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Factorization Models for Forecasting Student Performance

Nguyen Thai-Nghe, Tomas Horvath and Lars Schmidt-Thieme, University of Hildesheim, Germany

Predicting student performance (PSP) is one of the educational data mining task, where we would like to know how much
knowledge the students have gained and whether they can perform the tasks (or exercises) correctly. Since the student’s
knowledge improves and cumulates over time, the sequential (temporal) e [edt is an important information for PSP. Previous
works have shown that PSP can be casted as rating prediction task in recommender systems, and therefore, factorization
techniques can be applied for this task. To take into account the sequential e [edt, this work proposes a novel approach which
uses tensor factorization for forecasting student performance. With this approach, we can personalize the prediction for each
student given the task, thus, it can also be used for recommending the tasks to the students. Experimental results on two large
data sets show that incorporating forecasting techniques into the factorization process is a promising approach.

1. INTRODUCTION

Predicting student performance, one of the tasks in educational data mining, has been taken into account
recently [Toscher and Jahrer 2010; Yu et al. 2010; Cetintas et al. 2010; Thai-Nghe et al. 2011]. It was
selected as a challenge task for the KDD Cup 2010? [Koedinger et al. 2010]. Concretely, predicting student
performance is the task where we would like to know how the students learn (e.g. generally or narrowly), how
quickly or slowly they adapt to new problems or if it is possible to infer the knowledge requirements to solve
the problems directly from student performance data [Corbett and Anderson 1995; Feng et al. 2009], and
eventually, we would like to know whether the students perform the tasks (exercises) correctly (or with some
levels of certainty). As discussed in Cen et al. [2006], an improved model for predicting student performance
could save millions of hours of students’ time and e[ant in learning algebra. In that time, students could
move to other specific fields of their study or doing other things they enjoy. From educational data mining
point of view, an accurate and reliable model in predicting student performance may replace some current
standardized tests, and thus, reducing the pressure, time, as well as e [oft on “teaching and learning for
examinations” [Feng et al. 2009; Thai-Nghe et al. 2011].

To address the problem of predicting student performance, many papers have been published but most
of them are based on traditional classification/regression techniques [Cen et al. 2006; Feng et al. 2009;
Yu et al. 2010; Pardos and Helerhan 2010]. Many other works can be found in Romero et al. [2010].
Recently, [Thai-Nghe et al. 2010; Toscher and Jahrer 2010; Thai-Nghe et al. 2011] have proposed using
recommendation techniques, e.g. matrix factorization, for predicting student performance. The authors have
shown that predicting student performance can be considered as rating prediction since the student, task,
and performance would become user, item, and rating in recommender systems, respectively. We know that
learning and problem-solving are complex cognitive and a [edtive processes that are di [erent to shopping and
other e-commerce transactions, however, as discussed in Thai-Nghe et al. [2011], the factorization models
in recommender systems are implicitly able to encode latent factors of students and tasks (e.g. “slip” and
“guess™), and especially in case where we do not have enough meta data about students and tasks (or even
we have not enough background knowledge of the domain), this mapping is a reasonable approach.

Ihttp://pslcdatashop.web.cmu.edu/KDDCup/
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Moreover, from the pedagogical aspect, we expect that students (or generally, learners) can improve their
knowledge over time, thus, the temporal/sequential information is an important factor in predicting student
performance. Thai-Nghe et al. [2011] proposed using three-mode tensor factorization (on student/task/time)
instead of matrix factorization (on student/task) to take the temporal e [edt into account.

Inspired from the idea in Rendle et al. [2010], which used matrix factorization with Markov chains to
model sequential behavior of the user in e-commerce area, and also inspired from the personalized forecasting
methods [Thai-Nghe et al. 2011], we propose a novel approach, tensor factorization forecasting, to model
the sequential eledt in predicting student performance. Thus, we bring together the advantages of both
forecasting and factorization techniques in this work. The proposed approach can be used not only for
predicting student performance but also for recommending the tasks to the students, as well as for the other
domains (e.g. recommender systems) in which the sequential e [edt should be taken into account.

2. RELATED WORK

Many works can be found in [Romero and Ventura 2006; Baker and Yacef 2009; Romero et al. 2010] but
most of them relied on traditional classification/regression techniques. Concretely, Cen et al. [2006] proposed
a semi-automated method for improving a cognitive model called Learning Factors Analysis that combines a
statistical model, human expertise and a combinatorial search; Thai-Nghe et al. [2009] proposed to improve
the student performance prediction by dealing with the class imbalance problem, using support vector
machines (i.e., the ratio between passing and failing students is usually skewed); Yu et al. [2010] used
linear support vector machines together with feature engineering and ensembling techniques for predicting
student performance. These methods work well in case we have enough meta data about students and tasks.

In student modeling, Corbett and Anderson [1995] proposed the Knowledge Tracing model, which is widely
used in this domain. The model assumes that each skill has four parameters: 1) initial (or prior) knowledge,
which is the probability that a particular skill was known by the student before interacting with the tutoring
systems; 2) learning rate, which is the probability that student’s knowledge changes from unlearned to learned
state after each learning opportunity; 3) guess, which is the probability that a student can answer correctly
even if he/she does not know the skill associated with the problem; 4) slip, which is the probability that a
student makes a mistake (incorrect answer) even if he/she knows the required skills. To apply the knowledge
tracing model for predicting student performance, the four parameters need to be estimated either by using
Expectation Maximization method [Chang et al. 2006] or by using Brute-Force method [Baker et al. 2008].
Pardos and He [erhan [2010] propose a variant of knowledge tracing by taking individualization into account.
These models explicitly take into account the “slip” and “guess” latent factors.

Recently, researchers have proposed using recommender system techniques (e.g. matrix factorization) for
predicting student performance [Thai-Nghe et al. 2010; Toscher and Jahrer 2010]. The authors have shown
that predicting student performance can be considered as rating prediction since the student, task, and
performance would become user, item, and rating in recommender systems, respectively; Extended from
these works, Thai-Nghe et al. [2011] proposed tensor factorization models to take into account the sequential
e [edt (for modeling how student knowledge changes over time). Thus, the authors have modeled the student
performance as a 3-dimensional recommender system problem on (student, task, time).

In this work, the problem setting is similar to our previous work [Thai-Nghe et al. 2011], however, we
introduce two new methods - tensor factorization forecasting models - for predicting student performance.

3. PREDICTING STUDENT PERFORMANCE (PSP)

The problem of predicting student performance is to predict the likely performance of a student for some
exercises (or part thereof such as for some particular steps) which we call the tasks. The task could be to
solve a particular step in a problem, to solve a whole problem or to solve problems in a section or unit, etc.



Factorization Models for Forecasting Student Performance 13

Detailed descriptions can be found in [Thai-Nghe et al. 2011]. Here, we are only interested in three features,
e.g. student ID, task ID, and time ID.

More formally, let S be a set of students, I be a set of tasks, and P ['Rlbe a range of possible performance
scores. Let D'ain 9 x | x P)he a sequence of observed student performances and D't [{3 x| x P)™!
be a sequence of unobserved student performances. Furthermore, let

Mp:SxIxP P, (si,p)Bp

and

Msi:SXIxP - SxI, (si,p)B (s51)

be the projections to the performance measure and to the student/task pair. Then the problem of student
performance prediction is, given D'3" and T ; (D®sY), to find

P =P1,02,...,P|Dtesy|
such that
IDfH—
err(p, p) := (o — P1)?
I=1
is minimal with p := mp(D*st). Some other error measures could also be considered.

As discussed in Thai-Nghe et al. [2011], the problem of predicting student performance can be i) casted as
rating prediction task in recommender systems since s, i and p would be user, item and rating, respectively,
and ii) casted as forecasting problem (illustrated in Figure 1b-top) to deal with the potentially sequential
e [edts (e.g. describing how students gain experience over time) which is discussed in this work. An illustration

of predicting student performance which takes the data sequence into account is presented in Figure la.
Figure 1b-bottom is an example of representing student performance data in a three-mode tensor.
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Predicting student performance

Fig. 1. An illustration of casting predicting student performance as forecasting problem, which uses all historical performance
data controlled by the history length L to forecast the next performance
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4. TENSOR FACTORIZATION FORECASTING

In this work, we will use three-mode tensor factorization which is a generalization of matrix factorization.
Given a three-mode tensor Z of size U x | x T, where the first mode describes U students, the second
mode describes | tasks (problems), and the third mode describes the time. Then Z can be written as a sum
of rank-1 tensors by using CANDECOM-PARAFAC [Carroll and Chang 1970; Harshman 1970; Kolda and
Bader 2009]:

| S|
Z= AWg-°hgeok @
k=1

where < is the outer product; Ay [CRI*; and each vector wy [RV, hy [CRI', and qx CRI" describes the latent
factor vectors of the student, task, and time, respectively (see the articles [Kolda and Bader 2009; Dunlavy
et al. 2011] for details). In this work, these latent factors are optimized for root mean squared error (RMSE)
using stochastic gradient descent [Bottou 2004].

As mentioned in the literature, “the more the learners study the better the performance they get”, and
the knowledge of the learners cumulates over time, thus the temporal e [edt is an important factor to predict
the student performance. We adopt the ideas in the previous works [Dunlavy et al. 2011]?, [Thai-Nghe et al.
2011; Thai-Nghe et al. 2011] to incorporate forecasting model into the factorization process, which we call
tensor factorization forecasting.

For simplification purpose, we apply the moving average approach (the unweighted mean of the previous
n data points [Brockwell and Davis 2002]) with a period L on the time mode. The performance of student
u given task i is predicted by:

R | S |
Puitc=  Wukhixk®Pr e @)
k=1

where

t=T =L Gtk Pt

5 ©)

where T 55 the current time in the sequence; gy and py are the time latent factor and the student performance

of the previous time, respectively; L is the number of steps in the history to be used by the model (refer back

to Figure 1 to see the value of L). We call this method TFMAF (Tensor Factorization - Moving Average
Forecasting).

As shown in [Toscher and Jahrer 2010; Thai-Nghe et al. 2011], the prediction result can be improved if one
employs the biased terms into the prediction model. In educational setting, those biased terms are “student
bias” which models how good a student is (i.e. how likely is the student to perform a task correctly), and
“task bias” which models how di Cculit/easy the task is (i.e. how likely is the task to be performed correctly).
To take into account the “student bias” and “task bias”, the prediction function (2) now becomes:

R | S|
PuitTc=H+by +bi +  wWukhik®Proe 4
k=1

Oroe=

where W is the global average (average performance of all students and tasks in D™ai"n):

pED]rain p

| Dtrai n | (5)

n=

2This work used tensor factorization for link prediction
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by is student bias (average performance of student u deviated from the global average):

pu [Dyrain (pu - P—)

b, = [pu mtrainl ()
and b; is task bias (average performance on task i deviated from the global average):
—1 ;
pi [D¥rain (p - u) (7)

i= |pi mtrainl
Moreover, in e-commerce area, Rendle et al. [2010] have used matrix factorization with Markov chains
to model sequential behavior by learning a transition graph over items that is used to predict the next
action based on the recent actions of a user. The authors proposed using previous “basket of items” to
predict the next “basket of items” with high probabilities that the users might want to buy. However, in
educational environment, one natural fact is that the performance of the students not only depend on the
recent knowledge (e.g. the knowledge in the previous problems or lessons, which act as “previous basket of
items”) but also depend on the cumulative knowledge in the past that the students have studied. Thus, we
need to adapt this method by using all previous performances which are controlled by history length L (see
Figure 1) for forecasting the next performance.
The &1 in equation (3) now becomes:

_ hE!
¢.T o= t=T |:1|I: tkqtkpt (8)

where hg} is the latent factor of the previous solved task in the sequence. We call this method TFF (Tensor
Factorization Forecasting).

5. EVALUATION

In this section, we first present two real-world data sets, then we describe the baselines for comparison. We
show how we set up the models, and finally, the results of tensor factorization forecasting are discussed.

5.1 Data sets

We use 2 real world data sets which are collected from the Knowledge Discovery and Data Mining Challenge
2010%. These data sets, originally labeled *“Algebra 2008-2009” and “Bridge to Algebra 2008-2009” will be
denoted “Algebra” and “Bridge” for the remainder of this paper. Each data set is split into a train and a test
partition as described in Table I. The data represents the log files of interactions between students and the
tutoring system. While students solve math related problems in the tutoring system, their activities, success
and progress indicators are logged as individual rows in the data sets.

Table 1. Original data sets

Data set #Attributes | #lInstances
Algebra-2008-2009 train 23 8,918,054
Algebra-2008-2009 test 23 508,912
Bridge-to-Algebra-2008-2009 train 21 20,012,498
Bridge-to-Algebra-2008-2009 test 21 756,386

The central element of interaction between the students and the tutoring system is the problem. Every
problem belongs into a hierarchy of unit and section. Furthermore, a problem consists of many individual

3http://pslcdatashop.web.cmu.edu/KDDCup/
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steps such as calculating a circle’s area, solving a given equation, entering the result and alike. The field
problem view tracks how many times the student already saw this problem. The other attributes we have
not used in this work. Target of the prediction task is the correct first attempt (CFA) information which
encodes whether the student successfully completed the given step on the first attempt (CFA = 1 indicates
correct, and CFA = 0 indicates incorrect). The prediction would then encode the certainty that the student
will succeed on the first try.

As presented in Thai-Nghe et al. [2010], these data sets can be mapped to user,item, and rating in
recommender systems. The student becomes the user, and the correct first attempt (CFA) becomes the
rating, bounded between 0 and 1. The authors also presented several options that can be mapped to the item.
In this work, the item refers to a solving-step, which is a combination (concatenation) of problem hierarchy
(PH), problem name (PN), step name (SN), and problem view (PV). The information of student, task, and
performance is summarized in Table II.

Table Il. Information of students, tasks (solving-steps), and performances (CFAS)
Data set | #Student (as User) | #Task (as Item) | #Performance (as Rating)
Algebra 3,310 1,416,473 8,918,054
Bridge 6,043 887,740 20,012,498

5.2 Evaluation metric and model setting
Evaluation metric: The root mean squared error (RMSE) is used to evaluate the models.
| I
— —1 ~
ui rotest (Pui — Pui)?
|Dtest|

RMSE =

©)

Baselines: We use the global average as a baseline, i.e. predicting the average of the target variable from
the training set. The proposed methods are compared with other methods such as student average (user
average in recommender systems), biased-student-task (this method originally is user-item-baseline in Koren
[2010]). Moreover, we also compare the proposed approach with matrix factorization (MF) since previous
works [Toscher and Jahrer 2010; Thai-Nghe et al. 2010] have shown that MF can produce promising results.
For MF, the mapping of user and item as the following:

student O user;
Problem hierarchy (unit, section), problem name, step name, problem view 3 item;
performance B rating

Hyper parameter setting: Hyper parameter search was applied to determine the hyper parameters* for
all methods (e.g, optimizing the RMSE on a holdout set). We will report later the hyper parameters for some
typical methods (in Table 1V). Please note that we have not performed the significance test (t-test) because
the real target variables of the two data sets from KDD Challenge 2010, until now, have not been published
yet. We have to submit the results to the KDD Challenge 2010 website to get the RMSE score. Thus, all
the results reported in this study are the RMSE score from this website (it is still opened for submission
after the challenge). Of course, one can use the internal split (e.g. splitting the training set to sub-train and
sub-test) but we have not experimented in this way since we would like to see how good the results of our
approach are compared to the other approaches on the given data sets.

4Using similar approach described in [Thai-Nghe et al. 2010]
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Dealing with cold-start problem: To deal with the “new user” (new student) or “new item” (new task),
e.g., those that are in the test set but not in the train set, we simply provide the global average score for
these new users or new items. However, using more sophisticated methods, e.g. in [Gantner et al. 2010], can
improve the prediction results. Moreover, in the educational environment, the cold-start problem is not as
harmful as in the e-commerce environment where the new users and new items appear every day or even
hour, thus, the models need not to be re-trained continuously.

5.3 Results

To justify why forecasting method can be a choice in predicting student performance (especially embedding
in the factorization process) and how the sequential (temporal) information a[edts to the performance of the
learners, we plot the student performance on the y —axis and the problem ID (in sequence) on the x — axis.
However, in the experimental datasets, the true target variable (the actual performance) for each single step
is encoded by binary values, i.e., 0 (incorrect) and 1 (correct), thus, the student performance does not show
the trend line when we visualize these data sets.

0.85 1 Algebra 0.85 Bridge
080 -
0.0 -

075 -

_ 085 |
0.70 -
0.65 0.80

1 3 5 7 9 1113 15 17 19 1 3 5 7 9 111315 17 19

Fig. 2. Sequential eledt on the student performance: y — axis is the average of correct performances and x — axis is the
sequence of problems (ID) aggregated from the steps. Typical results of Unit 1 and Section 1 of Algebra and Bridge datasets

We aggregate the performance of all steps in the same problem to a single value and plot the aggregated
performance to Figure 2. From this, we can see the sequential e [edt on the sequence of solving problems (from
left to right). The average performance increases with the trend line, which implicitly means that forecasting
methods are appropriate to cope with predicting student performance. Please note that by aggregating,
we will come up with new data sets and the task now is to predict/forecast the whole problem instead of
predicting/forecasting the single step in that problem. This work is, however, out of the scope of this paper,
so we leave the experimental results on these new aggregated data sets for future work.

Also, in these specific data sets, the actual target variable (the actual performance) is encoded by 0
(incorrect) and 1 (correct), so we modify the equations (3) and (8) to avoid the zero value of the factor
product. The ®1 o in equation (3) now becomes:

t=T 2L qtk((pt - 05) ' 2)

Proe= N (10)
and the ®y in equation (8) now becomes:
L
_ h) —05):2
Prp= ETEL ek (Pt ) 2) (1)

L
However, other modifications on these specific data sets can also be used.
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Fig. 3. RMSE results of taken into account the temporal e [edt using tensor factorization which factorize on student/solving-
step/time.

Figure 3 presents the RMSE of the tensor factorization forecasting methods which factorize on the student
(as user), solving-step (as item), and the sequence of solving-step (as time). The results of the proposed meth-
ods show improvement compared to the others. Moreover, compared with matrix factorization which does
not take the temporal e [edt into account, the tensor factorization methods have also improved the prediction
results. These results may implicitly reflect the natural fact that we mentioned before: “the knowledge of the
student improves over time”. However, the results of TFF has a small improvement compared to TFMAF
method.

Table 111 presents the RMSE of the proposed methods and the well-known Knowledge Tracing [Corbett
and Anderson 1995] which estimates the parameters by using Brute-Force (BF) [Baker et al. 2008], on
Bridge data set. Since this data set is quite large, it is intractable when using Expectation Maximization
(EM) method [Chang et al. 2006]. The tensor factorization forecasting models have significant improvements
compared to the Knowledge Tracing model. However, the comparison with other methods, e.g. Performance
Factors Analysis [Pavlik et al. 2009] and Prior Per Student [Pardos and He [erhan 2010], is leaved for future
work.

Table 11l. RMSE of Knowledge Tracing vs. Tensor
Factorization Forecasting models

Data set | Knowledge Tracing (BF) | TEFMAF TFF
Algebra 0.30561 0.30398 | 0.30159
Bridge 0.30649 0.28808 | 0.28700

For referencing, we report the hyper parameters found via cross-validation and approximation of running
time in Table V. Although the training time of TFF is high (e.g. =15 hours on Algebra) but in educational
environment where the models need not to be retrained continuously, this running time is not an issue.

Table 1V. Hyper parameters and running time. 3 is learning rate, A is regularization term, K is the
number of latent factors, #iter is the number of iterations, and L is the history length.

Method Data set | Hyper parameters Train (min.) | Test (sec.)
Matrix Factorization | Algebra 3=0.005, #iter=120, K=16, A=0.015 16.83 0.15
TEMAF Algebra $=0.015, #iter=30, K=16, A=0.015, L=8 108.84 9.17
TFF Algebra 3=0.001, #iter=60, K=16, A=0.015, L=10 908.71 15.11
Matrix Factorization | Bridge 3=0.01, #iter=80, K=64, A=0.015 40.15 0.34
TFEMAF Bridge 3=0.005, #iter=20, K=64, A=0.015, L=10 629.07 51.06
TFF Bridge 3=0.0015, #iter=60, K=16, A=0.005, L=5 466.01 6.61
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6. DISCUSSION AND CONCLUSION

Predicting student performance is an important task in educational data mining, where we can give the
students some early feedbacks to help them improving their study results. A good and reliable model which
accurately predicts the student performance may replace the current standardized tests, thus, reducing the
pressure on teaching and learning for examinations as well as saving a lot of time and e [ant for both teachers
and students.

From educational point of view, the learner’s knowledge improves and cumulates over time, thus, sequential
e [edt is an important information for predicting student performance. We have proposed a novel approach
- tensor factorization forecasting - which incorporates the forecasting technique into the factorization model
to take into account the sequential e [edt.

Indeed, factorization techniques outperform other state-of-the-art collaborative filtering techniques [Koren
2010]. They belong to the family of latent factor models which aim at mapping users (students) and items
(tasks) to a common latent space by representing them as vectors in that space. The performance of these
techniques are promising even we do not know the background knowledge of the domain (e.g. the student/task
attributes). Moreover, we use just two or three features such as student ID, task ID and/or time, thus, the
memory consumption and the human e [ant in pre-processing can be reduced significantly while the prediction
quality is reasonable. Experimental results have shown that a combination of factorization and forecasting
methods can perform nicely compared to previous works which only use factorization techniques.

Another advantage of this approach is that we can personalize the prediction for each student given the
task, and thus, besides predicting student performance, one could use the proposed methods to recommend
the tasks (exercises) to students when building a personalized learning system.

A simple forecasting technique, which is moving average, was incorporated into the factorization model.
However, applying more sophisticated forecasting techniques, e.g. Holt-Winter [Chatfield and Yar 1988;
Dunlavy et al. 2011], may produce better results.
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There is a growing number of courses delivered using e-learning environments and their online discussions play an important
role in collaborative learning of students. Even in courses with a few number of students, there could be thousands of messages
generated in a few months within these forums. Manually evaluating the participation of students in such case is a significant
challenge, considering the fact that current e-learning environments do not provide much information regarding the structure of
interactions between students. There is a recent line of research on applying social network analysis (SNA) techniques to study
these interactions. And it is interesting to investigate the practicability of SNA in evaluating participation of students. Here we
propose to exploit SNA techniques, including community mining, in order to discover relevant structures in social networks we
generate from student communications but also information networks we produce from the content of the exchanged messages.
With visualization of these discovered relevant structures and the automated identification of central and peripheral participants,
an instructor is provided with better means to assess participation in the online discussions. We implemented these new ideas
in a toolbox, named Meerkat-ED. Which prepares and visualizes overall snapshots of the participants in the discussion forums,
their interactions, and the leader/peripheral students. Moreover, it creates a hierarchical summarization of the discussed topics,
which gives the instructor a quick view of what is under discussion. We believe exploiting the mining abilities of this toolbox
would facilitate fair evaluation of students’ participation in online courses.

