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Abstract—Over the past decade low graduation and re-
tention rates has plagued higher education institutions. To
assist students in choosing a sequence of courses, choosing
majors and successful academic pathways; many institutions
provide several on-site academic advising services supported by
data driven educational technologies. Accurate performance
prediction can serve as the backbone for degree planning
software, personalized advising systems and early warning
systems that can identify students at-risk of dropping from
their field of study.

In this work, we present a deep learning based recommender
system approach called Neural Collaborative Filtering (NCF)
for predicting the grade a student will earn in a course that
he/she plans to take in the next-term. Prior grade prediction
methods are based on matrix factorization (MF) where students
and courses are represented in a latent “knowledge” space. The
deep learning inspired approach provides added flexibility in
learning the latent spaces in comparison to MF approaches.
The proposed approach also incorporates instructor informa-
tion besides student and course information. Moreover, for
proper analysis of the learned model parameters, we assume
the embeddings obtained for students, courses and instructors
should be non-negative. This non-negative NCF model referred
by NCFnn model adds a rectified linear units (ReLU) on the
embedding layer of NCF. The experimental results on datasets
from George Mason University, a large, public university in the
United States, demonstrate that the proposed NCF approaches
significantly outperform competitive baselines across different
test sets.

Keywords-Grade Prediction, Neural Network, Neural Collab-
orative Filtering

I. INTRODUCTION

One of the grand challenges facing higher education is low

student graduation and retention rates [19]. There is a need

to develop and deploy data-driven applications and services

that provide personalized advise to students pertaining to

selection of degree pathways. This will allow the students to

fulfill requirements pertaining to their program of study in a

timely and complete manner. Many higher education institu-

tions have implemented programs supported by educational

technologies to increase such graduation rates [26]. For

example, Graduation Progression Success (GPS) Advising
1 helps identify at-risk students at an early stage and was

shown to successfully increase the six-year graduation rate

1http://giving.gsu.edu/student-success/

by 6% over 4 years at Georgia State University. As another

example, Academic Advising service 2 provides effective

student-centered advising at Purdue University. An effective

way to assist academic advising is to capture and leverage

the influences from different factors on student’s academic

performance. In this work, we focus on predicting the grade

a student may earn in a course that he/she plans to enroll

for in the future i.e., next-term.

Over the past few years, several approaches inspired

from the recommender systems literature have been adapted

for predicting next-term student performance [5], [27]. In

particular, matrix factorization (MF) approaches inspired

from Collaborative Filtering decompose the given student-

course grade matrix into two low-rank matrices that repre-

sent the latent “knowledge space” of courses and students.

The prediction of a student’s grade on an untaken course

is then given by a dot product of the corresponding vectors

in the two decomposed matrices [12], [20]. MF approaches

have been suitable for dealing with sparse datasets [17] and

their extensions have incorporated temporal and dynamic

information [13] that have shown an improvement in terms

of model performance. However, when calculating inner

product with MF, there are certain limitations [10]. For ex-

ample, such inner products (linear combination of multipli-

cation of latent factors) may not capture complex/nonlinear

relations among data. To tackle this problem, He et al.
[10] proposed a Neural Collaborative Filtering (NCF) model,

which generalizes matrix factorization and learns non-linear

relationships and aims to predict the rating a user would

give to an item. Specifically, NCF uses two one-hot encoded

vectors of users and items as input and learns embedding fea-

tures for these two elements, followed by a fully connected

feed-forward neural network to predict the user’s rating on

the item. Empirical results on several recommender system

benchmarks demonstrates that the NCF approach greatly

outperforms other methods [10].

We also extend NCF with non-negativity constraints and

develop a non-negative neural collaborative filtering method,

denoted as NCFnn. We apply NCF and NCFnn on next-term

grade prediction problem. Similarly as in NCF model, we

2http://www.purdue.edu/advisors/index.html
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consider three elements as input: (i) students, (ii) courses and

(iii) instructors. Adding of course instructor information has

shown to improve the performance of prior grade prediction

models [22]. Non-negative constraints on learned parameters

provides for interpretability [6]. We propose NCFnn by

adding Rectified Linear Units (ReLU) [8] on the embedding

layer. A ReLU is a unit that exploits the rectifier [18], which

is an activation function that preserves the non-negative part

of the argument and returns zero for the negative part.

