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ABSTRACT

student registration rates, with equally dramatic rates
of attrition.
MOOC discussion forums, where course
instructors and students ask questions, discuss ideas, provide
help to or even socialize with other students, face a similar
problem, in that the number of questions asked in a forum
increases rapidly, while around half of the posted questions
are never resolved. Discussion that is productive for learning
must be accessible and engaging to the students involved
[4]. With thousands of questions for thousands of students
to sift through, the challenge is in directing students to
accessible, interesting topics, while simultaneously possibly
helping unanswered questions get answered. Recommender
systems, which have proven to be powerful in addressing
similar problems [10], can be utilized to suggest to each
student a short list of questions that they might be interested
in. Students will be able to ﬁnd questions that match their
interests, and more otherwise unanswered questions will be
addressed by students capable of answering them.
Traditional product recommendation [12] focuses on the
extent to which a product will be desirable to users.
Additionally, there have been some explorations of question
recommendation in general discussion forums [22]. However,
in contrast to existing work, question recommendation
for MOOC discussion forums must address reciprocal
constraints representing the needs of both the students who
post questions and the needs of the students who might be
able to oﬀer some help or support in response.
In particular, the related constraints include(1) Load
Balancing, respecting that students have limited time for
participating in the discussion; (2) Expertise Matching, students have diﬀering levels of expertise, and some questions
will therefore be too diﬃcult, whereas some are so simple
that they do not make use of the students’ particular skills
and abilities. These facets of question recommendation
have not been fully addressed in existing work. Thus we
propose this Constrained Question Recommendation (CQR)
task to take into account load balancing and expertise
matching constraints. The focus of our work is on the
solution formalism, which can be tailored to alternative
operationalizations of skills, abilities, and diﬃculty levels.
To the best of our knowledge, this is the ﬁrst work describing
a question recommendation problem with constraints. Our
main contributions in this work are as follows:

Massive Open Online Courses (MOOCs) have experienced
a recent boom in interest. Problems students struggle
with in the discussion forums, such as diﬃcultly in ﬁnding
interesting discussion opportunities or attracting helpers
to address posted problems, provide new opportunities for
recommender systems. In contrast to traditional product
recommendation, question recommendation in discussion
forums should simultaneously consider constraints on both
students and questions. These considerations include (1)
Load Balancing - students should not be over-burdened with
too many requests; and (2) Expertise Matching - students
should not be requested to address problems they are not
capable of addressing. In this work, we formulate a novel
constrained question recommendation problem to address
the above considerations. We design a context-aware matrix
factorization model to predict students’ preferences over
questions, then build a max cost ﬂow model to manage
the constraints. Experimental results conducted on three
MOOC datasets demonstrate that our method signiﬁcantly
outperforms baseline methods in optimizing overall forum
welfare, and in predicting which speciﬁc questions students
might be interested in.

Categories and Subject Descriptors
H.3.3 [Information Systems]: Information Search and
Retrieval—Information Filtering

Keywords
Constrained Question Recommendation; Massive Open
Online Courses; Load Balance; Expertise Matching

1.

INTRODUCTION

Massive Open Online Courses (MOOCs) have drawn a
great deal of attention recently. MOOC platforms, such
as Coursera1 and EdX2 , have demonstrated extremely high
1
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• We propose a question recommendation task in the
MOOC discussion forums, and formulate a constrained
question recommendation problem, which considers
constraints on both students and questions.
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• We design a context-aware matrix factorization combined with rich contextual information to predict students’ interests over questions in the MOOC discussion
forum, then build a max cost ﬂow model to ﬁt the
constraints and optimize the overall welfare of the
forum community.

the aﬃnity between users and items. Rendle et al. [17]
proposes a context-aware factorization machine.
Such
matrix factorization models enable us to integrate rich
contextual information, such as implicit feedback [9, 23]
and user attribute information [1, 5] for predicting matches.
However, these approaches do not address our concerns with
respect to load balancing.

• Experiments conducted on three diﬀerent MOOC
datasets demonstrate the eﬀectiveness of our model
over several baselines.

3.

This paper is organized as follows. In Section 2, we
present related work. Section 3 focuses on the problem’s
motivation and deﬁnitions. Section 4.1 gives the contextaware relevance prediction model. Section 4.2 discusses
constraint satisfaction, where we adopt a max cost ﬂow
model to satisfy constraints. Experimental setup and
discussion of results are presented in Section 5. We conclude
our work and point out the implications in Section 6.

