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Abstract. This paper presents the development of two iklatachine-learned
models which predict (a) whether a student can answer dfrigeestions in an
ILE without requesting help and (b) whether a student'ssaxtgon is beneficial in
terms of learning. After presenting the rationale behireddbvelopment of these
models, the paper discusses how the data collection wdisdfterd by the integra-
tion of different versions of the ILE in realistic classro@ituations. The main
focus of the paper is the use of the ICS algorithm of WEKA todeBayesian
networks which provide satisfactory predictions. The ltssare compared against
decision trees and logistic regression. The applicatidch@e models in the ILE
and how their potential educational consequences wera take account are
outlined followed by a discussion of future lines of reséarc

1 Introduction

Towards developing components of an Interactive Learnimgrenment (ILE) to enable

the provision of adaptive feedback that takes into accawdests’ cognitive and affective
characteristics, several aspects of students’ interatioth the ILE require explicit mod-

elling. Although the aspects that require modelling candsiified through qualitative

analysis and traditional knowledge elicitation, the actievelopment of the models can
be more valid by employing statistical, data mining and nraekearning techniques. This
paper focuses on the development of two machine-learneeIsoelated to each other.
The first one predicts whether students can answer a partiquestion correctly without

further help, given their interaction so far. The second ehggrovides a measure of how
beneficial, in terms of learning, their interaction with th& is.

Before presenting the development of the models in detwl next two sections, de-
scribe briefly the aforementioned ILE, called WaLLiS, théaaale behind the develop-
ment of these models, how they are related, as well as theetatthat were used for the
machine-learning task. The rest of the paper presents thdelsyand Section 4, after briefly
discussing the application of the models in the systemsasseies for future work.

1.1 Context

WalLLiS has been described in detail in [12] and in relatioatteer studies in [13]. Briefly,
it is a web-based environment that hosts contents whicludiectheory or example pages
that present the material, as well as interactive and eafdoy activities. The overall en-
vironment of WaLLiS follows a design that is similar to systereferred to as advanced



eLearning environments, as they combine features of cthesed approaches with adap-
tive educational strategies from Intelligent Tutoring ®yss (ITS). Accordingly, apart
from the usual components of the system that deliver thenmabh#and the tree-based navi-
gation of the content (typical in many eLearning systemsL\\S incorporates a feedback
frame at the bottom of the window where adaptive feedbackasgiged to the students.

Despite the fact that several studies with the system eskel its effectiveness [12],
some of the students are interacting with it in ways whichremenecessarily beneficial to
their learning. It is often the case that the approach faddwn this kind of situations is
to redesign the system in ways that will prevent any undeksraehaviour [3]. However,
this may introduce new problems. For example, in early easiof WaLLiS hint and
solution requests were not permitted without first attengpto answer the question. This
however, led students to answer randomly just to ‘game tesy [3] into allowing them
to request hints or solutions. Similar results from degigrpreventative approaches are
described in [14]. Even though newly introduced behaviaars always be dissuaded, as
discussed in [3], this leads to an ‘arms race’ where studamleveloping harmful (in
terms of their learning) behaviours and designers aredrtonstop them. On the other
hand, it seems that a measure of ‘desirable’ interactiofdcampower the system with an
indication of the benefit of the interaction which could bediso guide feedback provision
without repeatedly redesigning the system’s interactioaeh

In addition, related literature [7, 15, 19] and a combinaid qualitative research and
statistical analysis [11, 16] indicate that part of the evice that human tutors employ,
in order to diagnose student affective characteristias (@nfidence, effort), comes from
students’ help-seeking behaviour and particularly hefjuests for items on which the
tutors, based on the quality of previous interactions withitem under question, estimate
that a student’s request for help is superfluous. This sugdest a first step in predicting
affective characteristics and developing a modebeneficial interactions to be able to
predict if a student could answer correctly without ar@ed for help

As already mentioned, rather than employing arbitrary n®bdased on intuition, or
even expert elicitation, the development of the models veda-driven. The assumption
behind learning models from data is that differences inniea style, in affective charac-
teristics and other preferences are reflected in studerésactions with the system.