Our experimental results on a dataset from George Mason

University demonstrates that the proposed methods signifi-

cantly outperform other competitive baselines for the task

of grade prediction. In addition, we analyzed the model

performance with respect to different embedding dimensions

for students, courses and course instructors, respectively.

The main contributions of our work in this paper can be

summarized as follows:

1) We apply Neural Collaborative Filtering (NCF) on next-

term grade prediction which, to our knowledge, has not

been done before.

2) We propose NCFnn model and our experimental results

show that NCFnn is able to gain better results than NCF

model.

3) We have conducted extensive experiments on different

testing sets. We provide comprehensive comparison

on NCF models with different student, course and

course instructor embedding dimensions. Moreover, we

show detailed analysis on how non-negativity constraint

affects model performance.

II. RELATED WORK

A. Grade Prediction Approaches

Methods originating from Recommender System (RS)

research have attracted increasing attention in educational

data mining [6], [29]. Sweeney et. al. [27], [28] applied

several recommender system approaches to predict next-

term grade performance. The authors implement methods

including SVD, SVD-kNN and Factorization Machine (FM),

and provide comprehensive analysis on the prediction re-

sults. Elbadrawy et. al. [4] developed a domain-aware grade

prediction method with student/course-group based biases.

To predict student s’ grade on course c, this method groups

students based on student majors and academic levels;

groups courses based on course levels and subjects. Then

the proposed method employed group-based biases for both

student and course, and obtained great improvement on

grade prediction results.

B. Deep Learning in Educational Data Mining

Deep Learning (DL) techniques have been applied to

solve many educational data mining problems. For exam-

ple, Sharma et al. [24] proposed a composite deep neural

network to predict human movement (e.g., walking, sitting)

in educational videos. The proposed method first used a

convolutional neural network to extract the video features,

followed by a deep recurrent neural network to predict

the human movement label. Klingler et al. [15] employed

deep variational auto-encoders (VAE) on classification tasks

in EDM. Specifically, the presented model makes effective

use of unlabeled data to learn efficient feature embeddings

for students, and significantly improved detection results of

developmental dyscalculia (DD), compared to completely

supervised training. Xiong et al. [31] introduced a re-

cently developed model, Deep Knowledge Tracing (DKT),

a pioneering algorithm that uses recurrent neural network

to model student learning. The method is evaluated on

various datasets compared with Factors Analysis Model and

Knowledge Tracing models models, and the results show

the proposed method outperforms the baselines on various

datasets. In this work, we apply NCF model on grade

prediction problem which, to our knowledge, has not been

done before.

C. Deep Learning based Recommender Systems

In recent years, DL has become increasing popular in

Recommender Systems (RS). Covington et al. [3] proposed

a deep learning model for YouTube video recommendation.

The model comprises two parts: 1) the candidate generation

network and 2) the ranking network, both of which are

fully connected neural network. The candidate generation

network takes events from the user?s activity history on

Youtube as input, and return a small set of candidate videos,

and the ranking network assigns a score to each video

with plenty features of both users and videos. Yang et al.
[32] developed a deep neural architecture called Preference

And Context Embedding (PACE) for point of interest (POI)

recommendation. PACE jointly learns the embeddings of

users and POIs to predict both user preference over POIs

and various context associated with users and POIs. Wang

et al. [30] developed a hierarchical Bayesian model called

collaborative deep learning (CDL) as a novel method for

RS problem. The proposed method used stacked denoising

autoencoder to learn item features and jointly performed

collaborative filtering for the user-item rating matrix.

Elkahky et al. [7] proposed a DL approach to mapping

users and items to a latent space in order to tackle user

modeling. The model parameters are learned by maximizing

the similarity between users and their preferred items. They

also introduced a multi-view DL model to jointly learn

features of items from different domains and user features.

The proposed model can gain good user representation with

a rich feature set. He et al. [10] presented a general frame-

work named Neural network-based Collaborative Filtering

(NCF) in order to tackle the collaborative filtering problem

in recommendation with non linearity. By replacing the inner

product with a neural architecture that can learn an arbitrary

function from data, NCF is able to gain significant improve-
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ment over the state-of-the-art methods on recommendation

results. This is the basic model we apply on grade prediction

problem in this work.