1. INTRODUCTION

There is a growing number of courses delivered using e-learning environments, especially in postsecondary
education, using computer-supported collaborative learning (CSCL) tools, such as Moodle ,WebCT and
Blackboard . Online asynchronous discussions in these environments play an important role in collaborative
learning of students. It makes them actively engaged in sharing information and perspectives by interacting
with other students [Erlin et al. 2009]. There is a theoretical emphasis in CSCL on the role of threaded
discussion forums for online learning activities. Even basic CSCL tools enable the development of these
threads where the learners could access text, revise it or reinterpret it; which allow them to connect, build,
and refine ideas, along with stimulating deeper reflection [Calvani et al. 2009]. There could be thousands of
messages generated in a few months within these forums, containing long discussion threads bearing many
interactions between students. Therefore the CSCL tools should provide a means to help instructors for
evaluating participation of students and analyzing the structure of these interactions; which otherwise could
be very time consuming, if not impossible, for the instructors to be done manually.

Up to now, current CSCL tools do not provide much information regarding the participation of students
and structure of interactions between them in discussion threads. In many cases, only some statistical infor-
mation is provided such as frequency of postings, which is not a useful measure for interaction activity [Erlin
et al. 2009]. This means that the instructors who are using these tools, do not have access to convenient in-
dicators that would allow them to evaluate the participation and interaction in their classes [Willging 2005].
Instructors usually have to monitor the discussion threads manually which is hard, time consuming, and
prone to human error. On the other hand, there exists a large body of research on studying the participa-
tion of students in such discussion threads using traditional research methods: content analysis, interviews,
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survey observations and questionnaires [de Laat et al. 2007]. These methods try to detect the activities
that students are involved in while ignoring the relations between students. For example, content analysis
methods, as the most common traditional methods, provide deep information about specific participants.
However, they neglect the relationships between the participants while their focus is on the content, not on
the structure [Willging 2005]. In order to fully understanding the participation of students, we need to under-
stand their patterns of interactions and answer questions like who is involved in each discussion, who is the
active/peripheral participant in a discussion thread [de Laat et al. 2007]. Nurmela et al. 1999 demonstrated
the practicality of social network analysis methods in CSCL, as a method for obtaining information about
relations and fundamental structural patterns. Moreover, there is a recent line of work on applying social
network analysis techniques for evaluating the participation of students in online courses like works done by
Sundararajan 2010, Calvani et al. 2009, de Laat et al. 2007, Willging 2005, Laghos and Zaphiris 2006, and
Erlin et al. 2009. The major challenges these works tried to tackle are: extracting social networks from asyn-
chronous discussion forums (might require content analysis), finding appropriate indicators for evaluating
participation (from education’s point of view) and measuring these indicators using social network analysis.
As clarified in the related works, Section 2, none of these works provides a complete or specific toolbox for
analyzing discussion threads. However, they attempted to address one of these challenges to some extent.

Here, we elaborate on the importance of social network analysis for mining structural data in the field of
computer science and its applicability to the domain of education. for monitoring and evaluating participation
of students in online courses. We propose Meerkat-ED, a specific and practical toolbox for analyzing interac-
tions of students in asynchronous discussion forums of online courses. Meerkat-ED analyzes the structure of
these interactions using social network analysis techniques including community mining. It prepares and visu-
alizes overall snapshots of participants in the discussion forums, their interactions, and the leader/peripheral
students in these discussions. Moreover, it analyzes the content of the exchanged messages in this discussions
by building an information network of terms and using community mining techniques to identify the topics
discussed. Meerkat-ED creates a hierarchical summarization of these discussed topics in the forums, which
gives the instructor a quick view of what is under discussion in these forums. It further illustrates how much
each student has participated in these topics, by showing his/her centrality in the discussions on that topic,
the number of posts, replies, and the portion of terms used by that student in the discussions. In the follow-
ing, we first introduce some basic backgrounds of social network analysis and elaborate on its applications
in the context of on-line Education. We then present Meerkat-ED — our solution for social network analysis
of online courses in Section 3 and illustrate its practicability on our own case study data in Section 4.

2. BACKGROUND AND RELATED WORKS

Social networks are formally defined as a set of actors or network members whom are tied by one or more type
of relations [Marin and Wellman 2010]. The actors are most commonly persons or organizations, however,
they could be any entities such as web pages, countries, proteins, documents, etc. There could also be many
diLerent types of relationships, to name a few, collaborations, friendships, web links, citations, information
flow, etc. [Marin and Wellman 2010]. These relations represented by the edges in the network connecting
the actors and may have a direction (shows the flow from one actor to the other) and a strength (shows how
much, how often, how important).

Unlike proponents of attribute based social sciences, social network analysts argue that causation is not
located in the individuals, but in the social structure [Marin and Wellman 2010]. Social network analysis
is the study of this structure. Rooted in sociology, nowadays, social network analysis has became an in-
terdisciplinary area of study, including researchers from anthropology, communications, computer science,
education, economics, criminology, management science, medicine, political science, and other disciplines
[Marin and Wellman 2010]. Social network analysis examines the structure and composition of ties in the
network to provides insights into: 1) understanding the central actors in the network (prestige); 2) detecting
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the individuals with the most outgoing connections (influence), the most incoming connections (prominence),
and the least connections (outlier); 3) identifying the proportion of possible ties that actually exist (density);
4) tracking the actors that are involved in passing information through the network (path length); 5) find-
ing the actors that are communicating more often with each other (community), etc. The availability and
growth of large datasets of information networks makes community mining a very challenging research topic
in social networks analysis. There has been a considerable amount of work done to detect communities in
social networks [Palla et al. 2005], [Newman and Girvan 2004], [Chen et al. 2009], etc.

2.1 Social Network Analysis of Asynchronous Discussions in Online Courses

In order to apply social network analysis techniques to assess participation of students in an e-learning
environment, we need to first extract the social network from the e-learning course. Then we consider which
measures show an e [edtive participation, and finally report these measures in an appropriate way. Here, we
give an overview of the previous works related to each of these phases.

Extraction of Social Network. CSCL tools record log files
that contain the detailed actions that occurring within them.

Hence, log files include information about the activity of the Enrolled [7] ~ Group A2G5
participants in the discussion forums [Nurmela et al. 1999]. faeT3  Extentof participation

de Laat et al. 2007, Willging 2005, Erlin et al. 2009 and Laghos Conclusivenes ‘~ Proposing
and Zaphiris 2006 used these log files to extract the social net- QQ attitude

work underneath of discussion threads. Laghos et al. stated Reactivity to ‘ |

; ; . Y A!VA— Equal
that they considered each message as directed to all partici- proposals ’\4» participation
pants in that discussion thread while others considered it as Q’
only directed to the previous message. Gruzd and Haythornth- De”“‘ Extent of roles
waite 2008 and 2009, proposed an alternative and more com- Reciprocal reading Rhythm
plicated way of extracting social networks, called named net-

work. They argue that using this common method (connecting [==— Group Velues -+~~~ Groups' average
a poster to the previous poster in the thread) would result in ) ) )
losing much of the connections. Their approach briefly is: first F19. 1: This nanogram illustrates a comparison
using named entity recognition to find the nodes of the net- 0; participation of one groufp (E'“e lines) with
work, then counting the number of times that each name is L€ @verage participation of other groups (red
. . . . . lines) using the nine indicators defined by Cal-

mentioned in posts by others to obtain the ties, and finally : .

L . . . vani et al. 2009. Figure reproduced from [Cal-
weighting these ties by the amount of information exchanged .. ot a1, 2009].
in the posts. However, their final reported results are not that
promising and even obtaining those results requires many man-
ual corrections during the process. Regarding what we should consider as the participation in extracting the
social network, Hrastinski 2008 suggested that apart from writing, there are other indicators of participation
like accessing the e-learning environment, reading posts or the quantity and quality of the writing. However,
all of these methods extracted networks just based on posts by student (writing level).

Measuring the E [ectiveness of Participation. Daradoumis et al. 2006 defined high level weighted (showing
the importance) indicators to represent collaboration learning process; task performance, group function-
ing, social support, and help services. They further divided these indicators to skills and sub-skills, and
assigned every sub-skill to an action. For example, group functioning is divided into: active participation
behavior, task processing, communication processing, etc. On the other hand, communication processing is
itself divided into more sub-skills: clarification, evaluation, illustration, etc. and clarification is then mapped
to the action of changing description of a document or url. In the education context, Calvani et al. 2009
defined 9 indicators for measuring the e [edtiveness of participation to compare di[erent groups within a
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class; extent of participation (number of messages ), proposing attitude (number of messages with proposal
label), equal participation (variance of messages for users), extent of role (portion of roles used), rhythm
(variance of daily messages per day), reciprocal reading (portion of messages that have been read), depth
(average response depth), reactivity to proposal (number of direct answers to messages with proposal label)
and conclusiveness (number of messages with conclusion label); all summarized in a nonagon graph which
shows the group interactions relatively to the mean behavior of all groups (Figure 1). However, for measuring
the e[edtiveness of participation, most of the previous works simply used general social network measures
(diCerent centrality measures, betweenness, etc.), available in one of the common general social network
analysis toolboxes. Sundararajan 2010, de Laat et al. 2007, Willging 2005, Erlin et al. 2009 used UCINET
[UCINET] and Laghos and Zaphiris 2006 used NetMiner [NetMiner].

3. SOCIAL NETWORK ANALYSIS FOR EDUCATION: MEERKAT-ED

In this section, we illustrate the practicability of social network analysis in evaluating participation of students
in online discussion threads. We present our specific social network analysis toolbox, named Meerkat-ED, to
analyze online courses. Meerkat-ED is designed for assessing the participation of students in asynchronous
discussion forums of online courses. It analyzes the structure of interactions between students in these
discussions using social network analysis techniques. It exploit community mining techniques in order to
discover relevant structures in social networks generated from student communications and also information
networks produced from the content of the exchanged messages. With visualization of these discovered
relevant structures and the automated identification of central and peripheral participants, an instructor is
provided with better means to assess participation in the online discussions.

Meerkat-ED prepares and visualizes overall snapshots of participants in the discussion forums, their inter-
actions, and the leader/peripheral students. It creates a hierarchical summarization of the topics discussed
in the forums using community mining, which gives the instructor a quick view of what is under discussion
in these forums. It further illustrates how much each student has participated on these topics, by showing
his/her centrality in the discussions on that topic, the number of posts, replies, and the portion of terms
used by that student in discussions on the topic. Meerkat-ED builds and analyzes two kinds of networks out
of the discussion forums: social network of the students where links represent correspondence, and network
of the phrases used in the discussions where links represent co-occurrence of phrases in the same sentence.
Interpreting the first network shows the interaction structure of the students participated in the discussions.
Furthermore, centrality of students in this network corresponds to their leadership in the discussions. In-
terpreting terms network depicts the terms used in the discussion and the relations between these terms.
Finding the hierarchical communities in this network demonstrates the topics addressed in the discussions.
Choosing each of these topics outlines the students who participated in that topic and the extent of their
participation.

3.1 Interpreting Students Interaction Network

Interpreting the network of interaction between students helps instructors monitor the interaction structure
of students, and examine which students are the leaders in given discussions and who are the peripheral
students. Here, we first describe how the network is extracted based on the information from the discussion
threads. Then, we continue by bringing an analysis of leadership of the students based on their centrality in
this network. The student network shows the interaction between students in the discussion forums, where
the nodes represent students of the course and edges are the interaction between these students (i.e. messages
exchanged). The edges are weighted by the number of messages passed between the two incident students.
This network could be built both directed or undirected (chosen by the instructor); in the directed model,
each message is considered connecting the author of the message to the author of its parent message. The
leadership and influence of students in the discussions could be compared by examining the centrality of
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nodes corresponding to them in the network; as the nodes’ centrality measures their relative importance
within a network. Moreover, students could be ranked more explicitly in a concentric centrality graph in
which the more central/powerful the node is, the closer it is to the center (Figure 4).

3.2 Interpreting Term Network

Interpreting the term network, depicts the terms used in the discussions and the relation between these
terms. Moreover, finding the hierarchical communities in this network, demonstrates the topics exchanged in
the discussions. Furthermore, choosing each of these topics would outline the students who participated in
that topic and the extent of their participation. In the term network, nodes represent noun phrases occurring
in the discussions; and edges show the co-occurrence of these terms in the same sentence. Each co-occurrence
edge contains the messages in which its incident terms occurred together; and is weighted by the number
of sentences in which these terms co-occurred. For building this network, we need to first extract the noun
phrases from the discussions, then build the network by setting the extracted phrases as nodes and checking
their co-occurrence in all the sentences of every message for creating the edges.

We have used the OpenNlIp toolbox [OpenNIp] for extracting noun phrases out of discussions. OpenNIp
is a set of natural language processing tools for performing sentence detection, tokenization, pos-tagging,
chunking, parsing, and etc. Using sentence detector in OpenNIp, we first segmented the content of messages
to their consisting sentences. The tokenizer was used to break down those sentences to words. Having the
tokenized words, we used the Part-Of-Speech tagger to determine their grammatical tags — whether they are
noun, verbs, adjective, etc. Then using the chunker, we grouped these words to the phrases, and we picked
the detected noun phrases, which are sequences of words surrounding at least one noun and functioning as
a single unit in the syntax. For obtaining better sets of terms to represent the content of the discussions,
pruning on the extracted noun phrases was necessary. We removed all the stopwords, and split the phrases
that have stop word(s) within into two di Lerknt phrases. For example the phrase ”privacy and confidentiality”
is split into two terms: “privacy”, and “confidentiality”. To avoid having duplicates, the first characters were
converted to lower case (if the other characters of the phrase are in lowercase) and plurals to singular forms
(if the singular form appeared in the content). For instance “Patients” would be “patients” then “patient”.
As final modification, we removed all the noun phrases that just occurred once; which would prune most of
unwanted phrases.

The term Network could be further analyzed to group the terms co-occurring mostly together. These groups
represent the di Lerknt topics discussed in the messages and could be obtained by detecting the communities
in the term network. This idea is similar to work done in Chen et al. 2008. For creating the hierarchy of
the topics, we applied a community mining algorithm repeatedly to divide one of the current connected
components of the network, until the size of all components is smaller than a threshold, or the division of
any of the components would result in a loose partitioning. We used FastModularity [Clauset et al. 2004] as
the community detection algorithm, however it could be any other community mining approach. Based on
the detected term communities, the participation of students and how wide their participation are could be
validated. In other words, students who participated in di [erent topics could be considered more active than
students that just talked about a smaller number of topics. This evaluation could be examined by selecting
each student and checking how many topics he/she participated in.

4. CASE STUDY

In this section, we validate the feasibility of Meerkat-ED and illustrate its practical application on our
own case study data. Here, Meerkat-ED is used for visualizing, monitoring and evaluating participation of
students in the discussion forums. The data set we have used is obtained from a postsecondary course. The
course titled Electronic Health Record and Data Analysis, and was o [erkd in Winter 2010 at University of
Alberta. The permission to use the anonymized course data for research purposes was obtained from all the
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students registered in the course, at the end of the semester so as not to bias the communications taking
place. This data is further anonymized by assigning fake names to students and replacing any occurrence of
first, last or user name of the students in the data (including content of the messages in discussion forums)
with the assigned fake name. We also removed all email addresses from the data.

In the chosen course, as is also usual in other courses, the instructor initiated di [erent discussion threads.
For each thread he posted a question or provided some information and asked students to discuss the issue.
Consequently students posted subsequent messages in the thread, responding to the original question or
to the response of other students. This course was olered using Moodle which is a widely-used course
management system. Moodle like other CSCL tools, enables interaction and collaborative construction of
content, mostly using its Forum tool which is a place for students to share their ideas [Moodle]. Only using
Moodle, to evaluate student participation the instructor is limited to shallow means such as the number
of posts per thread and eventually the apparent size of messages. The instructor would have to manually
monitor the content of each interaction to measure the extent of individual participation, which is hard, time
consuming and even unrealistic in large classes or forums with large volume, where di [erent participants can
be assigned to moderate di[erknt discussions and threads.

To assess participation, we build and analyze two kinds of networks from these information: the social
network of students and the network of the terms used by them. The instructor of the course denoted the
usefulness of the results of these analysis in evaluating the participation of students in the course. Like in
[Sundararajan 2010] where the authors noted that using SNA it was easy to identify the workers and the
lurkers in the class, in this case study, the instructor reported that using Meerkat-ED it was easy to have an
overview of the whole participation and it was possible to identify influential students in each thread as well
as identify quiet students or unvoiced opinions, something that would have been impossible with the simple
statistics provided by Moodle. More importantly, focusing on the relationships in the graph one can identify
the real conduit for information rather than simply basing assessment of patrticipation on message size or
frequency of submissions. Learners who place centarly in the network as conduit for the information control
and can cause more knowledge exchange which is desirable in an online class. Regardless of the frequency of
messages, their size or content, if they do not have influence, their authors remain marginal and sit on the
periphery of the network (See Figure 4). This role of conduit of information versus mariginal students can
change during the course of the semester or from one discussed thread to the other. The systematic analysis
of centrality of participants per topic discussed provided by Meerkat-ED allowed a better assessment of the
participation of learners at each discussion topic level.

4.1 |Interpreting Students Interaction Network

As explained before, first of all we have to extract the students network from the discussion thread. Figure 2
shows the visualized network of students in the course. The size of the nodes corresponds to their degree
centrality in the network — the number of incident edges. This means that the bigger a node is, the more
messages the student represented by that node sent and received. The thickness of the edges in the net-
work represents the weight of interactions which is based on the number of messages in the interaction of
communicating students. Choosing an edge would bring up a pop up window that shows these messages as
illustrated in Figure 3. The next step is to analysis the leadership of the students based on their centrality in
this network. The nodes’ centrality is depicted by the size of the nodes in the visualized network as illustrated
in Figure 2. Moreover, students could be ranked more explicitly in a concentric centrality graph in which
the more central/powerful the node is, the closer it is to the center, as presented in Figure 4.

4.2 Interpreting Term Network

For this specific course, we extract the term network from the discussion forum. Figure 5 presents the
visualization of this term network, where the size of the nodes represents the frequency of their corresponding
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Fig. 2: Visualized Student Network: The left panel lists the students in the course. The right panel shows the social network of
interaction of students in the course. The size of nodes corresponds to their centrality/leadership in the discussions. The width
of edges represents the weight of communication between incident nodes.
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Fig. 3: Visualization of messages in an interaction: the interaction window shows the messages passed between nodes incident to
the selected edge: Chloe and Eric. Selecting each message from the left panel would show its title, sender, receiver and content.

terms and the thickness of edges represents the weight of the co-occurrences (i.e. the number of sentences
in which incident terms occurred together). Selecting an edge would show these messages as illustrated
in Figure 6. In this visualization the instructor would see a list of the discussion threads in the course
while selecting any set of those discussions/messages would bring up the corresponding term network, along
with the list of terms occurring in them and the list of students that participated in these selected set of
discussions/messages. Selecting any of these terms would show the students that used that term. Likewise,
selecting any of the students would outline the terms used by that student, as illustrated in Figure 5; which
is highlighting the terms discussed by the student named Chloe. The dilerknce between the number of
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James is the least active student in the discussions and is placed on the outer circle.
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Fig. 5: Visualized Term Network: The left panel lists the discussion threads in the course. The middle panel shows the network
of terms in the selected set of discussions. The upper right panel shows list of students participated in the selected discussions,
along with some statistics about their participation such as number of posts, replies, etc. The bottom right panel shows the
terms used in these discussions. Selecting each student, would outline the terms used by that student.

terms discussed by the students could help the instructor to compare the participations of the students:
students who discuss more terms participate more as well. In order to further analyzed the term Network,
as explained before, we group the terms co-occurring mostly together. Figure 7a shows the detected topics
(term communities) in the network given in Figure 5. The green nodes show the representative nodes of
communities. Each representative node, contains 10 most central terms of the terms in the community it
represents. The size of the representative nodes corresponds to the number of terms in their communities;
while the size of the leaf nodes, terms, is related to their frequency, same as the term network. Similar to
the term network, here also one could select a set of terms, usually within a topic, to see who participated
in a discussion with that topic and to what extent, as illustrated in Figure 7b.
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Fig. 7: Term communities (Topics): The gray circles outline the communities boundaries and the green nodes represent the
community representatives. Each community representative is accompanied with its top 10 phrases in its community. These
could be seen in the tooltip in the figure. Selecting each topic, would outline the students who participated in a discussion
with the topic, and the terms in that topic. Here, the topic is roughly about ”patient, disclosure, confidentiality and society”.
Moreover, students who participated in this topic and their contribution could be seen in the upper right panel.

5. CONCLUSIONS

In this paper we elaborated the importance of social network analysis for mining structural data and its
applicability in the domain of education. we introduced social network analysis and community mining for
studying the structure in relational data. We illustrated the place and need for social network analysis in
study of the interaction of users in e-learning environments; then summarized some recent studies in this
area. We also proposed Meerkat-ED, a specific and practical toolbox for analyzing students interactions in
asynchronous discussion forums. Our toolbox prepares and visualizes overall snapshots of participants in the
discussion forums, their interactions, and the leaders/peripheral students. Moreover, it creates a hierarchical
summarization of the discussed topics, which gives the instructor a quick view of what is under discussion.
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It further illustrates individual student participation in these topics, measured by their centrality in the
discussions on that topic, their number of posts, replies, and the portion of terms used by them. We believe
exploiting the mining abilities of this toolbox would facilitate fair evaluation of students’ participation in
online courses.
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A Machine Learning Approach for Automatic Student Model
Discovery

Nan Li and Noboru Matsuda and William W. Cohen and Kenneth R. Koedinger, Carnegie Mellon
University

Student modeling is one of the key factors that a [edts automated tutoring systems in making instructional decisions. A student
model is a model to predict the probability of a student making errors on given problems. A good student model that matches
with student behavior patterns often provides useful information on learning task di [Cculty and transfer of learning between
related problems, and thus often yields better instruction. Manual construction of such models usually requires substantial
human e [ont, and may still miss distinctions in content and learning that have important instructional implications. In this paper,
we propose an approach that automatically discovers student models using a state-of-art machine learning agent, SimStudent.
We show that the discovered model is of higher quality than human-generated models, and demonstrate how the discovered
model can be used to improve a tutoring system’s instruction strategy.

