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ABSTRACT

We propose a new change detection method using click-
stream data collected through an e-Book system. Most of
the prior work has focused on the batch processing of click-
stream data. In contrast, the proposed method is designed
for online processing, with the model parameters for change
detection updated sequentially based on observations of new
click events. More specifically, our method generates a model
for an individual student and performs minute-by-minute
change detection based on click events during a classroom
lecture. We collected clickstream data from four face-to-face
lectures, and conducted experiments to demonstrate how the
proposed method discovered change points and how such
change points correlated with the students’ performances.
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1 INTRODUCTION

Understanding the behaviors of students is a crucial issue
in the learning analytics (LA) and educational data min-
ing (EDM) research domain. Clickstream data represent one
of the most valuable sources of information for analyzing
the activities of students. One of the major prior studies fo-
cused on clickstream data in the context of massive open
online courses (MOOCs). For example, clickstream data col-
lected in MOOCs were utilized to predict the performance[1],
completion[2], and clustering behaviors[8], as well as to inves-
tigate the learning path[3]. Clickstream data collected from a
learning management system and/or an e-Book system are
also useful for analyzing the engagement of students dur-
ing courses. A recent study found that student engagement
was positively related to the course outcome, and a statis-
tical change detection technique was applied to clickstream
data to discover the change points during courses[5]. They
analyzed when students changed their previewing and re-
viewing behaviors, and how these changes were related to
performance.

In terms of analytics for the type of clickstream data, the
previously mentioned studies could be classified as the batch
type or offline type. In other words, clickstream data were
first stored, and then the analytics were performed in a batch
process. Such batch processing is a reasonable method to
understand students’ behaviors after finishing courses. On
the other hand, real-time or online processing is another
important method for grasping students’ activities during
lectures. For example, the clickstream data from program-
ming courses were analyzed in real time to grasp classroom
situations and discover students having difficulties[4]. The e-
Book-generated clickstream data were sequentially analyzed
to determine whether students were following the teacher’s
explanation[6]. Real-time analytics have great potential to
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immediately determine the behaviors of students and in-
form teachers about students having difficulties. Teachers
could change their lecture plan if real-time feedback becomes
available.

In this paper, we will discuss an online change detection
method using clickstream data to grasp student situations
during lectures. The final goal of our study is to realize a
system of real-time analytics for a learning management sys-
tem. This paper focuses on the change detection methodol-
ogy for sequential processing rather than batch processing.
The prior method proposed in [5] is the most related to our
work, but it was based on the large-scale batch processing of
data collected over a 10-week period. The clickstream data
were aggregated into a daily time scale, and change detection
was performed over 10 weeks. In contrast, our change detec-
tion is performed on a minute-by-minute time scale. More-
over, we assume that this method will be used for an online
system. Thus, our proposed method does not use any future
data to estimate the model parameters for change detection.
The parameters can be estimated and updated sequentially
based on observations of new click events. observations.

According to the report in [5], students in the decreased
group (i.e., those where the number of click events decreased
after the detected change points) passed the course with a
lower probability than those in the increased group. If this
rule is applicable to a classroom lecture, the simplest way is
to detect the students with fewer clicks to discover the stu-
dents at risk. Again, note that [5] applied change detection
over a 10-week (long term) period. Meanwhile, our study
focused on a lecture period, which is usually 90 min. Fig-
ure 1 shows a scatter plot of the quiz scores and number of
click events from four classes. The data descriptions are pro-
vided in Table 2, and a detailed explanation of the dataset
is given later in this paper. Here, we can see that there is no
correlation between them (see Table 1). Some students gen-
erated many click events but received lower scores, and vice
versa. Therefore, a sophisticated change detection method-
ology is required to discover the students having difficulty
during a classroom lecture. More specifically, a methodology
to model the normal states of individual students is neces-
sary, and change detection should be performed by investi-
gating whether or not the current situation of an individual
student is within the model assumption. To realize a new
change detection method, we propose a combination of Pois-
son model-based anormal scoring and page difference-based
anormal scoring, to classify individual students into the nor-
mal or anormal state.

The contributions of this paper can be summarized as
follows.