1.2 Datasets

The collection of as realistic data as possible was fatalitéy the iterative design method-
ology behind the WaLLiS project and the integration of th& b the teaching and learn-
ing of various courses of the School of Mathematics of thevehsity of Edinburgh and in
particular, Geometry Iteration and Convergen@e(j; a second year module undertaken
by honour students. With the lecturers’ agreement, thessowas used as a means of
conducting studies. Materials were developed for one ofdkieconcepts taught in GIC;
conic sections The main reason for choosing this particular part of theredwvas that
the materials taught were unknown to the students in advamde¢hey constitute a rather
individual unit. In addition, it was possible to establisidicators of prerequisite knowl-
edge and opportunities to deliver part of the course soetyugh WaLLiS. Moreover, one
of the activities (converting a conic section into its starttform), which is used for most



of the analysis in relation to help-seeking and studentdbp@ance, was presented using
a different method from course textbooks. This helped distabg that any performance

results are reasonably (if not solely) attributed to thenattion with the system and not
other external factors. In particular, with the collabaatof the lecturer, certain questions
on the students’ final exam were designed to test long-tetentien.

Following an iterative design and after several succegsifotitests, three datasets were
particularly useful for the machine learning analysis dégad in this paperd C03 was the
first dataset collected from a formal application of WaLLiSlassroom as the sole means
of teaching conic sections. The main reason behind this aataction was to perform
a qualitative analysis of the way students interact andgdpezche system and not to fo-
cus on learning outcomes. 126 students interacted withysters. G C04 (133 students)
andd Q05 (115 students) aimed particularly at collecting posttestlts. Learning gains
could be assessed by averaging (a) the students’ marks @sassanent they had to com-
plete right after their interaction and (b) their mark on aa@plly designed final exam.

It is evident that data collection under realistic condis@ntails several challenges that
result in ignoring some data, and it is worth mentioning th@ue to the way the datasets
were collected (i.e. remotely over the net and not duringoastady), data can be quite
noisy. The methods used for data-collection [10] are sulifedandwidth availability,
appropriate security settings and other client and sesiger-concerns. In addition, some
students did not give their consent for their data to be aExbr Data from students who
did not attend the familiarisation session, and from otlgrs have taken the course in the
past were also ignored since their behaviour was quiterdiite After this data cleaning
process th& C03, A C04, and@ C05 contain 106, 126 and 99 students respectively.

2 Predicting the necessity of help-requests

Knowing whether a student needs help or not in a given eduwaltisituation is quite
complex. In the context of educational technology this iinfation is particularly crucial
for Intelligent Tutoring Systems (ITS) [1] and definitelytreounique issue to research here.
Because of its complexity, different researchers addtaadifferent ways depending on
the special characteristics of the system under considarahd the overall context. For
example, in the CMU tutors (e.g., [2]) the problem is apphsatas an attempt to estimate
the probability that a skill has been masterkdadwledge tracing6]). Similarly, [5, 9, 17]
describe systems where Bayesian networks are used to fsadients’ knowledge during
their interaction. The approach presented here is difter€he model predicts students’
necessity to ask for help on an item given their previougauton and it is learned based
on data of all students’ interactions with previous appiaas of the system in classroom.
As discussed in the previous Section the GIC datasets weélectsal from studies
where students have no previous knowledge of the materfarefore, it does not seem
too bold to assume that students who do not ask for help andearssquestion correctly
with the first attempt have learnt either from carefully riegadthe material in the system
or from the interaction with the related items. In other wgrdll other characteristics of
a student being equal, similar interactions should haveledastudents to answer without
the need for help. The opposite is not necessarily true asidhul differences between
students and affective characteristics influence whetsardent requests help or not.



Initial investigations with th& C03 dataset as a learning set and €04 as a testset,
supported the claim that a machine learning algorithm (stschayesian networks) could
be used to automatically predict with reasonable accur&thver a student’s help-requests
are necessary. It was decided to focus the prediction onhetmrequests prior to the first
attempt to answer a question. Further attempts are quitplearand depend on students’
understanding of the feedback, whether they read it or ndsaweral other factors, which
add noise to the prediction. Given the above assumptionsrandder to learn a more
accurate model from the data both 86203 andG C04 datasets were used as a training
set. In an attempt to have a simple model and a method thad beujeneralised to other
courses of WaLLiS or other ILEs, only few aspects of the @xt&on were considered as
features for the learning task. These should be availalbtsacourses in WaLLiS and are
qguite common in ILEs. Accordingly, vectors were constrddieat contain the following
variables: (a) time spent on related pageg)((b) time spent on attempts@) (c) student
previous knowledgepteV) (d) a rule-based measurement of the degree of ‘completenes
of the goals of interactions on related pag@sl) (e) difficulty of the item diff) and (f) the
type of the answer required (mcq, blank, matreggwertypg

