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Abstract: With the rapid development of next-generation artificial intelligence, learning analytics is shifting from coarse-
grained, outcome-oriented prediction toward fine-grained modeling of learners’ cognitive, emotional, and behavioral
processes. This study adopts a structured narrative review of 69 core publications and organizes the literature into six
learner-modeling tasks: knowledge state diagnosis, learning emotion analysis, learning engagement analysis, learning
attention recognition, learning habit mining, and learning outcome prediction. The findings show an uneven integration
of next-generation Al into learning analytics: deep learning and multimodal approaches have become important pathways
in several tasks, while GenAI/LLMs currently contribute mainly to semantic understanding, explanation generation, and
feedback support. Based on these findings, the paper proposes three directions for future research: cross-task linkage,
human-AI collaboration, and low-intrusion governance.
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1. 53]%

HERESE, 2BEFIMHTEARIXAIERBERARERT T, FIPHEGUITA
A & AegE RN A E AL E AT, Fexd 5 3 ik, WG A L4206 ks AR

(Siemens & Long, 2011; Angeli et al., 2017; Mohammadi et al., 2025) . K THAUFHAE S

REA TP TN, FHT—RALIFR—FT AR T IRRESLW . FIAFLEST. FIK
ANDH . FAFZERA., FIAMEZREAFIERAMNFLSFGRIEE S, F—F @mbiE
FIAPHBRERANRBENFEI]HFARRESEF IR, kIR, ~F, BR5EESE
#FH a9 FH P A (Khosravi et al., 2025; Schulte et al., 2023) .

MAARERSBEBARBLZ, REBRERE RN TR, BIAFIFERELEE Z AL
BARRMESZ MR, BARZEERK) . ATRE—FRE, KRB A—F
RB—IT A H5dAZ RN T F4, BHXARALASNEFZIFERLES: 20RE
B, FAHEPH. FARAGH. A EFEZERAN, FIJREZH/EFZIERZHAN, K
LKEZAFA: HT—RALFRIEN TFIPHEZANEFGS AL, KEFI. FES
FIA0HMHE GenAlI/LLM 44T £ FALRIR 5 TS " 5RAF I AR KK TR 4=
it R AR A AL R RT 5% E (RER F,2019; B3 & X AR, 2020, &
Heth %,2023)
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2. XBEFEELSWFH &

KFH—RALF BT I 0T RS, RES T EEARBRRFRAE, ALK
MR LR, AEREEENE 5HES %S (Angelietal, 2017) o Xakie
% VA Web of Science #= CNKI A £, # Wk arXiv 55| LA TR, B EiEABFE2FIp#. ~£
H5 R H—K Al FHARKE, REANHUN 69 B Lk, KRB ANm—FR—ITHS
“AARE RV EFH, FLRKBEASEF ) HZEEL S, £ 5F 2K ARIE T ZFN RAR
AR, RXARAERA + B RARE R UHES L LT,

ARBTRNE, ALKARARS B, £HIKEHELRSHILRE, 66 HE—
ERA I ZHAT— BT, 2RI T, FETHAGKRAF AN, TEXH A —KELR
100% (Cohen’s kappa=1.00) ; “£ % # &% GenAIULLM”F B 5% £ARE 6 —HEH A A
98.5% (kappa=0.90) #= 97.0%. *HE K ZEFH, BHARXE WA R— EIRE T AR LR
A VATH R
3. BRE9AT: RIS XHEH

ok 18 Al 28 P, T —RAIFREFIPH TS ELNRNEGIENEHER. 4
RREBLW . FIAFEM. FIEZRRANFE BN L AR KE T OO 540
B, EVYREFI)ELEBEZECHRETEHARNBEZ, MLZ T, FIIBREZHES
GenAl/LLM 9468 A M, RAAAKARITHEEFOE AL FHRENE (B L
& MHHE,2024; EXetd %.2023; ME & A KR, 2020) o NESIREAE, FinkA L
Fodr ) 4 RN AR @A ], MmFE. BN EZFAES N 2 LRI IS 3]0
m (K ER 55,2019, XFR & B, 2019) o

MTrkgdAE, REFI 5P ERERBLT FI oI REIEERNE S, S4
BFEISHNTRET HHFEE. BAFEEZFATRRSIRFHTEER; GenAI/LLM % AT £ &1
ETAaBRERER, MATRIFELSHLANEENATHRE, TXLGILFEME, £5
ST IR A hy b R e o 04 ) “h b AR 5 T — 7 #0° (Mohammadi et al., 2025; Wang
et al., 2025; Yang et al., 2024; Khosravi et al., 2025) . HrR 8, H4%. FE5H/AFEST
AR, ARAELE R BEFTORM, LRKT SEALNERZENF R (Schulte et
al., 2023) .
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