(1) Change detection was sequentially applied to the click-
stream data acquired via an e-Book system sequen-
tially.

(2) Change detection was performed by a Poisson model
whose parameters were adaptively updated based on
observations.

Figure 1: Scatter plot of quiz scores and number of
events (clicks) in each class.

Table 1: Correlation between quiz scores and number
of events (clicks)

class class 2 class 3 class 4

corr. coef. 0.049 -0.036 0.008 0.035

(3) Change detection was applied during four classroom
lectures, with approximately 136,000 click events gen-
erated by a total of 743 students.

(4) Change detection could discover students whose quiz
scores were lower than the average.

2 ONLINE CHANGE DETECTION
FROM CLICKSTREAM DATA

2.1 Poisson Model

We modeled the number of click events using the Poisson
model. Our proposed method assumes that the model pa-
rameters are sequentially updated based on observations.
Therefore, we introduce the notation t to indicate discrete
time-points. In addition, Poisson models are created for in-
dividual students, where i indicates a student. The Poisson
model can be represented by

P (ki,t) =
λ
ki,t

i,t exp−λi,t

ki,t!
, (1)

where k is the number of events. In our implementation, the
value of k is approximately calculated using the click events
observed in the past T period.

ki,t =

∑t
τ=t−T+1 xi,τ

T
, (2)

where xi,t is the number of click events generated by student
i at time t.

Strictly speaking, the parameter estimation for the Pois-
son model should be performed using a sufficient number of
observations. However, in order to use the model online, we
have to somehow estimate and update the parameters based
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on only a few observations. Inspired by [7], in which Gauss-
ian mixture model parameters were sequentially updated,
the parameter λi,t can be updated as follows.

λi,t+1 = ρxi,t + (1− ρ)λi,t (3)

Here, ρ is a learning ratio that reflects the latest observation
in the current model.

P (ki,t) provides the probability of the observation of ki,t
click events. The lower probability should be considered as
the anormal state of the clickstream. We represent the anor-
mal score based on the Poisson model using the following
formula.

Ei,t = 1− P (ki,t) (4)

2.2 Page Difference

It is meaningful to compare the pages for a student and
the teacher because a large gap indicates a situation where
the student is having some difficulty. Let pi,t and pL,t be the
page numbers browsed by student i and teacher L. The page
difference di,t is calculated by

di,t = |pi,t − pL,t| . (5)

We apply a sigmoid function to acquire a normalized anor-
mal score, which is calculated by the following formula.

Di,t =
1

1 + exp(−g(di,t − s))
(6)

where g determines the slope or gain of the sigmoid function,
and s is a shift parameter.

2.3 Change Detection

Up to now, we have two kinds of anormal scores. We combine
these two anormal scores, Ei,t and Di,t, into Si,t using a
simple blending manner:

Si,t = αEi,t + (1− α)Di,t, (7)

where α is a weight coefficient used to adjust the contribu-
tions of the two scores.

To determine whether student i at time t is in the “nor-
mal” or “anormal” state, we introduce a hard threshold th.
Let Ai,t be a binary state: 1 for the anormal state, and 0 for
the normal state. Then, the determination is performed as
follows:

Ai,t =

{
1 (Si,t ≥ th)

0 (otherwise)
(8)

We can easily acquire the sum of students detected as
being in the “anormal state” at time t by integrating Ai,t

over students (
∑

i Ai,t). On the other hand, if we integrate
Ai,t over time, i.e.,

∑
t Ai,t, we can find how many times

student i was detected as being in the “anormal state” during
the lecture period.