1. INTRODUCTION

A student model is a set of knowledge components (KC) encoded in intelligent tutors to model how students
solve problems. The set of KCs includes the component skills, concepts, or percepts that a student must
acquire to be successful on the target tasks. For example, a KC in algebra can be how students should proceed
given problems of the form Nv=N (e.g. 3x = 6). It provides important information to automated tutoring
systems in making instructional decisions. Better student models match with real student behavior. They
are capable of predicting task di [culty and transfer of learning between related problems, and often yield
better instruction. Traditional ways to construct student models include structured interviews, think-aloud
protocols, rational analysis, and so on. However, these methods are often time-consuming, and require expert
input. More importantly, they are highly subjective. Previous studies [Koedinger and Nathan 2004; Koedinger
and McLaughlin 2010] have shown that human engineering of these models often ignores distinctions in
content and learning that have important instructional implications. Other methods such as Learning Factor
Analysis (LFA) [Cen et al. 2006] apply an automated search technique to discover student models. It has
been shown that these automated methods are able to find better student models than human-generated
ones. Nevertheless, one key limitation of LFA is that it carries out the search process only within the space
of human-provided factors. If a better model exists but requires unknown factors, LFA will not find it.

To address this issue, we propose a method that automatically discovers student models not depending on
human-provided factors. The system uses a state-of-art machine learning agent, SimStudent [Matsuda et al.
2009], to acquire skill knowledge. Each skill corresponds to a KC that students need to learn. The model then
labels each observation of a real student based on skill application. We evaluated the approach in algebra
using real student data. Experiment results show that the discovered model fits with real student data better
than human-generated models, and provides useful insights in finding better instructional methods.

In the following sections, we begin with a review of SimStudent. Next, we report experiment results that
demonstrate the benefits of the SimStudent model over the human-generated model. After this, we discuss
the possible improvements that can be made to a tutoring system suggested by the SimStudent model. In
closing, we discuss related work as well as future directions for this work.

Author’s address: Nan Li; email: nlil@cs.cmu.edu; Nobour Matsuda; email: Noboru.Matsuda@cs.cmu.edu; William W. Cohen;
email: wecohen@cs.cmu.edu; Kenneth R. Koedinger; email: koedinger@cmu.edu; 5000 Forbes Ave, Pittsburgh, PA 15232
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2. A REVIEW OF SIMSTUDENT

SimStudent is an intelligent agent that inductively learns skills to solve problems from demonstrated solu-
tions and from problem solving experience. It is a realization of programming by demonstration [Lau and
Weld 1998] and employs inductive logic programming [Muggleton and de Raedt 1994] as one of its learning
mechanisms. For more details about SimStudent, please refer to Matsuda et al. [2009].

2.1 Input

SimStudent is given a set of feature predicate symbols and a set of operator symbols as prior knowledge before
learning. Each predicate is a boolean function that describes relations among objects in the domain (e.g. (has-
coe [cieht -3x)). Operators specify basic manipulations (e.g. (add 1 2), (coe [cieht -3x)) that SimStudent
can apply to objects in the problem solving interface, like numbers or character strings. Operators are
divided into two groups, domain-independent operators and domain-specific operators. Domain-independent
operators (e.g. (add 1 2)) are basic manipulations that are applicable across multiple domains. Real students
usually have knowledge of these simple skills prior to class. Domain-specific operators (e.g. (add-term 5x-
5 5), (coe Lcieht -3x)), on the other hand, are more complicated manipulations that are associated with
only one domain. From a learner modeling perspective, beginning students may not know domain-specific
operators and thus providing such operators to SimStudent may produce learning behavior that is distinctly
di Cerent from human students [Matsuda et al. 2009]. Operators in SimStudent (whether domain-independent
or domain-specific) have no explicit encoding of preconditions and e [edts. This matches the intuition that
human students often “know how” without “knowing when”.

During the learning process, given the current state of the problem (e.g., -3x = 6), SimStudent first tries
to find an appropriate production rule (skill knowledge acquired by SimStudent) that proposes a plan for
the next step (e.g. (coe [Ccieht -3x ?coef) (divide ?coef)). If it finds one, it executes the plan, performs an
action in the system interface, and waits for feedback from the human user/author/tutor. If the user provides
positive feedback, SimStudent continues to the next step. If not, SimStudent records this negative feedback
and may try again. If SimStudent does not find a production rule that generates a correct action, it requests
a demonstration of the next step, which the user performs in the interface. SimStudent uses any negative
feedback to modify existing productions. It uses the next-step demonstration, if provided, to learn a new
production rule.

In the experiments we describe here, the user/author/tutor role is simulated by a hand-engineered algebra
tutor [Koedinger et al. 1995], which provides SimStudent with feedback and next-step demonstrations as
needed via an API. For each demonstrated step, the user/tutor specifies a tuple of [Stlection, action, input]
(SAI tuple) for a skill. SimStudent is given a skill label (e.g. “divide”) generated by the cognitive tutor,
which corresponds to the type of skill applied. “Selection” in the SAI tuple (e.g. -3x and 6 for -3x = 6) is
associated with elements in the graphical user interfaces (GUI). It shows where a “focus of attention” is
—that is, where to look for relevant information. “Action” (e.g. entering some text) indicates what action
to take with the “input” (e.g. (divide -3) for problem -3x = 6). In this example, the full plan might be to
first retrieve coe [cieht and then to divide by it (e.g. (coe Lcieht -3x ?coef) (divide ?coef)), but the tutor
only demonstrates the final action (e.g., (divide -3)) to SimStudent. Taken together, the given information
forms one record indexed by the skill label, R=[abel, [Stlection, action, input(I{e.g. R=[divide, [(}3x, 6),
input text, (divide -3) M1 In learning, SimStudent acquires one production rule for each skill label, based on
the set of associated records gathered at that point.

2.2 Production Rules

The output of the learning agent is represented as production rules. Each production rule corresponds to
one knowledge component. The left side of Figure 1 shows an example of a production rule learned by
SimStudent. A production rule indicates “when” (precondition) to apply a rule to what information found
“where” (focus of attention (FoA)) in the interface and “how” (operator sequence) the problem state should
be changed. For example, the rule shown in the left side of Figure 1 would be read as “given a left-hand side
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Original: Extended:
Skill divide (e.g. -3x = 6) Skill divide (e.g. -3x = 6)
FoAs: FoAs:
Left side (-3x) Left side (-3, -3x)
Right side (6) f

Precondition: Pr

Left side (-3x) does not
have constant term

Operator sequence:

Left side (-3x) does not
have constant term

Operator sequence:

Get coefficient (-3) of left Getcoefficient (-3)-of left
side (-3x) side{=3x)

Divide both sides with the Divide both sides with the
coefficient (-3) coefficient (-3)

Fig. 1. Original and extended production rules for divide in a readable format.

(i.e. -3x) and a right-hand side (i.e. 6) of the equation, when the left-hand side does not have a constant
term, then get the coe [cieht of the term on the left-hand side and divide both sides by the coe [cieht.” The
focus of attention of the production represents paths through the task-specific GUI interface that retrieve
the items needed by the operator sequence. The precondition of a production rule includes a set of feature
tests, representing preconditions for applying the rule. The operator sequence specifies a plan to execute.

2.3 Learning Mechanism

SimStudent uses three di[erent learning components for the three parts of the production rules. The first
component (the “where learner”) learns how to focus attention on the relevant aspects of the interface by
generalizing paths from the element for the interface as a whole to the specific elements of the interface that
have the information needed to execute the operator sequence. The elements in the GUI are organized in a
tree structure. In the algebra domain, the root node is a table node that links to columns, and each column
has multiple cells as children. The “where learner’s” task is to find the right paths in the tree to reach the
nodes in the focus-of-attention (e.g. Cell 11 and Cell 21). A FoA (e.g. Cell 21) can be reached either 1) by
the path to its exact position (e.g. Cell 21) in the tree, 2) by a generalized path (e.g. Cell 2?, Cell ??) to its
position. Therefore, given a set of FoAs from positive records, for each position, the “where learner” searches
for one least general path that covers all of the FoAs at that position.

The second part of the learning mechanism is a precondition learner (the “when learner”, which acquires
the precondition of the production rule using the given feature predicates. The precondition learner utilizes
FOIL [Quinlan 1990], an inductive logic programming system that learns Horn clauses from both positive
and negative examples expressed as relations. For each rule, the precondition learner creates a new predicate
that corresponds to the precondition of the rule, and sets it as the target relation for FOIL to learn. The
arguments of the new predicate are associated with the FoAs. Each training record serves as either a positive
or a negative example for FOIL. For example, (precondition-divide -3x 6) is a positive example for the new
predicate (precondition-divide ?FoA; ?FoA;). The precondition learner also computes the truthfulness of all
predicates bound with all possible permutations of FOA values, and sends it as input to FOIL. Given these
inputs, FOIL will acquire a set of clauses formed by feature predicates describing the precondition predicate.

The last component is the operator sequence learner (the “how learner”). For each positive record, Rj,
the learner takes the FoAs, FoAs;, as the initial state, and sets the step, stepj, as the goal state. We say
an operator sequence explains a FoAs-step pair, [HoAs;, step; [1if the system takes FoAs; as an initial state
and yields step; after applying the operators. For example, with the FoAs-step pair in the example, [(33x,
6), (divide -3)[Jthe operator sequence (coe [cieht -3x ?coef) (divide ?coef) is a possible explanation for this
pair. The learner searches for the shortest operator sequence that explains all of the [HoAs, step[pairs using
iterative-deepening depth-first search.
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Fig. 2. Correct and incorrect parse trees for —3x.

Last, although SimStudent tries to learn one rule for each label, it might fail to do so (e.g., when no
operator sequence can explain all records). In that case, SimStudent learns a disjunctive rule just for the last
record. This e[edtively splits the records into two clusters. Later, for each new record, SimStudent tries to
acquire a rule for each of the clusters with the new record, and stops whenever it successfully learns a rule
with one of the clusters, or creates another new cluster.

2.4 Extending SimStudent to Learn Deep Features

Previous study [Chi et al. 1981] has shown that one of the key di[erences between experts and novices is
that experts view the world in terms of deep features, whereas novices only see shallow features. Recently,
we have extended SimStudent to support acquisition of deep features using Li et al. [2010]’s algorithm.
They model deep feature learning as a grammar induction problem. In the algebra domain, expressions are
modeled with a probabilistic context free grammar (PCFG), and the deep features (e.g., “coe [cieht”) are
intermediate symbols in the grammar rules. Moreover, Li et al. [2010] showed that student errors can be
modeled as incorrect parsing, as shown at the right side of Figure 2. Li et al. [2010]’s deep feature learner
extends an earlier PCFG learner [Li et al. 2009] to support feature learning and transfer learning.

The input of the system is a set of observation-feature pairs such as [=Bx, -3[IThe output is a PCFG with
a designated intermediate symbol in one of the rules set as the target feature. The learning process contains
two steps. The system first acquires the grammar using Li et al. [2009]’s algorithm. After that, the feature
learner tries to identify an intermediate symbol in one of the rules as the target feature. To do this, the system
builds parse trees for all of the observation sequences, and picks the intermediate symbol that corresponds
to the most training records as the deep feature. To model transfer learning, Li et al. [2010] further extend
the feature learner to acquire PCFGs based on previously acquired knowledge. When the learner is given a
new learning task, it first uses the known grammar to build parse trees for each new record in a bottom-up
fashion, and stops when there is no rule that could further merge two parse trees into a single tree. The
learner then switches to the original learner and acquires new grammar rules as needed. Having acquired
the grammar for deep features, when a new problem is given to the system, the learner will extract the deep
feature by first building the parse tree of the problem based on the acquired grammar, and then extracting
the subsequence associated with the feature symbol from the parse tree as the target feature. However, this
model is only capable of learning and extracting deep features without using them to solve problems.

As we have mentioned above, SimStudent is able to acquire production rules in solving complicated
problems, but requires a set of operators given as prior knowledge. Some of the operators are domain-
specific, and require expert knowledge to build them. On the other hand, the feature learner acquires the
deep features that are essential for e [edtive learning, but is limited to information extraction tasks. In order
to both reduce the amount of prior knowledge engineering needed for SimStudent and to extend the deep
feature learner’s capability, we integrated the deep feature learner into SimStudent.

Extending Perceptual Learning. Previously, the FoAs encoded in production rules are always associ-
ated with paths to elements in the GUI (such as cells in the algebra example). Intuitively, the deep features
discussed above represent perceptual information-however, it is domain-specific, learned perceptual infor-
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mation. To exploit this information, we extend the perceptual hierarchy for the GUI to further include the
most probable parse trees from the learned PCFG in the contents of the leaf nodes. We implement this by
appending the parse trees to their associated leaf nodes, marking the appended nodes as type “subcell”. In
the algebra example, this extension means that cells representing algebraic expressions (e.g., those corre-
sponding to left-hand sides or right-hand sides of the equation) are linked to parse trees for these expressions.
Using -3x as an example, the extended hierarchy includes the parse tree for -3x as shown on the left side of
Figure 2 as a subtree connected to the cell node associated with -3x. With this extension, the coe Lcieht (-3)
of -3x is now explicitly represented in the percept hierarchy. Hence if the extended SimStudent includes this
subcell as a FoA in production rules, as shown at the right side of Figure 1, the production rule would no
longer need the domain-specific engineered operator “coe [cieht”.

However, extending the percept hierarchy presents challenges to the original “where learner”. First of all,
since the extended subcells are not associated with GUI elements, we can no longer depend on the tutor
to specify FoAs for SimStudent. Nor can we simply put all of the subcells in the parse trees as FoAs: if we
did, the acquired production rules would contain redundant information that might hurt the generalization
capability of the “where learner”. For example, for problem -3x=6, among all inserted subcells, only -3 is
a relevant FoA in solving the problem. Second, the paths to the relevant FoAs are typically more diverse:
for example, for problems -3x=6 and 4x=8, the original where learner would not be able to find one set of
generalized paths that explain both training examples, since -3x has eight nodes in its parse tree, while 4x
has only five. To address these challenges, we extend the original “where learner” to support acquisition of
FoAs with redundant and non-fixed length FoA lists.

To do this, SimStudent first includes all of the inserted subcells as candidate FoAs, and calls the operator
sequence learner to find a plan that explains all of the training examples. The “where learner” then removes
all of the subcells that are not used by the operator sequence from the candidate FoA list. Since all of the
training records share the same operator sequence, the number of FoAs remained for each record should
be the same. Next, the “where learner” arranges the remained subcell FoAs based on their orderings of
being used by the operator sequences. After this process, the “where learner” now has a set of FoA lists
that contains fixed number of FoAs ordered in the same fashion. We can then switch to the original “where
learner” to find the least general paths for the updated FoA lists. In our example for skill “divide”, as shown
at the right side of Figure 1, the FoAs of the production rule would contain three elements, the left-hand side
and right-hand side cells which are the same as the original rule, and a coe [cieht subcell which corresponds
to the left child of the variable term. Note that since we removed the redundant subcells, the acquired
production rule now works with both -3x=6 and 4x=8.

Extending Precondition Acquisition. In addition to extending the feature learner, we also extend the
vocabulary of feature symbols provided to the precondition learner. As implied by its name, the deep feature
learner acquires information that reveal essential features of the problem state. It is natural to think that
these deep features could also be used in describing desired situations to fire a production rule. Therefore, we
construct a set of grammar features that are associated with the acquired PCFG. The set of new predicates
describe positions of a subcell in the parse tree. For example, we create a new predicate called “is-left-child-
of”, which should be true for (is-left-child-of -3 -3x) based on the parse tree shown in the left side of Figure 2.
Importantly, these new predicates are not domain-specific (although they are specific to the PCFG-based
approach to deep feature learning). All of the grammar feature predicates are then included in the set of
existing feature predicates for the precondition learner to use later.

3. EXPERIMENT STUDY
3.1 Method

In order to evaluate the e [edtiveness of the proposed approach, we carried out a study using an algebra
dataset. We compared the SimStudent model with a human-generated KC model by first coding the real
student steps using the two models, and then testing how well the two model codings fit with real student
data.
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For the human-generated model, the real student steps were first coded using the “action” label associated
with a correct step transaction, where an action corresponds to a mathematical operation(s) to transform
an equation into another. As a result, there were nine KCs defined (called the Action KC model) - add,
subtract, multiply, divide, distribute, clt (combine like terms), mt (simplify multiplication), and rf (reduce a
fraction). Four KCs associated with the basic arithmetic operations (i.e., add, subtract, multiply, and divide)
were then further split into two KCs for each, namely a skill to identify an appropriate basic operator and a
skill to actually execute the basic operator. The former is called a transformation skill whereas the latter is a
typein skill. As a consequence, there were 12 KCs defined (called the Action-Typein KC model). Not all steps
in the algebra dataset can be coded with these KC models — some steps are about a transformation that we
do not include in the Action KC model (e.g., simplify division). There were 9487 steps that can be coded
by both KC models mentioned above. The “default” KC model, which were defined by the productions
implemented for the cognitive tutor, has only 6809 steps that can be coded. To make a fair comparison
between the “default” and “Action- Typein” KC models, we took the intersection of those 9487 and 6809
steps. As a result, there were 6507 steps that can be coded by both the default and the Action-Typein KC
models. We then defined a new KC model, called the Balanced-Action-Typein KC model that has the same
set of KCs as the Action-Typein model but is only associated with these 6507 steps, and used this KC model
to compare with the SimStudent model.

To generate the SimStudent model, SimStudent was tutored on how to solve linear equations by interacting
with a Carnegie Learning Algebra | Tutor like a human student. We selected 40 problems that were used to
teach real students as the training set for SimStudent. Given all of the acquired production rules, for each
step a real student performed, we assigned the applicable production rule as the KC associated with that
step. In cases where there was no applicable production rule, we coded the step using the human-generated
KC model (Balanced-Action-Typein). Each time a student encounters a step using some KC is considered
as an “opportunity” for that student to show mastery of that KC.

Having finished coding real student steps with both models (the SimStudent model and the human-
generated model), we used the Additive Factor Model (AFM) [Cen et al. 2006] to validate the coded steps.
AFM is an instance of logistic regression that models student success using each student, each KC, and the
KC by opportunity interaction as independent variables,

0i I 1 1
In—2—=8i+ BxQuj+  BxQuj(YkNik) @)

1=pj K K
Where:

i. represents a student i.

j. represents a step j.

k. represents a skill or KC k.

pij. is the probability that student i would be correct on step j.

0;. is the coe Lcieht for proficiency of student i.

Bk. is coe [cieht for di Cculty of the skill or KC k

Qxj- is the Q-matrix cell for step j using skill k.

Yk. Is the coe [cieht for the learning rate of skill k;

Nik. is the number of practice opportunities student i has had on the skill k;

We utilized DataShop [Koedinger et al. 2010], a large repository that contains datasets from various
educational domains as well as a set of associated visualization and analysis tools, to facilitate the pro-

cess of evaluation, which includes generating learning curve visualization, AFM parameter estimation, and
evaluation statistics including AIC (Akaike Information Criterion) and cross validation.
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Fig. 3. Dilerent parse trees for -3x and -x.

3.2 Dataset

We analyzed data from 71 students who used an Carnegie Learning Algebra | Tutor unit on equation
solving. The students were typical students at a vocational-technical school in a rural/suburban area outside
of Pittsburgh, PA. The problems varied in complexity, for example, from simpler problems like 3x=6 to harder
problems like x/-5+7=2. A total of 19,683 transactions between the students and the Algebra Tutor were
recorded, where each transaction represents an attempt or inquiry made by the student, and the feedback
given by the tutor.

3.3 Measurements

To test whether the generated model fits with real student data, we used AIC and a 3-fold cross validation.
AIC measures the fit to student data while penalizing over-fitting. We did not use BIC (Bayesian Information
Criterion) as the fit metric, because based on past analysis across multiple DataShop datasets, it has been
shown that AIC is a better predictor of cross validation than BIC is. The cross validation was performed over
three folds with the constraint that each of the three training sets must have data points for each student
and KC. We also report the root mean-squared error (RMSE) averaged over three test sets.

3.4 Experiment Result and Implications on Instructional Decision

The SimStudent model contains 21 KCs. Both the AIC (6448) and the cross validation RMSE (0.3997)
are lower than the human-generated model (AIC 6529 and cross validation 0.4034). This indicates that the
SimStudent model better fits with real student data without over-fitting.

In order to understand whether the dilerknces are significant or not, we carried out two significance
tests. The first significance test evaluates whether the SimStudent model is actually able to make better
predictions than the human-generated model. During the cross validation process, each student step was
used once as the test problem. We took the predicated error rates generated by the two KC models for
each step during testing. Then, we compared the KC models’ predictions with the real student error rate
(0 if the student was correct at the first attempt, and 1 otherwise). After removing ties, among all 6494
student steps, the SimStudent model made a better prediction than the human-generated KC model in
4260 steps. A sign test on this shows that the SimStudent model is significantly (p < 0.001) better in
predicting real student behavior than the human-generated model. In the second test, due to the random
nature of the folding process in cross validation, we evaluated whether the lower RMSE achieved by the
SimStudent model was consistent or by chance. To do this, we repeated the cross validation 20 times, and
calculated the RMSE for both models. Across the 20 runs, the SimStudent model consistently outperformed
the human-generated model. Thus, a paired t-test shows the SimStudent model is significantly (p < 0.001)
better than the human-generated model. Also note that di[erences between competitors in the KDD Cup
2010 (https://pslcdatashop.web.cmu.edu/KDDCup/Leaderboard) have also been in this range of thousands
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Fig. 4. Error rates for real students and predicted error rates from two student models.

in RMSE. Therefore, we conclude that the SimStudent model is a better student model than the human-
generated KC model.

We can inspect the data more closely to get a better qualitative understanding of why the SimStudent
model is better and what implications there might be for improved instruction. Among the 21 KCs learned
by the SimStudent model, there were 17 transformation KCs and four typein KCs. It is hard to map the
SimStudent KC model directly to the expert model. Approximately speaking, the distribute, clt, mt, rf KCs
as well as the four typein KCs are similar to the KCs defined in the expert model. The transformation skills
associated with the basic arithmetic operators (i.e. add, subtract, multiply and divide) are further split into
finer grain sizes based on di [erent problem forms.

