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Dear editor,
Studying courses is one of the most basic and
important tasks for college students. For each
new course, the initial period of learning is crucial
for students, and seriously influences subsequent
learning activities. However, given a large number
of classes in universities, it has become impossible
for teachers to keep track of the individual perfor-
mance of each student. In these circumstances, it
is desirable to predict each student’s performance
on a certain course prior to its commencement.

However, previous studies are not well suited to
this purpose for the following two reasons: (1) they
have mainly concentrated on e-learning platforms,
e.g., massive open online courses (MOOCs) [1],
and relied heavily on data from online learning ac-
tivities that are rarely collected from traditional
classroom teaching environment; (2) they have
only carried out student performance prediction
when a course is in progress [2]. In this study,
we focus on the environment of traditional face-
to-face classroom-teaching, and hope to predict
students’ performance prior to the start of each
course. Hence, we refer to our task as “pre-course
student performance prediction”.

It is widely accepted that a student’s perfor-
mance on previous courses has a considerable in-
fluence on learning new courses. For example, if

a student has achieved an excellent performance
on the course “operating system”, it is highly
likely that he will perform well on the course “dis-
tributed operating system” as well. From this
point, we seek to leverage students’ performance
in past semesters for our purpose. However, it is
highly challenging to realize this idea when using
traditional supervised learning methods. The rea-
son lies in two aspects.

• Traditional supervised learning methods use
a single vector to describe a sample, resulting in
that all samples need sharing a common feature
space. In most cases, owing to the existence of
optional courses, different students have finished
different courses. In other words, student samples
are distributed over inconsistent feature spaces.

• There are multiple courses offered in a new
semester, and they are generally correlated with
each other. However, traditional supervised learn-
ing methods predict students’ performance on each
target course separately, and thus the course cor-
relations cannot be fully utilized.

To address the above issues, we cast the task
of pre-course student performance prediction as
a multi-instance multi-label (MIML) problem [3].
As shown in Figure 1, each student is treated as
a “bag” consisting of multiple instances, and each
instance represents the information about a pre-
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Figure 1 (Color online) Multi-instance multi-label representation for pre-course student performance prediction. Each
instance represents information about one of the student’s previous courses, e.g., Periods: 64 (hours), Theory-teaching
period (Theory-P): 32 (hours), Experiment period (Exp-P): 32 (hours), Credit: 4, Course nature: 1 (1 compulsory or 0
optional), Examination form: 1 (1 close-book or 0 open-book), Score: 80.

vious course of the student. Since different bags
can have different amount of instances, the incon-
sistent information across students is fully lever-
aged. Besides, we regard different target courses
in a new semester as different labels, and predict
them for each student simultaneously. In this way,
the course correlations are implicitly utilized.

As far as we know, there are only few research
endeavors on pre-course student performance pre-
diction. The most related studies to ours are [4,5].
In [4], multi-instance single-label learning methods
were used to predict whether a student could pass
the course or not. However, this work focused only
on e-learning platform. In [5], the authors solved
the problem with a matrix completion method,
which is clearly different from our method.

Formulation. In this study, we identify the
pth semester as the target semester for which the
courses will be predicted, and t as the total num-
ber of semesters. The task of pre-course student
performance prediction is carried out based on stu-
dents’ performance on previous courses. Thus, the
input space X is defined as

X =
{

cij|cij ∈ R
d, 1 6 i < p, 1 6 j 6 ki

}

,

where ki is the number of courses offered in the ith
semester, and cij is the vector describing the jth
course in the ith semester. Actually, X represents
the set of courses offered before the pth semester
for all students. Because there is no course be-
fore the 1st semester, during predicting, we only
start from the 2nd semester, i.e., 2 6 p 6 t. Ac-
cordingly, the label space Y represents the courses
offered in the pth semester, and is defined as

Y = {ypj | 1 6 j 6 kp} ,

where ypj is the identifier of the jth course in the
pth semester.

We are given a dataset S={(Xi, Yi) | 16 i 6 m},
where Xi ⊆ X is the set of finished courses of the

ith student and Yi ⊆ Y is the set of her/his diffi-
cult courses. The task of pre-course student per-
formance prediction is thus formulated as learning
a mapping f : 2X → 2Y .

