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ABSTRACT
This paper describes the analysis of temporal behavior of 11-15
year old students in a heavily instructionally designed adaptive
e-learning environment. The e-learning system is designed to sup-
port student’s acquisition of health literacy. The system adapts text
difficulty depending on students’ reading competence, grouping
students into four competence levels. Content for the four levels
of reading competence was created by clinical psychologists, peda-
gogues and medicine students. The e-learning system consists of
an initial reading competence assessment, texts about health issues,
and learning tasks related to these texts. The research question
we investigate in this work is whether temporal behavior is a dif-
ferentiator between students despite the system’s adaptation to
students’ reading competence, and despite students having com-
paratively little freedom of action within the system. Further, we
also investigated the correlation of temporal behaviour with perfor-
mance. Unsupervised clustering clearly separates students into slow
and fast students with respect to the time they take to complete
tasks. Furthermore, topic completion time is linearly correlated
with performance in the tasks. This means that we interpret work-
ing slowly in this case as diligence, which leads to more correct
answers, even though the level of text difficulty matches student’s
reading competence. This result also points to the design opportu-
nity to integrate advice on overarching learning strategies, such as
working diligently instead of rushing through, into the student’s
overall learning activity. This can be done either by teachers, or via
additional adaptive learning guidance within the system.
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1 INTRODUCTION
In school-settings, teachers strive to give every student the opportu-
nity to develop to her or his full potential. This can be a challenging
task due to the high diversity in students’ fundamental abilities
such as reading competences or language proficiency, or metacogni-
tive skills such as adequate learning strategies. In secondary school,
especially differences in reading abilities (e.g., due to linguistic or
socio-economic background or disabilities) are an important is-
sue [17]. Students with weak reading abilities are disadvantaged
not only in language classes but also in the content areas, because
learning in the content areas involves to a considerable degree
text-based materials with content-specific vocabulary.

However, content area teachers often cannot react to this issue
properly due to a lack of time because they have to deliver their
topics’ content to meet the requirements of the curriculum [12].
Differentiation of learning materials regarding their linguistic dif-
ficulty, and thus matching the reading ability of a student, can be
a possible solution. This simultaneously fosters reading compe-
tences [14] and facilitates content learning. Providing linguistically
differentiated materials which teach the same topic and content
is therefore a strategy to teach diverse classes because it enables
every student to learn the same, while minimizing disadvantages
resulting from different initial reading competence. However, there
are several challenges for teachers to implement this strategy. One
major challenge is that teachers have to assign a difficulty level
to every student in their class [2]. Doing that properly requires
suitable and validated assessment instruments with cut-off values
corresponding to the difficulty levels of the materials. Furthermore,
as students achieve different learning gains during one school year,
assessments to determine the reading level of a student should be
performed several times during a school year in order to examine
whether the assigned difficulty level of the material still fits the
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student’s reading competence. Adaptive learning systems that au-
tomatically provide such assessments and differentiated content
can be a a possible solution to these issues.

Background. Research on MOOCs and Intelligent Tutoring Sys-
tems has shown that reading behavior is a predictor for student
performance and that reading ability is an effective basis for system
adaptation [6, 18, 19]. Nonetheless, e-learning systems adapting to
reading behavior are sparse, and we could not find any systems
that aim to support learning content via adapting text difficulty.
Usually adaptive learning systems that adapt to text difficulty fo-
cus on improving reading abilities, and thus provide content that
is different based on student’s prior content knowledge, affective
state, or interests [21]. For example, iSTART (Interactive Strategy
Training for Active Reading and Thinking) [10, 11], an adaptive
Web-based program to teach reading strategies for science texts,
adapts to the performance of students by varying the amount of
support in the program. Stairstepper [15], an iSTART module, is a
system that adapts text difficulty based on in-program performance
and was explicitly designed to foster reading comprehension and
help weak readers in improving in reading. However, the purpose
of Stairstepper is not to mediate the same knowledge via texts of
differing difficulty as is the goal of differentiated content teaching
as investigated in our work.

The present work. In this paper, we present results of our inves-
tigations on the temporal behavior of students and the relationship
between temporal behavior and performance in the given system.
Existing literature on different student behaviors in e-learning en-
vironments based on temporal behavior analysis [3, 9, 13] shows
that students differ significantly in their temporal behavior. Fur-
thermore, differences in temporal behavior have been shown to
significantly correlate with performance, such that students who
are consistently more active throughout a course, and overall invest
more time for learning typically perform better [1, 4]. However,
this research has been carried out in learning environments that
give considerable freedom of action and self-direction to learners,
and with university students as learners.

