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Abstract: In the communication industry, ensuring a high level of customer satisfaction is the key to maintaining
competitive advantage. Customer satisfaction prediction has low accuracy due to the scarcity of samples or incom-
plete data. At the same time, the interpretability of model prediction results is poor, which cannot provide effective
data support for differentiated care for dissatisfied customers. This article proposes a customer satisfaction prediction
method that combines zero sample learning. The auxiliary features extracted by ETS and t-SNE provide necessary
support for zero sample learning, enabling the model to maintain high prediction accuracy without a large amount of
labeled data. At the same time, SHAP is used to clearly demonstrate the contribution of each feature to the prediction
results, helping enterprises identify and locate key factors of customer dissatisfaction. Collecting customer satisfaction
data from a certain province in Southeast China to validate the model, the results showed that the accuracy of cus-
tomer satisfaction prediction in this paper improved by nearly 9%, and the success rate of customer care based on ex-
planatory analysis of dissatisfied customers reached over 81% .
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