2.

OVERVIEW

In this section, we present our motivation for conducting
the constrained question recommendation task and deﬁne
related terms that will be used in later sections.

3.1

Motivation

Engagement in course-related discussions can have a
positive inﬂuence on learning [4]. In the MOOC context,
where the interaction or guidance of instructors is limited
and dropout is very high, it is critical to increase the
participation and engagement of students in the course [7].
Guiding students to topics that suit their interests among a
large set of questions is challenging. This problem is even
more pronounced for students who post questions seeking
help as well as the would-be helpers who are unable ﬁnd the
questions they’re most able to respond to [18]. Suggesting
appropriate questions to students is not simply determined
by matching their interests, but is also subject to constraints
on the students’ time and the questions’ diﬃculty.
Traditional question recommendation approaches mostly
focus on ﬁguring out the best matches of topic-interest between student question pairs, ignoring practical constraints
like load balancing and expertise matching. In fact, ignoring
constraints is likely to cause a long tail problem [14] - for
example, a large number of students may be directed to
just a few popular questions, and too many questions may
be recommended to a small set of high-expertise students.
However, there are limits on how many questions any one
student can answer, and such imbalanced recommendations
may leave other students idle. Further, popular questions
might not need such a large number of students to oﬀer help.
These imbalances will not only lead to a waste of valuable
human resources, but also leave many un-popular questions
deserted, and their askers at a loss for help.
In this work, we focus on how to recommend a list of
questions to students on the given set of constraints on both
students and questions (here expressed as load balancing and
expertise matching). Our constrained question recommendation framework guides appropriate students to questions
in a discussion forum such that (1) students will beneﬁt
from their interaction with questions that are interesting to
them, (2) questions are discussed by students with suﬃcient
expertise, and (3) students are not over-burdened with too
many requests. By taking such constraints into account, we
produce a set of recommendations that is mutually beneﬁcial
to both the community of question-askers and potential
question-answerers. To the best of our knowledge, this is
the ﬁrst work to address question recommendation with
constraints on both students and questions.

RELATED WORK

The ﬁeld of recommendation can be categorized into two
kinds of work. The ﬁrst is recommendation of products [10],
a one-way recommendation where the focus is how desirable
an item will be to users. This includes recommending books
[12], music [23], Tweets [5], and movies. For instance,
Koren et al. [9] proposes a combination of latent modeling
and similarity based matching between users and movies
to suggest movies that ﬁt users’ needs. The second is
social recommendation [21, 11] which requires the match
should be attractive in both directions, such as friend
recommendation in social media like Facebook and online
dating services [3]. For example, Pizzato et al. [15] propose
a reciprocal recommender system for online dating where
proﬁle messages are utilized to learn users’ interests and
consider also preferences of the recommendation recipients.
Traditional question recommender systems [16], such as
those that recommend questions to potential answerers in
Yahoo! Answers, are mostly focused on approximating the
aﬃnity between users and questions [22]. Hu et al. [6]
introduces a user modeling method that estimates the
interests and professional areas of each user in order to
generate a suitable user set to answer a given question.
Similarly, Kabutoya et al. [8] uses the question and answer
histories of each user, combining collaborative ﬁltering
schemas and content based ﬁltering schemas to recommend
questions. Most existing question recommenders can be
categorized into the product recommendation ﬁeld because
they do not address the issue of reciprocity, or the
potential for constraints associated with users and questions.
Especially for question recommendation in the context of
MOOC forums, recommendations should be based not only
on what would be attractive to the recipient [19], but also
on how their expertise and question-answering capacity can
be balanced against the load of available questions [20].
In this work, we seek to develop a recommender algorithm
to suggest questions to users, respecting both their level
of expertise and capacity for taking on work (e.g., load
balancing). There are many eﬀective recommendation
techniques, including content based ﬁltering [13] and collaborative ﬁltering, etc. Collaborative ﬁltering can be
categorized as model based [10] or neighborhood based
methods [9]. Matrix factorization models [10], are one
of the most successful model-based approaches to predict