One example of such split is that SimStudent created two KCs for division. The first KC (simSt-divide)
corresponds to problems of the form Ax=B, where both A and B are signed numbers, whereas the second
KC (simSt-divide-1) is specifically associated with problems of the form -x=A, where A is a signed number.
This is caused by the dilerent parse trees for Ax vs -x as shown in Figure 3. To solve Ax=B, SimStudent
simply needs to divide both sides with the signed number A. On the other hand, since -x does not have -1
represented explicitly in the parse tree, SimStudent needs to see -x as -1x, and then to extract -1 as the
coe [cieht. If SimStudent is a good model of human learning, we expect the same to be true for human
students. That is, real students should have greater di Cculty in making the correct move on steps like -x =
6 than on steps like -3x = 6 because of the need to convert (perhaps just mentally) -x to -1x. To evaluate
this hypothesis, we computed the average error rates for a relevant set of problem types — these are shown
with the solid line in Figure 4 with the problem types defined in forms like -Nv=N, where the Ns are any
integrate number and the v is a variable (e.g., -3x=6 is an instance of -Nv=N and -6=-x is an instance of
-N=-v). We also calculated the mean of the predicted error rates for each problem type for both the human-
generated model and the SimStudent model. Consistent with the hypothesis, as shown in Figure 4, we see
that problems of the form Ax=B (average error rate 0.283) are much simpler than problems of the form
-Xx=A (average error rate 0.719). The human-generated model predicts all problem types with similar error
rates (average predicted error rate for Ax=B 0.302, average predicted error rate for -x=A 0.334), and thus
fails to capture the di Cculity diLerence between the two problem types (Ax=B and -x=A). The SimStudent
model, on the other hand, fits with the real student error rates much better. It predicts higher error rates
(0.633 on average) for problems of the form -x=A than problems of the form Ax=B (0.291 on average).

SimStudent’s split of the original division KC into two KCs, simSt-divide and simSt-divide-1, suggests
that the tutor should teach real students to solve two types of division problems separately. In other words,
when tutoring students with division problems, we should include two subsets of problems, one subset
corresponding to simSt-divide problems (Ax=B), and one specifically for simSt-divide-1 problems (-x=A).
We should perhaps also include explicit instruction that highlights for students that -x is the same as -1x.
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4. RELATED WORK

The objective of this paper is using a machine learning agent, SimStudent, to automatically construct student
models. There has been considerable work on comparing the quality of alternative cognitive models. LFA
automatically discovers student models, but is limited to the space of the human-provided factors. Other
works such as [Pavlik et al. 2009; Villano 1992] are less dependent on human labeling, but may su [ed from
challenges in interpreting the results. In contrast, the SimStudent approach has the benefit that the acquired
production rules have a precise and usually straightforward interpretation. Balesland Mooney [1996] applies
theory refinement to the problem of modeling incorrect student behavior. Other systems [Tatsuoka 1983;
Barnes 2005] use Q-matrix to find knowledge structure from student response data. None of the above
approaches use simulated students to construct cognitive models.

Other research on creating simulated students [Vanlehn et al. 1994; Chan and Chou 1997; Pentti Hietala
1998] also share some resemblance to our work. VanLehn [1990] created a learning system and evaluated
whether it was able to learn procedural “bugs” like real students. Biswas et al. [2005]’s system learns causal
relations from a conceptual map created by students. None of the above approaches compared the system
with learning curve data. To the best of our knowledge, our work is the first combination of the two whereby
we use cognitive model evaluation techniques to assess the quality of a simulated learner.

5. CONCLUSION AND FUTURE WORK

In this paper, we introduced an innovative application of a machine-learning agent, SimStudent, for an
automatic discovery of student models. An empirical study showed that a SimStudent generated student
model was a better predictor of real students learning performance than a human-coded student model. The
basic idea is to have SimStudent learn to solve the same problems that human students did and use the
productions that SimStudent generated as knowledge components to codify problem-solving steps. We then
used these KC coded steps to validate the models prediction. Unlike the human-engineered student model,
the SimStudent generated student model has a clear connection between the features of the domain contents
and knowledge components. An advantage of the SimStudent approach of student modeling over previous
techniques like LFA is that it does not depend heavily on the human-engineered features. SimStudent can
automatically discover a need to split a purported KC or skill into more than one skill. During SimStudents
learning, a failure of generalization for a particular KC results in learning disjunctive rules. Discovering such
disjuncts is equivalent to splitting a KC in LFA, however, whereas human needs to provide potential factors
to LFA as the basis for a possible split, SimStudent can learn such factors. The use of the perceptual learning
component, implemented using a probabilistic context-free grammar learner, is a key feature of SimStudent
for these purposes as we hypothesized that a major part of human expertise, even in academic domains like
algebra, is such perceptual learning.

Our evaluation demonstrated that representing the rules SimStudent learns in the student model improves
the accuracy of model prediction, and showed how the SimStudent model could provide important instruc-
tional implications. Much of human expertise is only tacitly known. For instance, we know the grammar of
our first language but do not know what we know. Similarly, most algebra experts have no explicit aware-
ness of subtle transformations they have acquired like the one above (seeing -x as -1x). Even though such
instructional designers may be experts in a domain they have thus have some blind spots regarding subtle
perceptual dilerkences like this one, which may make a real di [erence for novice learners. A machine learning
agent, like SimStudent, can help get past such blind spots by revealing challenges in the learning process
that experts may not be aware of.

The current study used a single dataset in a single domain. The generality and validity of the proposed
student-modeling technique could be extended by training SimStudent with one dataset and applying a
discovered KC model to another dataset. For instance, the experiment dataset was from one high school.
An interesting future study would be to examine data from other schools or grade levels, and evaluate
the generality of the proposal technique. We should also apply this approach in other domains such as
stoichiometry, fraction addition and so on. The Pittsburgh of Science of Learning Centers DataShop contains
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over 200 datasets in algebra and other domains that could be used for such cross-dataset or cross-domain
validation.
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Conditions for e [edtively deriving a Q-Matrix from data with
Non-negative Matrix Factorization

MICHEL C. DESMARAIS, Polytechnique Montréal

The process of deciding which skills are involved in a given task is tedious and challenging. Means to automate it are highly desir-
able, even if only partial automation that provides supportive tools can be achieved. A recent technique based on Non-negative
Matrix Factorization (NMF) was shown to o [erlvaluable results, especially due to the fact that the resulting factorization allows
a straightforward interpretation in terms of a Q-matrix. We investigate the factors and assumptions under which NMF can
e [edtively derive the underlying high level skills behind assessment results. We demonstrate the use of di[erent techniques to
analyse and interpret the output of NMF. We propose a simple model to generate simulated data and to provide lower and
upper bounds for quantifying skill e [edt. Using the simulated data, we show that, under the assumption of independent skills,
the NMF technique is highly e [edtive in deriving the Q-matrix. However, the NMF performance degrades under di Lerknt ratios
of variance between subject performance, item di Cculity, and skill mastery. The results corroborates conclusions from previous
work in that high level skills, corresponding to general topics like World History and Biology, seem to have no substantial e [edt
on test performance, whereas other topics like Mathematics and French do. The analysis and visualization techniques of the
NMF output, along with the simulation approach presented in this paper, should be useful for future investigations using NMF
for Q-matrix induction from data.

1. INTRODUCTION

The construction of a Q-matrix from data is a highly desirable goal for tutoring systems. Not only would it
waive the expertise and labour intensive task of assigning which skills are involved in which task, but it would
also o [eda more objective and replicable means of getting the correct skill-to-task mapping. Furthermore, it
might also allow a more e [edtive means to build Q-matrices, as machine learning methods often outperform
humans over a range of complex tasks.

However, the success in achieving this goal remains limited. Nowadays, we find no reliable method to
automate the mapping of skills to tasks from data, but some progress has been made.

Working with log data from tutoring systems, data which is characterized by the fact that the knowledge
state of the student dynamically changes in the data as the student learns, Cen et al. [2006; 2005] have used
a technique known as Learning Factor Analysis (LFA) in order to bring improvements over an initially hand
built Q-matrix (also termed a transfer model). This technique was shown useful for bringing improvements
to the Q-matrix composed of fine-grained skills which are deemed necessary to complete certain exercises.

Inspired from the work of Tatsuoka [1983], Barnes [2006] developed a method of mapping skills to items
based on a measure of the fit of a potential Q-matrix to the data. This method and the other methods
described below rely on static student knowledge states, as opposed to the dynamically changing knowledge
states of the LFA technique. Barnes method is fully automated and it was shown to perform at least as well
as Principal Component Analysis for skill clustering analysis. However, it involves an algorithm that does
not scale well to a Q-matrix that comprises 20 or more items.

Winters et al. [2005] investigated how a number of standard clustering techniques can e [edtively match
skills to test items. They applied these techniques to a wide array of test outcomes, from SAT topics such as
Mathematics, Biology and French, to computer science exams, and to di[erknt trivia topics. Their findings
show that for skills associated to topics within a single course, for example, the techniques were essentially
no better at classifying test items than random clustering. The same conclusion applies for topics like World
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history and Biology. However, the techniques were relatively successful at separating items that belongs to
totally di[erent topics, such as Mathematics and French.

In this paper, we replicate parts of the study by Winters et al. [2005] and focus on one of the cluster
algorithms they used, Non-negative Matrix Factorization (NMF). We use visualization techniques to analyze
in greater details the results of the factorization. We propose a model to simulate student data and show
that the NMF technique is indeed e [edtive under certain assumptions. We use the simulation data model
parameters as a means to quantify and estimate the e [edt of skills over the observed examinee performance
in some of the real data of Winters et al. original study. First, let us give some details about NMF.

2. NON-NEGATIVE MATRIX FACTORIZATION AND Q-MATRIX INTERPRETATION

Non-negative matrix factorization (NMF) decomposes a matrix into two smaller matrices. It is used for
dimensionality reduction, akin to Principal Component Analysis and Factor analysis. NMF decomposes a
matrix of n < m positive numbers, V, as the product of two matrices:

V =WH 1)

The matrices W and H are respectively n > r and r < m, where r is called the rank of the factorization. For
our purpose, matrix V represents the observed test outcome data for n question items and m respondents.
Therefore, the product of W and H reproduces the observed patterns of success/failures of the m examinee
to the n items. The matrix W can be considered as a Q-matrix, whereas H can be considered as the skills
mastery for each m examinee. In the case of a Q-matrix, r represents the number of skills, which can take
any value but should normally conform to: r < nm/(n + m) [Lee and Seung 1999].

Let us take an example to better explain NMF in our context. Assume the following Q-matrix, W,
composed of 3 skills and 4 items, and the following skills mastery matrix, H, for 5 examinees:
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Given this Q-matrix and the skills mastered by the 5 examinees, the expected results are:

rix,aminees —i
00101

o

V=WH=E [ef o011
Eahi101
01011

For example, taking the first item and the first examinee, we have, from W, that item 1 requires skill 2,
but, from H, we see that examinee 1 only masters skill 1, therefore item 1 is failed by examinee 1. In fact,
examinee 1’s only success is over item 3 since all other items require either skills 2 or 3.

It is important to emphasize that there are many solutions to VV = WH. For example, the same results
as those above can be obtained with di [erknt Q-matrix and skills matrix:
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Notice that the weights are changed as well as the ordering of rows and columns compared to the first
solution. Nevertheless, it remains a valid factorization of V that could be derived by some NMF algorithm.

Indeed, there are many NMF algorithms that were developed since its introduction by Lee and Seung
[1999] and they can yield diCerknt solutions. We refer the reader to Berry et al. [2007] for a more thorough
and recent review of this technique which has gained strong adoption in many di Lerknt fields.

Whereas the other matrix factorization techniques often impose constraints of orthogonality among factors,
NMF imposes the constraint that the two matrices, W and H, be non-negative. This constraint makes the
interpretation much more intuitive in the context of using this technique for building a Q-matrix. It implies
that the skills (latent factors) are additive “causes” that contribute to the success of items, and that they
can only increase the probability of success and not decrease it, which makes good sense for skill factors.
Note that negative values in W can be interpreted as misconceptions and would lower the expected score
to items, but allowing negative values in the factorization also opens up the space of possible solutions and
raises the issue of convergence and of the multiplicity of solutions, making the interpretation of W much
more speculative.

The non-negative constraint and the additive property of the skills bring a specific interpretation of the
Q-matrix. For example, if an item requires skills a and b with the same weight each, then each skill will
contribute equally to the success of the item. This corresponds to the notion of a compensatory or additive
model of skills.

In our study, we focus on high level skills, which we term topic skills. However, if an item requires two
specific lower level skills, such as mastery of the rules a/b + c/b = (a+b)/c and a/b - b = a, a conjunctive
model would be necessary, indicating that a failure is expected if any skill is not mastered. The standard
interpretation of the Q-matrix corresponds to the conjunctive model, and the W matrix of NMF does not
correspond to this interpretation, unless and as mentioned, we assume that each item belongs to a single
skill and for which case the two interpretations are indiscernible.

A last remark on NMF: as mentioned above, the factorization can produce multiple solutions, even with a
sigle algorithm, which raises the issue of stability of the results. However, Schachtner et al. [2010] discuss this
issue and suggest that for binary data the problem may not appear at all. Nevertheless, we will assess the
extent to which the multiple solution issue impacts the validity and usefullness of the approach by running
multiple folds simulations.

3. Q-MATRIX EXTRACTION FROM SIMULATED DATA

Let us start with an assessment of the validity of the NMF technique to extract the Q-matrix from simulated
data and ascertain under which assumptions its e [edtiveness can be shown.

For the sake maintaining the similarity with real data analyzed later in this paper, let us use a 4 skill
Q-matrix. Under the assumption that the topic (skill) is the only factor that aledts performance and that
each item depends on a single topic, the simulated data for 40 items and 100 examinees can be generated
from a matrix 40 =< 100, P, where each column contains 40 probabilities, one probability per item, structured
as a sequence of 10 x< 4 probabilities:

(P1,1,P1,2s -+, P1,20, P2,1, -1 P2,20, P31, -+s P3,10+ P4,14 -+, P4,10)

where p;,1 to p1,10 are all equal, p2.1 to p2.10 are all equal, and so on. Each column contains therefore only 4
distinct and independent probabilities, one for each skill. These probabilities are generated from a random
variable, z, taken from a normal standard distribution and transformed into a probability by computing the
cumulative distribution function (the area [—oo, Z]).

Given the probability matrix P, a data matrix having the same dimensions as P is generated, D, by
sampling a success or failure, {0,1} using P;; as the probability of success and 1 — P; for failure. The
matrix D corresponds to V in equation (1). A sample of this data is provided in figure 1(a). By grouping
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@) Simulated item outcome data of 40 questions and
100 examinees.

Image output of Q-matrix from NMF for 4 skills
and 40 question items.
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Fig. 1. Simulated data (a) and the corresponding Q-matrix (b) under the assumption that topic is the only factor that a[edts
success. Skill mastery follows a standard normal distribution. A perfect match from items to skills is obtained with this Q-matrix.

items in 4 contiguous groups of 10, the e[edt of the dilerent levels of skill is apparent: a high probability
of mastery will appear as a vertical pattern (single examinee) consisting mostly of pale square dots between
vertical stretches of 10 contiguous items, whereas a low probability appears as a pattern composed of mostly
dark red dots. No horizontal pattern is apparent since we do not define an item di [Cculity factor in this
data. Similarly, no vertical pattern is apparent across the groups of 10 contiguous items because no general
ability factor is attributed to examinee (however, vertical patters are apparent within the 10 contiguous item
arrangement).

When NMF is applied to D the resulting W matrix can be considered as the Q-matrix. For simulated
data generated according to the procedure described above, the NMF algorithm is perfectly accurate in
assigning the contiguous items in the same group, as can be seen in figure 1(b) where we find 4 bright
squares representing the clusters. The figure’s image represent the values of the 40 < 4 W matrix in NMF
(transposed in this image) that directly represents what can be considered as a Q-matrix. Values are mapped
to color gradients ranging from pale yellow to dark red.

Items 1 to 10 can readily be assigned to skill 3, items 10 to 20 to skill 4, and so on. The pattern is
very obvious to the eye. A simple algorithm, that takes the maximum value for each item in the Q-matrix
of figure 1(b) as the main skill, can systematically and correctly classify all question items in the correct
skill cluster. These results are, for all practical purposes, deterministic, even though some variance could
theoretically occur (we report variance when it becomes substantial later).

The visual results of the Q-matrix leaves little doubt that, under the assumption that topic skill is the only
factor that a [edts performance, the NMF technique is highly e [edtive. We now turn to real data and replicate
some experiments by Winters et al. [2005] to verify how the results come out under realistic conditions.
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4. Q-MATRIX EXTRACTION FROM REAL DATA

Winters et al. [2005] experimented with NMF over SAT Subject Test data (see CollegeBoard [2011])}. The
data is broken down in 4 topics: (1) Mathematics, (2) Biology, (3) World History, and (4) French. These
topics are su Lciehtly far apart that we can expect that they have strong intra-topic correlation and are
therefore discernible for clustering. The data is composed of a total of 297 respondents who completed the
40 question items tests over the Internet. The profile of the respondents is unknown but they are probably
from the university student community.

This data has the same structure as the simulated data of section 3: 40 question items broken down into
4 topics of 10 items each. The results of the NMF algorithm over this data is reported in figure 2. Variation
in the di [culty of each topic is apparent in figure 2(a), where items 1 to 10 show a higher success rate than
items 10 to 20. Individual item di Cculity is also apparent by the horizontal patterns, as can be expected.
Although we can discern some vertical patterns across item groups, it is far less apparent (except intra-topic
vertical patterns), suggesting that examinee ability does not span very much across topics.

Figure 2(b) shows the Q-matrix obtained from the SAT data. It is consistent with the results from Winters
et al. [2005]. Clustering of the Mathematics (items 1 to 10) and the French items (31 to 40) is relatively well
defined, but not so with the Biology (21 to 30) and World History (31 to 40).

As mentioned, clustering is based on the simple algorithm which assigns each item to one of the 4 clusters
based on the maximum column value in matrix W. Given that we know the actual category of each item,
the accuracy of the clustering can be computed. This is obtained by a two step process. First, a contingency
table is compiled from the clustering algorithm. Next, the lines are reordered so that the sum of the diagonal
is maximized. The ratio of this sum over the total represents the accuracy of the assignment. An example of
the contingency table obtained is given below for the SAT data along with its reordering:

Cluster Cluster
Category | 1 2 3 4 Category | 1 2 3 4
1155 0 0 Reordering 41710 0 0 O
2| 0 0 10 O =1 115 5 00
3,1 0 1 8 21 0 0 10 O
4,110 0 0 O 3|11 0 1 8

Note that the category and the cluster labels are irrelevant for measuring accuracy, but it it interesting to
note that in this example the values of 10 are the Mathematics and French categories/clusters. As mentioned,
the sum of the diagonal over the sum of all values represents the accuracy of this assignment: 33/40 = 0.825.

Let us now turn to another data set from Winters et al. [2005] for which the task of deriving a Q-matrix
from data was shown very challenging. They used used questions published from the Trivial Pursuit game
and assembled a test that mimics the 4 topic structure of the SAT with 10 questions on each of: (1) Arts
and entertainment, (2) Sports and leisure, (3) Science and nature, and (4) Geography. The results of our
replication of this experiment are reported in figure 3.

Winters et al. [2005] results over the Trivia data concurs with our experiment and show that the NMF is
no better than chance at correctly clustering items and building a Q-matrix. The most troubling findings
from their experiments is that the Trivia results are similar to the results they obtain over a number of test
outcome from di Cerkent computer science courses: “Nearly every course behaves the same as the trivia data.
Only our smallest data set, the Algorithms course data, showed any significant hint of topic structure.” This

1The data sets from [Winters et al. 2005] were made available from http://alumni .cs.ucr.edu/~titus/. The simulation scripts
of this paper are available from http://www.professeurs.polymtl.ca/michel.desmarais/Papers/EDM2011/scripts.html.
They are based on the NMF package from the statistical software R.
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Fig. 3. NMF results over Trivia data.

conclusion casts a gloomy picture for high level transfer models, where we aim to assess the mastery of topic
specific skills from similar topic skills.

However, statistical characteristics of the test data may also influence what can be extracted from this
data. For example, skewness of the scores towards 0% or 100% will result in sparsity of success/failure that
can can negatively aledt the ability to extract a valid Q-matrix from the data. The Trivia data shows such
skewness towards low success rate and we can question whether this is not the source of the low accuracy.

In the next section, we investigate the influence of the success rates and item and examinee variance over
the Q-matrix validity.



Conditions for e ectively deriving a Q-Matrix from data with Non-negative Matrix Factoriz. 47

5. INVESTIGATING THE PARAMETER SPACE OF SIMULATED STUDENT DATA

We turn back to simulated data to assess how the validity of the Q-matrix degrades under relaxed assumptions
and under di[erkent ratios variance ratios between the skill, item di Cculty, and examinee ability factors. This
will allow us to better quantify the e[edt of the skill factor on examinee performance with respect to item
di Cculty and examinee ability.

First, we verify if NMF can extract the Q-matrix if we drop the unrealistic assumption set in section 3
and assume that item di Ccullty and person ability each contribute to the probability of success of an item
by the same amount that topic skill can influence the probability of success.

Recall that the matrix P, as defined in section 3, contains independent normally distributed probabilities,
each probability representing the chances of success to items of a single topic and for a single examinee. To
account for the fact that item di Cculty also a [edts item success, the probability of each item is modulated
by a random quantity that is normally distributed with the same mean and variance (0,1) as the topic skill
probability. Akin to item di [Cculity, examinee ability is accounted for by a similar quantity added on an
examinee basis. Therefore, the probability of success by an examinee, m, to an individual item, n, belonging
to topic, q, is defined as:

P (Xmng) = ®(Bm + Bn + Bq) 2

where ®(x) is the cumulative distribution function of the standard normal distribution, and where B, Bn
and By are random Gaussian variables where the mean and standard deviation of B, and B, are:

Bm IZN (Yl Sm)
B [CN(X,sn)

The variable X is constrained to be the mean of the whole data (matrix D). Variables s, and s, are
respectively the individual examinee and item specific standard deviations. In the case of By, the mean can
vary across each skill and is therefore defined as:

By [N (Yq, Sq)

The parameter X is the specific mean of a skill and the di[erent values must be congruent with X (the
weighted sum of the mean for each skill times the number of items belonging to that skill must be equal
to X). sq is the inter-skill standard deviation, measured by averaging the standard deviations of cluster
means on an examinee basis.

Equation (2) can be considered as a simple model of examinee performance as a function of topic skill
mastery, item di Cculity, and examinee general ability (which spans across topics). In spite of its simplicity
compared to other means of generating simulated data (for eg., see [Desmarais and Pelczer 2010]), it remains
realistic for our context where we assume that topic skills are relatively independent, or at least this is an
assumption we want to investigate and therefore it makes sense that our model follows that same assumption.

Figure 4(b) displays the Q-matrix (W) obtained from applying NMF over the data generated according
to equation (2) with values of 0 for the mean and of 1 for the standard deviation for all B parameters. The
raw data is displayed in figure 4(a).

