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F 2022 4RIk, LA ChatGPT AR R AY KBS
FR A (large language models, LLMs ) 1 7#E A 23 Ak
M B ( Roumeliotis & Tselikas, 2023 ) . A lizC A T
e ( generative artificial intelligence, Generative Al )
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XAl R PR LS (Liu et al., 2025; Palominos et
al., 2024 ) KT FGR)ZH P A w5501
SE S NS T R, L, MIE AT LA
X LLMs iRl 518 A5 H R Ak BE 4y 0, A Bh
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etal, 2021 ) o FUIGHIEA G2, WTaES
BB FINHET (Tao et al,, 2024 ) , HET B 2
ST REA AR S A MA (Gallegos et al., 2024;
Zhao et al., 2019) ; JREE T ZIMEN S . AR
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S 2. REHRTT A AT TEC MR
B T AR E I I g, LA R R
KIRALH ;. BT NEE T, A LE Pl
RITEARIE 2o (Mol R ) T RGP E w2
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S ASRCI I D e YN R + Jieba + PsychWordVec rh3CrE L AR AR HIERTEE, 2023
[ T AL Python + scikit-learn + matplotlib PCA. t-SNE R4t 5m] ¥4k Anowar et al., 2021
B T Python + NumPy + Pandas T Fmb;rfﬁ; ﬁiﬁiﬁrgﬁﬁ/\ Villard, 2000
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Mann-Whitney U

BE 22 Nachar, 2008




B 5% ENAATEHECERREETHEXRER. BERBSREESN 261

x2 DIBERHEFERTETMH

G RSl PRIENE
Ql AR It aAIHESTR A S

Q2 B REAFIW A CIRAZINAR T ?

Q3 EEiS OB, RIZEaT

Q4 IR RAWBAZE, RZEAT

Qs g B2 [ O A A IR

Q6 IR VPR ERMLZ B A8

Q7 — i f RSB, RixELT

Q8 —Jefit R EURTRMENR A BT, DR A a] B2 - AR 7
Q9 — e fit R TR AL

Q10 Yyl A ZoR— A NI 1E 5 7

Qll Yy AR 2 a2

Q12 Yy AW 2 B 2 /7

Q13 5T FoBJERENATE, FAZ WL B A0S B3 R HAR?
Q14 RS TEE MOWNEIEIRSTVSL 25 e G [T 9 S § e

Q15 B EANFMFIZE AT

Ql6 AR A W A 3% 2 15 AT A B3R T o) sl T AR 2
Q17 EREYEN TEREM T O A T B O R

QI8 AR BEFITEC R T e R TR A 2 B 7

Q19 NS S FIZE 2RI —LE T BRI A A T T 1 o1 2
Q20 NS S ST TIREAIN

Q21 NS S B AT R AR R Y
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Tl s S AR S T A R R R TR 4y
Br, k20 R A BAAR [R] R 12 b i LA
=g
2.4.3 i LB S 2Rk

S BRI [P AT CEERIARAE, XAl AR
M TAREIL AL B, 5, B bninlim AR R 5
MRS, 23— 300 x 300 AUXTFRIE X4
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AFERAE N ATHTREAS, DL Fi A5 R i 3 (%) Bt LA
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F£F Mann-Whitney U #56( Nachar, 2008 ), X P4:51( 5
PR /2t ) PR (DU / B8I) AN 122 S (EE
13538 VPR RITE A [ A5 5 T i R Gk 2%

3 MIRER

3.1 FARAENE LA REE A A R

IR 25 R BN, BORLTE [ BRI B, 3
OIARRHEAEZS (B PR e A 25 5. FF o Il 2 IR
GRaH, AR RBUR OGS, RO T R
Xof [l R R IR AN ] o AL Sk EDUE 2 30 A
2258, XF 21 AN 30§81 XA AR s Rt T Tl
WA AT HT o 44 T ) RIS A X IO ) 22 1 25 4 J31)
it PCA 5 t-SNE Jrikfede, SMEMT =423,
SRR, A R RTAYN —FAL 45
BN . R S BRI S,
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®3 ZSYEEBTENHUENHESIEEILER