III. DEFINITIONS AND PRELIMINARIES

A. Problem Definitions

All student-course grades up to term T will be represented

by a matrix G ∈ R
n×m, where n is the number of students,

m is the number of courses. Each entry in matrix G contains

a tuple storing grade information for the corresponding

student, course and instructor. Each tuple stores: (i) student

identifier, (ii) course identifier, (iii) course instructor, and

(iv) the grade. Therefore, each value in G, denoted as gl
s,c,

represents a grade that student s has achieved on a course c
taught by instructor l, where gl

s,c ∈ (0,4]. Specifically, we set

letter grade “A+” and “A” correspond to 4.0, “A-” to 3.67,

“B+” to 3.33 and so on. gl
s,c = 0 indicates both letter grade

“F” and that student s did not take the course c. To make

a distinction on the two situations, we add a small value

to letter grade “F”. Finally, student-course grades at the tth
will be represented by Gt , and student-course grades up to

the Tth term will be represented by GT =∑t
i=1Gi with size of

n×m.

In this paper, all vectors (e.g., pT
s and qc) are represented

by bold lower-case letters and all matrices (e.g., G) are rep-

resented by upper-case letters. Row vectors are represented

by having the transpose superscriptT, otherwise by default

they are column vectors. A predicted value is denoted by

having a ˜ symbol. Given student-course grades up to term

T , the objective is to predict grades for each student on

courses that the student may consider for enrollment in the

next term T +1.

B. Matrix Factorization based Grade Prediction

Matrix factorization methods have achieved extraordinary

success in user-item rating prediction in recommender sys-

tems [23]. Such methods can as well be applied for the

next-term grade prediction problem, when the student-course

grade matrix is considered as the user-item rating matrix.

Specifically, a grade matrix will be factorized into two

low-rank matrices containing latent factors of courses and

students in a common knowledge space [27]. We use ps
(ps ∈ R

k) and qc (qc ∈ R
k) to represent latent factors of k

dimensions for student s and course c, respectively. Thus,

the grade of a student s on a course c can be predicted as

g̃s,c = pT
s qc, (1)

Including the bias terms within the MF formulation has

shown to be effective in modeling systematical biases [16].

For the grade prediction problem using MF, student and

course biases can be included as follows:

g̃s,c = pT
s qc +bs +bc, (2)

where bs and bc are bias terms for student s and course c,

respectively.

C. Neural Network-based Collaborative Filtering

Fig. 1 shows the structure of NCF for rating prediction

in Recommender Systems. To predict user u’s rating on

item i, that is, yu,i, NCF model takes two one-hot encoded

vectors for user u and item i as input. Above the input

layer is the embedding layer. It is a fully connected layer

that projects the sparse representation to a dense vector.

The embeddings of user and item are then concatenated

and sent to a multi-layer fully connected neural network,

which contains neural collaborative filtering (NCF) layers.

Finally, the output of NCF layers is fed into the output layer

and returns the predicted rating yu,i. At each layer, different

activation functions can be added, such as sigmoid function,

hyperbolic tangent (tanh), and Rectifier (ReLU). The training

of the model is performed by minimizing the point-wise loss

between predicted ratings and the corresponding ground-

truth ratings. NCF has shown to produce better recommen-

dation results in comparison to MF methods. Unlike the

traditional MF method, the NCF structure provides several

advantages in terms of flexibility of input representation.

The user/item latent factors can have varying number of

dimensions and additional inputs beyond user/items can be

easily incorporated within the NCF model.

IV. METHODS

A. NCF for Grade Prediction

In this work, we formulate the grade prediction problem

within the NCF framework. Based on prior work [22] that

course instructors can greatly influence student’s grades, we

consider three elements in grade prediction problem with

NCF model, i.e., students, courses and the course instructors.

Specifically, to predict student s’s grade on course c taught

by instructor l, we input three separate one-hot encoded

vectors for the corresponding elements into our NCF model’s

input layer. Similar to the original NCF model, we have

an embedding layer above the input layer, representing the

latent factors for the three elements. Then the concatenated

vector of the embeddings is fed into neural collaborative

filtering layers to predict the final grade gl
s,c. Different from

original NCF, we specifically choose ReLU as activation

function at each layer. As aforementioned, a ReLU exploits

the activation function rectifier which preserves the non-

negative part of the argument and returns zero for the

negative part. Therefore, we use ReLU to achieve non-

negative constraint. The structure of this model is shown

in Fig. 2.

