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CERCIS
Cincinnati Entity Resolution, 

Combination, and Information 
System

 Identifying Companies

 Resolving into single entities

 Discrepancies/Fraud Detection



CERCIS

● World Bank “Major Contract Awards” Dataset
○ No address or distinct identifiers
○ Missing cells
○ Only consistent point is Supplier Name

● Company names are inconsistent
○ Input by individuals
○ Different representations of the same name

● Prevent giving loans to fraudulent companies
○ Purposeful misspelling of names
○ Name changes
○ Predict fraudulent behavior



Entity Resolution



Resolving Entities

● Company names are the consistent minimum
● Syntactic and Semantic Resolution
● Build relationships between entities
● Resolve entities to their single identities
● Results in unique, non-duplicate entities

for reference



Semantic 
Contribution 

Syntactic concerns the physical 
structure of the name

Semantic attempts to find what the 
name means/represents intuitively



Semantic Contribution

● Syntactic attempts to find similarity between names, but sometimes that can 
fail

○ Complete name changes: Valujet, Airtran => Southwest
○ Alternate representations/abbreviations: SMEC, Snowy Mountain Engineering Corporation
○ Individual people’s names

● Semantic finds missing connections by meaning of terms
○ IBM and International Business Machines

● Variety of methods/features available



Semantic Contribution

International Business Machines IBM 



Semantic Contribution

● Valujet, AirTran, Southwest
● No Google Search Connection
● No Syntactic Connection
● Wikipedia Connection



Google Search



Basis

● Multiple representations (names) of same entity
● Google provides results “most relevant” to user
● Page rank, search selection, etc.
● Searching IBM and International Business Machines returns largely same 

results
● First results are considered most relevant



Implementation

1. Entity names are normalized and duplicates are removed
2. Search using normalized name on Google, scrape first 10 result links

a. Want to keep only the most pertinent links, few go beyond 1st page

3. Store result links, get number shared between 2 entities (intersection)
4. Add connection to Neo4j Graph
5. Query



Neo4j Graph



SMEC, r.score >= 2, limit 100

 



All, r.score >= 9, limit 100

 



General Graph, limit 200

 



Truth Set/Survey



Problem Areas

● Currently have no knowledge of “correct” clusterings
● Companies believed to have three possible relationships:

○ Same
○ Subsidiary/Branch
○ Different

● Need a “Truth Set” to determine accuracy

PWC
PRICEWATERHOUSECOOPERS
PRICEWATERHOUSECOOPERS CONGO
PRICEWATERHOUSECOOPERS OF UGANDA
PWC-COMFED
PW CONSULTANTS

Same?
Sub/Branch?

Different?



Survey

● Relationship between two entities
● Confidence level
● Mixture of random and chosen
● Currently using SurveyMonkey
● Dynamic survey development



Additional Features



Top-Level Domains

● Each of the 10 urls saved per entity has a TLD
● Potential additional identifier (ibm.com, pwc.com, etc.)
● Problem:

○ Important (ibm.com)
○ Non-Important (wikipedia.org)



Wikipedia Scrape

● Find Wikipedia page
● Scrape links and terms
● Build connections
● Problems:

○ Wikipedia Search
○ Wikipedia Urls