The boolean class learned represents whether the studems $e be able to answer
correctly without any help. Its value therefore, is FALSEemhstudents provided com-
pletely wrong answers (not from the usual misconceptioosanswered wrongly very
quickly? demonstrating, in a sense, that they only answer in ordeyamé’ the system
into providing feedback. The value of the class is TRUE whstudent’s answer was cor-
rect or partially correct. Students who asked for help wittem attempt were not included
since there are many explanations behind this request.glise@se data for the machine
learning would not necessarily provide additional insethat demonstrate whether a stu-
dent really needed help or not. All the above restrictiossiited in a set of 1230 instances
(the class of 429 of which was FALSE). The next step was to shdloe exact modelling
method. Preliminary investigations with cross-fold valion suggested that from all the
approaches attempted (decision trees, Bayesian netwassjftcation via regression) the
Bayesian network and the decision tree were the most aecaras with no significant
differences. The Bayesian network (BN) approach was pedemnainly because the na-
ture of the prediction is highly probabilistic. In additica BN is the perfect candidate for
employing its outcomes in a larger evidence-based prababilramework.

In WEKA [20], learning a BN is considered as a learning taskrafing an appropriate
classifier for a given dataset with a class variable and avetattributes [4]. The learning
is a two stage process of first finding an appropriate netwtouktire and then learning the
probability tables. There are several approaches forileguthe structure of the network.
Conditional independence test based structure learripgroaches stem from the need
to uncover causal structure in the data [4] and considerasle as an attempt to learn a
network structure that represents the independencie®idisitribution that generated the
data. Although directed edges in a network do not necegsaptesent causal effects, the

1This was based on intuition and expert knowledge elicitatiom the course lecturer.

The time to answer was discretized following a techniquelaimto the one presented in [8]. The
number of breakpoints was chosen empirically in an attemphaintain the proportionality of a normal
distribution and the notion of the fuzzy linguistic variabl(“very quickly”, “quickly” etc.). Accordingly, the
breakpoint for “very quickly” wag <= —1.28.



BayesNet J4.8
Cross Test| Cross Test
accuracy| 67.64 66.52 65.84 64.05
Kappa | 0.32 0.32| 0.30 0.23
True 0.74 0.77| 0.71 0.72
False | 0.61 0.56| 0.59 0.50

Figure 1. Bayesian network predicting Figure 2. Accuracy, Kappa statistic and recall
the necessity of help-requests values for two different techniques

recal

need4help

ICS algorithm [18] as implemented in WEKA [20] starts fromantplete undirected graph
for each pair of nodes, it considers subsets of nodes thateag@bours to the pair. If an
independence is identified, the edge between the pair iswenrfoom the network structure
and the arrows are directed accordingly (i.e., from eacleraddhe pair to the node that
justified the removal of the link). In order to direct any remiag arrows, common sense
graphical rules are applied (see [18] for details).

The conditional independence tests of ICS left out the Bégianswer t ype from the
model as irrelevant. Feature selection (FCBF [22]) alsdfiiooed the relevance of all
variables apart fromnswer t ype. The final model learned appears in Figure 1. To evaluate
the result, thed CO5 dataset (with 590 instances) was employed as a testsetdsa@ey
report in Figure 2). Further investigation with the datawed that splitting them and
considering a different model for every item improves thautes substantially (an average
of 68.367% accuracy for all items). The main reason behirg] ih the fact that some of
the variables do not play the same role in every item (for gotanthe influence of the
related items page is not always the same on subsequen) éewchsherefore, one model
cannot accommodate all the items. This process simplifiedrtbdels considerably and
therefore, these separate models were preferred for thalactplementation.

After the implementation of the BN, further investigatioitiwthe data revealed that
logistic regression is slightly more accurate in certaisesafor predicting the need for help
(on average it has accuracy 68.92% against the testset amldefonodel that combines
all items 69.89%). Although, as in any model, further inigedtion and research could
improve its accuracy, the model was considered adequatenfdementation and further
testing. The prediction was employed as a feature in sulesegesearch related to affec-
tive characteristics (see [13]) and plays a particular asla feature in the machine-learned
model described in the next section. The application of tbdehand how the results could
be improved and automated are further discussed at Section 4

3 Predicting the benefit of students’ interactions

Similar to the prediction of unnecessary help-requesespthblem of measuring the bene-
fit of students’ interactions in terms of learning is alsotgqomplex and not unique to the
research here. Consistent with the choices described iprévsous section, the approach
taken was to develop a model based on data from all studemésactions with previous

applications of the system, correlated with their answergdst-test questions linked to



Table 1. Features considered for learning the model of beneial interaction

Help frequency. 2. Error Frequency

Tendency to ask for help rather than risk an erg%—% as defined in [21])
No need for help but help requested (according to Secbl()tnué/false)
Answertype - the type of the answer required (mcq, blaakijmcheckbox)
Previous attempts in items related to the current skill

ouhswE

If this was the student’s first opportunity to practice thigls —1.
If no previous attempt was successful, 0.

