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Abstract. Learner behavioral data (e.g., clickstream activity logs) collected by online education platforms contains rich information about
learners and content, but is often excessive and difficult to interpret.
In this paper, we study the problem of learning low-dimensional, interpretable features from this type of raw, high-dimensional behavioral
data. Based on the premise of generative adversarial networks (GANs),
our method refines a small set of human-crafted features while also generating a set of additional, complementary features that better summarize the raw data. Existing methods, by contrast, either define heuristic
features that cannot capture all nuances in the raw data or generate uninterpretable features. Through experimental validation on a real-world
dataset that we collected from a corporate training setting, we demonstrate that our method leads to features with high predictability and interpretability. In particular, they obtain log-likelihoods of up to −0.917
in predicting learner quiz scores, and not only can fool the discriminator
against the understandable human-crafted features but are also strongly
associated with raw learner behaviors.
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Introduction

Online learning platforms, such massive open online courses (MOOCs), have the
capability of collecting large-scale learner behavioral data at low costs. Examples
of such data include content usage patterns [10, 12], social interactions [6, 29],
and keystroke/clickstream events [1, 7]. The existence of behavioral data has
motivated research on identifying non-assessment-related factors that contribute
to learner performance, e.g., engagement [15,30], confusion [32], and emotion [8].
These factors in turn have the potential of providing effective learning and
content analytics to instructors, with research having shown that learner behavior is highly predictive of learning outcomes. [21], for example, found that working on more assignments in MOOCs improves knowledge transfer, while [10, 16]
found that learner activity patterns are predictive of certification status and
early dropout, respectively. Further, [1, 25, 31] found that learner discussion forum, assignment submission, and keystroke pattern activities are predictive of
test performance, exam scores, and essay quality.
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Despite its predictive power, behavioral data is itself often massive and difficult to interpret; [9, 23], for example, showed that a single learner can generate
thousands of clickstream events even in short courses. When extracted carefully,
however, even small sets of features have been seen to sufficiently characterize learner behavior in a manner that is predictive of learning outcomes; [7, 33]
showed that a set of nine behavioral features computed from clickstream events
could obtain above 70% quality in predicting learner performance on particular quizzes, and an average improvement of 60% over baselines in predicting
learner grades, with additional features not yielding significant improvements.
Such findings in turn motivate work in developing systematic methods for identifying low-dimensional representations of learner behavior.
Existing approaches to finding such representations can be divided into two
categories: model-driven feature extraction and human-crafted features, each of
which suffers from some drawbacks. Model-driven features will by definition capture even the most subtle nuisances in the raw learner data, and thus lose the
least amount of variance in the process; examples of such approaches applied
to educational data include principal component analysis (PCA) [4], matrix factorization [5], and variational autoencoders [20]. The features resulting from
these approaches, however, exhibit little to no interpretability, and do not offer
strong learning and content analytics for instructors. Human-crafted features,
on the other hand, are based on human knowledge of education and are highly
interpretable as a result [2, 7, 19, 23]. Compared with model-driven approaches,
though, these features often have significantly lower predictability [24].
There are a few model-driven approaches that have sought to achieve both
high predictability and high interpretability [3, 11, 22], but these have focused
exclusively on learner quiz response data. Our goal in this paper, as a result, is
to develop the first model-driven approach for analyzing behavioral data that
yields features with both of these qualities.

1.1

Our Method and Contributions

In this work, we address the challenge of learning interpretable, low-dimensional
representations of high-dimensional learner behavioral data. Our method, detailed in Section 2, does this using a small number of interpretable, hand-craft
features derived from the data. First, it uses generative adversarial networks
(GANs) [14] to learn a set of refined features that closely correspond to the
hand-crafted features, yet better summarize the original raw, high-dimensional
learner data. Second, it learns a set of additional, complementary features that
capture the nuisances in the data that are not explained by the refined features.
Our resulting GAN approach consists of three components: a generator that
turns raw learner data into refined and complementary features, a discriminator
that tries to distinguish between hand-crafted features and generated features,
and a reconstructor that ensures the refined and additional features can reconstruct the original, raw data with high fidelity.
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In Section 3, we experimentally validate our proposed method using a dataset
we collected from a short online course hosted on Zoomi’s learning platform.4
In doing so, we demonstrate that our refined and complementary features both
(i) outperform other behavioral data featurization methods in predicting learner
quiz performance, obtaining log-likelihoods of up to −0.917, and (ii) exhibit
strong interpretability, with the ability to fool the discriminator against humancrafted features and a strong association with raw learner behaviors. These results emphasize that our model-driven feature generation process preserves human interpretability.