1) Rectified Linear Unit: Rectifier is an activation func-

tion that is defined as follow:

f (x) = max(0,x). (3)
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Layer 1

Input Layer one-hot encoded vector 
for user 

0 0 1 0 0 0 … 0 0 0 0 0 1 0 … 0

one-hot encoded vector 
for item

concatenate

Layer 2

Layer 3

…

Neural CF Layers

Output Layer

user latent vector item latent vectorEmbedding Layer

one-hot encoded vector
for user 

0 0 1 0 0 0 … 0 0 0 0 0 1 0 … 0

one-hot encoded vector
for item

Figure 1: Model Structure of NCF on Recommender Systems

ReLU

Input Layer one-hot encoded vector 
for student

0 0 1 0 0 0 … 0 0 0 0 0 1 0 … 0 1 0 0 0 0 0 … 0

one-hot encoded vector 
for course

one-hot encoded vector 
for instructor

concatenate

ReLU

ReLU

…

Neural CF Layers

Output Layer

student latent vector course latent vector instructor latent vectorEmbedding Layer

one-hot encoded vector 
for student

0 0 1 0 0 0 … 0 0 0 0 0 1 0 … 0 1 0 0 0 0 0 … 0

one-hot encoded vector
for course

one-hot encoded vector 
for instructor

Figure 2: Model Structure of NCF on Grade Prediction

where x is the input to a neuron. A ReLU is a unit that

exploits the rectifier [18].

2) NCF with Non-Negativity Constraints: Since the em-

beddings can be interpreted in latent knowledge spaces, in

order to get proper analysis of the model, we add non-

negativity constraint on the embeddings by adding ReLU on

the embedding layer. Since each one of NCF layers in our

model has ReLU as activation function, by adding ReLU on

the embedding layer, the modified model has non-negativity

values on all layers. We denote this NCF with non-negativity

constraint as NCFnn.

3) Parameter Learning: To predict grades in term t, the

loss function for NCF and NCFnn can be formulated as

follows:

L = ∑
gl

s,c∈Gt−1

(gl
s,c− g̃l

s,c)
2

(4)

We use Adaptive Moment Estimation (Adam) [14] method

to learn model parameters.

4
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Table I: Dataset Statistics

Major #S #C #S-C

MATH 209 84 2,846

PSYC 1,114 95 14,377

CHEM 342 55 4,649

CS 988 76 13,809

IT 334 82 6088

BIOL 1,629 109 21,519

#S, #C and #S-C are the number of students, courses
and student-course grades from Fall 2009 to Spring
2016, respectively.

Table II: #S-C for Different Terms

Major
Fall 2009

Spring 2015 Fall 2015 Spring 2016
to Fall 2014

MATH 942 100 78 168

PSYC 6,060 595 453 749

CHEM 1,139 86 106 103

CS 3,041 413 396 683

IT 1,492 474 439 599

BIOL 5,676 577 461 749

V. EXPERIMENTS

A. Dataset Description

The data used in this work is obtained from a George

Mason University. The dataset was extracted in the period

of Fall 2009 to Spring 2016. It includes information for

23,013 transfer students (TR) and 20,086 first-time freshmen

(FTF; i.e., students who begin their study initially at this

University) across 151 majors. Specifically, we evaluated

the proposed models on the following six majors: (i) Math-

ematical Sciences (MATH), (ii) Psychology (PSYC), (iii)

Chemistry (CHEM) (iv) Computer Science (CS), (v) Infor-

mation Technology (IT), and (vi) Biology (BIOL). Table I

presents the details of these majors. In our experiments, we

only apply the models on FTF students as these students

have more and complete data throughout college study than

TR students. Table II shows the number of student-course

grades of FTF students from different majors in different

terms.

B. Experimental Protocols

We train the different models on data up to term T − 1

and make predictions for term T . For example, we train

our models using data from Fall 2009 to Fall 2015, and

test our models using data from Spring 2016 (i.e., T =

Sprint 2016). Fig. 3 shows our experimental protocols.

We train and test our models on each major separately

because different majors could have different student and

course characteristics, etc. We also use different embedding

dimensions for students, courses and course instructors for

different majors.