Otherwise, a measure of the degree of completeness of the gfothe related iten
(if there was no related item on the system the standardisect ©f their exam in the
prerequisite of this skill)
7. Time in standard deviations off the mean time taken bytatlents on the same item.
8. Speed between hints — The Mahalanobis distance of then@fdimes between hints from
the vector of mean times taken by all students on the same it iter.
9. Accessing the related example while answering (trusdjal
10. Self-correction (true/false)
11. Requested solution without attempt to answer (trusjal
12. Reflection on hints (defined as the time until next actimmf hint delivery) (calculate
similarly to 8 using again the Mahalanobis distance).
13. The number of theoretical material lookups that theesttiébllowed when such a lookup
was suggested by the system (-1 if no lookups were suggested)

—

O

specific items in the system. In order to decide the featweshe machine learning a
combination of qualitative and exploratory analysis wadgrened (for details see [11]).
Based on the results and driven by the predictive power thalas features had in other
related research (e.g., [1, 3]) the variables that appekahite 1 were considered important.
The boolean class learned represents whether a studergraaseorrectly the related
post-test question. To achieve a mapping between the agtidhe system and the answers
in the post-test question the answers are assessed acrasg4kills that have a direct
correspondence with the steps of questions in WaLLiS . Icéises where students did not
answer parts of the questions, the missing answers aredevadias wrong (i.e. the boolean
variable is FALSE). In addition, in average 8 students imgdataset did not interact with
certain steps or whole items in WaLLiS and therefore theia deere excluded. In fact,
most of these 26 students did not attempt to answer the esistfiestion and the few who
did provided wrong answers. This resulted in 472 instances @& C04, 352 fromd C05.

For similar reasons as the ones described in the previotisseBNs were preferred.
Informal comparisons with decision trees establisheditteat had similar accuracy. Whilst

3The Mahalanobis distance is used in the place of the traitiguclidean distance. It utilises group
means and variances for each variable as well as the caoredand covariance of the data set. It is usually
used as a metric to test whether a particular instance wautibsidered an outlier relative to a set of group
data. Formally, the distance of a vector= (x17xz7...,xn)T from another vectory = (y17y27...,yn)T is

defined aD(x) = \/(x— y)T£-1(x—y) where is the covariance matrix.



Table 2. Variables after feature  Table 3. Classification accuracy and Kappa statistic for
selection from Table 1 Bayesian networks and tree induction to predict benefi-
cial interaction

1. Tendency for help

2. Need for help

3. Self-correction BayesNet J4.8

4. Example access Cross Test Set Cross Test

5. Average reflection time accuracy| 70.112 68.234| 66.517 65.843

6. Speed for hints Kappa | 0.401 0.364 | 0.318 0.313

7. Error frequency | True 0.726  0.726 | 0.714 0.686
| False | 0.672 0.623| 0.605 0.626

implementing a model based on decision trees would haveased the flexibility when
providing feedback, it is not clear if communicating to thedents the reasons behind the
ineffective interaction, would have any effect, particlylaf one takes into account that in
more than 30% of the cases the system could be wrong. In adgditi future implementa-
tions, this prediction could be used as part of the evideoca holistic framework.

To learn the BN the ICS algorithm of Weka was employed agathtarfacilitate the
algorithm’s search feature selection is also employed waace to remove irrelevant and
redundant features. Although (as expected) the same méessoaccuracies and structure
was learned over the complete set of features, simpler rmadel always preferred. In
fact, the simplified model achieved better accuracy on aold-d¢ross validation check
and slightly better accuracy on the test set. By removingmdent features the remaining
ones were easier to comprehend. This allows a more sensiéeirny of the variables,
which can effect the search for the structure of the ICS &lgor Finally, the process with
feature selection was significantly faster. In this casgesall the analysis was performed
offline, and the models were implemented prior to their irdégn with the system, this is
not really relevant. However, if the techniques reportek fee automated to enable the
system to learn while more students work with it, online spb&#él become a more critical
factor. The list of reduced variables is shown in Table 2 &edinal model in Figure 3. Its
accuracy report, as well as comparisons with decision aeepresented in Table 3.