3.2

Definitions

Existing recommender systems usually produce “relevance” scores to rank the pool of available questions
for a given user, and oﬀer the highest-ranked ones as
recommendations. Here, we make a similar choice (although
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Figure 1: The Framework of Constrained Question Recommendation
and questions is denoted as R with entry ru,q representing
the relevance between student u and question q. The
relevance score ru,q is 1 if and only if student u has joined
the discussion of question q. 0 entries are obtained by
negative sampling as described below where we specify
our experimental settings. This context-aware relevance
prediction model mainly exploits three aspects of contextual
information as follows, i.e. Student Features, Question
Features, and ﬁnally Implicit Feedback.
Student Features include statistical features related
to individual students, such as their posting and replying
activities in the discussion forum. Here, Question Count,
denoted as φu , represents how many unique questions the
student has participated in prior to the current week and
could indicate that student’s typical participation level,
which could then be used as a long term activity level
expectation. Previous Count θu , is calculated to indicate
how many posts the student has made in the last week,
and can be regarded as a short term or local activity level.
Cohort γ, representing the week in which this student
registered for the course, could be treated as a proxy for
the level of motivation (i.e. early course registration is
typically associated with above average commitment to the
course) [25]. This can be formally described as:

subject to constraints) and denote the “relevance” score
For a
of question q to student u as ru,q ∈ [0, 1].
speciﬁc student u, the larger ru,q , the more relevant the
question is. In what follows, we introduce our Constrained
Question Recommendation (CQR) problem. To model load
balancing and expertise matching, we ﬁrst deﬁne several
values associated with students and questions, including
student capacity, student capability, and question hardness.
Definition 1. Capacity of student u is a load balance
range [Lu , Ru ], i.e. the number of questions that would be
comfortable for a student u should be no less than Lu and
no more than Ru .
Definition 2. Capability Bu is the capability/expertise
of student u to solve problems.
Definition 3. Hardness Hq stands for how diﬃcult the
question q is, or how much expertise it requires.
The Load Balancing constraint requires that the number
of questions recommended to students be in the range of
the students’ Capacity, and that the number of students
we guide to a given question should not be too few or too
many; while Expertise Matching means that among students
we guide to a speciﬁc question, there should be at least
one student whose Capability is equal to or larger than
the Hardness of that question. Those constraints enable
us to give the formal deﬁnition of CQR. CQR is a general
question recommendation framework that recommends a
list of questions to students, subject to load balancing and
expertise matching. It is worth mentioning that existing
question recommender systems are a special case of CQR
that ignores all constraints.

4.

r̂u,q = bias + (Pu + φu Φ + θu Θ + Γγ )T Qq
Here, r̂u,q is the predicted score of u on q; bias represents
various biases related to student and question, and Pu and
Qq are latent vectors associated with u and q. Φ, Θ are each
one-dimensional feature vectors and Γ(·) is a feature vector
with dimension of diﬀerent cohort numbers.
Question Features are those statistical features related
to questions [24]. Reply Number δq is utilized to evaluate
how many replies and comments a question q has garnered
until now. Similarly, Question Length lq is designed to
estimate how much eﬀort and expertise is required to answer
the current question, which is computed as the total number
of words appearing in that question, including all its replies
and comments. We formulate this as:

FRAMEWORK

Figure 1 presents the overview of our constrained question
recommendation framework. To address this constrained
question recommendation problem, in the ﬁrst step, we
design a context-aware matrix factorization model to predict
students’ preferences over questions (relevance prediction);
in what follows, we build a max cost ﬂow network using
the predicted relevance scores to meet the constraints
(constraint ﬁltering) and show how to solve this model to
provide the ﬁnal recommendation list.

4.1

r̂u,q = bias + PuT (Qq + δq Δ + lq L)
where, Δ and L are two one-dimensional features associated
with Reply Number and Question Length respectively.
Implicit Feedback [10] represents whether students
express their implicit preferences over questions through
their participation in other discussions(or not). Denote U (q)
as the set of students participating in question q and ϕ(v) as
the predicted preference v of u, then we have:

1
ϕv )
r̂u,q = bias + PuT (Qq + 
|U (q)| v∈U (q)

Context-Aware Relevance Prediction

In this section, we brieﬂy present our context-aware
relevance prediction model, which can be ﬁt into a class
of popular matrix factorization models [17]. The predicted
relevance scores are the basis of the subsequent constraint
ﬁltering phase. The relevance matrix between students
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Figure 2: The Max Cost Flow Network Model
• Load
Balancing: For each student u, Lu ≤

q fu,q ≤ Ru must be satisﬁed - we can only
recommend a proper amount
 of questions to a student;
Additionally, the load
q fu,q of student u should
be
 minimized. Each question q should satisfy 0 ≤
u fu,q ≤ Mq . Here, Mq means that each question
has a limit on the number of students who can be
invited to participate. If there is no constraint, Mq
can be +∞.