Although we can visually appreciate that the clustering in the Q-matrix is not quite as sharp as in figure 1,
these results still yield a perfect match of item to skills using the simple algorithm outlined in section 4.

Figure 4 shows that, when the mean and variance of the dilerknt 3 parameters in equation (2) are all
equal (standard normal), the Q-matrix from NMF perfectly matches the underlying Q-matrix. Of course,
as the eledt of the topic skill parameter, 3y, becomes weaker compared to the other two parameters, the
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Fig. 4. NMF results over random data from randomly distributed data according to equation (2), reflecting equal e[edt of
topic, item di [culity, and examinee ability over the probability of success.

accuracy of the item-skill match will become lower. This can be observed in table | where the link between
accuracy and parameter ratios is quantified.

Table I reports the accuracy results of 14 N-folds simulation experiments conducted with di [erknt param-
eters. For simplicity, we consider a single mean of 0 for 3,. We also restrict the standard deviations to 1
for Bm and B given that they have the same e [edt according to equation (2) and and that we are interested
in the values of the parameters respective to one another, therefore we can keep them fixed and vary sy only.
Note also that positive and negative values for the means (3, and 3, have symmetric e [edt such that only
positive values are reported.

The first experiment reports an accuracy of 0.36 when no topic skill is defined?. As the variance increases
(“S.d.”: standard deviation column in the table), the accuracy over a 20-fold simulation gradually reaches 1
as its variance approaches that of the other two parameters. This trend is expected, but it quantifies, in
terms of relative variance, the relation between the e [edt of the topic skill and the item and examinee e [edt.
When the variance of the topic factor is comparable to that of item and examinee factors, the method yields
very high accuracy.

Experiments 6 to 9 show the results of variations over the means of B, and B,. Experiment 7 shows
that when both means of B, and B, are increased to 1 (in z score of the standard normal distribution),
the accuracy starts to drop slightly to 0.98. Only for means of 1.5 and 2.0 does the performance decrease
noticeably to 0.90 and 0.81 respectively.

In experiment 10, the simulation parameters replicate those of the Trivia data set, whereas experiment 12
is done with parameters from the SAT data set. Experiments 11 and 13 report the accuracies of NMF over
the real data, corresponding respectively to figures 3 and 2.

For the Trivia data, the accuracy is comparable to the random, no topic skill condition. This results concurs
with the conclusion of Winters et al. [2005], namely that topic subject is not a determining factor that a [edts

21f we had a very large number of items, this number, 0.36, would be close to 0.25, the theoretical accuracy of a random
match in a 4 x 4 contingency table. However, the 40 items distribution in this table create an opportunity of over fit for the
algorithm that decides which cluster is assigned to which skill. The diCerence of 0.11 (0.36 — 0.25) can be attributed to this
over-fitting.
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Table I.
Experiments over the parameter space of skills, items, and examinee
(respectively Bq, Bn, and Bm in equation (2)).

Parameter space

Topic skill (Bq) Item (Bn) Examinee (Bm) Accuracy
Mean S.d. Mean S.d. Mean S.d. Nfolds Meanacc. S.d. acc.
1* 0 0 0 1 0 1 20 0.36 0.05
2 0 0.10 0 1 0 1 20 0.48 0.07
3 0 0.25 0 1 0 1 20 0.60 0.11
4 0 0.50 0 1 0 1 20 0.93 0.08
5 0 1 0 1 0 1 20 1 0
6 0 1 050 1 0.50 1 20 1.00 0.01
7 0 1 1 1 1 1 20 0.98 0.07
8 0 1 150 1 1.50 1 20 0.90 0.12
9 0 1 2 1 2 1 20 0.81 0.16
Trivia data parameters
10 0 0.12 -1.05 0.73 -1.05 0.45 20 0.75 0.12
11** n.a. 0.12 -1.05 0.73 -1.05 0.45 20 0.35 0.03
SAT data parameters
12 0 0.24 -0.33  0.86 -0.33 0.50 20 0.98 0.05
13** n.a. 0.24 -0.33 0.86 -0.33 0.50 20 0.72 0.02
14*** n.a. 0.24 -0.33 0.86 -0.33 0.50 20 0.96 0.05

* No topic skill e [edt conditions
** Real data
*** Real data and scoring for the Mathematics and French topics only

test performance. Considering that they obtained similar results for topics from academic computer science
courses, these results are disconcerting.

However, we conjectured earlier that the low success rate of the Trivia data could explain the low accuracy
results obtained. This is only partly the case. When the simulations parameters are set to the same values
as the Trivia data, the accuracy obtained is 0.75 (experiment 103) whereas the real data results are 0.35 (ex-
periment 11). Therefore, results of experiment 10 suggest that the gap between 0.75 and 0.35 is attributable
to the lack of skill e[edt in this data.

Comparing the results to the accuracy reported on experiments 11 and 13 for real data, we observe that
for SAT data, the accuracy is lower than experiment 12 and somewhere between experiments 3 and 4, which
corresponds to a standard deviation of topic skill between 0.25 and 0.5 when B, and B, have a (0,1) standard
distribution. In other words, the skill e [edt is a little less than half the item and examinee e [edts.

If we look only at the clustering for Mathematics and French (experiment 14) which are the most separable
topics, then the accuracy goes up to 0.96, which is much closer to experiment 12. In terms of relative e [edt,
the skill e [edt between Mathematics and French is close to the 0.93 accuracy obtained in 4, for which the
standard deviation of skill e [edt is 0.50 of the item and examinee parameters.

In summary, the Trivia data shows negligible e [edt of topic skill, whereas the SAT data shows an e [edt
that is essentially attributable to the Mathematics and French topics that can be clearly distinguished in the
Q-matrix derived with NMF. The topic skill e [edt can be quantified as somewhere between 1/4 to 1/2 of the

3Experiment 10 has a relative skill-item s.e. of 0.12/0.73 = 0.16, standing between experiments 2 and 3, and a relative skill-
examinee s.d. of 0.12/0.45 = 0.27, standing close to experiment 3. If the performance followed some additive function of each
of these ratios, we would expect the performance to be no better than that of experiment 3, 0.60. Given that it stands higher
at 0.75, we have to conclude that the e [edt of s.d. ratios over the performance is more complex, possibly a ratio of s.d. such as
topic/(item < examinee).
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item and examinee e [edt as measured by the standard deviation, and over 1/2 if we only take Mathematics
and French e [edts alone.

6. DISCUSSION

In undertaking this exploratory work, we were hoping to show that the failure to find an e [edtive Q-matrix
from some data sets, such as the Trivia data set, was due to highly skewed tests scores: either the scores are
too high or too low, and the raw data becomes too sparse of successes or failures to allow the NMF algorithm
to derive a reliable Q-matrix. Results from our experiments suggest that, in fact, this is only partly the case.
It still leaves open the suggestion that the topic skill factor has sometimes a negligible e [edt on performance,
or at least a much lower e[edt than we are generally are inclined to believe. From Winters et al.’s [2005]
previous results, we can expect this to be the case for many courses that divide their content according to
sub-topics.

Our results further indicate that for well delineated topic skills like Mathematics and French, the e [edt is
relatively strong, in a range around half that item di Ccullty and examinee ability according to the results
in table I, at least for highly separable topics like Mathematics and French. In this case, the accuracy of
matching items to skills with NMF is well in the range of 90%, which confirms the e [edtiveness of this
technique under these conditions.

This study was conducted under the assumption that we know the number of skills for the clustering
and for building the Q-matrix. This is not the case in general. However, the visualization technique used
throughout this paper shows that for well delineated topic skills, clustering with NMF is easily perceived
through the human eye.
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Student Translations of Natural Language into Logic:
The Grade Grinder Corpus Release 1.0

Dave Barker-Plummer, Richard Cox and Robert Dale

Students find logic hard. In particular, they seem to find it hard to translate natural language sentences into their corresponding
representations in logic. As an enabling step towards determining why this is the case, this paper presents the public release of a
corpus of over 4.5 million translations of natural language (nl) sentences into first-order logic (fol), provided by 55,000 students
from almost 50 countries over a period of 10 years. The translations, provided by the students as fol renderings of a collection
of 275 nl sentences, were automatically graded by an online assessment tool, the Grade Grinder. More than 604,000 are in
error, exemplifying a wide range of misunderstandings and confusions that students struggle with. The corpus thus provides a
rich source of data for discovering how students learn logical concepts and for correlating error patterns with linguistic features.
We describe the structure and content of the corpus in some detail, and discuss a range of potentially fruitful lines of enquiry.
Our hope is that educational data mining of the corpus will lead to improved logic curricula and teaching practice.

1. INTRODUCTION

From a student’s perspective, logic is generally considered a di Ccult subject. And yet it is an extremely
valuable and important subject: the ability to reason logically underpins the Science, Technology, Engineering
and Mathematics (stem) fields which are seen as central in advanced societies. We believe it is in society’s
interests to make logic accessible to more students; but to do this, we need to have an understanding of
precisely what it is about logic that is hard, and we need to develop techniques that make it easier for
students to grasp the subject.

One key component skill in the understanding of logic is a facility for manipulating formal symbol systems.
But such a skill is abstract and of little value if one does not also have the ability to translate everyday
descriptions into formal representations, so that the formal skills can be put to use in real-world situations.
Unfortunately, translating from natural language into logic is an area where students often face problems.

It seems obvious that the di Cculties students face in this translation task will, at least in part, be due
to characteristics of the natural language statements themselves. For example, we would expect it to be
relatively easy to translate a natural language sentence when the mapping from natural language into logical
connectives is transparent, as in the case of the mapping from and to ‘[, but harder when the natural
language surface form is markedly dilerkent from the corresponding logical form, as in the translation of
sentences of the form A provided that B. However, evidence for this hypothesis is essentially anecdotal, and
we have no quantitative evidence of which linguistic phenomena are more problematic than others.

It is against this background that we present in this paper the release of a publicly-available anonymised
corpus of more than 4.5 million translations of natural language (nl) sentences into first-order logic (fol)
sentences, of which more than 604,000 (approximately 13%) are categorized by an automatic assessment tool
as being in error. For each item in the corpus, we know what nl sentence was being translated, and we have
both the fol translation the student provided, and a ‘gold-standard’ answer representing the class of correct
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answers.! Students are identified by unique anonymised IDs, so the corpus allows us to determine how many
previous attempts the student has made at the same exercise and the time intervals between attempts, and
also to correlate any given student’s performance across exercises. The data thus makes possible a broad
range of analyses of student behaviors and performance. We are making the corpus available to the wider
community in the hope that this will encourage research that leads to improvements in the teaching of logic.?

Section 2 explains the wider context in which this data has been collected, which has allowed us to gather
a very large corpus of data regarding student performance at various tasks in logic learning. Section 3
then describes the focus of this paper—what we call the Translations Subcorpus—in more detail. Section 4
describes the format of the data as it appears in the corpus. Section 5 provides summary statistics over the
errors in the corpus, and makes some observations about the nature of these errors. Section 6 concludes with
some illustrative analyses and suggestions for ways in which this corpus can be exploited.

2. BACKGROUND

The data described here consists of student-generated solutions to exercises in Language, Proof and Logic
(LPL; [Barwise et al. 1999]), a courseware package consisting of a textbook together with desktop applications
which students use to complete exercises.® The LPL textbook is divided into three parts covering, respectively,
Propositional Logic, First-Order Logic and Advanced Topics. The first two parts cover material typical of
introductory courses in logic. Students completing these two parts of the textbook will have been exposed
to notions of syntax and semantics of first-order logic and a natural deduction—style system for constructing
formal proofs. Each of these areas of the course are supported by a number of software applications which
provide environments where students can explore the concepts being taught.

The LPL textbook contains 748 exercises, which fall into two categories: 269 exercises which require that
students submit their answers on paper to their instructors, and 489 for which students may submit answers
to the Grade Grinder, a robust online automated assessment system that has assessed approximately 2.75
million submitted exercises by more than 55,000 individual students in the period 2001-2010. This student
population is drawn from approximately a hundred institutions in almost fifty countries. Figure 1 provides
statistics on how this data breaks down across the 10 years that the corpus represents.*

Student users of the system interact with the Grade Grinder by constructing computer files that contain
their answers to particular exercises that appear in the LPL textbook. These exercises are highly varied, and
make use of the software applications packaged with the book. Some focus on the building of truth tables
using an application called Boole; some involve building blocks world scenarios using a multimodal tool
called Tarksi’s World, in which the student can write fol sentences and simultaneously build a graphical
depiction which can be checked against the sentences; and some require the construction of formal proofs
using an application called Fitch. The Grade Grinder provides us with significant collections of data in all
these areas. The exercises of interest here are what we call translation exercises; they form the basis of
the corpus whose release this paper describes, and we discuss them in detail in Section 3 below.

The Grade Grinder corpus is similar to some of the corpora in the PSLC Datashop repository [Koedinger
et al. 2010]. It shares with these the characteristics of being extensive (millions of data points) and longitu-

1Since the same information can be expressed by many di[erent fol sentences, any answer that is provably equivalent to this
gold-standard answer is considered correct.

2A website is under development; in the interim, the corpus may be obtained by contacting the authors. A longer version of
this paper which describes the corpus in more detail is available as a technical report[Barker-Plummer et al. 2011].

3See http://1pl.stanford.edu.

4The ‘Domains’ column shows the number of di[erknt internet country domains found in the email addresses of the student
population for the year in question; definitively correlating these with countries is di Ccult since a student may use an email
address in a domain other than that of their home country, the international use of .com mail hosts being the most obvious
instance.
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Year | Submissions Students Instructors Domains
2001 190,653 4,097 142 23
2002 237,942 5,219 152 26
2003 238,104 5,106 168 33
2004 251,898 5,473 196 28
2005 255,974 5,295 182 27
2006 266,208 5,295 207 31
2007 304,719 6,444 224 33
2008 322,273 7,174 243 31
2009 331,746 6,489 212 33
2010 352,262 7,404 217 23

Fig. 1. Grade Grinder Usage Statistics: 2001-2010

dinal (repeat submissions by students over a semester or longer). However, it is not as fine-grained as many
DataShop datasets.® For example, the DataShop Geometry tutor dataset contains data on students’ actions
and system responses at the level of knowledge components (skills or concepts). In contrast, a Grade Grinder
submission represents the end-point of a student’s work on an exercise. The corpus described here also di [ers
from many DataShop corpora in that is not derived from an intelligent tutoring system or cognitive tutor,
but from a blended learning package consisting of courseware, several desktop computer applications, and
an online grading system.

3. NATURAL LANGUAGE TO LOGIC TRANSLATIONS

As noted above, the exercises in LPL cover a range of dilerent types of logic exercises, and so the Grade
Grinder’s collection of assessments is very large and varied. Over time, we aim to make the various components
of this corpus available; as a first step, we are making available what we believe may be the most useful
component of the corpus, this being the part that is concerned with students’ translations of natural language
sentences into logic.

Translation exercises ask the student to translate a number of what we will call translatable sentences,
writing their answers in a single file, which is then submitted to the Grade Grinder. We will refer to each
submission of a translated sentence as a translation act. Figure 2 shows an example exercise that calls for
the student to translate twenty English sentences into the language of fol. The student’s response to such
an exercise is considered correct if it contains a translation act for every translatable sentence in the exercise,
and every translation act corresponds to a correct translation. The LPL textbook contains 33 translation
exercises, involving a total of 275 distinct translatable nl sentences.

The Grade Grinder examines each submitted file, making a note of errors that are found within the
student’s answers. The files are saved to the corpus, the errors are noted, and an email message is sent to
the submitter summarizing these errors. Currently, the Grade Grinder o [erk only flag feedback [Corbett and
Anderson 1989], indicating only whether a submitted solution is correct. The software makes no attempt to
diagnose the error that has been made, apart from reporting the di [erence between a well-formed expression
of logic that is incorrect, and an ill-formed expression which is meaningless. Figures 3 and 4 respectively
give examples of the feedback for the submission of correct and incorrect solutions to the exercise shown in
Figure 2. The feedback report in Figure 4 indicates that the student has submitted an incorrect answer to
the second sentence, and an ill-formed expression in answer to the sixth sentence. The solution for sentence
eighteen is also reported as ill-formed, since there is no text in this slot of the solution.

Each student may submit solutions to the same exercise as many times as desired. Once a student is
satisfied with their work, they may submit the work again, this time requesting that a copy of the system’s

SHowever, note the File Timestamps information discussed in Section 4.
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[CElxercise 7.12 (Translation) Translate the following English sentences into fol. Your translations will use all of the propo-
sitional connectives.
(1) If ais a tetrahedron then it is in front of d.
(2) ais to the left of or right of d only if it’s a cube.
(3) c is between either a and e or a and d.
(4) cis to the right of a, provided it (i.e., c) is small.
(5) c is to the right of d only if b is to the right of c and left of e.
(6) If e is a tetrahedron, then it’s to the right of b if and only if it is also in front of b.
(7) If b is a dodecahedron, then if it isn’t in front of d then it isn’t in back of d either.
(8) cis in back of a but in front of e.
(9) eis in front of d unless it (i.e., e) is a large tetrahedron.
(10) At least one of a, ¢, and e is a cube.
(11) a is a tetrahedron only if it is in front of b.
(12) b is larger than both a and e.
(13) a and e are both larger than c, but neither is large.
(14) d is the same shape as b only if they are the same size.
(15) a is large if and only if it’s a cube.
(16) b is a cube unless c is a tetrahedron.
(17) If e isn’t a cube, either b or d is large.
(18) b or d is a cube if either a or c is a tetrahedron.
(19) a is large just in case d is small.
(20) a is large just in case e is.

Fig. 2. An example exercise (7.12) from LPL

Grade report for Oedipa Maas (oedipa@yoyodyne-industries.com)
Submission 1D: 11.076.18.28.21.L00-0002222

Submission received at: Thu Mar 17 18:28:21 GMT 2011
Submission graded at: Thu Mar 17 18:28:33 GMT 2011
Submission graded by: gradegrinder.stanford.edu

#### No instructor name was given. The report was sent only to the student.

The following files were submitted:
Sentences 7.12

EXERCISE 7.12

Sentences 7.12 (Student file: "Sentences 7.12")
Your sentences are all correct. Hurrah!

Fig. 3. Example feedback from the Grade Grinder: A translation exercise without errors

email response be sent to a named instructor. The e [edt of this pattern of interaction with the Grade Grinder
is that the corpus contains a trace of each student’s progression from their initial submission to their final
answer.

We can categorize the translation exercises along three dimensions as follows, and as summarized in
Figure 5.

Logical Language. The LPL textbook introduces the language of first-order logic in stages, starting with
atomic formulae in Chapter 1, then the Boolean connectives ( [L_ILamd =) in Chapter 3, followed by conditional
connectives (- and ) in Chapter 7. These connectives together define the propositional fragment of first-
order logic. Finally, the universal and existential quantifiers (I hre introduced in Chapter 9 to complete
the language of first-order logic. Exercises have correspondingly complex languages according to the position
in which they appear.
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Grade report for Tyrone Slothrop (tyrone@yoyodyne-industries.com)
Submission 1D: 11.076.18.30.56.L00-0002222

Submission received at: Thu Mar 17 18:30:56 GMT 2011

Submission graded at: Thu Mar 17 18:31:02 GMT 2011

Submission graded by: gradegrinder.stanford.edu

##H# No instructor name was given. The report was sent only to the student.

The following files were submitted:
Sentences 7.12

EXERCISE 7.12

Sentences 7.12 (Student file: "Sentences 7.12")

We found problems in your sentences:

*** Your second answer, "~SameCol(a d)->Cube(a)", isn’t well formed.

*** Your sixth sentence, "Tet(e)->(RightOf(e, b)->FrontOf(e, b))", is not
equivalent to any of the expected translations.

*** Your fifteenth sentence, "Large(a)->Cube(a)", is not equivalent to any
of the expected translations.

*** Your eighteenth answer, ", isn’t well formed.

*** Your nineteenth sentence, "Large(a)->Small(d)", is not equivalent to
any of the expected translations.

*** Your twentieth sentence, "Large(a)->Large(e)", is not equivalent to
any of the expected translations.

Fig. 4. Example feedback from the Grade Grinder: A translation exercise with errors

Domain Language. While the majority of the exercises in LPL use the language of the blocks world used
in Figure 2, eight translation exercises use one of two other languages. In particular we have a language
involving the care and feeding of various pets by their associated people. In this language, it is possible to
give a translation for sentences like Max fed Pris at 2:00. This language is used in six of the translation
exercises. The third language is used in only two exercises and is used to make claims about numbers, such
as There is a number which is both even and prime.

Supporting and Additional Tasks. Each of the exercises in the pet and number languages require only
the translation of sentences from nl into fol. However, the use of the Tarski’s World application provides
scope for variety in the blocks language tasks. For example, some exercises call for students to complete their
translations while looking at a world in which the English sentences are true; some call for them to verify the
plausibility of their answers by examining a range of worlds in which the sentences have di [erknt truth values;
and yet others call for the students to build a world making all of the English sentences true de novo. These
alternatives represent a range of exercises in which the agency of the student varies. The act of constructing,
from scratch, a blocks world that is consistent with a list of sentences (such as Example 7.15) requires more
engagement and ‘deeper’ processing than one in which the student checks the truth of a sentence against a
pre-fabricated diagram (such as Example 7.1). The e[edt of this variety in agency is one of many possible
analyses that could be carried out using this corpus.

Figure 5 lists the di [erknt translation exercises and their characteristics. The ‘Language’ column indicates
the target language, which is full fol unless otherwise noted. In the exercises involving the blocks world
language, the dilerent kinds of agency that the students have are indicated. Looking at world indicates
that students are instructed to look at a world in which the sentences are true as they translate the sentences,
while with world check means that students are instructed to check their translations in specific worlds
after the exercise is completed. With world construction indicates that students are required to construct
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Exercise Sentences Language Supporting Tasks
14 12 blocks (atoms)

3.20 10 blocks (Boolean) indirect + looking at world

3.21 12 blocks (Boolean) with world check in next exercise
7.11 10 blocks (Propositional)  indirect + looking at world

7.12 20  blocks (Propositional)  with world check in next exercise
7.15 12 blocks (Propositional)  with world construction

9.12, 11.4, 14.4 10, 8, 7  blocks indirect + looking at world
9.16 16  blocks one existential + with world check
9.17 15 blocks one universal + with world check
9.18, 11.14, 11.40, 14.28 5,2,11,5 blocks looking at world, with world check
11.16 10  blocks skeleton translation given + with world check
11.17, 11.18, 11.19, 14.3 10, 5,5,5 blocks with world check
11.20, 11.39 12,6  blocks looking at world

14.6 11 blocks incomplete information

14.8 2 blocks

14.27 2 blocks with world construction

1.9 6 pet (atoms)
3.23 6 pet (Boolean)
7.18 5 pet (Propositional)
9.19, 11.21, 11.41 10, 10,5 pet
9.13,9.25 5,5 number

Fig. 5. Exercises involving English sentences (N=33)

(and submit) a world in which their sentences are true. Incomplete information means that not all relevant
aspects of the world that they are looking at can be seen (e.g., a block may be obscured by a larger one).
The remaining annotations reflect other information given to the student. Indirect indicates that trans-
lations are given in the form ‘Notice that all the cubes are universal. Translate this’. In the exercises marked
with one existential/universal students are told that their translations have the specified form, while
skeleton translation given indicates that students are given a partial translation that they must complete.