3 DATASET

We collected clickstream datasets from four 90 min classes
conducted in a university (for a double blind review, we
omit the specific name when submitting the paper). The
click events were recorded via the e-Book system. All of

Table 2: Description of clickstream data for each
class

class class 2 class 3 class 4

# of students 205 202 168 168

ave. of quiz score 9.68 6.23 9.80 6.35

sd. of quiz score 0.58 1.81 0.45 1.77

# of events(clicks) 30,820 48,107 18,702 39,029

ave. of events(clicks) 102.6 100.8 81.3 111.9

sd. of events(clicks) 102.7 78.5 87.8 193.4

Table 3: Parameter settings

parameter range

ρ (0.3, 0.5, 0.7)

T (min.) (3, 5, 7)

g (0.4, 0.5, 0.6)

s (0, 5, 10, 15, 20)

α (0.5, 1)

th (0.7, 0.9)

cnt (1, . . . , 20)

the students had personal laptops and used them to access
the e-Book system during the lecture. The teacher also used
the e-Book system and explained the contents of the lecture
material during a 90 min lecture. The students opened the
e-Book and followed the explanation while creating book-
marks, highlighting texts, and memos if necessary. The click
events on the e-Book system were recorded and logged with
the student ID, material ID, type of operation, and times-
tamp.

At the end of each class, the students answered quiz ques-
tions in the e-Learning system. We used their quiz scores to
evaluate the accuracy of the proposed change detection. Ta-
ble 2 lists the detailed class information: the number of stu-
dents, average and standard deviations of quiz scores, num-
ber of events on the e-Book system, and their average and
standard deviations.

4 EXPERIMENTAL RESULTS

4.1 Quantitative Evaluation

We first investigated the effectiveness of the proposed change
detection methodology using a quantitative evaluation. Ide-
ally, we would have liked to evaluate Ai,t independently of
whether or not the judgment (i.e., anormal or normal) was
correct. However, it was very difficult to formulate reason-
able criteria for the evaluation. Instead, we focused on stu-
dent outcomes in terms of the quiz scores for each class. We
assumed that a student who was frequently detected as be-
ing in an “anormal state” would receive lower quiz scores
than other students. In fact,

∑
t Ai,t indicated the number

of anormal detections of student i over time. Thus, we in-
troduced a predefined threshold cnt to determine whether
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Figure 2: Ratios for successful change detection cases
of Na, where Qa was lower than the average quiz
score of all the students. (ours: results when α =
0.5, ours w/o page diff: results when α = 1, random:
results of random selection after 1 million times).

student i belonged to the “anormal” group. More specifi-
cally, we let Na be the number of students belonging to the
anormal group, and Qa be the average quiz score of Na stu-
dents. If Qa was lower than the average quiz score of all the
students, we determined that the change detection worked
well.

The change detection results, i.e., how many students be-
longed to the anormal group, were affected by the param-
eter settings of the proposed method. Therefore, we varied
the parameters within the ranges empirically, and found that
the proposed method generally worked well (i.e., it was in-
sensitive to specific parameters). Table 3 gives a summary
of the parameter settings. In the following, we present the
case where α = 0.5 and α = 1 for “ours” and “ours w/o
page diff,” respectively. In total, there were 5,400 parameter
combinations for each case. We investigated the ratio of suc-
cessful change detection cases, where Qa was lower than the
average quiz score of all the students. We performed random
student selections and calculated their average quiz score.
For the comparison baseline, the random selection was re-
peated 1 million times and we calculated the ratio of the av-
erage score of the selected students against the average of all
the students. If the ratio of the proposed method was higher
than that for the random selection, the proposed method
could successfully detect anormal students.

Figure 2 shows the ratio of successful selections. The hor-
izontal axis indicates the number of students belonging to
the anormal group, and the vertical axis is the ratio (where
higher is better). The characteristics of class 1 were a high
average quiz score and low standard deviation compared
with class 2 and class 4 (see Table 2). Even though the distri-
bution of the quiz scores was narrow, the proposed method
(“ours”) could successfully detect anormal students as the
members of the anormal group increased. When we ignored

the page difference term (α = 1, indicated by “ours w/o
page diff”), the ratio became lower than “ours.” This result
showed that the page difference was useful information to re-
alize a correct determination. The proposed method worked
well when the average quiz score was lower and the scores
were widely distributed such as with classes 2 and 4. The
result for class 3 was quite different from those of the other
classes. The characteristics of class 3 were very high quiz
scores and a narrow distribution. Furthermore, the number
of click events was less than for the other classes. We theorize
that the lecture contents were easy for the students in class
3. In such a situation, the proposed change detection did not
work well because the anormal situation was inherently rare.
Overall, the proposed method could successfully detect (se-
lect) anormal students and outperformed the random selec-
tion baseline. Moreover, the proposed method could provide
good performance with a wide range of parameter settings.