Taking those three feature sets into account, we formulate
our context-aware relevance prediction model as below:
r̂u,q =bias + (Pu + φu Φ + θu Θ + Γγ )T

1
ϕv )
(Qq + δq Δ + lq L + 
|U (q)| v∈U (q)

(1)

The relevance score should be in the range [0, 1] and the
observed matrix is binary, thus it is common to use a sigmoid
function to ensure the ﬁnal prediction in the range and
logistic loss as the loss function:
f (r̂u,q ) =

er̂u,q
+1

er̂u,q

• Expertise Matching: For each question q, the
constraint ∃u, Bu · fu,q ≥ Hq must be satisﬁed at least one student u that we guide to question q
should have an expertise
 noless than that which q
requires3 . Besides, term u q I(Bu ·fu,q > Hq )(Bu −
Hq ) should be minimized, which enables us to avoid
wasting human resources by assigning overly-qualiﬁed
students to answer questions. The intuition is that we
should guide students to proper questions, and avoid
assigning tasks that are not challenging.

(2)

l(r̂u,q , ru,q ) = ru,q ln(1+e−r̂u,q )+(1−ru,q ) ln(1+er̂u,q ) (3)
To decrease the risk of overﬁtting, the l2 -norm is chosen
as the regularization term and λ is the learning rate. The
parameters of this model can be learned by the feature based
matrix factorization framework [17], which is a class of stateof-the-art methods that can utilize contextual information
and implicit feedback [9].

1
l(r̂u,q , ru,q ) + λ(P 2 + Q2 + bias2 )
(4)
L=
2
u,q

4.2

Taking those constraints into consideration, we then can give
a mathematical formulation of our CQR problem. Here, U
and Q are student and question sets respectively. I(·) is
an indicator function. ru,q is generated by context-aware
matrix factorization model. α, β are parameters used to
balance the importance of diﬀerent components.

Max Cost Flow Constraint Filtering

In this section, we ﬁrstly formalize the CQR task as an
integer linear programming problem, which is equivalent to
a max cost ﬂow model and then we describe how we solve
this max cost ﬂow model.

4.2.1

max



fu,q · ru,q − β ·

u,q


(
fu,q )2
u

q

 
−α·
( (I(Bu · fu,q > Hq )(Bu − Hq )))
q

Integer Linear Programming Form of CQR

u

subject to ∀u ∈ U, q ∈ Q, fu,q ∈ {0, 1}


Lu ≤
fu,q ≤ Mq
fu,q ≤ Ru , 0 ≤

Before giving a detailed description of the max cost ﬂow
model, we start with an introduction to our notation. Here,
we denote fu,q ∈ {0, 1} as an indicator of whether the
question q is recommended to the student u. Recall the
deﬁnitions in Section 3.2, ru,q ∈ [0, 1] is the relevance score
between the question q and the student u. We formulate the
constraints by using fu,q in Section 3.2, and we obtain the
rephrased representation as below:

q

u

∀q ∈ Q, ∃v ∈ U, Bv · fv,q ≥ Hq
(5)
3
Here, we want to help each question get response/feedback
and do not allow some questions to be left with no reply.
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4.2.2

Dataset
Accountable
Fantasy
Python

Max Cost Flow Model and Algorithm

To maximize the objective function in Equation 5, we
construct a concave cost network illustrated in the graphical
representation in Figure 2. Conducting max cost ﬂow on
this network gives an optimal solution for the integer linear
programming problem in Equation 5.

5.1

(a→b)∈E(G)



F lowa→b =

b



F lowb→a

b

La→b ≤ F lowa→b ≤ Ra→b
(6)
Here, the F lowa→b is the ﬂow from node a to b, Costa→b
is the concave cost function on the edge. In our network,
there are only (negative) square functions, linear functions,
and constant functions. Then, if we set fu,q by the ﬂows in
the network as below:

f lowu→q≥ , if Bu ≥ Hq
fu,q =
f lowu→q< , if Bu < Hq

5.2

Dataset

Relevance Prediction Discussion

In this part, we ﬁrstly explain our experimental settings
and evaluation metrics. Then we describe and discuss the
comparison performance of our model with baselines.