Fall 2009  -- Fall 2014
Spring 

2015

Fall 2009  -- Spring 2015
Fall 
2015

Fall 2009  -- Fall 2015
Spring 

2016
Test SetTraining Set

Training Set

Training Set

Test Set

Test Set

Experiment 1

Experiment 2

Experiment 3

Figure 3: Experimental Protocols

C. Evaluation Metrics

In our dataset, a student’s grade is a letter grade (i.e. A,

A-, . . . , F). These letter grades are first converted to numbers

for both model training and testing. The predicted numerical

grades are then converted into their closest letter grades

(described in Section III-A). As in Polyzou et. al. [21],

we use the Percentage of Tick Accuracy (PTA) to measure

model performance. A tick is defined as the difference

between two consecutive letter grades (e.g., C+ vs C or C vs

C-; C+ and C- are 2-tick away). In particular, we compute

the percentage of predicted grades with no error (or 0-ticks),

within 1 tick and within 2 ticks, denoted by PTA0, PTA1 and

PTA2, respectively. Higher percentage of predictions within

low ticks indicates better performance.

We also use Mean Absolute Error (MAE) to evaluate the

predicted results in numbers. MAE is calculated as:

MAE =
∑s,c∈GT

∣
∣gl

s,c− g̃l
s,c
∣
∣

|GT |
(5)

where gl
s,c and g̃l

s,c are the ground-truth grade and predicted

grade for student s on course c taught by instructor l,
respectively. GT is the test set of (student, course, instructor,

grade) tuples in the T -th term.

D. Baseline Methods

We compare our NCF methods with the following base-

line methods.
1) Tensor Factorization: Tensor Factorization (TF) [1]

has been successfully used in factorizing multi-way arrays

and modeling relations among multiple types of elements.

In our problem, since there are three elements, i.e., students,

courses and course instructors, we use tensor factorization

as one of our baseline methods to model their relations and

make grade prediction.

We use G to represent a mode-3 student-course-instructor

tensor, and each value in the tensor is the corresponding

grade of a student in a course offered by an instructor;

we use CANDECOMP/PARAFAC (CP) algorithm [2], [9],

a very popular tensor decomposition algorithm, to decom-

pose G into three matrices P, Q and R, where P ∈ R
n×k,
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Q ∈ R
m×k, R ∈ R

l×k are the matrices containing length-k
latent factors for students, courses and course instructors in

the same latent space, respectively. Here k is the number of

latent factors. Thus, student s’s grade on course c taught by

instructor l is the combination of the Hadamard product [11]

of the corresponding vectors in P, Q and R, that is,

g̃l
s,c =

k

∑
i=1

ps,iqc,irl,i. (6)

To predict student’s grade at tth term, the loss function of

TF is as follows:

L = ∑
gl

s,c∈Gt−1

(gl
s,c− g̃l

s,c)
2

+α(‖P‖2 +‖Q‖2 +‖R‖2)+β (|P|1 + |Q|1 + |R|1)
(7)

We add both l2 and l1 norms on matrices P, Q and R
to prevent overfitting. We use stochastic gradient descent

algorithm (SGD) to solve the optimization problem.

2) Non-negative Tensor Factorization: We further extend

the above TF method and introduce non-negativity constraint

on matrix P, Q and R [25]. This TF method with non-

negativity constraint is referred to as non-negative tensor

factorization and denoted as TFnn.

3) Additive Latent Effect Models: We have developed

Additive Latent Effect Models (ALE) for next-term grade

prediction in our earlier work [22], and here we use ALE

as one of the baseline methods with compare with. ALE

considers student’s academic levels, student’s global effect

and course instructors in addition to student and course

knowledge to tackle grade prediction problem. The ex-

perimental results showed that ALE achieved significant

improvement over several state-of-the-art baseline methods.

The predicted grade from ALE is calculated as follows:

g̃l
s,c = ps

T(qc + rl), (8)

where ps (ps ∈R
k), qc (qc ∈R

k) and rl (rl ∈R
k) are the size-

k latent factors for student s, course c and course instructor

l, respectively.

We also include non-negativity constraint on latent factor

matrix P, Q and R on ALE model. This non-negative ALE

model is denoted as ALEnn. To predict student’s grade at tth
term, the loss function of ALE is as follows

L = ∑
gl

s,c∈Gt−1
s

(gl
s,c− g̃l

s,c)
2

+α(‖P‖2 +‖Q‖2 +‖R‖2)+β (|P|1 + |Q|1 + |R|1)
(9)

Similarly, we add both l2 and l1 norms on matrices P, Q
and R to prevent overfitting, and we use stochastic gradient

descent algorithm (SGD) to solve the optimization problem.

VI. RESULTS AND DISCUSSION

We now detail our experimental results and discuss the

implications of these results.