The proposed method and results. We solve the
problem using one of the most popular MIML
algorithms, namely MIML-kNN [6], which solves
MIML problem by using the popular k-nearest
neighbor techniques. For an unseen sample P ⊆
X , MIML-kNN not only exploits the information
of its neighboring examples in the training set, but
also exploits the information of its citers which re-
gard P as their own neighbors. To define neigh-
bors, the distance metric is crucial for the MIML-
kNN algorithm, and it strongly influences the clas-
sifier performance. In our study, we utilize the av-
erage Hausdorff metric based on cosine similarity:

D(U, V )=

∑
u∈U

min
v∈V

(d(u, v))+
∑

v∈V
min
u∈U

(d(v,u))

|U |+|V |
,

(1)

where U and V are two bags consisting of multi-
ple instances, |·| denotes the set cardinality, and
d(u, v) represents the cosine distance between two
instances u and v. Based on the training set S, the
method firstly learns the weight matrixW by mini-
mizing the following sum-of-squares error function:

E =
1

2

m
∑

i=1

∑

l∈Y

(

WT
l · δXi

− Yi(l)

)2

, (2)

where Wl is the item corresponding to the lth class
in W , and T represents the transpose operation;
δXi

is |Y|-dimension vector about the sample Xi,
which can be calculated using the label informa-
tion of Xi’s neighbors in S. Specifically, δXi

(l)
(l ∈ Y) measures the number of Xi’s neighbors
which have label l; Yi(l) is the ground truth of Xi

corresponding to the lth class. When the W is de-
termined, the label of the test sample P on the lth
class can be obtained using a linear classifier, as
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shown in (3):

f(P, l) = WT
l · δP , l ∈ Y, (3)

where δP is the |Y|-dimension vector about the
sample P .

To the best of our knowledge, this is the first at-
tempt to use MIML methods to predict students’
performance on new courses. Our experiments are
conducted on self-collected datasets from a pri-
vate higher education institution, since there are
no publicly available datasets. After data prepro-
cessing and integration, three MIML datasets are
generated. As traditional supervised learning uti-
lize only one single vector to represent a sample, we
also generate three groups of single-instance single-
label datasets from the score information of those
courses shared by all students. The datasets with
detailed description can be found in the supple-
mentary materials.

We assume that the students whose score ranks
(in ascending order) in the lower 15th percentile of
all students will have difficulties (i.e., positive sam-
ples) in learning the course. However, this leads
to the class-imbalancing problem of datasets [7].
Therefore, we firstly balance the datasets using
the “over sampling” technology (i.e., replicating
minority samples). We not only compare our
method with traditional supervised learning meth-
ods, such as naive Bayesian (NB), artificial neural
network (ANN), logistic regression (LR), support
vector machines (SVM), decision trees (DT), and
k-nearest neighbors (KNN), but also with a multi-
instance single-label method, namely Citation-
KNN [8]. We measure each algorithm by using
their average performance on all predicted courses
in terms of average accuracy, macro-R, macro-P,
and macro-Fβ [9]. The values and the correspond-
ing standard deviations are reported in Appendix.
Experiments demonstrate that our method is su-
perior to traditional supervised approaches for de-
tecting the students with difficulties. Moreover,
our method achieves significantly better perfor-
mance than Citation-KNN. This further demon-
strates that college courses are generally corre-
lated, and thus it is better to predict them simul-
taneously.

Conclusion and future work. In this study, we
carry out research on an academic warning sys-
tem for students from a new perspective, by fo-
cusing on detecting students who will have diffi-
culties in the initial learning period of a course.
Students’ performance can be predicted prior to
the start of a course. With the aim of making full
use of the available data in the input space and
taking correlations among target courses into ac-
count, we cast the task as a multi-instance multi-

label problem. Regarding no publicly available
datasets, we collect and organize three groups of
MIML datasets, and thus can provide data sup-
port for future studies. Despite the encouraging
results achieved, there are still some limitations
for our work. First, there are many other factors
that maybe affect students’ performance, such as
psychological status, family, and health. Second,
the datasets are relatively small. Thus, it is highly
appealing to take more factors into account and
collect more data as future work.
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