4.2 Change Detection over Time

Figure 3: Anormal score
of students over time,
with brighter colors re-
flecting larger value of
Ai,t. The red color indi-
cates the change detec-
tion results.

Next, we fixed the param-
eter settings as those for
one of the successful cases
based on the previously
mentioned experimental
results, and investigated
how the change detection
occurred over time. Fig-
ure 3 depicts the change
detection result for class
4. The horizontal axis and
vertical axis represent the
time and students, re-
spectively. The students
are arranged in decreas-
ing order based on their
quiz scores. We set the
change detection period
at t ∈ [11, 54] because the
proposed method needed
to initialize λi,t. In addi-
tion, the latter part of the
lecture was meaningless
because the class activ-
ity switched from lecture
to exercise. Based on the
assumption that the pro-
posed method was useful
for the lecture period, we
set the change detection
period, and the other pe-
riod is masked in white in Figure 3 (and also in Figure 4).

In Figure 3, the brighter color reflects a larger value for the
anormal score Ai,t, and the red color indicates the change
detection result. At the beginning of the detection period
(t ∈ [11, 35]), few students were detected as being in the
anormal state. At approximately T = 40, many students
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Figure 4: Number of anormal students over time.

were detected as being in the anormal state. We investigated
the reason by checking the lecture contents and event logs
around this time. We found that there were two main top-
ics (“research ethics” and “information ethics”) in class 4,
and the topic switched from the first to the second at time
t = 39. The second topic suddenly appeared without any
heading to indicate the change in topic. Then, the teacher
continued the explanation in a matter-of-fact way. We sup-
pose that most students were confused by the topic change,
and could not immediately adapt to the new topic. In fact,
there were many page click events (moves to previous/next
pages), which implicitly suggests the students’ confusion.

Figure 4 shows time-series graphs that indicate the num-
ber of students detected as being in the anormal state over
time. During the first part of each of the four lectures, the
number of detections was almost always less than five. Af-
ter a lapse of approximately 30 min, the number of detec-
tions gradually increased. We theorize that this could have
been the result of multiple factors and a combination of fac-
tors such as a drop in concentration, change in topic, and
increased difficulty understanding the content. We believe
that the proposed method has the potential to provide the
teacher with change detection results in real time, which will
become useful information allowing them to determine the
classroom situation.

5 CONCLUSION

We proposed an online change detection method for click-
stream data based on the combination of click events and
page differences. The number of click events that occurred
during a lecture was modeled using a Poisson model. The
model parameter was updated based on observations, which
contributed to the realization of online change detection. The
anormal score based on the Poisson model was calculated
using the occurrence probability of click events during the
latest period. In addition, the proposed method evaluated
the page difference between the teacher and students, in or-
der to grasp an anormal state in the students. Then, the
combined anormal scores were used for the final judgment
of whether or not a student was in the anormal state.

We conducted experiments with clickstream datasets col-
lected from four classes. First, we compared the change de-
tection performance with a random selection of students,

and found that the proposed method provided better perfor-
mance than the baseline. Second, we evaluated the change
detection results from the qualitative viewpoint: what oc-
curred at the change detection point in the lecture. In most
lectures, the change detection occurred approximately 30-40
min from the beginning of the lecture. We theorized that the
reasons included a lack of concentration, change in lecture
topic, and difficulty understanding the topic. The important
point was the ability of the proposed method to determine
the change in the students’ situations from the clickstream
data. Furthermore, the proposed method was designed to
work online (in real time), which makes it possible to inform
the teacher about the real-time situation through a learning
management system. If a teacher could receive such real-time
information about their class, they could adaptively change
the lecture plan according to the situation. Therefore, the
proposed method holds the promise of realizing adaptive
teaching based on real-time analytics for clickstream data.

In our future work, we will continue to evaluate the ef-
fectiveness of the proposed method with other classes. In
addition, we will improve the methodology to enhance the
change detection accuracy.
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