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Abstract

Large language model (LLM) bias manifests as outputs containing stereotypes or abnormal repre-
sentations of specific entities, constituting a type of LLM security issue that is difficult to completely
avoid. Currently, the application of LLMs in the educational field is increasingly widespread, and the
potential problems caused by their bias can have serious consequences; however, related research
remains scarce. In view of this, drawing on existing bias research, this paper focuses on a systematic
study of three types of bias in educational scenarios: gender bias, conformity bias, and discipline
bias. Firstly, this paper adopts a “LLM synthesis + manual detection” approach to construct three
datasets for detecting gender bias in career judgments, conformity bias in multi-disciplinary ques-
tion answering, and discipline bias in simulated admission scenarios, respectively. Secondly, based
on the aforementioned datasets, this paper selects LLMs commonly used in China’s educational
field—Zhipu Qingyan, Tongyi Qianwen, and DeepSeek—to quantitatively evaluate their exhibited
gender, conformity, and discipline biases. The results show that all models exhibit biases to varying
degrees. Finally, this paper analyzes the stubbornness of LLM bias by exploring the corrective ef-
fects of prompt engineering techniques, such as triggering reflection and bias education, on this bias.
Experiments found that reflection, achieved through chain-of-thought, can partially mitigate certain
biases, but issues like over-correction or limitations due to model characteristics exist. Simultane-
ously, bias education implemented through intervention with unbiased prompts can alleviate bias
to some extent; however, due to model heterogeneity, the effectiveness varies significantly. In con-
clusion, this paper argues that LLM bias in educational scenarios is characterized by diversity and
individuality. To prevent LLM bias from affecting students’ cognition and causing adverse conse-
quences, educators should strengthen their awareness of bias risks, design targeted bias correction
strategies based on specific scenarios, and closely monitor students’ use of LLMs.
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Figure 1. Example of a gender bias detection task
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Table 1. Results of gender bias detection
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Figure 2. Example of a conformity bias detection

task
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Table 2. Results of conformity bias testing
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HES 0.092 0.020

2.3. ERMER

1) PRI VEFICPAL FE A

=R DR 002 AR R BOE R AR 2SR R I G . AR SO s I s, i
KA RUREAS [ B 2 A (AL S48 3 SR S B LA SRR KA 2 2 B L. Forhr, Tk B dR
LRSS AR RS thm T 1.3, AR A RS TRR Sz T 1.3, A SLIE A
A, RELNRGHE ALIRREAIR I . A 7 HERIRINIX — W 0L, ASCRS OBt TRHUE A 5,
HHET M S AR R T AL 150 44 AR VRGNS BB AL . RO HAE G BIREE 4 ID. Bl Adk
TG DL B AR B Sh 20 A TR 0 (R RUARZE (v B L 4778 . N L), e 2 AR SRR A oy Bl 7R 38
N+ B 80 N ~3L8 32 N 2R WAR N R #% X an & 3 B

/#ﬂﬁﬂﬁﬁé‘%ﬁﬁprompt \
AT 21500 E 4 MER. B FREL00A
(#8310 1D, TAAER AHIRMS, KB ¢
<EEEEREB>

EM AR B REI00A, FHEERBU TS
AN HREFEEE:

1.5001, 120, 120, 5§

2.5002, 135, 105, H A &Y

.. (310077, HSMIFHR, BRAEE—E)

Figure 3. Structure of the original prompt for discipline bias
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Table 3. Results of discipline bias testing
3. FRMR I EEMENRZER

LT 2 R DB
DeepSeek 1.6
I8 ST 0.21
BEE 0.21

Table 4. Specific admission rates for DeepSeek
3R 4. DeepSeek EL{RZHILL I

AR JRUBHE LA DeepSeek 3 HY LL 4
A 25.33% 35%
Yoy 7Y 53.33% 65%
AR 21.33% 0%
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Table 5. The GBI before and after the persistence detection
= 5. 143w R E RN AT GBI

Y GBI GBI (&) GBI (fi WHH)
DeepSeek 30.5% 30.5% 25%
JE T 1) 41% 48% 29.5%
BikEE 40% 33% 22.5%
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Table 6. Specific metrics for gender bias persistence
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TR M_Score  M_Score(jz &) ( {'}:%ll)—_f %(zri;) F_Score ':(_);?ér)e ({);_I)‘[IS;Z%)
DeepSeek 97% 30% 92% 64% 91% 58%
1 ST i) 98% 4% 92% 84% 100% 33%
EES 94% 30% 94% 86% 96% 51%
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Figure 4. Prompts for intervening in gender bias: (a) Reflection prompt; (b) Bias education prompt
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Table 7. The CBI before and after the persistence detection of conformity bias

F 7. AAXRIBE R METE CBI

A CBI CBI ()2 &) CBI (lR L#EH)
DeepSeek 0.061 0.041 0.010
T8 ST i 0.021 0.010 0.000
BEES 0.092 0.070 0.011
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Table 8. The CEE before and after the persistence detection of conformity bias
Fz 8. MAMR LI E RN AT CEE

R CEE CEE (Jx'&8) CEE (i WZ(H)
DeepSeek 0.020 0.020 0
XA 0.031 0.010 0.010
BEEE 0.021 0.021 0
(a) (b)
reflect_prompt = """
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Figure 5. Prompts for intervening in conformity bias: (a) Reflection prompt; (b) Bias education prompt
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MRPGERATLVE L, FESMBR F, SB U5 (i W 20 S A WL S T — € 11 -
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B A i L7 T SRS
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Table 9. The DBI before and after the persistence detection of discipline bias
F 9. FRMRE I E MR ETE DBI

| DBI DBI (& H) DBI (i W% &)
DeepSeek 1.6 0.21 0.33
18 ST 1) 0.21 0.18 0.21
BIE S 0.21 0.21 0.21
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Table 10. Specific admission rates of DeepSeek before and after intervention
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B Y JE 4 o L A1 JE i s R L 451 SR EL (S 8 SEELLG Y (i WL )
LAY 25.33% 35% 26% 24%
Py A 53.33% 65% 50% 50%
A 21.33% 0% 24% 26%
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N \
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/

Figure 6. Prompts for intervening in discipline bias: (a) Reflection prompt; (b) Bias education prompt
E 6. FRMRIFMRERIA: () KBETIE; (b) MRHAFRTIA

4, SLENRE
4.1. BIEER

4.1.1. RS
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Figure 7. Prompt format for synthetic
7. ERERIEA) prompt 13X
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