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[Abstract]

This study examines whether large language models (LLMs) can perform automated grade classification for Career Sentence
Completion Test (SCT) responses using prompt engineering alone, without fine-tuning, and analyzes how prompt components
affect classification performance. Using 1,200 stratified samples from the AI-Hub Career SCT dataset, four prompt conditions were
designed by cumulatively adding role instructions, an evaluation rubric, few-shot examples, and chain-of-thought reasoning, and the
performance of GPT-40-mini was compared across these conditions. The results show that the condition including few-shot
examples achieved the best performance, with an accuracy of 68.9% and a QWK of 0.725, meeting the practical acceptance
criterion for automated scoring. In particular, the classification accuracy for borderline responses improved, and both over-grading
and under-grading were reduced. These findings indicate the practical applicability of LLM-based automated grading in career

counseling contexts and highlight the importance of providing concrete examples in prompt design.
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Table 3. Comparison of grading performance by prompt

condition
. Accuracy Over Under
Condition (%) QWK | Macro F1 (%) (%)
Baseline 65.8 0.706 0.641 56.9 431
+Rubric 62.4 0.638 0.599 20.0 80.0
+Few-shot 68.9 0.725 0.695 50.1 49.9
+CoT 67.4 0.719 0.670 72.9 271
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Fig. 1. QWK comparison by prompt condition
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Table 4. Performance changes by prompt component

Component added AQWK | AAccuracy (%p) | AMacro F1
(fror:\R;:gecline) ~0.068 3.4 -0.042
(f;’:rr?\ﬁ;tsuhb?itc) +0.087 +6.5 +0.096

(from Iggvt—shot) ~0.006 -1.5 -0.025
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Table 5. Performance by grade (+Few-shot condition)
Grade Precision Recall F1-Score
High 0.698 0.640 0.668
Medium 0.544 0.650 0.592
Low 0.876 0.778 0.824
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6. SwztE MMM Ms v (+Few-shot =)
Table 6. Grading performance by school level (+Few-shot)

School level Accuracy (%) QWK Macro F1
Middle school 68.2 0.716 0.689
High school 69.7 0.735 0.700
080 QWK by School Level
--- Target (0.70)
[ Middle School
[ High School

0.735 0733

0.722
0.716

0.705

0.70 T6Y0

0.654

0623

Baseline +Rubric +Few-shot +CoT

38 3. +Few-shot Z=742| tWl= QWK Hluw
Fig. 3. QWK comparison by school level (+Few-shot condition)
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A-1. Baseline
## [System Instruction]
Fae Azgd ARAY.
el AERALAR $BE BA] ARASE SRE BIPUT
## [Input]
23 {question}
-5 {answer}
## [Output Format]
EA tH gson G402 SRS
{"grade": "/v} IEE ("grade": "F"} EE {"grade nahey
## [Hard Constraints]
1STE M= (8 E ) I dad.
2. Json B2 9e| HrES F¥sA et
A-2. +Rubric (additional component)
## [Scoring Criteria]
d: A0 B4, AF, AARL FAdos E4T.
23 A ARopdo] Waa] T,
Z: Ae] B4S Bdoh} FaF0AL D
84 29.
s Ade] B4 A4S BeA} 2AA oby.
SV ED
g SgolEtE FAHoln FAHOH b oE e
sorTheEl A9 HE 9 % STIe 12103 A
A-3. +Few-shot (additional component)
## [Few-shot Examples]
Bg: REde UE | S8 A%EG | S 4
Ee: W7 Adshs el sde | $8: T} Ak | S8 4
B W7} bg Folshs BEE | £ ALY | SF: 3
B U7t deld A Faw Ae | &9 AR 55 F
B 7 4R e Ae | 3% 22A | 58: o
29 Wb Adarlel e | 5% Aoet | 5 @
A-4. +CoT (additional component)
##+ [Task]
che DAl ule} A
L $"eA AlQ4e] FANT FRAE B4R,
2. Scoring Criteria®} B3] 73 HAEYP S5 AT},
3. @3 279 T8¢ =¥drh.
## [Output Format]
{"reason": "¥AF =A 1-28%F", "grade": "}/F/3s}"}

* The prompt is shown in Korean to preserve linguistic and contextual
fidelity, as the experiment evaluates a Korean—language model
using native Korean counseling data.
O 4. M3 TE ZEEE 73

Fig. 4. Prompt structures across experimental conditions
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