2

Feature Generation Method

In this section, we detail our approach for feature refinement and augmentation
using GANs. We first formalize the problem (Section 2.1), then present the
GAN models (Section 2.2-2.4), and finally derive our parameter optimization
procedure (Section 2.5).
2.1

Problem formulation

Let U denote the number of learners, indexed by u ∈ {1, 2, . . . , U }, and let
D denote the number of raw data features, indexed by d ∈ {1, 2, . . . , D}. We
represent learner u’s data as the feature vector xru ∈ RD . In doing so, we assume
that there are no missing values in these raw learner feature vectors, meaning
that the raw feature value of every learner on every feature is observed.
We also leverage a set of G  D given, human-crafted “gold standard”
features. Letting xgu ∈ RG denote the vector containing learner u’s gold standard
feature values, our goal is to produce a set of refined features and an additional
set of A  D complementary features that satisfy the following conditions:
a) The refined features are similar to the gold standard features, but better
resemble the raw data.
b) The additional complementary features, together with the refined features,
form a low-dimensional representation of learner behavior that is able to
reconstruct the raw data with high fidelity.
c) Both the refined and complementary features are human-interpretable.
We denote learner u’s refined and complementary feature vectors as xfu ∈ RG
and xau ∈ RA , respectively.
In order to satisfy these three conditions, we make use of the GAN framework.
Our GAN model consists of three parts: (i) a generator that outputs a vector
xgen
of each learner’s values, consisting of each refined feature xfu and each
u
complementary feature xau , given the learner’s raw data features xru as input;
(ii) a discriminator, which seeks to classify whether a learner’s gold standard
feature vector xgu or refined feature xfu vector is human-crafted or produced by
4
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the generator, and (iii) a reconstructor, which takes each learner’s refined and
complementary features and attempts to reconstruct the raw data features from
them. We formalize these three parts in detail next; note that we will experiment
with both shallow and deep neural networks in each case.
2.2

Generator

The purpose of the generator is to transform high-dimensional, raw data vectors
into low-dimensional feature vectors containing both the refined features and the
complementary features. Formally, the generator is denoted G(·) : RD → RG+A ,
and
xgen
= [(xfu )T , (xau )T ]T = GWG (xru ),
u
where WG denotes all parameters of the generator. We use a one layer fullyconnected neural network as the non-linearity G of the generator, given by
y = tanh(Wx + b),
so the set of parameters WG consists of the weight matrix W and the bias
vector b. In experimenting with deeper neural networks consisting of several
hidden layers, we found a tendency of overfitting.
2.3

Discriminator

The purpose of the discriminator is to classify whether a learner’s feature values
are human-crafted (labeled as yu = 1 for xgu ) or generated by the generator
(labeled as yu = 0 for xfu ). Formally, the discriminator is denoted D(·) : RG →
[0, 1], and
p(yu = 1) = DWD (xfu or xgu ),
where WD denotes all parameters of the discriminator. Here, we use a deep
fully-connected neural network for the nonlinearity:
h1 = tanh(W1 x + b1 )
h2 = tanh(W2 h1 + b2 )
y = tanh(W3 h2 + b3 ),
where h1 and h2 are hidden layers with 50 hidden units. In this case, then, WD
consists of W1 , W2 , W3 , b1 , b2 , b3 .
2.4

Reconstructor

The purpose of the reconstructor is to reconstruct a learner’s raw data feature
values using their refined gold standard feature values xfu and their additional
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complementary feature values xau . Formally, the reconstructor is denoted R(·) :
RG+A → RD , and
bru = RWR ([(xfu )T , (xau )T ]T ),
x
where WR denotes all parameters of the reconstructor. Similar to the network
defined in Section 2.2, we also use an one layer fully-connected neural network
as our reconstructor. Note that since we normalize our features to lie within
[−1, 1], tanh is chosen for both the generator nonlinearity (i.e., G(·)) and the
reconstructor nonlinearity (i.e., R(·)) since it is the only one that has an output
range [−1, 1].
2.5