Then, the objective in MCCF is equal to Equation 5. After
that, we consider the remaining constraints one by one.

5.2.1

Settings and Metrics

To evaluate the performance of relevance prediction, we
randomly divide the observed records into train and test
sets, with 70% and 30% of records respectively. The
ground truth only contains student participation history,
namely whether the students participated in a question
discussion(ru,q = 1), denoted as positive samples. To
simulate a realistic scenario, we randomly generate negative
examples (ru,q = 0 entries) for each positive instance by
selecting threads the user did not participate in. Speciﬁcally,
for each ru,q = 1, we sample 5 diﬀerent questions p such
that ru,p is not observed, and set ru,p = 0. In the context
of question recommendation, the relevance score is binary
and we use Mean Average Precision (MAP) [5] (with 95%
conﬁdence interval) as the evaluation metric. MAP@K
focuses on the ﬁrst top K questions in the recommended
list and we use MAP@1, MAP@3, and MAP@5 for the
comparison.

• The Load Balance of students is bounded by the
capacity constraints [Lu , Ru ] between the source node
S and the student nodes u with penalty cost −β·f 2 ; the
question constraints are limited by the ﬂow constraints
Mq between question nodes q and the sink node T .
• The lower bound of the ﬂow constraints between
nodes q ≥ and question nodes q guarantees Expertise
Matching constraint, i.e. there is at least one high
expertise student guided to question q.
In summary, all constraints in CQR problem are satisﬁed in
the network ﬂow model and these constraints are the only
limits in the network. Thus the MCCF problem deﬁned here
is equivalent to the CQR problem. Then we can formally
build the network as shown in Figure 2, solve the MCCF
problem by computing the maximum cost ﬂow of network
[2], and get the ﬁnal recommendation plan by examining
ﬂows between u and the corresponding q ≥ or q < .

5.

Candidate Pairs
582,945
460,448
11,172,604

Our experiments are conducted on the discussion forums
from three diﬀerent types of courses from the Coursera
MOOC platform 4 , (1) ‘Accountable Talk: Conversation
that works’, hereafter shortened to ‘Accountable’, is a
professional development course for teachers; (2) ‘Fantasy
and Science Fiction: the human mind, our modern world’,
shortened to ‘Fantasy’, is a course about literature writing
and discussion; (3) ‘Learn to Program: The Fundamentals’,
shortened to ‘Python’, teaches Python programming skills.
Summary statistics are presented in Table 1. For our
purposes, a question is deﬁned as a thread starter post
asking a question or requesting help. In our datasets,
most posts (around 82%) are about proposing and resolving
problems - since the Coursera discussion forums mainly
focus on Lectures, Exercises, Assignments and Exams.
Thus, these datasets are quite appropriate for evaluating
our CQR problem.

Proof. First, the maximum concave cost ﬂow (MCCF)
problem can be formulated as the following optimization
problem:

Costa→b (F lowa→b )
max

∀a(= S, T ) ∈ V (G),

Question
511
603
3,079

Table 1: Statistics on Datasets

Theorem 1. The cost network constructed in Figure 2
is equivalent to the problem deﬁned in Equation 5.

subject to

Student
1,148
770
3,633

5.2.2

Recommendation Performance

We proposed two baselines to compare the performance
with the context-aware matrix factorization CAMF, in
order to validate that we can provide accurate relevance
score for constraint ﬁltering modeling. Baseline Popularity
is a simple method in which only the popularity of questions
is considered. Baseline BasicMF is the plain matrix
factorization model without incorporation of contextual
features. The comparison results are summarized in Figure 3
From this ﬁgure, we can observe that, 1) BasicMF works

EXPERIMENT

In this section, we present a set of experiments, and a
discussion of their results. We start with an introduction to
the three MOOC datasets, followed by experiments in our
framework and a comparison of their performance against
several baselines. We also explore some practical tradeoﬀs
by investigating how the number of relevant edges used in
the optimization of the objective function aﬀects the overall
recommendation performance.