A. Overall Performance

Table III shows the results in terms of the MAE, PTA0,

PTA1, and PTA2 metrics. We use three terms: Spring 2016,

Fall 2015, and Spring 2015 as test sets, and we implement

comprehensive experiments on every major. We use a grid

search method to sweep over the embedding dimensions, and

choose value 30 for student, course and course instructor

embeddings dimensions. (parameter study on embedding

dimensions will be presented later in Section VI-B)

We observe that both NCF and NCFnn generally outper-

form the baselines across the different test sets. Specifically,

for the Spring 2016 term, NCF outperforms the TF, TFnn,

ALE and ALEnn baselines by 63.88%, 56.68%, 7.37% and

1.86% in terms of PTA0, 43.85%, 51.19%, 11.15% and

9.72% in terms of PTA1, and 17.45%, 18.19%, 10.41%,

9.41% in terms of PTA2, respectively. However, we also

notice that, for the Fall 2015 and Spring 2015 terms, the

ALE baseline outperforms NCF and NCFnn on several

majors. This result is likely due to the fact that neural

network-based methods can often overfit and perform poorly

with insufficient training data; in our experiments, when we

use the Fall 2015 and Spring 2015 terms as test sets, the

amount of training data is significantly less than using the

Spring 2016 term as test set (see Table II).

We note that when we use the Spring 2016 term as

the test set, both NCF and NCFnn significantly outperform

every baseline. When we use the Fall 2015 and Spring 2015

terms as test sets, ALE and ALEnn occasionally outperform

NCF and NCFnn. This observation agrees with that on the

PTA metric. We also observe that when using the Spring

2016 term as test set, ALEnn outperforms on the PTA0

metric but underperforms NCFnn on the PTA2 metric, for the

MATH, CHEM and IT majors. Meanwhile, NCFnn always

outperforms ALEnn for all majors on the MAE metric. This

observation shows that NCFnn outperforms ALEnn overall.

B. Effect of Embedding Dimensions

In order to get a deeper understanding on the impact

of the embedding dimensions on model performance, we

perform an experiment with different embedding dimensions

for students, courses and course instructors. In total, we

have eight different models, and we number each model

NCFm(m= 0,1, ...,7); each model corresponds to a different

set of embedding dimensions. NCF0 corresponds to the

NCF model in our previous experiments. Table IV shows

the experimental results on using the Spring 2016 term

as test set. We observe that, on different test sets, the

best-performing model differs. For example, for the MATH

major, NCF2 performs best in terms of PTA while NCF1

performs worst. However, for the CS major, NCF1 performs

best in terms of PTA while NCF4 performs worst. This

observation shows that the flexibility to choose different

dimensions for student, course, and instructor embeddings

is crucial, since the best performing models often have
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Table III: Performance Comparison for All Methods

Test set: Spring 2016

Method
MATH PSYC CHEM

MAE(↓) PTA0 (↑) PTA1 (↑) PTA2 (↑) MAE PTA0 PTA1 PTA2 MAE PTA0 PTA1 PTA2

TF 0.714 0.149 0.315 0.589 0.646 0.148 0.307 0.602 0.742 0.117 0.223 0.534

TFnn 0.717 0.173 0.321 0.559 0.641 0.154 0.300 0.619 0.714 0.136 0.214 0.544

ALE 0.701 0.256 0.387 0.625 0.766 0.279 0.425 0.585 0.699 0.214 0.359 0.573

NCF 0.617 0.262 0.435 0.673 0.508 0.314 0.506 0.737 0.617 0.194 0.408 0.612

NCFnn 0.618 0.238 0.429 0.685 0.515 0.316 0.487 0.726 0.616 0.184 0.408 0.631

Method
CS IT BIOL

MAE(↓) PTA0 (↑) PTA1 (↑) PTA2 (↑) MAE PTA0 PTA1 PTA2 MAE PTA0 PTA1 PTA2

TF 0.790 0.126 0.249 0.483 0.685 0.172 0.349 0.588 0.631 0.236 0.395 0.636

TFnn 0.783 0.133 0.253 0.502 0.687 0.207 0.344 0.586 0.685 0.171 0.299 0.591

ALE 0.719 0.186 0.348 0.584 0.652 0.230 0.389 0.649 0.651 0.236 0.397 0.626

NCF 0.691 0.220 0.378 0.616 0.604 0.235 0.397 0.691 0.580 0.279 0.441 0.689
NCFnn 0.690 0.201 0.370 0.619 0.602 0.235 0.396 0.698 0.641 0.252 0.399 0.625