Optimizing GAN

We iteratively update the parameters of the generator, discriminator, and reconstructor in round-robin fashion. Similar to the general steps described in [14], in
each training iteration, we perform the following three steps:
(1) Minimize Discriminator Loss: First, we minimize the discriminator loss over
its parameters, i.e.,
lD (WD ) = −

N
X
u=1

log DWD (xgu ) −

N
X

log(1 − DWD (xfu )).

(1)

u=1

In other words, we aim at improving the discriminator’s ability to distinguish between human-crafted gold standard features and generated features,
as defined in Sec. 2.2. Note that in this step we do not optimize over the
parameters of the generator.
(2) Minimize Reconstructor Loss: Then, we minimize the l-2 reconstructor loss
over its parameters, i.e.,
lR (WR ) =

N
N
X
X
1 r
1 r
bru k22 =
kxu − x
kxu − R([(xfu )T , (xau )T ]T )k22 .
2
2
u=1
u=1

(2)

In other words, we aim at improving the reconstructor’s ability to reconstruct
each learner’s raw feature values from the generator’s output (their refined
gold standard feature values and their additional complementary feature values). In this step, we do not optimize over the parameters of the generator
either.
(3) Minimize Generator Loss: Finally, we minimize the generator loss over its
parameters. In doing so, we seek to (i) minimize the reconstruction loss while
(ii) improving the generator’s ability to generate refined gold standard features that are similar to human-crafted ones, thus fooling the discriminator.
These two are combined in the loss function
lG (WG ) = α

N
N
X
X
1 r
bru k22 − (1 − α)
kxu − x
log(DWD (xfu ))
2
u=1
u=1
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=α

N
N
X
X
1 r
kxu − R(G(xru ))k22 − (1 − α)
log(DWD G(xru )),
2
u=1
u=1

(3)

where α ∈ [0, 1] strikes balance between these two objectives. In this step,
we do not optimize over the parameters of the discriminator and the reconstructor.

3

Experiments

In this section, we evaluate our feature generation method using real-world data.
We start by describing our dataset in Section 3.1 and detailing our algorithm
implementation procedures and metrics in Section 3.2. Then, we present and
discuss results of the predictability and interpretability aspects of our features:
in Sec. 3.3, we compare their ability to predict learner quiz performance against
other feature extraction methods, and in Sec. 3.4, we investigate the degree to
which their components associate with raw learner behaviors.
3.1

Course Dataset

The datasets we use come from an online corporate training courses that we
hosted on Zoomi’s platform. The course content is a slideshow presentation consisting of 35 slides; we consider each slide to be a “segment” of content. We
consider users the 2,914 learners who enrolled in this course over a seven month
period in 2017.
For each learner, we summarize their clickstream data in terms of two sets
of features: raw data features xru , and human-crafted gold standard features
xgu . The raw data features consists of four quantities measured at the individual
segment level: time spent, expected time spent, number of views, and engagement
score [9]. With 35 different segments, there are 140 total raw features. The set of
gold standard features, on the other hand, consists of (i) four features constructed
using the same set of measurements as the raw features, but aggregated at the
course level, and (ii) two additional hand-crafted features: the number of times
a learner switches away from the course platform, and the number of visits to
the course. These features are summarized in Table 1.
Feature
Time Spent
Views
Engagement
Expected Time Spent
Off-task Behavior
# Course Visits

Description
the amount
the number
the amount
the amount
the amount
the number

of
of
of
of
of
of

(real) time that a learner spent
times that a learner has viewed
effort a learner is putting into studying
(real) time that a learner is expected to spend
time that a learner spent with the application idle
times the learner visited the course

Feature Type
Raw, Gold Standard
Raw, Gold Standard
Raw, Gold Standard
Raw, Gold Standard
Gold Standard
Gold Standard

Table 1: Definitions of the raw and human-crafted gold standard behavioral features.
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3.2

