text replays. Howeeat,action description observations still hadightenough
degree of agreement to suggest that they may el fisecapturing behavior. Additionally, relialtifi concerns
can be addressed by using multiple coders forrgplays. Given the differences in speed, it wowddbssible to
have three coders code every clip, and still beewis fast as live co-located observations.

Agreement Between Methods

To some extent, how internally consistent individoa-fidelity observations are is less importanam whether
they accurately capture the target behavior. Weasaess this in two fashions: first, by comparhmgdata from
low-fidelity observations to the data from highdldy observations, and second, by comparing both tgold-
standard” indicator of each student’s gaming fremye- the predictions made by the machine-learrsadirng
detector.

In both cases, we will need a more distilled meastivan individual observations (since individual
observations are not synched between methods)hi$cehd, we compute an estimated gaming frequenrcy f
each student, according to each of the two meagsasdabe number of gaming classifications dividgdHe total
number of classifications. We can then comparectiesimated gaming frequencies, between methods.

Given the incomplete agreement of the classificatibased on text replays, it is possible that great
accuracy will be obtained by having two observerdeceach clip. To test this possibility, we willadyze both
the set of 591 clips coded by observer A, and ¢t@&318 clips coded by both observers A and Bhénsingle-
observer case, between 1 and 25 clips were clkddifr each student; in the two-observer case, detvt and
15 clips were classified for each student. In bodles, we eliminated any student with 4 or fewtal t@xt
replay classifications (occurring due to samplingpe or using the tutor only briefly), since angtimated
frequency based on such a small number of clipdduog quite imprecise.

There was a correlation of 0.32 between the estidngaming frequencies calculated using live obsieng,
and the estimated gaming frequencies calculatetyusixt replays by two observers, significantlytéethan
chance, F(1,48)= 5.76, p=0.02. There was a veryasicorrelation of 0.31 between the live-obsematgaming
frequencies and the estimated gaming frequencilkesilated using only observer A’s text action dgsion
observations, again significantly better than ceak¢1,47)=5.11, p=0.03.

These results suggest that the text replay obsengaproduce results reasonably similar to liveeobeations,
in terms of how often each student is assesseé gaming. The correlation is not perfect — this rbaydue to
differences between the behavior captured in eadinique, or it may be due to the amount of vammtihich
naturally exists due to time-sampling and the lovediability of the text replays. Additionally, @ppears that
there is not a large difference between using ftata a single observer and using data from two oless, for
text replays.



Agreement With “Gold-Standard” Metric

We can also investigate how much each observatioe#thod varies from capturing “true gaming behavinr
comparing each observational method’s results tal@nnate gold standard. This gold standard ismnihehine-
learned detector of gaming, which looks at evetipadhe student makes across their whole histbrysing the
tutor (Baker et al, to appear). The current versibthe detector was originally trained using diaten live co-
located observations in multiple tutor lessons fr2@®3 to 2005, and has been verified to transfictyely
between tutor lessons without re-training (Bakealetto appear). Since this detector was trainedivanco-
located observational data, including the 2005 divdocated scatterplot observations, it may hiafavor of the
live co-located observations; nonetheless, it plesian additional test of each observational méthaagturacy.

The live co-located observational data achievesxaellent correlation of 0.54 to the predictionsdedor
each student by the gaming detector. The text yegdga for both observers achieves a very simitaretation
of 0.57 to the predictions made for each studerthbygaming detector. The text replay data for ahlgerver A
also achieves a similar correlation of 0.59 toghming detector’s predictions.

The correlation between the text observations €eitkingle-observer or two-observer) and the gaming
detector is significantly higher than the correlatibetween the text observations and the live obfiens,
respectively t(47) = 2.49, p=0.02, t(48) = 2.150/4, for a two-tailed Hotelling’s t-test (Walkend Lev,
1953). Similarly, the correlation between the liebservations and the gaming detector is marginally
significantly higher than the correlation betweba tive observations and the (two-observer) texdeolations,
t(48) =1.91, p=0.06.

Thus, live and text observations correlate betighé gold standard than they correlate to onehanoT his
suggests that the differences between the two methave more to do with natural variation due tmang
than actual differences between the behaviors oeghtuAnd, as before, it does not appear that tiera
substantial difference between using data fromnglsiobserver and using data from two observersieft
replay observations.

DISCUSSION AND CONCLUSIONS

Within this paper, we have presented a theoretimnework for differences in the fidelity of human
classifications, which we define as how broad adbaindata an observer can use when making infeseiwe
have also shown that, at least in the case of sisgeshether students are gaming the system, aleerfidelity
observational technique (text descriptions of ausege of student actions) has lower internal loditg than a
higher-fidelity technique (live co-located obseiwas), but nonetheless correlates as well to a-geiddard
definition of gaming behavior as the higher-fidetiéchnique does. The low-fidelity and high-fidglgiredictions
are also correlated to each other, but not asagedlither is correlated to the gold-standard defmiof gaming,
perhaps because of sampling variation. The lowifid@bservations were also more than 5 times fagie
conduct than the high-fidelity observations.

Thus, low-fidelity observations using text replapear to offer considerable advantages as a tpehifior
studying student behavior: They are consideratdiefato conduct than higher-fidelity observatiotehniques,
achieve comparable accuracy, and can be condunt#fteaype of simple log-files which are collectagd most
tutor research groups. Because they can be comtloatestandard log files, they can be used for speotive
analyses on existing corpuses of log tutor datd,dmnnot require conducting a special observatierpkriment.

Another potential advantage, not explored in tlaipgy, is that the set of low-fidelity observati@msobserver
codes can be selected by processes other tharmmnskelected 20 or 30 second contiguous clips -fstiance,
it would be very feasible to analyze a student’saweor on a specific skill across every opportundypractice
that skill in a week of tutor usage. Such analysayg prove useful for tracking behaviors that ocsuwradically
over time; such analyses are considerably morediffwith higher-fidelity techniques such as ligbservations
or video replays (where isolating the proper videgments becomes a significant task in itself).

It is important to note, however, that there argeptial limitations to the applicability of low-fedity
observations. First, low-fidelity observations eary be used to detect behaviors which occur dptiwihin the

Table 3.Correlations between predicted frequency of ganfiegn each method.
All correlations are significantly higher than clan

Study Live Observations Gaming detector
Live observations . 0.54
Text replays (both observers) 0.32 0.57
Text replays (observer A) 0.31 0.59




tutoring system. For example, the original obseoveat conducted by Baker et al. were also used amae the
frequency of off-task behavior such as talking tafik; text observations would almost certainly nahle to
distinguish between talking off-task and talkingtask with the teacher.

Additionally, it is not clear to what degree lovadiity observations will be successful for detegtaifect, as
opposed to specific behaviors such as gaming. Begeaffect may depend on subtleties in studentibiehn that
are only capturable through higher-fidelity obséomtechniques. Determining what types of clasatfon can
successfully be conducted with low-fidelity obsdimas will therefore be an important area of futuverk.
Nonetheless, the higher speed and convenienceiassbwith low-fidelity observations suggest thia¢yt may
be a powerful tool for the analysis and developneénititoring systems that can respond in sophisitavays to
differences in student behavior and affect.
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