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Abstract: Customer escalated complaints serve as a critical indicator for measuring service quality and are vital for
improving service quality and resolving customer issues. A hybrid learning approach LLM-RFE-XGBoost was pro-
posed for early warning of potential escalated complaints. Firstly, large language models (LLM) was utilized to ex-
tract semantic features from customer call text. Then these features were integrated with original structured data, after
which recursive feature elimination (RFE) was applied to select the optimal feature set. Finally, XGBoost was em-
ployed for prediction using all selected features. To validate the effectiveness of the model, predictive analysis was
conducted using production data from a provincial telecom operator as the research subject. Empirical results demon-
strate that the proposed LLM-RFE-XGBoost hybrid approach delivers optimal predictive performance. After practical
application in a provincial telecom operator, escalated complaints decreased by 6.7%, which is of great significance
for improvement of the service quality and customer satisfaction.
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BRBREIR T2 0E . WA F g f 8
AT A ATEAR A $RAT e, UULRD S
R SIS A5 AT B D73 AR, WA O AR N 14 it
HWAERI S, BFX AT ok (1) in) A7 A0 5 i@
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FHRIE s Lo 3 T Bk e U A S B 4%

YRHIR P A, gl R ) R ) LE BB = s FL-
score &A% 5 H BIZR R AEIE, EHTA
PR 2R SV . VAR TRAR I BRI A0
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ing machine, LightGBM) 3 /> FiHLAS 2% 2] 732K
RS A Dy ik v RRY E 47 0 EE 3 A, K Preci-
sion. Recall #1 F1 18 3 Tt 97l 48 45 % e A T 00 452
R REHEAT VR -
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75 FHIE 2 R FHIERTA
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3 satisfaction_score N L sl 8Py
4 duration JEIGR K
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7 unsatisfy order_cnt LA RS IR
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