Test set: Fall 2015

Method
MATH PSYC CHEM

MAE(↓) PTA0 (↑) PTA1 (↑) PTA2 (↑) MAE PTA0 PTA1 PTA2 MAE PTA0 PTA1 PTA2

TF 0.963 0.128 0.231 0.449 0.724 0.161 0.287 0.607 0.639 0.226 0.358 0.585

TFnn 1.019 0.090 0.218 0.423 0.730 0.166 0.313 0.598 0.609 0.226 0.358 0.594

ALE 0.976 0.244 0.321 0.436 0.789 0.331 0.455 0.583 0.585 0.274 0.462 0.660
NCF 0.895 0.192 0.333 0.449 0.561 0.366 0.550 0.728 0.586 0.264 0.368 0.642

NCFnn 0.883 0.218 0.346 0.487 0.601 0.322 0.497 0.706 0.583 0.245 0.368 0.642

Method
CS IT BIOL

MAE(↓) PTA0 (↑) PTA1 (↑) PTA2 (↑) MAE PTA0 PTA1 PTA2 MAE PTA0 PTA1 PTA2

TF 0.749 0.116 0.237 0.533 0.656 0.185 0.328 0.604 0.698 0.174 0.302 0.553

TFnn 0.716 0.139 0.290 0.533 0.617 0.180 0.355 0.663 0.729 0.134 0.249 0.529

ALE 0.632 0.220 0.369 0.631 0.645 0.257 0.412 0.645 0.570 0.269 0.408 0.696
NCF 0.672 0.139 0.283 0.604 0.545 0.257 0.444 0.745 0.570 0.254 0.412 0.664

NCFnn 0.679 0.152 0.303 0.593 0.604 0.225 0.397 0.698 0.585 0.239 0.390 0.657

Test set: Spring 2015

Method
MATH PSYC CHEM

MAE(↓) PTA0 (↑) PTA1 (↑) PTA2 (↑) MAE PTA0 PTA1 PTA2 MAE PTA0 PTA1 PTA2

TF 0.706 0.150 0.310 0.560 0.640 0.180 0.333 0.634 0.697 0.116 0.279 0.651

TFnn 0.717 0.180 0.340 0.550 0.629 0.210 0.336 0.610 0.700 0.163 0.314 0.581

ALE 0.626 0.370 0.520 0.670 0.518 0.310 0.513 0.745 0.802 0.186 0.372 0.558

NCF 0.596 0.280 0.430 0.640 0.543 0.267 0.455 0.711 0.672 0.198 0.302 0.628
NCFnn 0.595 0.270 0.440 0.660 0.538 0.259 0.461 0.713 0.660 0.198 0.291 0.616

Method
CS IT BIOL

MAE(↓) PTA0 (↑) PTA1 (↑) PTA2 (↑) MAE PTA0 PTA1 PTA2 MAE PTA0 PTA1 PTA2

TF 0.733 0.140 0.278 0.538 0.639 0.215 0.342 0.624 0.663 0.184 0.321 0.591

TFnn 0.711 0.153 0.300 0.552 0.634 0.217 0.357 0.618 0.658 0.182 0.324 0.581

ALE 0.701 0.218 0.378 0.613 0.643 0.259 0.428 0.660 0.600 0.255 0.395 0.669
NCF 0.657 0.211 0.363 0.620 0.574 0.276 0.456 0.703 0.600 0.210 0.371 0.645

NCFnn 0.658 0.194 0.344 0.622 0.570 0.268 0.456 0.719 0.599 0.220 0.373 0.648

“↓” indicates the lower the better, and ↑” indicates the higher the better. The best performing methods are highlighted with bold.
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Table IV: Performance Comparison for Different Embeddings Dimensions

