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Research on classifying telecommunication fraud cases
based on pre-trained large models
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Abstract; The increase in telecom fraud cases poses a severe threat to social security and economic stability. Traditional methods
for classifying fraud cases primarily rely on human experience and are confronted with issues such as low classification efficiency and
poor accuracy. This paper proposes a feature fusion model based on the pre—trained large—scale model BERT and LDA topic
modeling for feature extraction and classification of telecom fraud text transcripts. This model combines the deep semantic
understanding capability of the BERT model with the text topic analysis capability of LDA topic modeling. Through feature fusion
techniques, it effectively integrates the features extracted by both methods, thereby more comprehensively capturing key information
in telecom fraud text transcripts. Experimental results demonstrate that the model achieves a classification accuracy of 95.24% and
an F1 — score of 95.04%, significantly outperforming the GLM-4 model. The model performs excellently across 12 categories of
fraud cases (such as click farming rebates, impersonating e — commerce customer service, etc. ), with stable classification
performance and strong data dependency. The experimental results indicate that the model fusing BERT and LDA can effectively
capture textual semantic and thematic features, providing an efficient solution for intelligent classification of telecom fraud cases and
offering significant practical value in enhancing police work efficiency.
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Fig. 1 LDA topic model structure diagram
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Fig. 2 Relationship between perplexity and the number of topics
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Table 1 BERT feature extraction results ( partial)
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Table 2 Telecom fraud subject identification results
s EhRM FEERO (10 4Y)
1 il £ 35 ) HE BT A AT GR A RARER AR5 D REI SRR RS
2 H o R R RGBT P Bk R A KSR R RVEJR R ATAE SR IET
3 R 1B 190 2 13 02 B i [T | PO T R, RRUBEAS T Tty o R B T P Al SR IRRES i FASE ATAT
4 PERAIME R RIS, FECER JCHA R BT T2 R 2 AT OCR R R R IB R
5 RIS RS 5L SEMBEER P S 2R BRI AR M2 W RID R R AR R AR AN
6 i (B W M 55 RO 28 A R T E 4 BRI IR R R R GEFA ES
7 B AR S BURHLG PR GEES EAE REWEE Laks JHElA BEIE AP RS ALE T
8 EE LN AT e B K IFSAE AU kAT SCRBUE R i
9 PO £tk 7= i Rl (152 5 B s W Gk AR Bk R St AR AhE IRE IR AT 385 (Il . CDK
10 W25 B 238 ARG B AN BRI ARSI R ST TG | DT RS 9 R AL k4
11 o R B HARGE BRI A NG ] BRI B
12 BB WY FRBARIE A2 AR ERBE BESK KR EWR R EE R eSS RE SRR
®3 SXBEFEEREX
Table 3 Definition of various types of telecom fraud
HL VRS Rk
Ji B3R ] ) BRIV 2ok A R4 LA/ NGR F 5  52 7 B. S A5 IR 43 05 AR AR I A 4 FIRH , S VR
HRMMYHEER  VERS T A RF S s R IR, DU R e e b O ARAT IS
HEMR LA B SR T A R PO & i R A MR VR IR , — ELAR AW S T R s e 428
e AWINEIERS RS F B RATBOT R ], LR TIA B s IR B8O h WO T8 SR s SR IE 4 SOE VE DR
M RALAS B ¥ 5 SRR, AL (R th B IR e RO Ik B e K
HE 1B 1 R 55 3 AR A O AR I, LA 2l A b S IR ER A
BAAKIERBUFHLE B RAKIEASL, DI HLTE A BRI & 2k
EERIEE UN FIEESCR , LA 4 R S ST g S BRI
W iR IR S R AT R RIS 5 15 . IR I B e RGE B
P 25 R 23S I 3 oL WS ST DG R R R IR U
GRS FA B TR A AKOR) T P90 2 AR SR 1 3, g7 U L BUER R E
B R E WY B EBNEE A5, SR ¥ h S SR 54
RA XERGEEGR %5 LDA-BERT #E 5 &IEHR
Table 4 Text classification results Table 5 Classification indicators of LDA-BERT model
%5 25 ES e BRNEEL D HifH
0 il B35 ) 42 MiRTRS 0.952 4
1 EEENEEbES) 39 GRS 0.960 9
2 AR PO £ 43 ¢ BRIV 12 PENCIE 0.952 4
3 PERAIME 27 F1 58K 0. 950 4
4 B 21 2.6 EEILEITER
5 HE R0 4 IR 55 21 s s \ - NSRUIS
. AN, “ TR VERREE M43 2, TR 2 AT
7 EETE S YN 20 DNRETZ MR, LA PR HAE SR B b A 25 A
i Wﬁgzg :’ﬁgijﬁf 13 ATEEPE, N T RERRR R BN B, 4% LDA - BERT
0 i s BORLE % GLM -4 BURET AT L3000, M B o
1 BB 35 300 ZRHLG VRS2 Sk B B2, 2R 1T 70% ()1 25

£ 30% IR AR 5377 2K, LA 50 4> epoch Sl 25



12

EInG I SRV E YN LR R T E S LR e 73

JAIBERTINGR , 73 FAETRRT LRI 6,
£6 AR

Table 6 Comparison of categorical metrics
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