Complementing this, our present research has 11-15 year old
students as learners, and our adaptive learning system significantly
constrains users’ freedom of actions within it. This means that
students can only indirectly influence the level of difficulty they
will get, and cannot choose it completely freely. They also navigate
through a predefined sequence of topics, and need to do predefined
tasks in order to “unlock” subsequent tasks and content. In par-
ticular, students use the system all at the same time (within their
lessons), such that overall time spent, and broad patterns of how
often and with which spacing students access the system is the
same for all students.

The temporal behavior that we therefore investigated was not
on overall time spent in the system as it was in related work, but
it was on topic completion time. Also topic completion time is to
some extent constrained in our study, as overall time available was
predefined by the school lessons in which the system was used.
Consequently, the remaining differences in topic completion time
can be understood to be related to the match of student’s reading

competence and the text difficulty, and students’ metacognitive
strategy to work more or less diligently.

Research questions and hypothesis. Thus, in this work, we in-
vestigated the following research questions:

• RQ1: Is temporal behavior a differentiator between students?
• RQ2: Is temporal behavior correlated with performance?

Our hypothesis was that we would see four groups of students:
fast students with low performance because they were too sloppy,
fast students with high performance for whom text difficulty was
too low (and who therefore should move to the next higher level
of difficulty in the upcoming topic or are already at the highest
difficulty level), slow students with low performance for whom text
difficulty was too high (and who should move to the next lower level
of difficulty in the upcoming topic), and slow students with high
performance because they were diligently working at an adequate
level of text difficulty.

2 STUDY
This section describes the setup of our study including the study
environment (i.e., our adaptive learning system) and the adaptation
mechanism, the study participants and our data analysis methods.

2.1 Study Environment
Our adaptive learning system for health literacy consists of five
modules that focus on different health-related topics such as in-
juries and hemophilia (the bleeding disease), vaccination, allergies,
resistance to antibiotics, and breast cancer. These medical topics are
embedded into stories (see Figure 1a). For each module, texts and
tasks were co-developed by clinical psychologists, pedagogues and
medicine students in four difficulty levels, differing in text length
and linguistic complexity but representing the same content.

On the technical side, we used Moodle1, which is a free and
open-source learning management system (LMS), as the core of
our system since it provides adaptable out-of-the box assessment
systems and functionality for learning process navigation.

The dashboard of our system is shown in Figure 1a where stu-
dents can overview the status of active and finished topics together
with all related scores. The scores are displayed as “apples” stu-
dents can earn when they answer a certain percentage of questions
within a topic correctly and a badge for each finished topic based
on the amount of “apples” earned in the topic (bronze, silver or
gold). Before students can enter a topic, they have to do a reading
competence assessment. For subsequent topics, the system decides
on the text difficulty of the next topic depending on i) the read-
ing competence assessment ii) the task performance within the
topic, and iii) the self-assessment of the student (see Table 1). Each
subsequent topic is locked until all prior topics are finished.

2.2 Adaptation Mechanism
Algorithmically, the above three elements for adaptation translate
to i) the reading competence assessment result - the score of every
student in the instructionally designed reading competence assess-
ment (rn ), ii) performance score - a student’s performance for the
current topic (pn ), and iii) self-assessment result - students can rate
1https://download.moodle.org/
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(a) System dashboard (in German).

(b) Reading competence assessment (in German).

(c) Topic assessment (in German).

(d) Self-assessment (in German).

Figure 1: Adaptive learning system overview. Figure (a)
shows the dashboard of the system, Figure (b) illustrates the
reading competence assessment at the start of each topic,
Figure (c) shows one of the reading texts with its assessment,
and Figure (d) shows the self-assessment.

at the end of a topic whether they think the text difficulty was too
easy, adequate, or too difficult (sn ).

With respect to the text difficulty, level 1 corresponds to the
highest level of difficulty, and 4 to the lowest level of difficulty. The
difficulty levels are unevenly distributed over the assessment scores,

Table 1: Overview of notationswe use throughout this paper.

