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Motivation

Research on MOOCs and ITSs has shown that reading behavior is a
predictor for student performance and reading ability an effective
basis for system adaptation1

Our contribution?

Analysis of the temporal behavior in a heavily instructionally designed
adaptive e-learning environment
Adaptive learning system that aims to support health literacy via
adapting text difficulty by mediating the same knowledge

1
Eagle, Michael, et al. ”Estimating individual differences for student modeling in intelligent tutors from reading and pretest

data.” International Conference on Intelligent Tutoring Systems. Springer, Cham, 2016.
1

Durlach, Paula J., and Alan M. Lesgold, eds. Adaptive technologies for training and education. Cambridge University
Press, 2012.

1
Thaker, Khushboo, Paulo Carvalho, and Kenneth Koedinger. ”Comprehension Factor Analysis: Modeling student’s

reading behaviour: Accounting for reading practice in predicting students’ learning in MOOCs.” Proceedings of the 9th
International Conference on Learning Analytics & Knowledge. ACM, 2019.
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Motivation

Research questions:

RQ1: Is the temporal behavior a differentiator between students?

RQ2: Is the temporal behavior correlated with performance?

Hypothesis:

We will see four group of students
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Study Participants

Two lower-secondary schools participated in this study:
School 1 comes from a rural area (N = 111 students)
School 2 comes from an urban area (N = 85 students)

191 out of 196 students provided demographic data
Students were between 11 and 15 years old (M = 12.8, SD = 0.94)

Cumulative data counts almost 1/2 million events (4.53 · 105)
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Study Environment
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Study Environment

Reading competence assessment.

Topic assessment. Self-assessment.
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Adaptation Mechanism

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

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)

d1 = r1(x) (2)
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Adaptation Mechanism

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

resn = rn + pn + sn


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

(3)

dn+1 =
1

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

{
dn+1ε{1, 2, 3, 4} (4)
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Experiments

Unsupervised clustering: k-means algorithm
Selection of k based on silhouette score metric

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

Linear regression analyses

Predict students’ performance using solely the completion time feature
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Results
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Results

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%

Positive statistics from adaptation mechanism usage

On a wider level, these results highlight the necessity of teaching
strategies for learning and performance
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Results

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)

Diverse distribution of students across clusters coming from all
difficulty levels

Interesting relationship between the final text difficulty level and
cluster membership
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Conclusion

RQ1 Students can be clearly separated into a class of slow and a
class of fast students

RQ2 Temporal behaviour is a predictor of performance

H We did not find expected groups of students

Future work:

One particular group of students was less likely to show diligent
behavior than the other groups
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Leon Fadljević Katharina Maitz Dominik Kowald Viktoria Pammer-S. Barbara Gasteiger-K.

Thank you for your attention!

Questions?

Contact: lfadljevic@know-center.at
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