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1. BACKGROUND

This study examines the commaon misconceptions
and challenges that impact the learning of Kernel
Density Estimation (KDE) in a university setting.
Identifying and addressing students’
misconceptions is crucial for effective teaching in
computer science [Qiun et al., zm?}. Furthermore,
the study suggests that incorporating interactive
and hands-on activities, such as visualization
tools ond real-weorld applications, can help
students better understond and apply KDE
concepls.

2. RESEARCH QUESTION

Does the incorporation of visualizotion technigues in
instructional methods |ead to  enhanced
understanding and the dispelling of common
misconceptions in the process of learning Kernel
Density Estimation within undergraduate-level

education settings?

3. METHOD

To conduct the study, a combination of research
methods was employed, including:

A survey was distributed among
Computer Science students obove the age of 18.
Responses were obtained from 40 participants,
allowing for the assessment of their perceptions
and understanding of KDE os well as their
confidence in specific aspects of the topic.

An experiment was designed
involving twe groups: a contrel group and a
target group. The control group received
‘traditional teaching methods, while the target
group utilized a new interactive visualization tool
specifically designed to aid in understanding KDE.
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4. SURVEY FINDINGS

Survey data unveiled four critical insights into KDE understanding:

(1) 40% of participants found KDE challenging, yet (2) confidence in
interpreting KDE results was only 20%, suggesting a discrepancy
between percelved complexity and actual comprehension:

(3) Motable uncertainties concerning KDE's basic nature. Respondents
lacked confidence in understanding whether KDE is linear or non-
linear (55% not confident), supervised or unsupervised (60% not
confident), and parametric or non-paramaetric {55% not confident).

{4} Strong preference for additional instruction [E!ﬂ}. visualization
techniques I':Eﬂ‘i], real-worid examples f}'ﬁxl and interactive tools
(65%). These findings indicate the significance of enhancing KDE
comprehension through innovative teaching strategies.

Percelved Confidence in
difficulty of KDE Interpreting KDE results
(Question 1) (Question 3)
Understanding of Freferance for additional
KDE's basic nature alternative teaching methods
(Questions 4, 5, 6) (Questions 19, 20, 21, 22)
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Figune 2: Proposed viswal ald

The interactive visualization tool allows users to observe, analyze, and comprehend how different kernel widths and
shapes affect the KDE visualization. This _ is designed to enhance the understanding of KDE
‘and enables the exploration of parameter impact on estimated density.

The visualization tool serves as a valuable and effective resource for educators and students, facilitating better
‘comprehension and visualization of KDE concepts.

6. EXPERIMENTAL FINDINGS

The experiment used a control-experimental group comparison design. The variable was the pedagogical strategy for
KDE. Two distinct tools were used for KDE learning in both groups. After the experiment, a survey revealed the
experimental group had significantly less incorrect answers and found KDE principles easier to understand. These
findings stress the potential benefits of visualization toels in teaching strategies,

Control = Target | - Bose of understonding KDE
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7. CONCLUSION

This study highlights the common misconceptions and challenges faced by students when learning kernel
density estimation in a university setting. The findings suggest that effective teaching strategies are essential
to address these challenges and enhance student learning outcomes.



