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Problem Statement: . Dataset

Comcast’s CX data contains valuable insights, but existing analytics mainly categorize why customers contact the
company without capturing actions and resolution paths. Deeper questions therefore require manual review and
custom pipelines, limiting speed, scalability, and reuse.

Project Goal:

Develop a robust, granular LLM-based tool that enables interactive exploration of customer conversations ' Call Interactions & Custome.r & Agent
while reducing insight-extraction time from days to seconds. ; Meta Data Attributes
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Result & Impact
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