Symbol Description
rn Reading competence assessment score
pn Performance score
sn Self-assessment score
resn Result for the current topic
dn+1 Next text difficulty level

in order to provide more differentiation, and via this more support,
to students with lower reading competence. Each topic starts with
a reading competence assessment (see Figure 1b), which consists of
a speed test (time-limit: 4 minutes) with maze selection tasks. The
outcome of this reading competence assessment is given by:

rn (x) =


1, if x > 49% correct tasks

2, if 35% < x ≤ 49% correct tasks

3, if 29% < x ≤ 35% correct tasks

4, if x ≤ 29% correct tasks

(1)

For the first topic, the assigned difficulty level d1 directly corre-
sponds to r1(x):

d1 = r1(x) (2)
The result of a topic n (resn ) is given by the sum of the reading
competence assessment score before the text and tasks rn , the
performance score pn based on the tasks of topic n (see Figure 1c)
and the student’s self assessment sn after the text and tasks (see
Figure 1d). Here, the student states whether he or she found the
text too easy (-1), suitable (0), or too difficult (1). Thus, formally
resn is given by:

resn = rn + pn + sn

{
rn ,Resnϵ{1, 2, 3, 4} pnϵ{0, 1}
snϵ{−1, 0, 1}

(3)

Finally, the next difficulty level dn+1 is calculated as the sum of
current topic’s result resn and the reading competence assessment
score rn+1 that precedes the next topic:

dn+1 =
1
3
[resn + 2rn+1(x)]

{
dn+1ϵ{1, 2, 3, 4} (4)

Summed up, the decision is influenced by one third with the result
of the current topic resn and by two thirds with the result of the
reading competence assessment, which precedes the upcoming
topic (i.e., rn+1).

2.3 Study Participants
Two lower-secondary schools participated in the study. School
1 was in a rural area of the Austrian federal state of Styria and
school 2 was in an urban area of Styria. Our sample consisted of 196
students from grades 6 to 8 (111 students in school 1 and 85 students
in school 2). 83 students (42.3%) were sixth graders, 66 students
(33.7%) were seventh graders and 47 students (24%) were in grade
eight. 191 students provided demographic data. The students were
between 11 and 15 years old (M=12.8, SD=0.94). 48.69% were female
and 51.31% were male. 93% of the students were born in Austria and
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Table 2: Set of input features we use for our k-means clus-
tering approach. With these features, we get the best results
with respect to silhouette score.

Input features
sn Self-Assessment
pn Performance score
completion time Avg. topic completion time

80.65% spoke German as their first language. The students worked
with the system over the course of four weeks (approx. 3 lessons
per week). All statistical analysis and results, which we present
in this work are based on the cumulative data from both schools
where students produced almost 1/2 million events (4.53 · 105).

2.4 Data Analysis Methodology
Beside grading levels in the learning program, whichwere described
previously, topic completion time has been measured. Motivation
for time recording has been found in [8], where positive correla-
tions have been determined between reading speed and knowledge
state when the reader is familiar with a topic. Further on, negative
correlations were found between reading speed and quiz perfor-
mance, which encouraged us to pursue our goal to relate the topic
completion time with the overall students’ performance [20].

Data cleaning.After the initial data exploration phase and the data
cleanup process, we focused on finding groups of students who
share similar behavior patterns. During the cleanup process, student
attempts which completion time was longer than an hour were left
out since those students apparently could not finish their topics
during the class in school and therefore would represent noise in
the data with respect of analyzing the total topic completion time.

Student clustering. For clustering students, we use the computa-
tionally inexpensive and commonly used k-means clustering algo-
rithm [5, 7]. Here, the parameter k (i.e., the number of clusters) can
easily be found using a grid-search approach in order to find the k
with the highest silhouette score. This score measures the distance
between each data point relative to the cluster centroids [16]. In
order to get the best clustering result, we tested the algorithm with
multiple variations of input features where features from Table 2
produced best clustering results.

Correlation analysis. Another advantage of k-means clustering
is that it allows for the inspection of the generated cluster cen-
troids. Here, we noticed a possible linear relationship between
the students’ topic completion time and their overall performance
(i.e. performance score pn ). Trying to solve the linear regression
problem between these two variables, where we aimed to predict
the students’ performance using solely the given completion time,
we found a strong correlation between these two features. These
clearly pointed out the direct influence of students’ diligence on
their performance. Furthermore, we examined the relationship be-
tween topic completion time and final topic level using a One-Way
ANOVA in order to see if there are any statistically significant
differences noticeable between the four difficulty levels.
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Figure 2: Topic completion time distribution across all topics
and related text difficulty levels.We see that students placed
in level 3 have the lowest completion time median value in
each topic.

Table 3: Characteristics of the four clusters: arithmeticmean
and standard deviation for avg. performance score (ranдe =
0.28 − 0.88), avg. topic completion time in minutes (ranдe =
5.15 − 46.8), and avg. self-assessment (ranдe = −1 − 1).