4
Permission to conduct research on Coursera datasets was
provided by Coursera.
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Figure 3: MAP Performance Comparison on Three MOOC Forums
Method
Question-Student
Student-Question
Greedy
MCCF

better than Popularity, because it identiﬁes the latent match
between student preferences and question properties; 2)
CAMF archives the best performance among three models
due to consideration of MOOC speciﬁc contextual features;
3) The performance of MAP@1 achieves 0.513 on the
Accountable Course, 0.455 on the Fantasy Course, and 0.516
on the Python Course, which guarantees quite accurate
input for constraint ﬁltering.

5.3

QC
1.329
2.141
4.441
3.871

OB
1342
1715
2534
2897

Table 2: Community Benefit on Accountable Course
Method
Question-Student
Student-Question
Greedy
MCCF

Constraint Filtering Discussion

We begin the introduction to this part with metrics
and baselines of constraint ﬁltering. In what follows, we
present the performances of our CQR framework applied to
predicted scores from the earlier relevance prediction part;
Further exploration on how ﬁltering relevant edges aﬀects
the overall community beneﬁt is also discussed.

5.3.1

SC
2.986
4.810
9.977
8.697

SC
2.419
3.668
7.745
6.715

TC
1.683
2.873
6.065
5.258

OB
1120
1376
2324
2652

Table 3: Community Benefit on Fantasy Course
• Question-Student: Similar to Student-Question,
instead we ﬁrst select the top Mq relevant students
for each question. Then among those selected pairs,
choose the top Ru questions for each student u.

Metrics and Baselines

There is no widely used standard metric to evaluate
our CQR problem. For possible comparison, we design
three evaluation metrics. Two types of coverage: Student
Coverage (SC) and Question Coverage (QC) i.e. how many
questions/students are recommended to a student/question
on average, respectively. These are used to reﬂect the load
balance statistics of students and questions.
1 
1 
fu,q , SC =
fu,q
QC =
|Q| u q
|U | q u

• Greedy: Based on the decreasing order of relevance
score, ﬁrst traverse this order and add one high
expertise student to each question; in a second pass,
guarantee the lower bound of each student in terms
of question assignment; in the third pass, for each
student consider the tentatively assigned pairs ordered
by decreasing relevance, and retain the pairs that meet
the constraints.

Overall Community Beneﬁt (OB) stands for the objective
function value deﬁned in Equation 5, representing the sum
of relevance scores we achieve excluding the loss caused by
violation of recommendation constraints. Higher OB means
better performance and is our most important evaluation
metric. Nevertheless, it is important to consider the three
metrics together in order to evaluate model performance, i.e.
the community spends SC eﬀort and generates QC activity
on thread in order to achieve OB welfare. The student
question pairs we use here are all unobserved pairs with
relevance scores predicted by CAMF in the ﬁrst phase. To
compare the eﬀectiveness of our CQR framework (with max
concave cost ﬂow method denoted as MCCF), we propose
three baselines as below:

5.3.2

Constraint Approximation

The approach we propose in this paper does not make
speciﬁc assumptions about the constraints on speciﬁc students’ capabilities or capacity, or speciﬁc question diﬃculty.
Rather, we present a parameterized approach that can
be used with any desired method for estimating these
speciﬁc constraints. The metadata about student and
question constraints are not explicitly expressed in the forum
data we have access to. For the experiments presented,
we approximated the implicit capability and capacity of
students and the hardness of questions based on available
forum data, just as an example of one way these might be
forumulated. In particular, the hardness Hq of a question
q is deﬁned here as the length of that question in terms
of number of words. The underlying assumption is that
longer questions are more complex, and thus require higher
expertise in order to oﬀer eﬀective help. However, we
acknowledge the limitations of such an operationalization
and do not make any formal claims about its adequecy. The

• Student-Question5 : First, select top Ru relevant
questions for each student u. Then among those
selected student-question pairs, choose the top Mq
students for each question.
5
For the ﬁrst two baselines, we ignore the Expertise
Matching constraint and the lower bound of Load Balance
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Figure 4: Overall Benefit and Running Time Changes over Edge Ratio
Method
Question-Student
Student-Question
Greedy
MCCF

SC
1.657
2.201
6.950
6.134

QC
1.405
1.865
5.890
5.189

OB
5017
6089
13712
17185

results in considerable waste of resources in its assignment.
MCCF achieves an OB value of 2652 on the Fantasy course,
327 higher than the OB of Greedy; the SC and QC of
MCCF are lower than Greedy, which indicates that our
MCCF achieves a signiﬁcantly higher overall beneﬁt to the
community with less work on average per participant, and
less extraneous activity on threads. This conclusion is
consistent across three datasets.

