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Content Analysis

Study of recorded human communication

Summary and quantitative analysis of
communicated messages

@ Researcher looks for patterns/themes in text;
develops “code frame” to categorize text

@ Essentially, variables are extracted from text

@ Based on scientific method; establishes objectivity
via inter-coder reliability
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What the Data May Look Like
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Thank You

@ Any questions contact Loren Collingwood
lorenc2@uw.edu
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