Performance Score Completion Time Self-Assessment
C1 (n=8) M=0.74 (SD=0.07) M=41.5 (SD=3.20) M=-0.38 (SD=0.52)
C2 (n=46) M=0.67 (SD=0.12) M=29.4 (SD=2.46) M=-0.33 (SD=0.52)
C3 (n=85) M=0.61 (SD=0.12) M=20.5 (SD=2.47) M=-0.39 (SD=0.54)
C4 (n=57) M=0.49 (SD=0.10) M=11.1 (SD=2.79) M=-0.12 (SD=0.57)

Total (n=196) M=0.59 (SD=0.13) M=20.7 (SD=8.32) M=-0.30 (SD=0.55)

Table 4: Adaptivity mechanism outcome overview across
clusters and in general.

Improved Aggravated Constant Varied
C1 (n=8) 62.5% 0% 12.5% 25%
C2 (n=46) 58.7% 6.5% 15.2% 19.6%
C3 (n=85) 57.6% 12.9% 16.5% 12.9%
C4 (n=57) 40.4% 15.8% 12.3% 31.6%

Total (n=196) 53,1% 11.7% 14.8% 20.4%

3 RESULTS
To sum up the efforts from the experimental phase, in this section,
we present all the results of our work. We tried to find the rela-
tionship between students’ diligence and performance using the
k-means unsupervised clustering algorithm to group the students
with similar behavior patterns. On top of that, we extended our re-
search findings with a regression analysis where we tried to predict
the student performance using solely the topic completion time.

3.1 Descriptive Statistics
In order to get a general overview of the topic completion time,
we investigated the completion time distribution of students from
all difficulty levels across all topics (Figure 2). Independent of the
difficulty level, the amount of time needed to complete a topic was
different for the five topics, because the topics were not equally
large. Additionally, Figure 2 shows that there is no linear correlation
between completion time and difficulty level. Students in the second
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lowest difficulty level (level 3) provided the lowest medians (i.e.,
were the fastest) in all five topics.

In Table 3, the characteristics of the four clusters are displayed.
It can be seen that students in clusters one and two achieved higher
average performance scores than students in clusters three and four.
Students in cluster four achieved on average less than 50% of the
total number of points. In terms of average topic completion time,
students in cluster one were on average the slowest and students
in cluster four the fastest with a difference of more than thirty
minutes. Regarding the self-assessment scores, the high mean value
for students in cluster four shows, that they were more likely to
indicate that the text difficulty was too high than students in the
other three clusters.

The general overview of students’ performance after the com-
plete learning process is shown in Table 4. Here, 53.1% of the stu-
dents improved during the process (were at a better level in the
system at the end than in the beginning), 11.7% of the students
aggravated (were at a lower level in the system at the end than in
the beginning), 14.8% of the students were constantly at the same
level, and 20.4% of the students ended up at the same level but
varied throughout the learning process.

However, we do not assume that half of the students improved
in reading during the four weeks they worked with the system. It
is more likely that the improvement regarding the difficulty level
is due to the fact that the students needed to get used to working
with the program, the reading competence assessments and the
tasks within a topic. Furthermore, it is possible that some students
did not discover the achievement system (i.e., “apples”) until they
completed the first topic. After they discovered it, their motivation
was raised and they put more effort into completing tasks and
reading competence assessments.

3.2 The Effect of Diligence on Student
Performance

In order to answer our research questions i) whether topic com-
pletion time is a differentiator between students, and ii) if there
is a correlation between performance and topic completion time,
we further analysed the relationship between these two variables.
Figure 3 shows the positive correlation (r = 0.59, p < 0.001) be-
tween average topic completion time and average performance
score. A linear regression analysis with average topic completion
time as predictor for overall performance score (F = 105.7(1,194),
p < 0.001) supported our clustering results and revealed that 35%
of the variance in overall performance score can be explained by
topic completion time (R2 = 0.35). The more time students gave
themselves to read and perform tasks the better their overall per-
formance score was.

Our clustering result reflects this behavioral pattern as shown
in Table 3. Students in cluster one can be described as diligent -
working slowly, but accurately, whereas students in cluster four
showed an opposite behavior - fast and less accurate. Although the
distribution of students across clusters and difficulty levels (Table 5)
shows that diligent behavior seems to be more likely in students in
level one and level two, the comparison of cluster-membership and
final text difficulty level revealed that also some students in level
three and four show diligent behavior.
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Figure 3: Our four student clusters according to k-means vi-
sualized using the average performance score over the aver-
age topic completion time (i.e., diligence). We see that there
is a positive correlation (r = 0.59, p < 0.01) between these two
dimensions, which indicates a positive effect of diligence on
student performance.

