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Motivation
Digital Libraries (DL) often have many errors 
that negatively affect: 

Quality of DL
Query results
User experiences
Bibliometric research
…

We present 2 specific problems that often 
occur in scientific literature DL
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Eg. 1: DBLP
Different authors’ citations are “mixed”
under the same name heading

Mixed Citation (MC) Problem
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1. Mixed Citation Problem

Given a collection of citations (C) by an author 
(ai), can we identify false citations by another 
author (aj), when ai and aj have the identical 
name spellings (i.e., homonym)?

Solution: Citation Labeling Algorithm
Idea: for each citation in the collection, test if the 
citation really belongs to the given collection
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Eg. 2: ACM DL Portal

Jeffrey D. Ullman
@ Stanford Univ.

Same authors’ citations are “split”
into various name variants 

Split Citation (SC) Problem  



IQIS 2005 7

2. Split Citation (SC) Problem

Given two lists of author names, X and Y, for 
each author name x (∈X), find a set of author 
names, y1, y2, …, yn (∈Y) such that both x and 
yi (1 ≤ i ≤ n) are variants
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2. Split Citation (SC) Problem

Given two lists of author names, X and Y, for 
each author name x (∈X), find a set of author 
names, y1, y2, …, yn (∈Y) such that both x and 
yi (1 ≤ i ≤ n) are variants

“tuple”

= Database Join Problem 
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2. Split Citation (SC) Problem

Given two lists of author names, X and Y, for 
each author name x (∈X), find a set of author 
names, y1, y2, …, yn (∈Y) such that both x and 
yi (1 ≤ i ≤ n) are variants

“record”

= Record Linkage Problem 
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Naïve Solution
For each author name x in X

For each author name y in Y
If x ~ y, name variant !

DB: Nested Loop Join
RL: Pair-wise Record Match

O(|X||Y|)

dist(x,y) < t
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Challenge 1: Scalability
O(|X||Y|) is too costly
Solutions

DB: Hashed Join
RL: Blocking

1.4CompSciCSB

0.6CompSciDBLP

0.5PhysicsSPIRED HEP

0.3Physics/MatharXiv

10
General 

Sciences/
Engineering

CiteSeer

12Life ScienceMedline/
PubMed

23ChemistryCAS

25General 
Sciences

ISI/SCI

Size (in M)DomainDL

For each name x in X
Assign x to block b (∈B)

For each name y in Y
Assign y to block b (∈B)

For each block b (∈B)
Do naïve-solution

O(|X|+|Y|+|B|a) << O(|X||Y|)
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Challenge 2: Distance
Diverse name variations

“Jeffrey D. Ullman” “J. Ullman”
“Alon Y. Levy” “Halevy, A.”
“W. Wang” “X. Wang”
“Sean Engelson” “Shlomo Argamon”

Solution
Look at additional information of the author names
Eg, 
Coauthor list
Keywords used in title
Venues to submit
Year
Affiliation
…

dist(x,y) ~
Wi*dist(C(x),C(y)) +
Wj*dist(T(x),T(y)) +
Wk*dist(V(x),V(y)) 
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1: Jeffrey Ullman

…

…

…

m: Wei Wang

…

10550: W. Wang

…

150466: Jeffrey D. Ullman

…

351455: Liwei Wang

…

n: J. D. Ullman

Measuring
Distance

Measuring
Distance

Wei Wang’s
Block

Jeffrey Ullman’s
Block

Rank  ID          Name
--------------------
1 150466 Jeffrey D. Ullman
2     n      J. D. Ullman

Wei Wang:

Name Disambiguation Algorithm
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Step 1: Blocking
Many blocking methods can be applied

Sorted Window
Token-based
N-gram
Sampling

We applied Gravano (2003)’s sampling-
based join approximation algorithm as a 
blocking method

Comparison with other blocking methods => 
JCDL 2005
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Step 2: Measuring Distance
Naïve Bayes Model

Use Bayes’ Theorem to measure 
similarity between two names

Support Vector Machine
Use SVM Classifiers 

String-based Distance Metrics
TFIDF/Jaccard (Token-based)
Jaro/JaroWinkler (Edit distances)

Vector-based Cosine Distance
Cosine Similarity

Supervised

Un-supervised
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Policy Variations

Blocking
Measuring 

Distance
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Data sets
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Configuration (eg, DBLP case)
Authors, x, in X and authors, y, in Y
Prepare an artificial name variant x’ for K randomly-
chosen x (eg, K=100):

Abbreviation of the first name (85%): “Ji-Woo K. Li” → “J. K. Li”
Typo (15%): “Ji-Woo K. Li” → “Ji-Woo K. Lee”
x’ carries half of x’s original citations
x carries the other half
Inject all x’ into Y

Test: “for each author x in X, find the corresponding 
name variants x’ in Y”
Evaluation metrics

Time
Accuracy 

Varying error types gave consistent
results. For instance,

Name Abbreviation: 30%
Name Alternation: 30%
First Name Misspelling: 12%
Last Name Misspelling: 12%
Contraction: 2%
Middle Name Initial Omission: 4%
Combination: 10%
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SC: Accuracy (DBLP)
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SC: Accuracy (All data sets)
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Related Work
Identity / Entity Matching

Database Join
Record Linkage
Merge / Purge
Ontology Matching
Graph Matching
…

Name Authority Control Problem in LIS

Please see the paper for details
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Future Work
Using additional information of author name

Essentially, token comparison

Better way: coauthor information as a Graph
Graph matching / partitioning
Sub-graph detection 
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Conclusion
SC Problem

Using additional information (eg, coauthor) than 
name itself is better in distance measure
2-NC/2-NH outperform 1-N/2-NN
SVM or Cosine shows the best accuracy (90-
93%)


