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Enhancing Learning Outcomes through Retrieval-Augmented Generation:

An Educational Chatbot for Computer Science Courses
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Can You Help Me Generate 2 Questions

R S R
. S About Computer Fundamentals?

HE1: sElan

Sure! Below are two questions about computer architecture:

Question 1: Computer Composition

Explain the basic components of a computer, including the Central
Processing Unit (CPU), memory (RAM), storage devices, and input/output
devices. Describe how these components interact with each other.

Question 2: Data Representation

How is data represented in a computer? List several different data types
(e.g., integers, floating-point numbers, characters, etc.), and briefly explain
how each data type is represented in memory, including their advantages
and disadvantages.

| hope these two questions help you! If you need more in-depth questions
or questions of a different type, feel free to let me know!
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How is data represented? This is a

e B
HAEEm el Concept I'm not very clear about.

1. BM ( Integer )

Data representation in computers refers to how various types of
information are transformed into formats that computers can
understand and process. Below is a brief explanation of some common
data types and their representation methods:

1.Integer
Integers are represented in computers using binary digits. The most
common methods of representation include:

- Two's complement representation: This is the most widely used
method for integer representation in computers. Positive and negative
numbers are represented using the same number of bits. For example,
3. ¥ ( Character ) an 8-bit integer can represent values ranging from -128 to 127.
Negative numbers are represented by taking the two's complement of
their absolute value in binary.
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Table 1 : Frx 8 ® 4 % 3 $85% £ % (Chatbot Interaction Experience Scale, CIES)

Item Description

WP1 I think the chatbot is warm.

WP2 I think the chatbot is kind.

WP3 I think the chatbot is caring.

CP1 Do you think the chatbot is competent?
CP2 Do you think the chatbot is effective?
CP3 Do you think the chatbot is efficient?

RS1 I feel satisfied with the chatbot's service.




RS2 I find the chatbot's service pleasant.

RS3 I find the chatbot's service good.

US1 I will use this chatbot again.

US2 I intend to use the chatbot regularly.

US3 I would use the chatbot for learning computer science.

RE1 The chatbot's response speed meets my needs.

RE2 I can quickly find relevant answers using the chatbot.

RE3 The chatbot provides accurate and consistent responses.

CAl The chatbot provides accurate answers.

CA2 The chatbot's generated responses are highly relevant to the questions.
CA3 The chatbot's responses align with the learning materials.

MoE TR oRIER A AR L ® s A g SUS £ £ (System Usability Scale) i :x ' iF
5 ALLPIE Ry o £ A& d Brooke(1996)# 4 0 3 52 X S RIELF B LRF g it
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Table 2 : SUS 4 52 & %

Item Description

SUS1 I think I would frequently use this chatbot to assist my computer science learning.
SUS2 I find this chatbot very easy to use.

SUS3 I think the chatbot integrates search and output functions well.

SUS4 I believe most students can quickly learn how to use this chatbot.
SUSS I feel confident when using this chatbot.
SUS6 I think technical support is needed to effectively use this chatbot.

SUS7 I need to learn many skills before I can use this chatbot.

SUS8 I find the chatbot's design overly complex.
SUS9 I think the chatbot's design lacks consistency.

SUS10 I think the chatbot's operation is cumbersome.
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Table 3 : Retrieval Efficiency - Content Accuracy ¥} /& Post-Recovery Satisfaction 2_ % {4 w Eﬁ;"

Post-Recovery Satisfaction

B SE B B T p
Retrieval Efficiency 0.23 0.10 0.23 2.24 0.03
Content Accuracy 0.42 0.09 0.45 4.49 0.00
R> 612
Adj R 0.38
F 28.91
df (2, 96)
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Table 4 : & * wgrig * 52 4p ikt T
Mean(SD)

score pre-use post-use
SUS 2.83(1.17) 2.86(1.12) 100 -0.30 0.76

df T p
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