4. THE DATA IN THE TRANSLATIONS SUBCORPUS

The Translations Subcorpus represents all of the solutions to translation exercises submitted in the period
2001-2010. Translation exercises have in common that some number of sentences must be translated from
nl into fol. As noted above, we refer to the submission of a single answer to the translation of a sentence
as a translation act; the corpus records a row of data for each translation act consisting of:

Unique ID. The unique identifier of this translation act (an integer).
Submission ID. The unique identifier of the submission in which this act occurs (an integer).
Subject ID. The unique identifier of the subject performing this act (an integer).

Instructor ID. The unique identifier of the instructor to whom this submission was copied (an integer).
This field can be empty if the submission was not copied to an instructor.

Task. An indication of the task to which this is a response (for example, ‘Exercise 1.4, Sentence 77).

Status. One of the values correct, incorrect, ill-formed, not-a-sentence, undetermined, missing
(explained further below).

Answer. The text of the subject’s answer (a string).

Canonical. The canonicalized text of the subject’s answer (a string), where canonicalization simply
involves removing whitespace from the answer, so that we can recognize answers which dilerdonly in the
use of whitespace.



Student Translations of Natural Language into Logic 57

Field A Correct Act | An Incorrect Act
1D 7982509 7982763
Submission 1D 3808583 4172630
Subject ID 68114 68114
Instructor 1D NULL NULL
Task 7.12.1 7.12.15
Status correct incorrect
answer Tet(a) - FrontOf(a,d) Cube(a) — Large(a)
canonical Tet(a) - FrontOf(a,d) Cube(a) — Large(a)
Timestamp 2009-05-02 14:01:24 | 2009-05-02 14:49:32
File Timestamps C1241297735665D1241298049184 | suppressed—see text

Fig. 6. Example data for two translation acts from the corpus

Correct Incorrect Missing Ill-formed Non-sentence Undetermined Total

First 3,260,979 604,965 481,851 233,605 19,378 45,085 4,645,863
Submission 70% 13% 10% 5% 0.4% 0.9%

All 17,254,818 1,805,268 481,851 843,183 58,532 245,055 20,688,707
Submissions 83.40% 8.73% 2.33% 4.08% 0.28% 1.18%

Fig. 7. Total submitted translation acts, classified by status

Timestamp. The time at which the submission was made.

File Timestamps. An indication of timing data concerning the file in which this act appears (explained
further below).

Corpus data for two translation acts are shown in Figure 6. Each is an answer to one task within Exer-
cise 7.12 (see Figure 2); the first data column shows a correct answer for Sentence 7.12.1, and the second
represents an incorrect answer for Sentence 7.12.15.

The dilerkent Status values indicate dilerent conditions that can occur when the student’s submitted
sentence is judged against the gold-standard answer. In addition to correct and incorrect, a solution
may be ill-formed, indicating that the solution is not syntactically correct; not-a-sentence, indicating a
well-formed fol expression which does not express a claim (the closest analog in nl is a sentence with an
unresolved anaphor); or undetermined, indicating that the Grade Grinder could not determine whether
the submitted answer was correct. Finally, a solution can be missing. Because translations are packaged
together into submissions of solutions for an exercise which contains multiple translation tasks, we code
a solution as missing if the subject submitted translations for some, but not all of, the sentences in the
exercise. A status of missing therefore represents a missed opportunity to submit a solution to accompany
others that were submitted.

File Timestamps are an integral part of the Grade Grinder system, and record the times of save and
read operations on the submissions file being constructed on the user’s desktop. Each time a student opens
or saves a file, a timestamp for this operation is added to a collection which is stored in the file. The
collection of timestamps serves as a ‘fingerprint’ for the file, which allows the Grade Grinder to detect the
sharing of files between students. Since these timestamps are accurate to the millisecond, it is extremely
unlikely that files constructed independently will share any timestamps, and so two students submitting
files whose timestamps are the same have likely shared the file. This fingerprinting mechanism is similar to
the more familiar checksum algorithms which are often used to fingerprint files; the dilerence here is that
the timestamp fingerprints are not dependent on the content of the file. This is important since some LPL
exercise have a unique solution: consequently, arrival at the same content should not be considered evidence
of sharing of a file.
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Note that this timestamp data can be used to measure the amount of time that subjects spent considering
their answers at a more fine-grained level than is indicated by the time between submissions. In the case of
the first answer in Figure 6, the timestamp indicates that this file was opened (the segment beginning with
C) and then saved (the segment beginning with D) about five minutes later (313,519ms being the precise
diCerknce between the two numbers). The timestamp data for the second answer contains fifteen segments,
and so has been suppressed here because it is too large to display.

5. SOME SUMMARY DATA

The corpus contains a total of 4,645,563 initial submissions of translation acts by students, with 604,965
(13%) considered to be in error by the Grade Grinder. The breakdown of these initial submissions as provided
by the Grade Grinder is shown in the upper half of Figure 7.

In fact, however, these numbers form a lower bound on the number of translation acts in the corpus. As
noted earlier, a typical interaction with the Grade Grinder consists in a sequence of submissions, each of
which may contain many translation acts. Initially, some of the translations in the submission will be correct
and others incorrect. In each subsequent submission, some of the incorrect sentences will be corrected, while
the correct sentences will be resubmitted; finally, the student may verify that all sentences are correct, and
the student will likely then resubmit the complete set copied to their instructor. We therefore store multiple
instances of the same translation acts.

The same phenomenon impacts on incorrect translation acts. If a student has made a mistake in both
Sentence n and Sentence n + 1, a common behavior is to repeat the submission first with a correction for
Sentence n, but leaving the incorrect translation of Sentence n+ 1 unmodified from the previous submission,
only returning to this once a correct answer for Sentence n has been achieved. This results in multiple
instances of the same incorrect translation act. However, it is important to observe that in some cases these
resubmitted incorrect answers may reflect deliberate acts, and so the real number of intended translation
acts in the corpus may in fact be larger than our initial counts suggest. We provide all translation acts in
the distributed corpus, with the corresponding counts shown in the lower half of Figure 7. The distributed
corpus thus contains a total of 20,688,707 translation acts; this opens the door to additional analyses that
would not be possible if only first submissions were available.

Note that we count as errors only those translations that are assessed by the Grade Grinder as definitely
incorrect. Expressions which are olered as translations but which are not well-formed expressions of fol,
and those which are well-formed but not sentences, are counted separately. Of course, these expressions are
really di[erknt kind of errors, and may serve to shed light on student behavior in other ways.

Among the translation exercises, the sentences most commonly mistranslated on the student’s first attempt
are shown in Figure 8. In this figure, the column headed N represents the total number of translation acts
concerning this sentence, while the column headed error/N is the proportion of these acts that are marked
as incorrect. The column headed Count applies to the distinct incorrect sentences, and indicates the number
of translation acts that result in this answer.

6. POTENTIAL ANALYSES OF THE CORPUS
We conclude by outlining a number of ways in which the Translations Subcorpus can be analysed.

Sentence Features. What features of sentences are particularly di Ccult for all students (in the aggregate)
to translate? We report on work of this type in [Barker-Plummer et al. 2011]. We categorized the sentences
according to whether they contained shape, size and spatial predicates, and then examined the error rates for
for eight resulting types of sentences. Sentences that mix shape and spatial predicates, and size and spatial
predicates are each harder to translate than sentences that contain all three kinds of predicates.
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Task Answer N Error/N Count
11.39.4 Every small cube is in back of a particular large cube 3520 69.0%
11.39.4 Correct [x{lLarge(x) [CCube(x) CI¥{(Small(y) CClube(y)) — BackOf(y, x)))
Incorrect  [X{(Cube(x) CSinall(x)) — [y{Cube(y) [Ladrge(y) [BhckOf(X,Yy))) 818
Incorrect  [X{(Small(x) CClube(x)) —» [y{Large(y) CCube(y) [CBhckOf(X,Yy))) 420
Incorrect X1 (Cube(x) [Siall(x)) - [yLarge(y) CClube(y) [BhckOf(x,Y))) 281
Incorrect XAy {(Cube(x) CSinall(x)) — (Cube(y) [Tdrge(y) [CBhckOf(X,Yy))) 207
Incorrect XA (Small(x) CCube(x)) —» [¥{Cube(y) [(Large(y) [BhckOf(x,Y))) 164
11.20.1 Nothing to the left of a is larger than anything to the left of b 9101 54.9%
11.20.1 Correct —[x{LeftOf(x,a) C¥(LeftOf(y,b) — Larger(x,Yy)))
Incorrect XAy ((LeftOf(x,a) CLéftOf(y,b)) — —Larger(x,y)) 941
Incorrect  [X{LeftOf(x,a) — [y{LeftOf(y,b) — —Larger(x,y))) 913
Incorrect = [IXALeftOf(x,a) CI¥(LeftOf(y,b) CLarger(x,y))) 582
Incorrect XAy {(LeftOf(x,a) CL@ftOf(y, b)) — —Larger(x,y)) 406
Incorrect  XALeftOf(x,b) —» —[y{LeftOf(y,a) CLarger(y, X))) 307
3.21.5 Neither e nor a is to the right of c and to the left of b 34608 54.4%
3.21.5 Correct —(RightOf(e,c) [LeftOf(e, b)) C=(RightOf(a,c) [L&ftOf(a, b))
Incorrect = (RightOf(e, c) [RightOf(a,c)) [=(LeftOf(e, b) [L&ftOf(a,b)) 4681
Incorrect  —RightOf(e, c) [=RightOf(a,c) [=LeftOf(e, b) [=leftOf(a, b) 1777
Incorrect  —(RightOf(e, c) [L&ftOf(e, b)) [=(RightOf(a,c) [L&ftOf(a, b)) 1678
Incorrect = (RightOf(e, c) [RIghtOf(a,c)) [C=[LeftOf(e, b) [L&ftOf(a, b)) 1569
Incorrect  —(RightOf(e, c) [RightOf(a,c) [L&ftOf(e, b) [T&ftOf(a, b)) 1345
3.23.5 2:00pm is between 1:55pm and 2:05pm 14747 50.4%
3.235 Correct 1:55<2:00[2100<2:05
Incorrect  Between(2 : 00,1 : 55,2 : 05) 14546
Incorrect  Between(1 : 55,2 : 00,2 : 05) 319
Incorrect  Between(2: 00,2 :05,1:55) 178
Incorrect  Between(2,1: 55,2 : 05) 133
Incorrect 2:00<2:05 91
11.40.3 There is a dodecahedron unless there are at least two large objects 3887 48.7%
11.40.3 Correct —[IxdlyIx &y [Large(x) [Large(y)) » [zDodec(z)
Incorrect  [xdly(Large(x) [Large(y) [xE y) — —[zDodec(z) 84
Incorrect XAy {(Large(x) [Large(y) [XE y) — —[zDodec(z)) 67
Incorrect  [XICyllz{Dodec(x) — —(Large(y) [Large(z) LY E z)) 54
Incorrect  [XIy{(Large(x) [Large(y) [XE y) — [Z{Dodec(z) [ZE x [ZE Y)) 48
Incorrect XAy {(Large(x) [Targe(y) [XE y) — —[zZDodec(z)) 46

Fig. 8. The top five erroneous answers to the each of the five most error-prone tasks

Error Typology. Can the errors that students make in their translations be categorized according to type?
In [Barker-Plummer et al. 2008] we examined the most frequent errors in the solution of Exercise 7.12, and
discovered that the failure to distinguish between the conditional and biconditional was a significant source of
error. Another significant source of error appears to be an expectation that names will appear in contiguous
alphabetical order in a sentence (we call these ‘gappy’ sentences); so, a sentence like ‘a is between b and d’

is frequently mistranslated with c in place of d.

Response to Errors. How do subjects go about finding solutions when their initial attempt is incorrect? We
can ask whether the di Cculity of repair correlates with the subject, the sentence or with the particular error
that was initially made. We have carried out preliminary work [Barker-Plummer et al. 2009] investigating
the di[erknces between, on the one hand, translation tasks which are di Ccult to get right initially but which
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are easy to recover from, and on the other hand, those which are perhaps less error-prone, but hard to repair.
We think both aspects of the task contribute to the ‘di Cculty’ of a task.

Exercise-Level Strategies. There is potential in the corpus for examining strategies that the students adopt
when they make multiple errors. Some students appear to attempt to fix all of their incorrect sentences, and
others proceed one at a time. These strategies might correlate with success. We can detect di [erknces between
these strategies by looking at the sequence of submissions that occurs after the initial submission. In some
cases only one sentence will be modified in each subsequent submission; in others many may be altered.

Modality Heterogeneity of Task. Exercises diledin the extent to which they are linguistically and graphi-
cally heterogeneous. Some require translation from nl sentences to fol, whereas others require translation
followed by blocks world diagram building. In [Cox et al. 2008], we compared students’ constructed diagram-
matic representations of information expressed in nl sentences to their fol translations, and determined
that the error patterns dilerkd in their graphical versus their fol translations.

Agency in the Task. As discussed in Section 3, translation tasks vary in the degree of agency they require
on the part of the student. Using the corpus it would be possible to analyze variability in student performance
with agency, to see if these adjunct tasks have an e [edt on translation accuracy.

Time Course. The timestamp information in the corpus makes it possible to ask how much time students
spend (re)considering their answers: does the bulk of time go to particular tasks, or is it evenly distributed?

7. CONCLUSION

With the first release of this corpus, we invite colleagues to exploit its potential for educational data mining.
Our hope is that further analyses will provide additional insights into student cognition in the di Ccult
domain of logic, and that findings will inform improved educational practice in logic teaching. In our own
work, we aim to (1) enrich the feedback that Grade Grinder provides to students, (2) investigate task agency
e [edts upon learning outcomes, and (3) identify evidence-based improvements to the logic curriculum.
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In this paper, we proposed a new cognitive modeling approach: Instructional Factors Analysis Model (IFM). It belongs to a
class of Knowledge-Component-based cognitive models. More specifically, IFM is targeted for modeling student’s performance
when multiple types of instructional interventions are involved and some of them may not generate a direct observation of
students’ performance. We compared IFM to two other pre-existing cognitive models: Additive Factor Models (AFMs) and
Performance Factor Models (PFMs). The three methods di [ed mainly on how a student’s previous experience on a Knowledge
Component is counted into multiple categories. Among the three models, instructional interventions without immediate direct
observations can be easily incorporate into the AFM and IFM models. Therefore, they are further compared on two important
tasks—unseen student prediction and unseen step prediction—and to determine whether the extra flexibility a[anded by addi-
tional parameters leads to better models, or just to over fitting. Our results suggested that, for datasets involving multiple types
of learning interventions, dividing student learning opportunities into multiple categories is beneficial in that IFM out-performed
both AFM and PFM models on various tasks. However, the relative performance of the IFM models depends on the specific
prediction task; so, experimenters facing a novel task should engage in some measure of model selection.

1. INTRODUCTION

For many existing Intelligent Tutoring Systems (ITSs), the system-student interactions can be viewed as a
sequence of steps [VanLehn 2006]. Most ITSs are student-driven. That is, at each time point the system elicits
the next step from students, sometimes with a prompt, but often without any prompting (e.g., in a free form
equation entry window where each equation is a step). When a student enters an attempt on a step, the ITS
records whether it is a success or failure without the tutor’s assistance and may give feedbacks and/or hints
based on the entry. Students’ first attempt records on each step are then collected for student modeling.
Often times in ITSs, completion of a single step requires students to apply multiple Knowledge Components.
A Knowledge Component (KC) is: “a generalization of everyday terms like concept, principle, fact, or skill,
and cognitive science terms like schema, production rule, misconception, or facet” [VanLehn et al. 2007].
They are the atomic units of knowledge. Generally speaking, students’ modeling on conjunctive-KC steps
are more di Ccullt than that on steps that require a single KC.

The three most common student modeling methods are: Knowledge Tracing (KT) [Corbett and Ander-
son 1995], Additive Factor Models (AFM) [Cen et al. 2006; 2008], and Performance Factor Models
(PFM) [Pavlik et al. 2009]. When performing student modeling we seek to construct a cognitive model
based upon these observed behaviors and to apply the model to make predictions. Generally speaking, we
are interested in three types of predictions: type 1 is about how unseen students will perform on the observed
steps same as those in the observed dataset; type 2 is about how the same students seen in the observed data
will perform on unseen steps; and type 3 is about how unseen students will perform on unseen steps, that
is, both. For the present purposes we classifie students or steps that appear in the observed training data
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as seen and those that appear only in the unobserved test data as unseen. In this paper we will examine
prediction types 1 and 2 and leave type 3 for future work.

Previously KT and PFM have been directly compared both on datasets involved single-KC steps [Pavlik
et al. 2009] and those involved conjunctive-KC steps[Gong et al. 2010]. Results have shown that PFM is as
good or better than KT for prediction tasks under Bayesian Information Criteria (BIC) [Schwarz 1978] in
[Pavlik et al. 2009] or using Mean Squared Error (MSE) as criteria in [Gong et al. 2010]. For both BIC and
MSE, the lower the value, the better.

While PFM and KT have been compared on datasets involved conjunctive-KC step, prior applications of
AFM and PFM have mainly been with single-KC steps and indicated no clear winner. More specifically, while
AFM is marginally superior to PFM in that the former has lower BIC and cross-validation Mean Absolute
Deviance (MAD) scores in [Pavlik et al. 2009], PFM performed better than AFM under MAD scores in
[Pavlik et al. 2011]. For MAD, same as MSE, the lower the value, the better. On the other hand, previous
research have shown that AFM can, at least in some cases, do a fine job in modeling conjunctive KCs [Cen
et al. 2008]. Therefore, in this paper we will compare AFM and PFM directly on a dataset involving many
conjunctive-KC steps.

Moreover, most prior research on cognitive modelings was conducted on datasets collected from classical
student-driven ITSs. Some ITSs, however, are not always student-driven in that they may involve other
instructional interventions that do not generate direct observations on student’s performance. The dataset
used in this paper, for example, was collected from a tutor that, at each step chose to elicit the next step
information from students or to tell them the next step. In our view these tell steps should also be counted
as a type of Learning Opportunity (LO) as they do provide some guidance to students. Yet on the other
hand, these steps do not allow us to directly observe students’ performance. KT model is designed mainly for
student-driven ITSs in that its parameters are directly learned from the sequences of student’s performance
(right or wrong) on each step. When there are multiple instructional interventions and some of them do
not generate direct observations, it is not very clear how to incorporate these interventions directly into
conventional KT models. Therefore, in this paper we are mainly interested in comparing AFM and PFM.

Our dataset was collected from an ITS that can either elicit the next step from the student or tell them
directly. Incorporating tell steps into AFM model is relatively easy in that tells can be directly added to
total LO counts. The PFM, however, uses student’s prior performance counts, the success or failure, in the
equation. Since tells do not generate any observed performance, it is hard to include them in the PFM.
Therefore, we elected to add a new feature to represent instructional interventions such as tells. As shown
later, the new model can be easily modified for modeling datasets with multiple instructional interventions
and thus it is named as Instructional Factors Analysis Model (IFM).

To summarize, in this paper we will compare three models, AFM, PFM and IFM, on a dataset involving
many conjunctive-KC steps and multiple instructional interventions. Previous research has typically focused
on how well the models fit the observed data. In the following, we also investigated how well they perform at
making the predictions of unseen students’ performance on seen steps (type 1) and seen students’ performance
on unseen steps (type 2). Before describing our general methods in details we will first describe the three
models.

2. THREE MODELS: AFM, PFM, AND IFM

All three models, AFM, PFM, and IFM, use a Q-matrix to represent the relationship between individual
steps and KCs. Q-matrices are typically encoded as a binary 2-dimensional matrix with rows representing
KCs and columns representing Steps. If a given cell Qx; = 1, then step j is an application of KC k. Previous
researchers have focused on the task of generating or tuning Q-matrices based upon a dataset [Barnes 2005;
Tatsuoka 1983]. For the present work we employed a static Q-matrix for all our experiments. Equations 1,
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2, and 3 present the core of each model. Below the equations are the detailed descriptions of each term used
in the three equations.

The central idea of AFM was originally proposed by [Draney et al. 1995] and introduced into ITS field by
[Cen et al. 2006; 2008]. Equation 1 shows that AFM defines the log-odds of a student i completing a step j
correctly to be a linear function of several covariates. Here p;;j is a student i’s probability of completing a step
J correctly, Njk is the prior LO counts. AFM models contain three types of parameters: student parameters
Bi, KC (or skill) parameters Bk, and learning rates yx. While AFM is sensitive to the frequency of prior
practice, it assumes that all students accumulate knowledge in the same manner and ignores the correctness
of their individual responses.

PFM, by contrast, was proposed by [Pavlik et al. 2009] by taking the correctness of individual responses
into account. It can be seen as a combination of learning decomposition [Beck and Mostow 2008] and AFM.
Equation 2 expresses a student i’s log-odds of completing a step j correctly based upon performance features
such as Sijk (the number of times student i has previously practiced successfully relevant KC k) and Fjx (the
number of times student i has previously practiced unsuccessfully relevant KC k). PFM may also include
student parameters such as 0; and skill parameters, such as Bx. Additionally, PFM employs parameters to
represent the benefit of students’ prior successful applications of the skill L and the benefit of prior previous
failures py.

While PFM was originally proposed without a 8;, it is possible to include or exclude these student pa-
rameters from either PFM or AFM. In prior work, Corbett et al. noted that models which tracked learning
variability on a per-subject basis, such as with 8 outperform models that do not [Corbett and Anderson
1995]. Pavlik [Pavlik et al. 2009] further noted that the full AFM model seemed to outperform PFM with-
out 6 which in turn outperformed AFM without 8. Pavlik et al. also hypothesized that PFM with 6 would
outperform the other models and they investigated it in their recent work. In this study, our analysis showed
that prediction is better with student parameters, especially for AFM models, thus we include 8; in our
versions of both AFM and PFM.