. {4 {4 sl gL il R
7 i 4 u 4 u 4
Ql 71 121 .76 .064 .73 .094
Q2 71 072 74 .079 75 .049
Q3 .76 .059 .79 .048 .76 .065
Q4 .76 .066 18 .077 .79 .064
Q5 72 .064 .76 .062 75 .059
Q6 .63 126 .70 .064 .66 .085
Q7 73 .071 .76 .058 .74 .076
Q8 49 155 57 156 .55 143
Q9 .69 .087 .69 .099 .69 074
Q10 71 .052 75 .046 75 .040
Q11 .69 .081 .73 .085 71 .082
Q12 .68 .057 .74 .047 71 .059
Q13 .69 .099 75 .086 72 .098
Ql4 .65 .089 72 .050 .70 .061
Q15 .65 .099 .66 130 .67 .097
Ql6 71 .045 74 .045 .73 .049
Q17 .69 .064 .73 .070 71 .080
Q18 .68 .079 72 .060 71 .062
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Q21 72 .082 15 .047 75 .048
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018 sHas ;
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-a- Temperature=0.5, Top_K=0.95
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& 6 BEREEFEXAMENSESINEELER

- DeepSeck DeepSeek ChatGPT ChatGPT EX) EX)
M a M o y23 a
Ql 76 064 73 .087 74 092
Q2 74 079 78 052 .80 045
Q3 79 048 79 054 78 062
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Q9 69 099 66 134 63 127
Q10 75 046 78 059 79 048
Ql11 73 085 80 058 79 052
Q12 74 047 5 .046 75 .051
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Abstract  Generative Artificial Intelligence (AlI) holds transformative potential for addressing persistent limitations in traditional psychological
health education systems, particularly constraints related to accessibility, uneven distribution of resources, and the lack of personalized support.
However, critical concerns persist regarding their reliability, interpretability, and fairness, particularly in high-stakes scenarios such as psychological
guidance.

This study employed a word embedding-based Comprehensive Semantic Behavioral Analysis Framework (CSBAF) to systematically evaluate
the semantic consistency, response strategies, and systemic bias of LLMs in psychological health education contexts. Grounded in the theory of verbal
behavior, the framework conceptualizes Al-generated language as both informational content and social action. By integrating semantic structure
analysis with contextual strategy evaluation over iterative interactions, the framework offered advantages over traditional evaluation criteria such as
content accuracy, providing a deeper behavioral perspective on Al performance in psychologically sensitive domains. To operationalize this framework,
we utilized DeepSeek as the primary model and conducted comparative testing with ChatGPT and Doubao to assess cross-model generalizability.
The evaluation was based on 21 structured prompt templates adapted from established psychological education handbooks, encompassing key themes
including depression, anxiety, general health, substance use, meaning and existence, lifestyle, and interpersonal relationship. Each model was evaluated
under three sampling configurations, by adjusting the sampling parameters of temperature and top p. For the semantic consistency assessment,
responses were transformed into vector representations using Chinese word embeddings. Semantic similarity across 30 repeated dialogue iterations was
quantified using the Frobenius norm and visualized using dimensionality reduction techniques (PCA and t-SNE). Clustering analysis was employed
to identify and characterize distinct response strategies exhibited by each model. In addition, expert-based evaluation methods were employed to
systematically assess the primary model across six dimensions: accuracy, clarity, relevance, empathy, engagement, and ethical considerations, with all
assessments situated within the contextual frameworks of gender and ethnicity.

This study yielded three principal findings regarding the performance of LLMs in multi-turn psychological dialogue scenarios. First, in terms of
semantic structural similarity, the primary model demonstrated a strong correlation between response patterns and question types. Although semantic
distribution exhibited structural changes with adjustments in sampling parameters, the impact of question type on semantic stability surpassed that of
parameter variations. Cross-model comparisons showed parameter settings play a major role in generative patterns. Nonetheless, for certain question
types, the prompts remained the dominant factor influencing semantic behavior. Second, in terms of response strategies, each model showed relatively
stable and distinguishable strategic preferences for specific question types, and these tendencies were closely related to model architecture and
parameter settings. Third, in the bias analysis, male-context prompts were more likely to elicit information-focused responses, while female-context
prompts triggered more emotionally expressive outputs. These results suggest the presence of implicit social role tendencies in LLMs.

In summary, these findings validate the practical potential of LLMs for augmenting psychological health education. Future research should
further investigate how generative Al could be integrated into human-Al collaborative systems to better support educational practice.

Key words generative artificial intelligence, psychological health education, semantic behavior, large language models, word embeddings