In order to further investigate the relationship between final text
difficulty level and average topic completion time, we performed a
One-WayANOVAwith post-hoc comparisons (we chose TukeyHSD
because the variances were homogeneous). Differences in average
topic completion time between the four text difficulty levels are
displayed in Table 6. The result of the ANOVA revealed that the
four groups differ significantly (F = 7.65(3, 192), p < 0.001). The
post-hoc comparisons showed that this significant result is due to
significant differences between level three and level one (p < 0.01),
level four and level one (p < 0.01) and level three and level two
(p < 0.01). All other differences were not significant.

Students with the highest text difficulty level at the end were
significantly slower than students with one of the two lowest text
difficulty levels. Students with the second lowest text difficulty level
were significantly faster than students with one of the two highest
text difficulty levels. This is reflected by the clustering results, that
showed that from the students with a final difficulty level three only
six out of sixty were assigned to cluster one or cluster two (diligent
behavior). Interestingly students with the lowest text difficulty level
did not differ significantly from students with the second highest
text difficulty level. This is mirrored by the results displayed in
Table 5 that show a relatively similar distribution across the four
clusters for level two and level four compared to level one and level
three.

4 DISCUSSION AND CONCLUSION
Our research questions were, i) whether we could find different
temporal behaviors, and ii) whether we could relate these behaviors
to performance despite the instructionally designed adaptive sys-
tem, and despite the comparatively little freedom in action given to
the students. The results of unsupervised clustering showed that at
each difficulty level, students can be clearly separated into a class
of slow and a class of fast students. Subsequent linear regression
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Table 5: Student distribution across clusters vs. difficulty
level of the final topic.

Final difficulty level
Cluster L1 (n=20) L2 (n=52) L3 (n=60) L4 (n=64)
C1 (n=8) 5% (n=1) 7.5% (n=3) 3.3% (n=2) 3.1% (n=2)
C2 (n=46) 50% (n=10) 30.2% (n=16) 6.6% (n=4) 25% (n=16)
C3 (n=85) 45% (n=9) 43.4% (n=23) 50.8% (n=30) 35.9% (n=23)
C4 (n=57) 0.0% 18.9% (n=10) 39.3% (n=24) 35.9% (n=23)

Table 6: Differences in average topic completion time be-
tween the four final difficulty levels.

Final difficulty level N Mean SD min max
L1 20 26.2 6.82 17.6 46.8
L2 52 23.0 8.21 5.43 44.3
L3 60 18.0 7.94 5.15 42.4
L4 64 19.5 8.05 7.46 41.9

analyses showed that this temporal behaviour is a predictor of per-
formance, such that slow students have better performance than
fast students. In contrast to our initial hypotheses, we did not find
groups of students who were fast or slow because the text difficulty
was unsuitable (too easy or too difficult) for them. This indicates
that the overall assignment of difficulty levels to students was suit-
able, and also that the differentiation into four, and particularly into
four unevenly distributed groups (with respect to reading compe-
tence) was suitable. Furthermore, our analysis showed that final
text difficulty level and cluster membership were related, but not
in a linear way. This again points to a suitable adaptation mecha-
nism, which leaves space for individual differences beyond reading
competence to appear.

On a wider level, these results highlight the necessity of teaching
strategies for learning and performance even in the presence of per-
sonalised learning systems. Such teaching could be given either by
teachers, in which case the design opportunity and necessity lies in
instructional design, and in designing for embedding technologies
suitably for teaching. Such teaching could also be integrated into
the technological environment by giving additional and adaptive
support for strategically approaching learning tasks with diligence.
In this case the design opportunity and necessity lies in technology
design. With respect to earlier research on temporal behaviour of
students, we highlight that the novelty of our results lies in showing
differences of temporal behaviour not in terms of temporal patterns
of accessing tasks (e.g., frequently throughout the semester) or time
freely invested in learning, as found e.g., in [1, 4]. Rather, the dif-
ferences are evident in the more fine-granular temporal behaviour
on single tasks.

Future work. An ANOVA showed significant differences in aver-
age topic completion time between the four text difficulty levels,
but not between all four levels. An interesting result of our analy-
ses was, that one particular group of students (final text difficulty
level three) was less likely to show diligent behavior than the other
groups. Further investigation of the characteristics of this group
of students is necessary in order to get better insights regarding
the reasons for the different behavior of students in this group, as

we have to date no suitable hypothesis for explanation. One pos-
sibility for further investigation are qualitative methods; another
possibility is to check whether the same outlier behaviour of this
group can be replicated in follow-up studies.
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