From PFM, IFM can be seen as adding a new feature to represent the tells together with the success
or failure counts, shown in Equation 3. Equation 3 expresses a student i’s log-odds of completing a step
j correctly based upon performance features including Six, Fik, Tik (the number of times student i has
previously got told on relevant KC k). IFM also includes student parameters 6;, skill parameters By, Mk, Pk,
and the benefit of prior previous tells vi.

N I 1 [ 1
AFM: In % =06+ BkQxj +  Qkj(yxNik) €))
i
N i [
PFM: In Eiup =0i+ BxQkj+  Quj(UkSik + pxFik) 2
i
N 1 b
IFM: In Topr = Bi+  BkQii +  Qij(HkSik + piFik + VicTik) (3)
'J k Kk

Where:

i. represents a student i.

J. represents a step j.

k. represents a skill or KC k.

pij. is the probability that student i would be correct on step j.
B;. is the coe [cieht for proficiency of student i.

Bj. is coe [cieht for di [culty of the skill or KC k.
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Qxj- is the Q-matrix cell for step j using skill k.

Yk. 1S the coe [cieht for the learning rate of skill k (AFM only);

Nik. is the number of practice opportunities student i has had on the skill k (AFM only);
M. is the coe Lcieht for the benefit of previous successes on skill k (PFM & IFM);

Sik. is the number of prior successes student i has had on the skill k (PFM & IFM);

Pk. is the coe [cieht for the benefit of previous failures on skill k (PFM & IFM);

Fik. is the number of prior failures student i has had on the skill k (PFM & IFM);

Vk. the coe Lcieht for the benefit of previous tells on skill k (IFM only);

Tik. the number of prior Tells student i has had on the skill k (IFM only);

3. TRAINING DATASET AND EIGHT LEARNING OPPORTUNITY MODES

The original dataset was collected by training 64 students on a natural-language physics tutoring system
named Cordillera [VanLehn et al. 2007; Jordan et al. 2007] over a period of four months in 2007. The physics
domain contains eight primary KCs including the weight law (KC;), Definition of Kinetic Energy (KCyp),
Gravitational Potential Energy (KC,1), and so on. All participants began with a standard pretest followed
by training 7 physics problems on Cordillera and then a post-test. The pre- and post-tests are identical in
that they both have the same 33 test items. The tests were given online and consisted of both multiple-choice
and open-ended questions. Open-ended questions required the students to derive an answer by applying one
or multiple KCs.

In this study, our training dataset comprises 19301 data points resulted from 64 students solving 7 training
problems on Cordillera. Each student completed around 300 training problem steps. Note that the training
dataset does not include the pre- or posttest. In other words, a data point in our training dataset is either
the first attempt by a student on an elicit step or a system tell during his/her training on Cordillera only.

There are two types of steps in Cordillera. The primary steps are necessary problem-solving and conceptual
discussion steps. The justification steps, on the other hand, are optional steps that occur when students are
asked to justify the primary step they have just completed. The primary steps are designed to move the
solution process forward while the justification steps are designed to help the students engage with the
domain knowledge in a deeper way. When collecting our dataset the Cordillera system decided whether to
elicit or tell each step randomly. Thus, we have two types of LOs: elicit and tell for the primary steps; and
self-explain or explain for the justifications.

Figure 1 shows a pair of sample dialogues taken from the cordillera system for the same series of primary
steps with the same domain content. In dialogue (1.a) the system elects to elicit the students’ answer (steps
2- 3), while in dialogue (1.b) the system chooses to tell the student the answer (steps 2). Similarly in Figure 2
we present a similar comparison between a pair of self-explain and explain dialogues. As before both dialogues
cover the same domain content. In dialogue (2.a) the system asks the student to self-explain their answer
to the question in qualitative terms (steps 3-4). In dialogue (2.b) they are provided with a short qualitative
explanation (step 3).

For the primary steps, the average number of decisions ranges from 2.5 for KC; to 31 for KCy for elicit
steps and ranges from 4 for KC; to 47 for KCyq for the tell steps. Compared with primary steps, justification
steps are significantly less frequent in that the average number ranges from 0 for KC; to 3.5 for KC,; for
self-explain steps and ranges from 0 for KC; to 2.5 for KCj,q for explain steps.

In most of the prior research that we have surveyed the authors mainly used datasets involving quantitative
problem-solving steps similar to the primary steps in Cordillera. So when counting LOs in this study, we
first need to decide whether or not to include justification steps. Additionally, most previous research did not
include students’ performance on the pretest when counting LOs. While this makes some sense as students
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(1.a) Elicit Version

(1) T: So let’s start with determining the value of v1.

(2) T: Which principle will help you calculate the rock’s instantaneous magnitude of velocity at T1? {ELICIT}
(3) S: definition of Kkinetic energy

(4) T: Let me just write the equation for you: KE1 = 0.5*m*v1~2.

(1.b) Tell Version

(1) T: So let’s start with determining the value of v1.

(2) T: To calculate the rocks instantaneous magnitude of velocity at T1, we will apply the definition of kinetic
energy. {TELL}

(3) T: Let me just write the equation for you: KE1 = 0.5*m*v172.

Fig. 1. Learning Opportunities on Problem-Solving Steps: Elicit vs. Tell

(2.a) Self-Explain

(1) T:Can we infer the direction of the velocity of the rock at T1 from the rock’s kinetic energy at T1? {ELICIT}
(2) S:nope.

(3) T:Excellent! Please explain why. {Self-Explain}

(4) S:Only the magnitude of the velocity and not the direction of it is part of the definition of kinetic energy.

(5) T:Excellent! Now that we know v1, - - -

(2.b) Explain

(1) T:Can we infer the direction of the velocity of the rock at T1 from the rock’s kinetic energy at T1? {ELICIT}

(2) S:nope.

(3) T:Excellent! This is because the kinetic energy only depends on mass and the magnitude of velocity, not the direction
of velocity.{Explain}

(4) T:Now that we know v1, - --

Fig. 2. SelfExplain vs. Explain

receive no feedback indicating their successes or failures during the test, it is still the case that they do
practice their skills. Secondly we need to decide whether or not to include student’s pretest performance in
the LO counts.

In order to explore how di[erent choices of LOs would impact di [erknt cognitive models, we defined four
ways to count the LOs. In the primary mode we count only the primary steps within the ITS. In pretest-
primary we count the primary mode steps plus the pretest (each test item is treated as one step for training).
Primary-Justify mode counts the primary and justification steps within the ITS alone. And finally the overall
mode counts all steps in both the pretest and ITS training.

Note that using di [erent modes of LOs neither changes the size of the training dataset which is generated
along students’ logs when training on Cordillera nor changes the number of parameters to be fit. Using
pretest in the LO count means that various LOs do not start with O for the pretest-primary and overall
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modes but are based on the frequency of KC appearances (and, in the case of PFM, the accuracy) in the
pretest. For example, if a KCy is tested 20 times in the pretest and a student was correct 5 times and
wrong 15 times, then the student’s LOs on KCyq for pretest-primary and overall mode would start with
LO = 20, Success = 5, Fail = 15, Tell = 0. For Primary and Primary-Justify modes, all LOs start with 0.
Coupled with this variation we can also count LOs additively or logarithmically. Using logarithmic count
is inspired by the power law relationship between measures of performance (reaction time or error rate) and
the amount of practice [Newell and Rosenbloom 1981]. But others [Heathcote et al. 2000] have argued that
the relationship is an exponential, which corresponds to additive counting. To summarize, we have {Primary,
Pretest-Primary, Primary-Justify, Overall} < {count, In(count)}, a total of eight LO modes.

4. RESULTS

Two measures of quality, the Bayesian Information Criteria (BIC) and the cross-validation Root Mean
Squared Error (RMSE), are used to evaluate how well various instantiated models perform. For both BIC
and cross-validation RMSE, the lower the value, the better. BIC [Schwarz 1978] is a criterion for model
selection among a class of parametric models with di [erent numbers of parameters. In prior research on the
evaluation and comparison of di [erent cognitive models [Cen et al. 2006; Pavlik et al. 2009; Gong et al. 2010]
the authors used BIC as a measure of success. In machine learning, however, it is conventional to use the
cross-validation RMSE, which is a more interpretable metric and, we believe, a more robust measure. For
the purposes of this paper, we will report both BIC and RMSE.

4.1 AFM, PFM, vs. IFM.

First, we will investigate whether considering Tell and Explains into the LOs is beneficial. In traditional
cognitive modeling the focus is solely on steps where the student’s performance is observed. In the context
of Cordillera that means counting only the elicit and self-explain steps as both require students to apply
their knowledge without support and their performance can be directly evaluated. For AFM models, we thus
compared the AFM algorithms shown in equation 1 by either including Tells and Explains into Njx or by
excluding them out of Njk. The two resulted models are referred as AFM-Tell and AFM+Tell respectively.
Therefore, in this section we compared four models: AFM-Tell, AFM+Tell, PFM and IFM across eight LO
modes.

For each of the four models, its corresponding count LOs on corresponding {Primary, Pretest-Primary,
Primary-Justify, Overall} modes are defined in Table I. For example, the IFM has three LO counts: prior
success Sjk, prior failures Fjy, and prior tells Tix. Under the Primary-Justify mode (shown in the left bottom
of the table), Sjx = Success in (Elicit + Self-Explain) on the KC k, Fjx = prior failure in (Elicit + Self-
Explain) on the KC k, and Tjx = prior tells and explains on the KC k. Once the count mode is defined, the
corresponding Ln(Count) mode is simply taking each count logarithmically. For example, under {Primary-
Justify, Ln(Count)} mode, we have Sjk = In[Success in (Elicit + Self-Explain) on KC k], Fix = In[prior
failure in (Elicit + Self-Explain) on KC K], and Tjkx = In[prior tells and explains on the KC K].

For each model on each mode, we carried out a 10-fold cross-validation. Such procedure resulted in 8
(modes) < 4 (models) = 32 BIC values and CV RMSE values. Table Il shows the comparisons among the
four models when using {Primary-Justify, Count} and {Primary-Justify, Ln(Count)} LO modes respectively.
It shows that across both modes, the IFM is more accurate (both lower BIC and RMSE) than the PFM;
similarly, the latter is more accurate than AFM+Tell and AFM-Tell. However, it is harder to compare
AFM-Tell and AFM+Tell. For example, on {Primary-Justify, Count} mode, although AFM-Tell has lower
BIC than AFM+Tell 9037 vs. 9058, the latter has lower RMSE than the former: 4.456E-01 vs. 4.459E-01.
So on both {Primary-Justify, Count} and {Primary-Justify, Ln(Count)} modes, we have IFM > PFM >
AFM+Tell, AFM-Tell. Such pattern is consistence across all eight modes.
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Table 1. {Primary, Pretest-Primary, Primary-Justify, Overall} Learning Opportunity Modes

‘ [ Primary | Pretest-Primary |
AFM-Tell Nik Elicit Pretest+Elicit
AFM+Tell | Njk Elicit+Tell Pretest+Elicit+Tell
PFM Sik Success(Elicit) Success in (Pretest + Elicit)
Fik Failure(Elicit) Failure in (Pretest + Elicit)
IFM Sik Success(Elicit) Success in (Pretest + Elicit)
Fik Failure(Elicit) Failure in (Pretest + Elicit)
Tik Tell Tell
\ Primary-Justify | Overall |
AFM-Tell Nik Elicit + SelfExplain Pretest+ Elicit+SelfExplain
AFM+Tell | Nk | Elicit+Tell + SelfExplain +Explain || Pretest+ Elicit+Tell + SelfExplain+Explain
PFM Sik Success in (Elicit + Self-Explain) Success in (Pretest+ Elicit + Self-Explain)
Fik Failure in (Elicit + Self-Explain) Failure in (Pretest+ Elicit + Self-Explain)
IFM Sik Success in (Elicit + Self-Explain) Success in (Pretest+ Elicit + Self-Explain)
Fik Failure in (Elicit + Self-Explain) Failure in (Pretest+ Elicit + Self-Explain)
Tik Tell+ Explain Tell+ Explain

Table Il. Compare AFM-Tell, AFM+Tell, PFM and IFM on
{Primary-Justify, Count} and {Primary-Justify, Ln(Count)} mode

{Primary-Justify, Count} | {Primary-Justify, Ln(Count)}
Model BIC | 10-fold RMSE || BIC | 10-fold RMSE
AFM-Tell 9037 4.460E-01 9037 4.459E-01
AFM+Tell 9117 4.470E-01 9058 4.456E-01
PFM 8474 4.235E-01 8461 4.236E-01
IFM 8347 4.217E-01 8321 4.211E-01

In order to compare the performance among four models, Wilcoxon Signed Ranks Tests were conducted
on resulted BICs and RMSEs. Results showed that IFM significantly outperformed the PFMs across eight
modes: Z = —2.52, p = 0.012 for both BIC and cross-validation RMSE. Similarly, it was shown that
across all eight modes IFM beat corresponding AFM-Tell across eight modes significantly on both BIC and
RMSE: Z = —2.52, p = 0.012. Similar results were found between IFM and AFM+Tell in that the former
out-performed the latter across eight modes significantly on both BIC and RMSE: Z = —2.52, p = 0.012.

Comparisons between PFM and AFM-Tell and AFM+Tell showed that PFM beats corresponding AFM-
Tell across eight modes significantly on both BIC and RMSE: Z = —2.52, p = 0.012; and PFM also beat
AFM+Tell significantly on both BIC and RMSE: Z = —2.52, p = 0.012. Finally, comparisons between AFM-
Tell and AFM+Tell showed that adding Tells and Explains into LOs did not statistically significantly improve
the BIC and RMSE of the corresponding AFM model: Z = —0.28, p = 0.78 for BIC and Z = —1.35, p = 0.18
for RMSE respectively. Therefore, our overall results suggested: IFM > PFM > AFM-Tell, AFM+Tell.

Next, we investigated which way of counting LOs is better, using logarithmic or additive tabulation?
Wilcoxon Signed Ranks Tests were conducted on comparing the BIC and RMSE of the performances when
using Count versus using Ln(Count) on the same model and mode. Results showed using Ln(Count) per-
formed significantly better than using Count: Z = —2.27, p = 0.008 for BIC and Z = —2.33, p = 0.02
for RMSE respectively. This analysis is interesting in relation to a long-standing debate about whether the
learning curve is exponential (like additive tabulation) or a power law (logarithmic tabulation) [Heathcote
et al. 2000]. Our results appear to favor the power law.

Next, we investigated the impact of four LO modes. The BICs and RMSEs were compared among the
{Primary, Pretest-Primary, Primary-Justify, Overall} modes regardless of Count and Ln(Count). A pairwise
comparisons on Wilcoxon Signed Ranks Tests showed that the {Primary-Justify} modes generated signifi-
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cantly better models than using {Primary} modes Z = —2.1, p = 0.036; the {Primary} modes generated
better models than using {Pretest-Primary} and {Overall} Z = —2.27, p = 0.018 and Z = —2.521, p = 0.012
respectively. While no significant di [erence was found between {Pretest-Primary} and {Overall} modes. Sim-
ilar results was found on RMSE. Therefore, it suggested that adding justification steps into LOs is beneficial
in that Primary-Justify mode beats Primary; however, adding pretest into the LOs did not produce better
models and it may even have resulted worse models: the benefit of adding justification steps into LOs was
seemingly washed out by including pretest in the LOs in that {Overall} modes generate worse models than
{Primary-Justify} and {Primary}.

To summarize, for modeling the training data, applying IFM model and using {Primary-Justify, Ln(Count)}
as LOs generated the best fitting model. Additionally, comparisons among the IFM, PFM, AFM-Tell,and
AFM+Tell showed that IFM > PFM > AFM-Tell, AFM+Tell. In this paper, our goal is to compare cognitive
models on datasets involving multiple types of instructional interventions. As shown above, for AFM the tell
steps can be directly added into existing opportunity count Njx; For the PFM model, however, there is no
direct way how tells should be incorporated. Therefore, in the following we will mainly compare IFM and
AFM+Tell. For the convenient reasons, we will refer to AFM+Tell as AFM.

4.2 IFM vs. AFM for Unseen Student Prediction (Type 1)

Next we compared the AFM and IFM models on the task of unseen student prediction. In order to predict
unseen student’s performance, Student ID was treated as a random factor in both AFM and IFM models.
Here we conducted Leave-one-student-out cross-validation. In other words, 64 students resulted in a 64-fold
cross validation. Thus, we have 8 (modes) % 2 (AFM vs.IFM) BIC values and Cross-Validation RMSE values.

Table 111 shows the correpsonding BIC and RMSE values of AFM and IFM models using {Primary-Justify,
Ln(Count)} mode. Table 111 shows that IFM generates better prediction models (both lower BIC and RMSE)
than AFM and the dilerkence is large. Such pattern is consistence across all eight modes.

Table I11. AFM vs. IFM On Unseen Students
with Random E [edt Student Parameters

[ Model | BIC [ 64-fold Cross-Validation RMSE |

AFM | 8724 4.6144E-01

IFM 7952 4.1661E-01

To compare IFM and AFM across eight modes, Wilcoxon Signed Ranks Tests were conducted on both
BICs and cross-validation RMSEs. Consistent with the patterns shown in Table 111, results showed that
IFM is significant better than AFM across eight modes: Z = —2.52, p = 0.012 for both BIC and cross-
validation RMSE. To summarize, IFM with random student parameter is a better model for predicting
unseens students’ performances on seen steps than AFM model with random student parameter. The best
performance was generated IFM model using {Primary-Justify, Ln(Count)} as LOs.

4.3 AFM vs. IFM for Unseen Step prediction (Type 2).

Finally we compared AFM and IFM models on the task of unseen step prediction. Here we used training
dataset and tested each models’ prediction using students’ post-test performance. For each model on each
mode, we carried out a 10-fold cross-validation. Such procedure again resulted in 8 < 2 BIC values and CV
RMSE values.

Table IV shows the results on comparisons for the AFM and IFM models on both {Primary-Justify,
Ln(Count)} and {Overall, Ln(Count)} modes. Across the eight LO modes, the performance of AFM reaches
its best when using {Primary-Justify, Ln(Count)} mode and IFM reaches its best when using {Overall,
Ln(Count)} mode. Table Il shows that when using {Primary-Justify, Ln(Count)} mode, the AFM is even
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more accurate (both lower BIC and RMSE) than the corresponding IFM model; while when using {Overall,
Ln(Count)} LO mode, the IFM is more accurate (both lower BIC and RMSE) than the corresponding AFM.
Moreover, the best IFM model, using {Overall, Ln(Count)} LO mode, is still better than the best AFM
which using {Primary-Justify, Ln(Count)} LO mode. Thus, cross 8 modes on both AFM and IFM, the best
prediction model is still generated by IFM but using {Overall, Ln(Count)} LO mode.

Table IV. AFM vs. IFM On Predicting Post-test
Performance by {Primary-Justify, Ln(Count)} and {Overall,
Ln(Count)} modes

[ Mode [ Model | BIC [ 10-fold RMSE |

{Primary-Justify, Ln(Count)} | AFM 2414 4.6632E-01
IFM 2428 4.6791

{Overall, Ln(Count)} AFM | 2443 4.7027E-01
IFM 2252 4.4529E-01

In order to compare AFM and IFM across eight modes, Wilcoxon Signed Ranks Tests were again conducted
on resulted 8 < 2 BIC and RMSE results. Result showed that IFM is marginally significant better than AFM
across eight modes: Z = —1.68, p = 0.093 for BIC and Z = —1.82, p = 0.069 for 10-fold CV RMSE
respectively. Previously, the best model for fitting the training dataset and type 1 predictions are generated
by IFM using {Primary-Justify, Ln(Count)} LOs; on the task of predicting students’ posttest performance
(type 2), however, the best model is still IFM but using {Overall, Ln(Count)} LO counts. To summarize, the
best performance of IFM is better than the best AFM and across the eight LO modes and IFM is marginally
better than AFM model on type 2 prediction.

5. CONCLUSION

In this paper we investigated student modeling on a dataset involving multiple instructional interventions. We
proposed a cognitive model named IFM. We compared IFM with AFM and PFM on the training dataset.
We determined that including non-standard LOs such as tells and explains as a separated parameter is
e [edtive in that the IFM models’ out-performance PFM, AFM-Tell, and AFM+Tell across all modes; but
for AFM modes, simply adding tells into AFM LO counts did not seemingly significantly improved the AFM
model’s performance. This is probably because AFM gives a same learning rate for dilerknt instructional
interventions. For example, under the {Primary, Count} mode, the N;x in AFM+Tell model is Elicit+ Tell.
On one KC, KCy, the AFM had: the learning rate yx = 0.011462. By contrast, the corresponding IFM
has three parameters: p for benefit of previous successes on skill k; pk is the coe [cieht for the benefit of
previous failures, and vy the coe [cieht for the benefit of previous tells on skill k. For the same KC, the
IFM resulted p = 0.083397; px = —0.213746, vic = 0.031982. The values of the three parameters are quite
diCerknt from each other, which suggested the the benefit of tells is in the middle of the benefit of success
and failure. Such patterns on learned parameters between AFM and IFM showed throughout our analysis.
It suggested that rather than using one learning rate parameters for di [erent instructional interventions, it
is better to break them into categories and learn seperated parameters.

In order to fully exploring the e [edtiveness of three models, we further compared them on two prediction
tasks — unseen student prediction (type 1) and unseen step prediction (type 2). Our results indicate that the
IFM model is significantly better than the AFM model on predicting unseen student’s performance on seen
steps (type 1) and marginal significant better on predicting seen students’ performance on posttest (type 2).

Additionally, we examined the impact of including pretest performance in the LOs as well as qualitative
justification steps in the LOs. We found that the Primary-Justify mode seems to be most e [edtive. Generally
speaking, models trained with logarithmic tabulation outperformed those trained with additive tabulation
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probably because the number of prior LOs counts in this study can be ralatively large. For example, the
average number of primary steps (including both elicits and tells) in the training data varies from 6 for KCy
to 83 for KCoyy.

