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Some Statistics from DBLP* 

• Top 10 authors with most number of papers 

• Wei Wang (476 papers) 

• Top 5 authors with most number of co-
authors 

• Wei Wang (656 co-authors) 

• Top 10 authors with most number of 
conference papers within the same year 

• Wei Wang (75  conf. papers in 2006)  

*http://www2.research.att.com/~marioh/dblp.html 

(last updated on March 13th 2009)  

http://www2.research.att.com/~marioh/dblp.html


Some Statistics from DBLP 

 

-How many Wei Wang’s are there? 
-What are their authoring histories? 



Some Statistics from YellowPages 
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-Are there any business chains? 
-If yes, which businesses are their 
members?  



Record Linkage 

• Record linkage takes a set of records as 
input and discovers which records refer to 
the same real-world entity. 

 

• Existing record-linkage techniques (surveyed 
in [Elmagarmid, 07], [Koudas, 06]) 

• Focus on different representations of the same 
value 

• E.g., IBM vs. International Business Machines 
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Diversity in a Dynamic World 

• In reality, we observe value diversity of entities 

• Values can evolve over time  

• Catholic Healthcare (1986 - 2012)  Dignity Health (2012 -) 

• Different members of the same group can have diversity 

 

 

 

 

 

• Some sources may provide erroneous data  
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ID Name Address Phone URL 

001 F.B. Insurance Vernon 76384 TX 877 635-4684 txfb-ins.com 

002 F.B. Insurance #1 Lufkin 75901 TX 936 634-7285 txfb.org 

003 F.B. Insurance #5 Cibolo 78108 TX 877 635-4684 

ID Name URL Source 

001 Meekhof Tire Sales & Service Inc www.meekhoftire.com Src. 1 

002 Meekhof Tire Sales & Service Inc www.napaautocare.com  Src. 2 



• Record linkage in a dynamic world 

• Tolerance to high diversity of values 

 

• over time  - linking temporal records 

 

• among different members of the same group  
- linking group members 
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Diversity in a Dynamic World 



Linking Temporal Records 
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• Luna’s DBLP entry  

Real-life Stories from Luna (I) 



 

Real-life Stories from Luna (II) 



Sorry, no entry is found for Xin Dong 

Real-life Stories from Luna (III) 

• Lab visiting  



1991 1991 1991 1991 1991 2004 2005 2006 2007 2008 2009 2010 

r1: Xin Dong  

R. Polytechnic Institute 

r2: Xin Dong   

University of Washington 

r7: Dong Xin   

University of Illinois 

r3: Xin Dong   

University of Washington 

r4: Xin Luna Dong 

University of Washington 

r8:Dong Xin 

University of Illinois 

r9: Dong Xin 

Microsoft Research 

r5: Xin Luna Dong 

AT&T Labs-Research 

r10: Dong Xin   

University of Illinois 

r11: Dong Xin   

Microsoft Research 

r6: Xin Luna Dong 

AT&T Labs-Research 

r12: Dong Xin   

Microsoft Research 

-How many authors? 

-What are their authoring histories? 