Training procedures and metrics

We now detail our procedures for training and tuning model parameters, as well
as the metrics used in our evaluation.
Training GAN. We train the generator and discriminator in round-robin fashion, following [14]. We use the batch approach, where in each epoch, we randomly
select 50 users in our dataset to train the parameters in our model. In particular,
we employ the Adam Optimizer [18] in minimizing the generator, discriminator,
and reconstructor losses. We found that the discriminator usually outperforms
the generator if they are trained equally frequently. Therefore, to balance these
two, we train the generator multiple times before training the discriminator once,
i.e., a gen-to-dis ratio that is larger than 1. We experimented with several values and observed that a gen-to-dis ratio of 2 worked best. The reconstructor
network, however, is trained in every epoch.
Parameter tuning. To optimize the performance of our model, we consider two
main parameters for tuning. We first tune α in the generator loss in Equation 2,
which balances between minimizing the reconstruction loss and maximizing the
generator’s ability to fool the discriminator. With α = 0, the generator weights
are optimized solely towards generating features similar to the original humancrafted ones, thus fooling the discriminator. On the contrary, with α = 1.0, the
generator weights are optimized solely towards minimizing the reconstruction
loss. We sweep over the values of α as α ∈ {0.1, 0.2, . . . , 0.9}. The second parameter we consider is A, the number of additional complementary features as
defined in Section 2.1. We sweep over the values of A as A ∈ {0, 1, . . . , 15}.
Performance metrics. We quantify the ability of the generator and discriminator to classify hand-crafted and generated features using the standard cross
entropy loss metric [13]. Lower loss values imply better performance. For the
reconstructor, we quantify its ability on reconstructing raw learner data using
the R2 score as our performance metric. In our context, R2 is defined as
2

PN

1
r
bru k22
u=1 2 kxu − x
P
N
1
r
u=1 2 kxu − 1/N
u=1

R = 1 − PN

xru k22

,

with larger values corresponding to better reconstruction quality.
Training progress. Figure 1 plots the training progress of our model, with
choices of A = 8 and α = 0.9. The discriminator and reconstructor curves show
loss values in each epoch as calculated in Equations 1 and 2, respectively. As the
first item defined in Equation 3 has already been reflected in the reconstructor
loss curve, the generator loss curve only plots the second item in the equation,
which also corresponds to the cross entropy loss of the generator’s success in
confusing the discriminator.
The reconstructor loss drops significantly over the first 5,000 epochs, before
stabilizing at 0.02, showing that our generated features can reconstruct the raw
data with high fidelity. The generator and discriminator losses tend to fluctuate in opposite directions, conforming to the intuition that they are competing
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Fig. 1: Visualization of the training progress of our GAN. The reconstruction loss decreases steadily while the generator and the discriminator losses experience some fluctuations before converging.

against each other. Both losses display relatively dramatic fluctuations in the
first 3,000 epochs, after which they fluctuate to a much smaller degree, and
eventually stabilize after around 5,000 epochs ending up as matching rivals in
an equilibrium.
Figure 2 shows the R2 score of the reconstructor over the number of complementary features, for various α values. When the number of complementary
features is small, higher α values tend to perform slightly better. As the number
of complementary features increases, the performance improves, and the impact
of α diminishes.
3.3

Predicting quiz performance

Overall quiz score is the most direct and effective measure of a learner’s outcome
available for this dataset. Thus, we evaluate our model by comparing the generated features (xgen
u ) to features generated by baseline methods in terms of their
ability to predicting learner quiz scores. We consider the following baselines:
(i) high-dimensional raw features (xru ), (ii) low-dimensional, human-crafted gold
standard features (xgu ), (iii) low-dimensional features constructed by principal
CA
component analysis (PCA) on raw data features, denoted as xP
, and (iv)
u
low-dimensional features constructed by training a one-layer autoencoder [17],
denoted as xae
u . Similar to our GAN, we use tanh for the encoder nonlinearity,
while letting the decoder have no nonlinearity. In the latter two baselines, we
ensure that the number of features is equal to the total number of features in
our GAN (i.e., A + G), for a fair comparison.
Labels. The overall quiz score for each learner is discrete, taking values in
[0, 0.8, 0.9, 1.0]. Thus we formulate this as a multi-class classification problem.
Method and metrics. We use several classifiers to predict the quiz performance
class from features. These classifiers include Logistic Regression (LR) [26], Multilayer Perceptron (MLP) [28], and Linear Discriminant Analysis (LDA) [27]. We
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Fig. 2: R2 metric on the reconstructor versus the number of additional complementary
features A, for different values of α. The reconstructor’s ability to reconstruct raw
learner data improves as A increases, and the effect of α diminishes.