Table 4: Community Benefit on Python Course
upper bound Ru of capacity of u is deﬁned as how many
questions this student has participated so far in the forum;
we set the lower bound Lu as 1, since every student needs
at least one question to be actively involved. To capture
the capability Bu of student u, we formulate it as Bu =
max{Hq |q ∈ T (u)}, i.e. the expertise Bu of student u is
the maximum hardness of all questions he/she participated
in at earlier time points. Here, T (u) is the question set
that student u has participated in. Various approximation
strategies can be adopted in our framework to function
within realistic scenarios. We leave this operationalization
and validation work to subsequent research.
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Figure 5: Why top ∼ 20% edges are enough for OB

5.3.3

Edge Ratio Exploration

As shown above, the max cost ﬂow model achieves better
performance in optimizing OB under the constraints of
students and questions. To explore how many edges we
should reserve in the constraint ﬁltering phase, we vary the
percentage of top relevant edges in the network per each
student and measure the OB obtained. That is, we use
the top x% most relevant questions for each student to run
CQR model. The machine we used is and Intel(R) Core i74700MQ with CPU @2.40GHz. Each subﬁgure in Figure 4
illustrates two curves; the upper curve represents how OB
changes as the edge ratio varies. The lower curve shows
how the running time of the corresponding model changes
as the edge ratio varies. Based on this we conclude that the
top 20% of relevant edges are suﬃcient to gain a relatively
satisfying OB. For example in Figure 4(a), the OB is 2897
if we use the top 100% edges; but if we only keep the top
20% edges, we achieve an OB of 2894. The two OB metrics
has no big diﬀerence but the later model only needs 57
seconds, which is only 5% of original running time. The
reason why OB is quite low when we use top 10% edges is
because there is no feasible solution to the CQR problem
under this number of edges.
We also conduct statistics to analyze why around 20%
edges are enough to get a satisfying OB. Figure 5(a) presents
minimum relevance scores of diﬀerent top x, and Figure
5(b) gives the statistics of the percentage of edges falling
in diﬀerent relevance score bins. The minimum relevance
scores after top 20% edges are almost zero, and relevance
scores in the range [0, 0.005] accounts for around 80% of all
records. Edges with lower relevance scores contribute less
to OB. Based on Figure 4, we conclude that using around
top 20% edges for our model can achieve high OB and need
fair time cost. Thus, this top edge ratio and the minimum
relevance score exploration can help speed up our model.

Overall Community Benefit Comparison

In this section, we compare our max cost ﬂow model
with three baselines. Results on three datasets are listed
in the Table 2, Table 4, Table 3. Empirically, we set α
as 0.005 and β as 0.001. From the three tables, we can
observe that the Student-Question and Question-Student
baselines have consistently lower SC, QC and OB compared
to the two others. This is because in the ﬁrst step in
both baselines, traditional top-k selection is applied such
that many students are directed to a small set of popular
questions and a lot of popular questions attract almost all
attention of students. Therefore, the coverage is low, which
leads to the low overall beneﬁt. That is why we consider
constraints here: traditional top-k question recommendation

6.

CONCLUSION

In this paper, we have formulated the constrained question recommendation (CQR) problem that simultaneously
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considers potential load balancing and expertise matching
constraints. Our framework employs a novel combination of
(1) a context-aware matrix factorization model to predict
students’ preferences over questions; (2) and a max cost
ﬂow model to optimize community beneﬁt under multiple
constraints. Experimental results show that our method
is signiﬁcantly better than proposed baselines.
It is
worthwhile to mention that we could adopt any state-of-theart strategies to predict the relevance scores and conduct
constraint approximation using them.
However, since
metadata about constraints including student capability,
student capacity and question diﬃculty are not explicitly
expressed, how to accurately approximate such constraints
remains a challenge for future work. In the future, we plan to
conduct online deployment studies in MOOC platforms by
using our constrained question recommendation framework
to test its eﬀect in practice. In addition, we will also consider
how to generalize this recomemndation with constraints
problem to other contexts and address scalability issues with
the constraint satisfaction.
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