2011 



1991 1991 1991 1991 1991 2004 2005 2006 2007 2008 2009 2010 

r1: Xin Dong  

R. Polytechnic Institute 

r2: Xin Dong   

University of Washington 

r7: Dong Xin   

University of Illinois 

r3: Xin Dong   

University of Washington 

r4: Xin Luna Dong 

University of Washington 

r8:Dong Xin 

University of Illinois 

r9: Dong Xin 

Microsoft Research 

r5: Xin Luna Dong 

AT&T Labs-Research 

r10: Dong Xin   

University of Illinois 

r11: Dong Xin   

Microsoft Research 

r6: Xin Luna Dong 

AT&T Labs-Research 

r12: Dong Xin   

Microsoft Research 

-Ground Truth 

3 authors  

2011 



1991 1991 1991 1991 1991 2004 2005 2006 2007 2008 2009 2010 

r1: Xin Dong  

R. Polytechnic Institute 

r2: Xin Dong   

University of Washington 

r7: Dong Xin   

University of Illinois 

r3: Xin Dong   

University of Washington 

r4: Xin Luna Dong 

University of Washington 

r8:Dong Xin 

University of Illinois 

r9: Dong Xin 

Microsoft Research 

r5: Xin Luna Dong 

AT&T Labs-Research 

r10: Dong Xin   

University of Illinois 

r11: Dong Xin   

Microsoft Research 

r6: Xin Luna Dong 

AT&T Labs-Research 

r12: Dong Xin   

Microsoft Research 

-Solution 1: 

-requiring high value consistency 

5 authors 

false negative  

2011 



1991 1991 1991 1991 1991 2004 2005 2006 2007 2008 2009 2010 

r1: Xin Dong  

R. Polytechnic Institute 

r2: Xin Dong   

University of Washington 

r7: Dong Xin   

University of Illinois 

r3: Xin Dong   

University of Washington 

r4: Xin Luna Dong 

University of Washington 

r8:Dong Xin 

University of Illinois 

r9: Dong Xin 

Microsoft Research 

r5: Xin Luna Dong 

AT&T Labs-Research 

r10: Dong Xin   

University of Illinois 

r11: Dong Xin   

Microsoft Research 

r6: Xin Luna Dong 

AT&T Labs-Research 

r12: Dong Xin   

Microsoft Research 

-Solution 2: 

-matching records w. similar names 

2 authors 

false positive  

2011 



Opportunities 
ID Name Affiliation Co-authors Year 

r1 Xin Dong R. Polytechnic Institute Wozny 1991 

r2 Xin Dong University of Washington Halevy, Tatarinov 2004 

r7 Dong Xin  University of Illinois Han, Wah 2004 

r3 Xin Dong University of Washington Halevy 2005 

r4 Xin Luna Dong University of Washington Halevy, Yu 2007 

r8 Dong Xin  University of Illinois Wah 2007 

r9 Dong Xin  Microsoft Research Wu, Han 2008 

r10 Dong Xin  University of Illinois Ling, He 2009 

r11 Dong Xin  Microsoft Research Chaudhuri, Ganti 2009 

r5 Xin Luna Dong AT&T Labs-Research Das Sarma, Halevy 2009 

r6 Xin Luna Dong AT&T Labs-Research Naumann 2010 

r12 Dong Xin  Microsoft Research He 2011 

Smooth transition  

Seldom 
erratic 

changes  

Continuity of history 



ID Name Affiliation Co-authors Year 

r1 Xin Dong R. Polytechnic Institute Wozny 1991 

r2 Xin Dong University of Washington Halevy, Tatarinov 2004 

r7 Dong Xin  University of Illinois Han, Wah 2004 

r3 Xin Dong University of Washington Halevy 2005 

r4 Xin Luna Dong University of Washington Halevy, Yu 2007 

r8 Dong Xin  University of Illinois Wah 2007 

r9 Dong Xin  Microsoft Research Wu, Han 2008 

r10 Dong Xin  University of Illinois Ling, He 2009 

r11 Dong Xin  Microsoft Research Chaudhuri, Ganti 2009 

r5 Xin Luna Dong AT&T Labs-Research Das Sarma, Halevy 2009 

r6 Xin Luna Dong AT&T Labs-Research Naumann 2010 

r12 Dong Xin  Microsoft Research He 2011 

Less 
penalty on 
different 
values over 
time   

Less reward 
on the same 
value over 
time   

Intuitions 

Consider records in time order for clustering 



Problem Statement 
 Input: a set of records R, in the form of 

(x1, …, xn, t) 
t: time stamp  
xi: value of attribute Ai at time t 

 

Output: clustering of R such that  
records in the same cluster refer to the 

same entity 
records in different clusters refer to 

different entities 



Overview of Our Solution 

• Apply time decay in record similarity 

• Decay allows tolerance on value evolution 

• E.g. Decay of address learnt from European Patent data  

 