report the performance of our model generated features and baseline features
using two standard evaluation metrics: (i) the log likelihood, and (ii) accuracy,
which is simply the percent of learners for whom the quiz score class is predicted
correctly. For both metrics, higher values imply higher prediction quality. In each
case, we perform 5-fold cross validation and report the average metric values.
Classification performance. In Table 2, we show the prediction results for
each algorithm on the features constructed by proposed GAN model compared
P CA
g
). We have highlighted the
with the baseline features (xru , xae
u , xu , and xu
entries in the table that have achieved the best performances when compared to
the other feature types. We make a few observations:
Features constructed from our proposed GAN model, xgen
u , outperform other feature types, regardless the choice of the classifier. Prediction classifiers using xgen
u
as input tend to reach an accuracy of 0.63, beating classifiers built on all baseCA
line features. PCA compressed features xP
have achieved matching perforu
mances, with an accuracy around 0.62 and a log likelihood value around -0.972.
However, PCA compress features by projecting high dimensional input to lower
dimensional data points via explained variance; thus these features are difficult
to explain in real-world learning environment, sacrificing the other objective of
interpretability that we aim to achieve.
Prediction quality is reasonably invariant to the choice of classifier. Considering
each feature type separately, the performances for all choices of algorithms are
reasonably similar. The only variable changing here is the choice of input feature,
further confirming the ability of xgen
to represent lower-dimensional information.
u
Varying the number of complementary features A. We also analyze the
effect of the number of complementary features on prediction quality. With A =
0, we do not generate any additional complementary features and solely rely on
xfu for reconstructor. On the other hand, with A chosen to be a larger number,
we generate additional complimentary features in additional to xfu , and use both
to feed into the reconstructor.
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Features
Raw, xru
Gold, xgu
CA
PCA, xP
u
Auto-encoder, xae
u
GAN, xgen
u

LR
Accuracy Log likelihood
0.604
-0.948
0.540
-0.972
0.624
-0.934
0.579
-0.949
0.627
-0.923

MLP
Accuracy Log likelihood
0.596
-0.937
0.539
-0.971
0.618
-0.988
0.552
-0.964
0.631
-0.917

LDA
Accuracy Log likelihood
0.585
-1.203
0.543
-1.121
0.617
-1.163
0.563
-1.157
0.624
-1.157

Table 2: Accuracy and log likelihood values for quiz response prediction with A = 15
and α = 0.1 using different classifiers. The refined and complementary features from
the generator achieves the highest performance.

Figure 3 shows the results. The accuracy tends to range between 0.52 and
0.64, with the PCA and generator features generally better. While PCA compressed features outperform all other feature types when A is small, xgen
shows
u
a continuous trend to increase while A increases. When A is larger than 10,
finally reaches an accuracy of around 0.63 and a log
the classifier built on xgen
u
P CA
g
in most cases.
likelihood value around −0.93, beating xru , xae
u , xu , and xu

(a) Accuracy

(b) Log likelihood

Fig. 3: Comparison of accuracy and log likelihood in predicting quiz score versus the
number of complementary features (A) with α = 0.9. The refined features and additional features from the generator outperform other compressed features at large A,
while PCA features achieve the best performance at small A.

Varying α. Recall that the goal of the generator network is to learn features
that strike a balance between two objectives: reconstructing raw learner data
and fooling the discriminator network. We now investigate the impact of α,
which controls the relative weight placed on each objective. In this experiment,
we sweep the values of α as α ∈ {0.1, 0.2, . . . , 0.9}, with A chosen to be 12 for
optimal classification performance.
Figure 4 shows the accuracy and log likelihood values of quiz score prediction
using the model-generated features and baseline features as we change α. Overall,
we see that varying α does not result in significant changes in the performance
of generated features; the generated features performs similarly to the PCA
features and outperform other baseline features.
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(a) Accuracy.