Even though IFM model performed the best on modeling the training data on both type 1 and type 2
predictions, its performance is heavily dependent upon the specific prediction task being performed and the
way in which the specific LOs were counted. For modeling the training data and type 1 prediction, it is the
best to using (Primary-Justify,Ln(Count)) mode; but for type 2 predictions, it was best to include the pretest
data as well and thus using(Overall,Ln(Count)) mode for LO counts. Thus we conclude that, for datasets
involving multiple learning interventions, IFM is a more robust choice for student and cognitive modeling.
However the performance of IFM is heavily dependent upon the specific prediction task being performed and
the way in which the specific LOs were counted. Experimenters facing a novel task should engage in some
measure of parameter-fitting to determine the best fit.
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Acquiring Item Difficulty Estimates: a Collaborative Effort of Data
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The evolution from static to dynamic electronic learning environments has stimulated the research on adaptive item sequencing. A prerequisite for
adaptive item sequencing, in which the difficulty of the item is constantly matched to the knowledge level of the learner is to have items with a
known difficulty level. The difficulty level can be estimated by means of the item response theory (IRT), as often done prior to computerized
adaptive testing. However, the requirement of this calibration method is not easily met in many practical learning situations, for instance, due to the
cost of prior calibration and due to continuous generation of new learning items. The aim of this paper is to search for alternative estimation
methods and to review the accuracy of these methods as compared to IRT-based calibration. Using real data, six estimation methods are compared
with IRT-based calibration: proportion correct, learner feedback, expert rating, paired comparison (learner), paired comparison (expert) and the Elo
rating system. Results indicate that proportion correct has the strongest relation with IRT-based difficulty estimates, followed by learner feedback,
the Elo rating system, expert rating and finally paired comparison.

Key Words and Phrases: IRT, proportion correct, learner feedback, expert rating, paired comparison, graded response model and Elo rating

1. INTRODUCTION

Most e-learning environments are static, in the sense that they provide for each learner the same information in the
same structure using the same interface. One of the recent tendencies is that they become dynamic or adaptive. An
adaptive learning environment creates a personalized learning opportunity by incorporating one or more adaptation
techniques to meet the learners’ needs and preferences (Brusilovsky 1999). One of those adaptation techniques is
adaptive curriculum/item sequencing, in which the sequencing of the learning material is adapted to learner-, item-,
and/or context characteristics (Wauters, Desmet & Van den Noortgate 2010). Hence, adaptive item sequencing can be
established by matching the difficulty of the item to the proficiency level of the learner. Recently, the interest in
adaptive item sequencing has grown, as it is found that excessively difficult items can frustrate learners, while
excessively easy items can cause learners to lack any sense of challenge (e.g. Pérez-Marin, Alfonseca & Rodriguez
2006, Leung & Li 2007). Learners prefer learning environments where the item selection procedure is adapted to their
proficiency, a feature which is already present to a certain extent in computerized adaptive tests (CATS; Wainer
2000).

A prerequisite for adaptive item sequencing is to have items with a known difficulty level. Therefore, an initial
development of an item bank with items of which the difficulty level is known is needed. This item bank should be
large enough to include at any time an item with a difficulty level within the optimal range that has not yet been
presented to the learner. In CAT, the item response theory (IRT; Van der Linden & Hambleton 1997) is often used to
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generate such a calibrated item bank. IRT is a psychometric approach that emphasizes the fact that the probability of a
discrete outcome, such as the correctness of a response to an item, is function of qualities of the item and qualities of
the person. Various IRT models exist, differing in degree of complexity, with the simplest IRT model stating that a
person’s response to an item depends on the person’s proficiency level and the item’s difficulty level. More complex
IRT models include additional parameters, such as an item discrimination parameter and a guessing parameter.
Obtaining a calibrated item bank with reliable item difficulty estimates by means of IRT requires administering the
items to a large sample of persons in a non-adaptive manner. The sample size recommended in the literature varies
between 50 and 1000 persons (e.g. Kim 2006, Linacre 1994, Tsutakawa & Johnson 1990). Because IRT has been a
prevalent CAT approach for decades, it seems logical to apply IRT for adaptive item sequencing in learning
environments that consist of simple items. However, the difference in data gathering procedure of learning and testing
environments has implications for IRT application in learning environments. In many learning environments, the
learners are free to select the item they want to make. This combined with the possibly vast amount of items provided
within the learning environment leads to the finding that many exercises are only made by few learners (Wauters et al.
2010). Even though IRT can deal with structural incomplete datasets (Eggen 1993), the structure and huge amount of
missing values found in the tracking and logging data of learning environments can easily lead to non-converging
estimations of the IRT model parameters. In addition to this, the maximum likelihood estimation procedure
implemented in IRT has the disadvantage of being computationally demanding.

Due to these impediments that go together with IRT based calibration, we are compelled to search for alternative
estimation methods to estimate the difficulty level of items. Some researchers have brought up alternative estimation
methods. However, the accuracy of some solutions were not compared to IRT based calibration and the various
methods were not compared in a single setting. The purpose of this study is to review the accuracy of some alternative
estimation methods as compared to IRT-based calibration in a single setting.

2. EXPERIMENT

2.1 Related Work

2.1.1 Iltem Response Theory. To estimate the item difficulty, the IRT model with a single item parameter
proposed by Rasch (Van der Linden & Hambleton 1997) is used. The Rasch model models the probability of
answering an item correctly as a logistic function of the difference between the person’s proficiency level (0) and the
item difficulty level (B), called the item characteristic function:

exp (6, — B)
1+exp (6, — B)
The IRT-based estimation of the difficulty level will be estimated on the basis of the learners’ data obtained in this

study. In addition to that, IRT-based calibration conducted on preliminary examinee data by Selor, the selection
agency of the Belgian government, serves as true difficulty parameter values.

2.1.2 Proportion Correct. A simple approach to estimate the difficulty level of items is to calculate the
proportion of correct answers by dividing the number of learners who have answered the item correctly by the number
of learners who have answered the item. To obtain the item difficulty parameter, the proportion correct scores has to
be converted as follows:

.
ﬁi = log n; : )
N;
where f; denotes the item difficulty level of item i, n; represents the number of learners who have answered item i
correctly, and A, represents the number of learners who have answered item i.

The advantage of this approach is that the item difficulty can be calculated online due to the easy formula which
does not require many computational resources. Furthermore, the item difficulty can be updated after each
administration. The lower the proportion of students who have answered the item correctly, the more difficult the item
is. Johns, Mahadevan and Woolf (2006) have compared the item difficulty level obtained by IRT estimation with the
percentage of students who have answered the item incorrectly, and found a high correlation (r=0.68).

2.1.3 Learner Feedback. Some researchers have applied learner’s feedback in order to provide adaptive
sequencing of courseware in e-learning environments (e.g. Chen, Lee & Chen 2005, Chen, Liu & Chang 2006, Chen
& Duh 2008). After a learner has studied a particular course material, he is asked to answer two simple questions:
“Do you understand the content of the recommended course material?” and “How do you think about the difficulty of
the course materials?”. After a learner has given feedback on a 5-point Likert scale, scores are aggregated with those
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of other learners who previously answered this question by taking the average of the scores. The new difficulty level
of the course material is based on a weighted linear combination of the course difficulty as defined by course experts
and the course difficulty determined from collaborative feedback of the learners. The difficulty parameters slowly
approach a steady value as the number of learners increases.

In this study the procedure of Chen et al. (2005) for adjusting the difficulties of the items is slightly altered. The
course difficulty as defined by course experts is not taken into account. Instead, the difficulty estimates are solely
based on the collaborative feedback of the learners. After an item is presented, the learner is asked a feedback
question “How difficult did you find the presented item?”. The learner answers on a 5-point Likert scale (Likert,
1932), ranging from -2 (“very easy”) over -1 (“easy”), 0 (“moderate”), 1 (“difficult”) to 2 (“very difficult”). The item
difficulty based on learner feedback is then given by the arithmetic mean of the scores.

2.1.4 Paired Comparison. Another method, already used in CAT, to estimate the difficulty level of new items is

paired comparison (Ozaki & Toyoda 2006, 2009). In order to prevent content leaking, experts are asked to assess the
difficulty of items through one-to-one comparison or one-to-many comparison. In this method, items for which the
difficulty parameter has to be estimated, are compared with multiple items, of which the item difficulty parameter is
known. The underlying thought that prompts this item difficulty estimation approach is Thurstone’s paired
comparison model. While Thurstone (1994) modelled the preference judgment for object i over object j, Ozaki and
Toyoda (2006, 2009) modelled the difficulty judgment of item i over item ;.
In this study a similar procedure of the one employed by Ozaki and Toyoda (2009) is adopted to estimate the
difficulty level by means of paired comparison. After an item is presented, the learner has to judge where the
presented item should be located in a series of 11 items ordered by difficulty level from easy to difficult. This means
that the raters have to make a one-to-many comparison with 11 items of which the item difficulty parameter is known.
The probability that item 7 is more difficult than item 1, according to N raters is expressed as:

Pi(B) = 1+ exp[=1(B; — b)]’

Where f; is the difficulty of item i judged by the raters, b, is the difficulty parameter of item 1 as estimated by the
preliminary IRT analysis, conducted by Selor.

In this study 11 items are presented simultaneously and the raters have to select one out of 12 categories: i<l,
1<i<2,..., 10<i<11, 11<i. Because the 11 items are ordered according to their difficulty level from easy to difficult,
the idea of the graded response model (Samejima, 1969) can be adopted to extract the boundary response function of
each category as:

Pici(B) =1—Pi(B)
Picico(Bi) = PL(B) — P2(B)

Pro<i<11(Bi) = Pro(Bi) — P11 (Bi)

Pii<i(B) = P (B))

The final estimation of f; is obtained by maximizing the log likelihood, while fixing bys, i.e. the difficulty parameters
ofiitem 1 to 11 as estimated by the preliminary IRT analysis.

2.1.5 Expert Rating. Another approach to obtain item parameter estimates is allowing subject domain experts to
estimate the value of the difficulty parameter (Yao 1991, Linacre 2000, Fernandez 2003, Lu, Li, Liu, Yang, Tan & He
2007). There is some evidence in the measurement literature that test specialists are capable of estimating item
difficulties with reasonable accuracy (e.g., Chalifour & Powers 1989), although other studies found contradictory
results (Hambleton, Bastari & Xing 1998). As indicated by Impara and Plake (1998), a distinction has to be made
between the ability of experts to rank order items accurately with reference to the difficulty level, and the ability of
experts to estimate the proportion of persons who will answer the items correctly. Experts seem to be capable
conducting the former task, but have difficulties conducting the latter where they have to be able to conceptualize the
reference group and predict how well such persons will perform on each item.

Hence, two methods for obtaining expert ratings were included in this study: a paired comparison method and an
evaluation on a proportion correct metric. The formula’s to obtain the item difficulty parameter estimates based on
these two methods are described in the subsections “Paired Comparison” and “Proportion Correct” respectively.

2.1.6 Elo Rating. The Elo Rating approach (Brinkhuis & Maris 2010) for estimating the item difficulty level is
an educational implementation of the Elo Rating system used for rating chess performances and sports (Elo 1978). In
sport, for example, two players compete with each other, resulting in a win, a loss or a draw. These data are known as
paired comparison data, for which the Elo rating system is developed. In the educational field, a person is seen as a
player and an item is seen as its opponent. The Elo Rating formula expresses the new rating after an event as a
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function of the pre-event rating, a weight given to the new observation and the difference between the actual score on
the new observation and the expected score on the new observation. Brinkhuis and Maris (2010) estimated the
expected score on the new observation by means of the Rasch model. The formula implies that when the difference
between the expected score and the observed score is high, the change in both the person’s knowledge level and the
item difficulty level will be high. Because the estimation of the difficulty level becomes more stable when more
persons have answered an item, the weight given to new observations decreases when the rating of items is based on
many observations. The same is true for the rating of the persons. When the rating of the person’s knowledge level is
based on a large amount of answered items, the weight given to new observations decreases.

In this study, the Elo Rating system implemented by Brinkhuis and Maris (2010) was used to estimate the item
difficulty level. This Elo Rating system enables continuous measurement, since the rating is updated after every
event. The formula for updating the item difficulty level, and on the same time the person’s knowledge level, is given
by:

Bn=Bo+ W —Y),
where S, is the new item difficulty rating after the item is answered by a person, S, is the pre-event rating, W is the
weight given to the new observation, Y is the actual observation (score 1 for incorrect, O for correct), and Y, is the
expected observation which is estimated on the basis of the Rasch model. Hence, the formula for updating the item
difficulty level after a correct response becomes:

exp (6o — Bo)
1+ exp (6p — Bo)V
where 6, is the estimated person’s knowledge level before that person has answered this specific item. In this study,
the weight has been set to 0.4. Preliminary analysis have shown that a weight of 0.4 results in good estimates as it is

not too large, resulting in too much fluctuation, and it is not too small, resulting in an nearly invariant difficulty
estimate.

Bn=PBo+W|0—

Next to the comparison of the different alternative estimation methods with IRT-based calibration, we are
interested whether the alternative estimation methods that are based on the binary response data of the learners, i.e. 1
for a correct response and 0 for an incorrect response, are sample dependent. If the correlation between these methods
and the true difficulty parameter values are lower than the correlation between these methods and the difficulty
parameter values obtained on the basis of IRT-calibration with the data gathered in this study, then these alternative
methods are somewhat sample dependent. Furthermore, on the basis of the study of Impara and Plake (1998) it is
hypothesized that the correlation between the true difficulty parameter values and the ones obtained by means of
expert rating will be lower than the correlation between the true difficulty parameter values and the ones obtained by
means of paired comparison conducted by the experts.

2.2 Method

2.2.1 Participants. Students from ten educational programs in the Flemish part of Belgium (1% and 2™ Bachelor
Linguistics and Literature — K.U.Leuven; 1%, 2" and 3th Bachelor Teacher-Training for primary education — Katho
Tielt; 1*" and 2™ Bachelor Teacher-Training for secondary education — Katho Reno; 1% and 2™ Bachelor of Applied
Linguistics — HUB and Lessius; and 1¥ Bachelor Educational Science — K.U.Leuven) were contacted to participate in
the experiment. Three hundred eighteen students decided to participate. Sixteen teachers French from the above
mentioned educational programs were contacted as experts. Thirteen experts decided to participate.

2.2.1 Material and Procedure. The study took approximately half an hour. The learning material consisted of
items on French verb conjugation, supposedly measuring one single skill. The instructions, consisting of information
on the login procedure for the learning environment and on the proceedings of the experimental study were sent to the
participants by email. Once logged into the learning environment, the procedure for students was different from the
procedure for experts.

Students were given an informed consent. Next, they completed the pretest used as an example. This pretest
consisted of one item with three subquestions. First, the student had to fill in the correct French verb conjugation.
Second, the student was asked: “How difficult did you find the previous item?”” and the student has to answer on a 5
point Likert scale, ranging from -2 (“Very easy”) to 2 (“Very difficult”). Finally, the student was asked to judge
where the presented item should be located in the given series of 11 items ordered by difficulty level from easy to
difficult. After the pretest sample, students completed the actual test, which consisted of 25 items each with three
subquestions.
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Experts completed the pretest used as an example. This pretest consisted of one item with three subquestions.
First, the expert had to fill in the correct French verb conjugation. Second, the expert was asked: “What is, according
to you, the percentage of students that will answer this item correctly after completing secondary education?”. Finally,
the expert was asked to judge where the presented item should be located in the presented series of 11 items ordered
by difficulty level from easy to difficult. After the pretest sample, experts completed the actual test, which consisted
of 25 items each with three subquestions.

2.3 Results

The inter-rater agreement for the classification of the item difficulty was calculated by means of the intraclass
correlation coefficient (ICC; Shrout & Fleiss 1979). Shrout and Fleiss (1979) report the magnitude for interpreting
ICC values where ICC<0.40 = ”poor”, 0.40<ICC<0.59 = “fair”, 0.60<ICC<0.74 = “good”, and ICC>0.74 =
“excellent”. The inter-rater agreement for the classification of the item difficulty by students was fair (ICC[3,1]=0.42
for learner feedback; ICC[3,1]=0.43 for paired comparison). The inter-rater agreement for the classification of the
item difficulty by experts was good (ICC[3,1]=0.68 for expert rating and for paired comparison). The inter-rater
agreement for the classification of the item difficulty for paired comparison by experts and learners combined was fair
(ICC[3,1]=0.44). The inter-rater agreement, when considering the mean of the paired comparison feedback given by
learners and the mean of the paired comparison feedback given by experts, was excellent (ICC[3,1]=0.88).

The criterion used to evaluate the efficacy of the item difficulty estimation methods was the Pearson correlation
between the estimated item parameter and its corresponding true parameter. The true difficulty parameter value for
each item was estimated in advance by Selor, using examinee data for conducting the IRT analysis. Additionally the
Pearson correlation was measured between the estimated item parameter and its corresponding IRT difficulty
parameter value based on calibration with the data gathered in this study. The Pearson correlation between the
estimated item difficulty parameter and the true item difficulty parameter is a measure for the strength of their linear
relationship.

Detailed correlation results for the item difficulty estimates are shown in table .

Table I. Pearson correlation matrix of the item difficulty estimates for the different estimation methods.

Item Difficulty Estimation Method
Item . .
Difficulty Paired Paired
s IRT- Proportio | Learner Expert | Comparis | Comparis Elo
Estimation True B R .
Study n Correct | Feedback | Rating on on Rating
Method
(Learner) | (Expert)
True p 1.00
IRT-Study .90 1.00
Proportion | 4 1.00 1.00
Correct
Learner 0.88 0.88 0.88 1.00
Feedback ’ ’ ’ ’
Expert 0.80 0.80 0.80 0.95 1.00
Rating
Paired
Comparison 0.62 0.50 0.50 0.58 0.55 1.00
(learner)
Paired
Comparison 0.56 0.44 0.44 0.53 0.51 0.98 1.00
(Expert)
Elo Rating 0.85 0.92 0.92 0.81 0.73 0.45 0.39 1.00
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The results of the Pearson correlation between the estimated item difficulty parameter and the true item difficulty
parameter indicates that proportion correct has the strongest relation (7(23)=0.90, p<0.01), followed by learner
feedback ((23)=0.88, p<0.01), Elo rating (#(23)=0.85, p<0.01), expert rating (»(23)=0.80, p<0.01), paired comparison
based on learners’ feedback (7(23)=0.62, p<0.01) and paired comparison based on expert data (7(23)=0.56, p<0.01).
The Pearson correlation between the estimated item difficulty parameter and the difficulty parameter estimated by
means of IRT with the data of the 318 students in this study shows similar results. The correlation with proportion
correct is the highest (#(23)=1.00, p<0.01), followed by Elo rating (7(23)=0.922, p<0.01), learner feedback
(r(23)=0.88, p<0.01), expert rating ((23)=0.80, p<0.01), paired comparison based on learners’ feedback (7(23)=0.50,
p<0.05) and finally paired comparison based on expert data (#(23)=0.44, p<0.05).

The difference between the correlation coefficient of proportion correct with the true difficulty parameter value
and the correlation coefficient of proportion correct with the difficulty parameter value estimated by means of IRT
with the data of this study is significant (1(22)=-19.18, p<0.05). The difference between the correlation of the Elo
rating system with the true difficulty parameter value and the correlation of the Elo rating system with the difficulty
parameter value estimated by means of IRT with the data of this study is also significant (t(22)=-2.09, p<0.05). The
correlation coefficient of proportion correct with the IRT calibration based on the study data differs significantly from
the correlation coefficient of the Elo rating system with the IRT calibration based on the study data (t(22)=20.7485,
p<0.05). The significance disappears when proportion correct and the Elo rating system are compared with the true
difficulty parameter value ((22)=1.46, p=0.16).

There is no significant difference between the correlation of the true item difficulty parameter values with the ones
obtained by means of expert rating, and the correlation of the true item difficulty parameter values with the ones
obtained by means of paired comparison based on expert ratings (t(22)=1.89, p=0.07). The difference between the
correlation coefficient of learner feedback with the true difficulty parameter value and the correlation coefficient of
expert rating with the true difficulty parameter value is significant (t(22)=2.71, p<0.05). However, the difference
between the correlation coefficient of paired comparison based on learner feedback with the true difficulty parameter
value and the correlation coefficient of paired comparison based on expert rating with the true difficulty parameter
value is not significant (t(22)=1.85, p=0.08).

3. DISCUSSION

As the tracking and logging data of many learning environments fail to contain the required amount and structure of
data needed for IRT estimation, this article searches for appropriate alternative methods to estimate the difficulty level
of items. Based on the response data and the judgment data of a sample of learners and experts, the difficulty level of
twenty five items was estimated by means of six estimation methods: (1) IRT calibration based on the study data, (2)
proportion correct, (3) learner feedback, (4) expert rating, (5) paired comparison (based on learners’ judgment and
based on experts’ judgment), and (6) the Elo rating system.

The findings indicate that proportion correct has the strongest relation with the true difficulty parameter values,
followed by learner feedback, the Elo rating system, expert rating and paired comparison. Furthermore, proportion
correct also has the strongest relation with the difficulty estimates obtained with IRT calibration on the study data,
followed by the Elo rating system, learner feedback, expert rating and paired comparison. Considering the alternative
estimation methods that are based on the binary response of the learners (correct vs. incorrect response to an item), it
is shown that IRT calibration, proportion correct and the Elo rating system do not differ. The high correlation found
between IRT calibration (both true difficulty parameter and IRT calibration on the study data) and proportion correct
is not surprising as the total score is a sufficient statistic for the Rasch model. Furthermore, it is clear that proportion
correct and the Elo rating system are sample dependent as they correlate higher with the IRT calibration on the study
data than with the true difficulty parameter values.

Results contradict the postulation of Impara and Plake (1998) that experts perform better in estimating the
difficulty by rank ordering the items than by estimating the proportion of persons who will answer the items correctly.
Furthermore, findings indicate that learners perform better on judging the difficulty of items than experts. However,
this difference disappears when learners and experts need to rank order the items according to their difficulty level. It
needs to be considered that the estimation by means of learner feedback is based on a larger sample than the
estimation by means of expert rating, which could explain the difference between learner feedback accuracy and
expert rating accuracy. The finding that the correlation of paired comparison with the true difficulty parameter is
moderate could be due to the small sample size, resulting in some outlier estimations. The paired comparison data are
analyzed by means of the graded response model, which is a more complex IRT model than the Rasch model, and
hence may need a larger sample size to obtain reliable item difficulty estimates.
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Even though this study indicates that the difficulty of items can be estimated on the basis of alternative estimation
methods, it should be considered that the size of the item set that was used to compare the alternative estimation
methods was rather small. We recognize that a total number of twenty five items is limited, but considering raters
fatigue, we were compelled to keep the item set rather small. Furthermore, we made sure that the twenty five items
covered a broad range of difficulty.

Future research will focus on the sample size requirement for reliable difficulty estimates. The different alternative
estimation methods will be compared for different sample sizes. If results would indicate that alternative estimation
methods provide reasonable accurate difficulty level estimates, these estimation methods could be used to provide
adaptive curriculum sequencing. Those alternative estimation methods could also be used to make IRT estimation
more efficient by using the estimates as prior in a Bayesian estimation method. A limitation of this study, which
should be tackled in future research, is the fact that even though some of the alternative item difficulty estimation
methods seem to be a viable alternative for IRT-based calibration in this study, no generalization can yet be made to
other domains and to items requiring more than one skill.
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