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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) effect 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 effect, 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 effort 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 effort 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 Heffernan 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 affective processes that are different 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.
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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 effect 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 effect 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 effect 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 Heffernan [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 wuser, 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
effect (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.



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 C R be a range of possible performance
scores. Let D™ C (S x I x P)* be a sequence of observed student performances and D' C (S x I x P)*
be a sequence of unobserved student performances. Furthermore, let

T SXIXP—P, (si,p)—p
and
Tsi: SXIXP—SxI, (s4,p) (s1)

be the projections to the performance measure and to the student/task pair. Then the problem of student
performance prediction is, given D'"*™ and 7, ;(D***'), to find
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is minimal with p := m,(D"*"). 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,7 and p would be user, item and rating, respectively,
and ) casted as forecasting problem (illustrated in Figure 1b-top) to deal with the potentially sequential
effects (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



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 I x T, where the first mode describes U students, the second
mode describes T 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]:

K

Z%Zx\kwkohkoqk (1)
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where o is the outer product; A\, € RT; and each vector wy, € RY, hy € R!, and ¢, € R 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 effect is an important factor to predict
the student performance. We adopt the ideas in the previous works [Dunlavy et al. 2011]2, [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 ¢ is predicted by:

K
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where T is the current time in the sequence; ¢, and p; 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 difficult/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:

K
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where y is the global average (average performance of all students and tasks in D"ei"):
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2This work used tensor factorization for link prediction



b, is student bias (average performance of student u deviated from the global average):
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and b; is task bias (average performance on task ¢ deviated from the global average):
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(7)

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 @7+ in equation (3) now becomes:

P Yoo g kb
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where h}, 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
20103. 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 I. Original data sets

Data set #Attributes | #Instances
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://psledatashop.web.cmu.edu/KDDCup/



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
per formance is summarized in Table II.

Table II. 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.

Zuiethest (puz - ﬁuz)2
RMSE = \/ Dt (9)

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 matriz 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 — user;
Problem hierarchy (unit, section), problem name, step name, problem view +— item;
performance — 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 IV). 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]



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 affects to the performance of the
learners, we plot the student performance on the y — axis and the problem ID (in sequence) on the z — 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.
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Fig. 2. Sequential effect on the student performance: y — axis is the average of correct performances and = — 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 effect 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 @7+ in equation (3) now becomes:

tT:*:F*l_L qix((pt —0.5) - 2)

Dpsp = 7 (10)
and the @ in equation (8) now becomes:
T -1
—re_ I —-0.5)-2
By = =T L tkCIth((pt )-2) (11)

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 effect 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 effect 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 IIT 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 Heffernan 2010], is leaved for future
work.

Table ITII. RMSE of Knowledge Tracing vs. Tensor
Factorization Forecasting models

Data set | Knowledge Tracing (BF) | TEMAF 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 IV. 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 IV. 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 £=0.005, #iter=120, K=16, A=0.015 16.83 0.15
TFMAF Algebra | $=0.015, #iter=30, K=16, A=0.015, L=8 108.84 9.17
TFF Algebra | $=0.001, #iter=60, K=16, A=0.015, L=10 908.71 15.11
Matrix Factorization | Bridge £=0.01, #iter=80, K=64, \=0.015 40.15 0.34
TFMAF Bridge $=0.005, #iter=20, K=64, A=0.015, L=10 629.07 51.06
TFF Bridge B3=0.0015, #iter=60, K=16, A=0.005, L=5 466.01 6.61




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 effort for both teachers
and students.

From educational point of view, the learner’s knowledge improves and cumulates over time, thus, sequential
effect 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 effect.

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 effort 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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