(b) Log Likelihood.

Fig. 4: Comparison of accuracy and log likelihood in predicting quiz scores versus α.
We see that the performance is relatively robust to the choice of α.

3.4

Feature interpretability

With the refined features closely resembling the human-crafted gold features,
the additional complementary features can capture nuisances in raw learner behavioral data that are not fully captured by the human-crafted gold standard
features. In order to promote the interpretability of our refined gold standard
features and complementary features, we use the same generator defined in Section 2.2 with a small change to the generator loss. Specifically, we add an `1 -norm
penalty to the generator loss as λkWG k1 to promote sparsity of the connections
between the raw features and the refined and complementary features. Here,
λ > 0 is a tuning parameter and k · k1 denotes the `1 -norm, i.e., the sum of the
absolute values of each element.
To analyze interpretability, we investigate the learned weight matrix WG ,
finding the most representative raw features for each of the generated features.
Specifically, for the nth generated feature, we look into the nth column of W
and find the raw features whose corresponding weights have the largest absolute
values.
Table 3 shows top 8 most representative raw features corresponding to 3 complementary features chosen. The raw features here are specified by two attributes:
the segment and the quantity from Table 1. We observe that raw features from
9 specific segments are very representative of the generated features. On these
segments, raw features corresponding to engagement and time spent measurements are more representative than those corresponding to views and expected
time spent measurements. For many generated features, the top representative
raw features consist of a mixture of various segments and measurements. Interestingly, while some features are associated with all positive weights (e.g.,
complementary feature 8), other features are associated with a mix of positive
and negative weights with various segments and measurements (e.g., complementary features 1 and 4). This observation suggests that there are some important
relationships between segments that are not captured by the human-crafted gold
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standard features; the generator network thus enables us to gain further insight
into the course content by analyzing raw learner behavioral data, in addition to
analyzing the content itself.

Rank
1
2
3
4
5
6
7
8

Complementary feature 1
Weight
Raw feature
0.1740 02 ENG
0.1200 03 ENG
-0.0739 06 ENG
-0.0496 07 ENG
-0.0250 06 ETS
0.0219 08 ENG
-0.0190 07 ETS
-0.0113 05 ENG

Complementary feature 4
Weight
Raw feature
-0.0802528 32 ENG
0.0695
29 ETS
0.0588
26 ETS
-0.0472
31 ENG
-0.0445
35 ENG
-0.0425
19 ENG
-0.0259
27 TS
-0.0257
05 TS

Complementary feature 8
Weight
Raw feature
0.1041 14 TS
0.0522 12 Views
0.0389 02 ETS
0.0297 12 TS
0.0201 01 TS
0.0181 32 TS
0.0121 06 Views
0.0110 19 TS

Table 3: Selected complementary features with their top 8 representative raw features.
Segment numbers are included, with ENG, TS and ETS denoting engagement, time
spent and expected time spent, respectively. The complementary features reveal relationships between content that the gold standard features do not.
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Conclusion and Future Work

In this work, we have developed a method for generating low-dimensional features to summarize learner behavioral data that promote both interpretability
and predictability. Our method uses the generative adversarial network (GAN)
framework to turn high-dimensional, raw learner behavioral data into a set of
refined features that resemble the characteristics of a small number of humancrafted gold standard features. Additionally, our framework produces complementary features that capture the nuisances in raw data that are not captured
by the gold standard features. By evaluating on data collected from an online corporate training course, we showed that the generated features were able
to reconstruct raw data with high fidelity. We further demonstrated that the
generated features were more predictive of learner quiz scores than features constructed by several baseline methods. Last but not least, we showed that the
generated features were able to capture detailed learner-content interactions not
available in the gold standard features.
There are several avenues of future work. First, we are attempting to incorporating other sources of data to describe the learners and the course, such as
features that are specific to different content types (e.g., videos, slideshows, and
PDFs), into the raw features. These data sources enable us to extract learner
interactions with specific types of content, while generic features do not. We are
also investigating other neural network architectures, such as recurrent neural
networks (RNNs) to learn time-varying representations; this information will
enable us to model the dynamics of learner behavior.
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