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Abstract: With the rapid development of artificial intelligence technology in education, teachers’ Al readiness is a key
factor affecting effective technology implementation. This study employed Latent Profile Analysis (LPA) to examine 505
K-12 teachers from central and western China across five dimensions: cognitive, attitude, capability, environmental,
and ethical. Four distinct teacher profiles were identified: AI Education Pioneers (13.3%), Active Explorers (37.0%),
Developing (42.4%), and Foundational (7.3%). Results showed significant differences across dimensions, with
universally high ethical awareness while environmental support and capability were key constraints. Differentiated
training strategies were proposed based on these findings.
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1. A%

A% (AD ERANAEALARKEMS. BHIZ 2017 FAHF (H—KRALEEKEAN
XY, HABH 2024 FARAH (FITERIKALFRLEAKS] (F—i) ), ¥HF505 Al £4&
B4t # 52K (UNESCO,2021) . %7 Al #% % (AlReadiness) £ 5% T EINFe, fE
BEL FRAMEET @ AIHF RO ELERS (Wangetal,2023) o #FREH, )P
WA Al B4 E L2 R FFHE (Wang et al,, 2023; Zhang et al., 2024) , {2ILA % % K A
TP OHE, RUBTEREEGEREDFZRHIE;, B REXZBE RIRATHIT, F+F 5
AAEIREIF R ERL B @yt (LPA) MERHAAR P SO F R T ik, RRBAET SAEL
TR A A ARG AL X 69 A AR, AR S AP AR A A A5 AR AT 50K B LPA 77 ik,
BAEE: ()P DNFHIT Al A& ZAETLBHELEINDEAE? QFRRHGHFEEANEL E
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2. FARF ik

2.1. FARILE

AR A B R IRE R EHIE. KRR L Karaca A (2021) #E698IF Al £& K
WERA (A, R, BEARE) , 65K EB T 5 AL KF G FRFEIIG I T I Y
BHITT AL A . AFRBIE 3 LHFRERIRE KA 2 & —KRHF L IFsHRA#ATE
, RBERXENINEREAT TIEIT, REAMET AL SA—BEEN (P IFHIFALY
REREEER) o BEAEKKRENEOH o FHH 0969, &4 EZANTF 0.881~0.966, * B[ EA:
B RIF. A AT &, KMO A4 0.946, Bartlett 3463 2 F (p<0.001) , 2 WMo 047
Fol K77 £ ikikds, RIS MFIEART 1 AR TF, BT £ ER 75.05%, LMK
B R IF

22. FRITZ

KRR SR TIRMET X, T2025F7 AP E T HIHE P ) FHIFRAE
F B & B MR R AP KB, FFA 2P A& 505 4o 2 P S 305 A(60.4%), B 1 200 A(39.4%) ;
AL X T 142 A (28.1%) , T3 363 A (71.9%) ; 15 144 A (28.5%) . @9 221 A
(43.8%) « &P 140 A (27.7%) - ¥ RFZETRR#HEBAFHAT T, BABIFRENR,

2.3, HAEMHT

£ 1 Mplus 8.3 #:47 LPA 9 #7. # LPA 7 iktyiEtim s, AANEZE IR EEZANT 0.62-
1.01 2 /@), % FREHK (CV) [ 015, ZHRSHELELERLY/MRE LR, E4EH
LPA iR 5 # & LB AR, RKIA 2-6 28R 224 AIC. BIC. Entropy & LMR #30# € &
R AN, HELHRETHEBERFTINEOGT L,

3. IRAEX

3.1, BEAA i

1 2T AR XA HAEA G M H54R. 4 £AEA AIC (4826.02) #= BIC (5077.34) ¥ 2
FHT 2. 3 £8A; Entropy & 0.862, £AIX 45 ER4F; LMR 4% (p=0.02) 274 £ 8%
T 3£ TR EANERALL (DL B 73%, n=37) , 6% =EREERNE, H
4 RAEA A AR

FREVNCEIE §L: SRS St

Profile AIC BIC SABI LM BLR Entro Class
No. C R p- T p-Valuepy Probability
Value

2 5173 5601. 5551. 0 0 0.811 280/225
.04 88 1

3 4959 5265. 5196. 0.01 0 0.871 46/297/162
.06 98 15

4 4826 5077. 4988. 0.02 0 0.862 214/37/187/67
.02 34 47

5 4826 4969. 4861. 0 0 0.884 7/207/44/178/69
.02 65 73
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3.2. W@ R HITH & AF L

EFEANGEGF NI, AR 4 RRIFA@oHNe LR Al ZHF24EE (n=67,
13.3%) « BARARE A (n=187,37.0%) « K& T A (n=214,42.4%) A= 3 #7% 352 (n=37,7.3%) -
24 1 A 2T v RHIFAE BAYEE LT 5 B3 @ AFAE,
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% Profile 1 (& Profile 2 (2R Profile 3 (X Profile 4 (%7  Post Hoc
J #A) KE) JeF) W 39)

N 4.75+£0.55 3.86+0.55 3.09+0.55 1.86+0.55 4>3>1>2
fn

0y 4.62+0.44 3.84+0.44 3.22+0.44 2.43+0.44 4>3>1>2
B

At 4.75+0.43 3.81+0.43 2.92+0.43 1.69+0.43 4>3>1>2
71

E78 4.12+0.62 3.42+0.62 2.78+0.62 1.60+0.62 4>3>1>2
5

1 4.87+0.60 4.03+0.60 3.50+0.60 2.90+0.60 4>3>1>2
si4
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4. W5 LT

4.1. FF R R

RKFRAH ZNEZRINBFENT R, — R FIRERE G, &R AL 4T
®dh (M=2.90-4.87) , X 5B 5 EHA£ %K% (Holmesetal.,2023) , T AR B E KBUR 3|
FEHRFRLEEEMOERER. —RFERZFRZXEFAMA, WEARITFIRTE AL
KT HAbse B, AR Kb A Fif 35 A R, X 5 w3 F80 % (2021) . Luo % (2025)
AR — . PHIFMEFREAR LA LD I FG" LR, RS T HITEEA ZRALAE
AR Ale ZRFEH Gikdkm B AT "L, REFAEIF AL H T (3.09) 1248 7 ik
(2.92) , RWAEGBE XL FEREGFEA, REFRXTALRERIE G )Tz
K, AR R @ T A AR S 30 E K 69 LA

4.2. £ FHIED| Rk

AT RHIFHHIE, R 2 FAIEDIRg, RER: ZHRA"FFRIF F"3Z 03T, &
FLIFIE, TLRFPRBRERSFERERHTFTHERN. AR FREAERNZI, RE
Al THRE R R S#FAHILT; BHFFI)ERK, ARAEFRARIFZF (Lo
etal., 2025) o AE PR "B+ ER"ZHEMELMIZN, KAESIES. AR (4o
"def Bl Al S B AIR") , B I REIERIZE I FNA; KA EFRARIRE, FIFA: Fik
"t —FH R, KL AT EANFEIEO; EIRAA F ARSI R
o F HARIRHEAKEIE (Lee, 2024)

B AR
FHE & M FE.Q021).F DFRIFHALFRKAFE LG9 EF L. IR ZIEH K
F,(04),66-75.https://doi.org/10.13927/j.cnki.yuan.20210708.001.
% (2017) o #H— K AT H A R & A X . hitp://www.gov.cn/zhengce/content/2017-
07/20/content_5211996.htm
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