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Abstract

This study addresses the low efficiency in contact channel selection for existing customer operations within the telecommunications
industry by proposing an intelligent channel recommendation model based on multi-dimensional user profiling. Traditional manual
rule-based methods, primarily relying on operational experience for channel matching, suffer from incomplete coverage of user
characteristics and delayed response to dynamic behaviors, leading to high operational costs and excessive user disturbance. To
overcome these limitations, the model systematically integrates static attributes (e.g., age, gender, network tenure) with dynamic
behavioral data (including historical channel response rates and service subscription preferences). Leveraging the XGBoost algorithm,
the predictive model effectively optimizes channel allocation strategies. Experimental results demonstrate significant improvements:
48.4% enhancement in manual operational efficiency and 29% reduction in single-service operational costs compared to conventional
approaches. Notably, the model successfully transitions specific services from outbound calls and offline channels to digital channels,
establishing an efficient operational framework for telecom customer retention and value enhancement.
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