Model # StdEm # CrsEm # InstrEm
MATH PSYC

PTA0 PTA1 PTA2 PTA0 PTA1 PTA2

NCF0 30 30 30 0.262 0.435 0.673 0.314 0.506 0.737

NCF1 15 30 30 0.239 0.387 0.598 0.306 0.487 0.724

NCF2 30 15 30 0.299 0.461 0.705 0.300 0.483 0.733

NCF3 30 30 15 0.294 0.453 0.694 0.319 0.498 0.733

NCF4 15 15 30 0.272 0.418 0.677 0.306 0.478 0.729

NCF5 30 15 15 0.246 0.390 0.603 0.319 0.501 0.740
NCF6 15 30 15 0.275 0.421 0.676 0.311 0.485 0.729

NCF7 15 15 15 0.250 0.452 0.696 0.307 0.477 0.732

Model # StdEm # CrsEm # InstrEm
CHEM CS

PTA0 PTA1 PTA2 PTA0 PTA1 PTA2

NCF0 30 30 30 0.194 0.408 0.612 0.220 0.378 0.616

NCF1 15 30 30 0.184 0.398 0.602 0.227 0.391 0.635
NCF2 30 15 30 0.243 0.379 0.612 0.227 0.382 0.619

NCF3 30 30 15 0.194 0.417 0.621 0.214 0.379 0.625

NCF4 15 15 30 0.184 0.408 0.592 0.211 0.366 0.628

NCF5 30 15 15 0.184 0.437 0.612 0.223 0.394 0.618

NCF6 15 30 15 0.175 0.408 0.612 0.224 0.359 0.634

NCF7 15 15 15 0.243 0.398 0.621 0.209 0.381 0.615

Model # StdEm # CrsEm # InstrEm
IT BIOL

PTA0 PTA1 PTA2 PTA0 PTA1 PTA2

NCF0 30 30 30 0.235 0.397 0.691 0.279 0.441 0.689

NCF1 15 30 30 0.237 0.397 0.691 0.215 0.372 0.602

NCF2 30 15 30 0.229 0.397 0.686 0.299 0.461 0.705
NCF3 30 30 15 0.220 0.407 0.701 0.294 0.453 0.694

NCF4 15 15 30 0.227 0.392 0.683 0.272 0.418 0.677

NCF5 30 15 15 0.239 0.409 0.694 0.210 0.378 0.614

NCF6 15 30 15 0.244 0.409 0.693 0.275 0.421 0.676

NCF7 15 15 15 0.230 0.394 0.699 0.264 0.427 0.677

# StdEm, # CrsEm and # InstrEm indicate the dimensions of student embeddings, course embeddings and
course instructor embeddings, respectively.

different values for the dimension of these embeddings.

Therefore, this flexibility enables neural networks-based

models to outperform matrix factorization-based models,

which use the same dimension for every embedding.

C. Effect of Non-Negativity Constraint

For simplicity of exposition, we only show results on

the PTA2 metric for all methods and under all experimental

protocols in Fig. 4, since the results on the other metrics are

similar. We observe that for three head-to-head comparisons,

i.e., TF versus TFnn, ALE versus ALEnn and NCF versus

NCFnn, in most circumstances, each pair of methods show

similar results on different majors, such as the CS major.

However, in some cases, adding the non-negativity constraint

can lead to significant changes in model performance, e.g.,

ALE and ALEnn on PSYC major in the experiments with

Spring 2015 as test set. Further observing Fig 4, we notice

that for the experiment with Spring 2015 as test set, NCFnn
is more likely to outperform NCF on different majors than

the experiments with Spring 2016 and Fall 2015 as test

sets, respectively. This shows that with insufficient training

samples, non-negativity constraint can help NCFnn model

student, course and course instructors better than NCF, and

finally gain better grade prediction results.

VII. CONCLUSION

In this work, we develop a new deep learning inspired

neural collaborative filtering approach for solving the next-

term grade prediction problem. We consider three elements

as input to the NCF model i.e., student, course and course
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Figure 4: Analysis on the Effect of Non-Negativity Constraint

instructor. Furthermore, the learned embeddings of these

three input elements can be considered as the “hidden”

factors within the classic latent factor model in collaborative

filtering techniques. For proper analysis of the model, we

also add non-negativity constraints on the embeddings by

adding Rectified Linear Units (ReLU) on the embedding

layer. The experimental results demonstrate that both NCF

and NCFnn significantly outperform the baselines on grade

prediction problem over various test sets. In addition, we

analyze the model performance with different embeddings

dimensions for student, course and course instructor, respec-

tively. The results show that NCF provides flexibility in that,

different from classic latent factor models in collaborative

filtering techniques, different elements can have various

dimensions and achieves better results than the one with the

same embedding dimensions for all the elements. Finally,

we provide in-depth analysis on the effect of non-negativity

constraint. We have found that with insufficient training

samples, non-negativity constraint can help NCFnn model

student, course and course instructors better than NCF, and

finally gain better grade prediction results.
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