Logistic regression was tested again after the implemientaf the BN. It provides an
accuracy of 70.34% against the testset and although it nghé&isant improvement it is
definitely worth considering in the future. The next sectil@scribes how the two models
described were employed when redesigning WaLLiS and futor& for improving them.

4 Application and Future Work

As discussed in the Introduction the necessity behind tkeldpment of the two models
was established through qualitative research aiming toowgWalLLiS by taking into ac-
count students’ affective characteristics. In particuarpresented in [13], the two models
are interrelated as the prediction of the necessity of hedpi@sts appears in rules related
to affective factors (particularly effort) but also the neb@df beneficial interaction seems
to have the potential to model tutors’ decisions and feeklbac

The immediate benefit of the two models was to empower thesystith a measure-



effectiveness

Figure 3. Bayesian Network for predicting beneficial interaction

ment of desirable interaction on the basis of which feedpbatérventions and suggestions
for studying further material can be provided. The two medetre implemented (using
JavaBay€§ as part of a diagnostic agent the outcomes of which are tatemccount by
the system’s feedback mechanism in order to adapt its acteccordingly, when students
are asking for suggestions on what to study next, the piedicf beneficial interaction
is employed assisting the system to prioritise the avaal#bims for the student. In other
cases students may have just completed an item but becatirsevedy they interacted with
it, the model predicts a low benefit of their interaction. Hystem then suggests they try
the exercise again. The prediction is also employed whetests are asking for sugges-
tions within an item rather than a specific hint on a step.édfghediction is high, a positive
comment is provided followed by an encouragement to coraplet remaining items (if
any) before moving on to the next activity. Otherwise, they @minded of the goals of
the exercise they are interacting with and are encourageahplete the current item first.
When requesting specific hints in steps, the predictionHerrtecessity of help-requests
is used but it does not play a direct role. In other words, g&donot prevent students for
asking help but it plays an indirect role in the model of beneafinteraction.

Future work will focus into improving the models. The sepiara of the models by
items seems to be against the long-term goal of coming up evithmodel that could be
used in other lessons. On the other hand, the methodolodyuftating it can be used in
other contexts especially if it is automated allowing thstegn to learn and improve itself
while it is used rather than when offline. Also, it was disadsghat logistic regression
seems to provide better accuracy and therefore future wdrkwestigate its implemen-
tation. Logistic regression is not only more straightforsvéo implement but it can also
provide the probabilistic framework needed to deal with wheertain nature of the pre-
dictions. In addition, it is worth observing that the preuatin from the model of beneficial
interaction can in its turn be used as a feature in the modehf® necessity of help re-
guests in the place of thel variable thus avoiding the use of the subjective rule-based
measurement and relying to the more valid model learned trata.

The development of the models introduced a qualitativefgdint interaction. There-
fore, future work will focus on evaluating the different é&ons and the impact they may

4http://www.cs.cmu.edu/ javabayes/



have in students’ learning. The design choices for the faekllmmechanism are already
influenced by the accuracy and the probabilistic natureeptiediction. As also discussed
in [1, 3], The approach taken should not be too intrusive. (@gterrupting students’ work
in order to provide feedback) nor preventative (e.g., pnéng them from asking help).
In particular, if one takes into account that in around 30%hef cases the model could
be wrong it is obvious, but paramount, to use these predigtio a way that has the least
negative educational consequences. The question is hotfike a balance between an
approach that utilises the predictions from the models imm&rmative way and a more
preventative approach that may be required in some casethe lcases where commu-
nicating this information with the student becomes prolagoy models such as the ones
developed here could have other applications. For exaniq@egrediction of the benefit of
the interaction could be used in open-learner modellingharlassroom environments to
provide useful information for teachers on the basis of Wihiey can act.

Finally, it is worth considering in more detail the evalaatiof the models, since they
influence the judgements on the validity of the results. ndase of the models presented
here, an average of 70% was considered satisfactory beohtlse design choice in rela-
tion to not following a preventative approach. A suggestibrepeating an exercise, even
when given under false evidence, is probably not that proate compared to not allowing
students to request help just because the system thinke(soes wrongly) that their re-
quest is superfluous. Therefore, in Educational Data Mintigworth taking into account
the nature of the data and the ‘cost’ of true or false postra¢her than evaluating them out
of context. Given the availability of data that include stats’ performance, future work
will focus on taking more informed decisions about the med@eld the appropriate actions
of the system in terms of being detrimental to studentshieay.
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