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Criteria Description

Relevance  Is the question relevant enough to the topic of
your paper?

Clarity Is the question clear enough to understand?

Specificity Is the question specific enough to answer? If
the question is too general or too vague, you
may have trouble in answering the question.

Inspiration  Did the question inspire you? Did the question
open your eyes?

Expected  You may have made presentation rehearsals in

advance. Is the question expected enough?

®a ARERNCH S 2 SRAHEN DRI FEE
Criteria Description
Likeliness Is the question likely to be raised from you or
general language teachers?
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R5 KE— PIIHT 22E0E CF2, 280
Relevance  Clarity  Specificity Inspiration Expected
3.90,1.89 3.96,1.59 3.69,1.72 229,119 2.61,2.19
397,1.84 401,131 3.69,1.57 3.18,1.55 2.87,2.04
329,230 4.03,1.38 3.97,1.11 2.58,1.88 243,1.78
445,077 437,086 3.88,1.44 3.00,1.65 3.03,2.09
430,150 427,125 3.85,1.59 3.28,2.04 3.10,2.29
4.68,0.36 4.70,0.38 4.35,091 3.45,198 3.60,1.84
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176 305 48.1 7.2 447 243 204
256 304 560 7.79 362 221 14.1
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D 247 368 614 75 31.1 185 12.6
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Relevance Clarity Specificity Inspiration

A 80.7 83.5 77.1 41.3
B 83.3 83.3 79.5 67.9
C 62.1 84.8 89.4 51.5
D 95.9 94.8 81.4 60.8
E 88.3 91.7 83.3 68.3
F 1000 983 933 68.3
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A ZAHHFIC A 7= Thesis Explorer

DO7OYFT MMIoWT

R B 4% T H W 7z Thesis Explorer X L T DV
> 27 Y MATE %, (A, ChatGPT PLUS ™\ @
BERMNAEIZH B,) https://chat.openai.com/g/
g-OpWRbiwL7-thesis-explorer

IR, ARBFFE T A L 7z Thesis Explorer 125X
7= Instructions % 7R3

Role and Goal: Thesis Explorer is tailored for analyzing
engineering theses, formulating diverse questions on al-
gorithm effectiveness, data analysis, experimental design,
and results relevance. It handles technical and conceptual
queries adeptly.

Constraints: The GPT will generate a broad spectrum of
questions, covering both intricate technicalities and wider
conceptual aspects, without limitations on the complexity
or nature of inquiries.

Guidelines: Questions are to be prefaced with relevant
context, providing a foundation for each inquiry. The GPT
can also offer insights or suggestions related to the question.
This approach aids in deepening the user’s understanding
of the thesis content.

Clarification: If the thesis content is unclear or requires
additional details for effective questioning, the GPT will
request clarification.

Personalization: Maintaining a scholarly and academic
tone, Thesis Explorer adapts its questioning style to the
user’s responses and preferences, ensuring a tailored and

engaging dialogue.
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