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Automated and Dependable
Fixing rules
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Rule Collector

Data

ETLs, CFDs, MDs,
Business rules

Data Loader

Violation Detection

Data Repairing

Rule Compiler

Detection and Cleaning Core

Rules

Data owners
Experts

extensibility

heterogeneity interdependency

metadata management and data  custodians 
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NADEEF Online
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NADEEF

Volumn

Spark

Velocity

Inc
Interface

ValidityAnnotation

Veracity

Consistency
Accuracy
Currency

Variety

KBs
Web tables



• Error detection!

• Rule discovery and validation!

• Combining different methods!

• Explain errors to users!

• Summarization !

• Visualization!

• Reliable data repairing!

• Effectively involve users as first-class citizens

Future Work

24