 

 

 

 

 

 

 

 

• Consider time order of records in clustering 

•  Accumulate evidence over time and make global decisions 
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Experiment Setting  

• Implementation 

• Baseline: PARTITION, CENTER, MERGE 

• Our approaches: EARLY, LATE, ADJUST 

• Comparison: Precision/Recall/F-measure  

• Precision = |TP|/(|TP|+|FP|) 

• Recall =|TP|/(|TP|+|FN|) 

• F-measure = 2PR/(P+R) 
 

 



Accuracy on Patent Data  

• Data set: a benchmark of European patent data set 
• 1871 records, 359 entities, in 1978-2003 

• Compare name & affiliation  

• Golden standard: http://www.esf-ape-inv.eu/ 
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Contribution of Decay and Temporal Clustering 
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PARTITION DECAYEDPARTITION 
NODECAYADJUST ADJUST 

Applying decay in itself increases 
recall by sacrificing precision 

Temporal clustering 
increases recall 
moderately without 
reducing precision much 

Combining both obtains 
the best results 



Accuracy on DBLP Data – Xin Dong 

• Data set: Xin Dong data set from DBLP 

• 72 records,  8 entities, in 1991-2010 

• Compare name, affiliation, title & co-authors 

• Golden standard: by manually checking  
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Adjust improves 
over baseline by 
37-43% 



Error We Fixed 

Records with affiliation University of Nebraska–Lincoln  



We Only Made One Mistake 

 

Author’s affiliation on Journal papers are out of date  



Accuracy on DBLP Data (Wei Wang)  

• Data set: Wei Wang data set from DBLP 

• 738 records, 18 entities + potpourri, in 1992-2011 

• Compare name, affiliation & co-authors 

• Golden standard: from DBLP + manually checking 
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PARTITION CENTER MERGE ADJUST 
Adjust improves 
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High precision (.98) 
and high recall (.97) 



Mistakes We Made 

1 record @ 2006 

72 records @ 2000-2011 



Mistakes We Made 

Purdue University 

Concordia University 

Univ. of Western Ontario 



Errors We Fixed … despite some mistakes 

• 546 records in potpourri 

• Correctly merged 63 records to existing Wei Wang 
entries 

• Wrongly merged 61 records 

• 26 records: due to missing department information  

• 35 records: due to high similarity of affiliation  

• E.g.,  Northwest University of Science & Technology 

         Northeast University of Science & Technology 

• Precision and recall of .94 w. consideration of 
these records 

 
    



Linking Group Members 
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-Are there any business chains? 
-If yes, which businesses are their members?  



-Ground Truth 

 2 chains 



-Solution 1:  
-Require high value 
consistency  

 0 chain 



-Solution 2: 
-Match records w. same name 

 1 chain 



Challenges 

ID name phone state URL domain 

r1 Taco Casa AL tacocasa.com 

r2 Taco Casa 900 AL tacocasa.com 

r3 Taco Casa 900 AL tacocasa.com, 
tacocasatexas.com 

r4 Taco Casa 900 AL 

r5 Taco Casa 900 AL 

r6 Taco Casa 701 TX tacocasatexas.com 

r7 Taco Casa 702 TX tacocasatexas.com 

r8 Taco Casa 703 TX tacocasatexas.com 

r9 Taco Casa 704 TX 

r10 Elva’s Taco Casa TX tacodemar.com 

Erroneous values 

Different local values 

Scalability 
6.8M Records 



Two-Stage Linkage I 

• Stage I: Identify cores containing listings very 
likely to belong to the same chain 

• Require strong robustness in presence of possibly 
erroneous values  Graph theory 

• High Scalability 
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ID name phone state URL domain 

r1 Taco Casa AL tacocasa.com 

r2 Taco Casa 900 AL tacocasa.com 

r3 Taco Casa 900 AL tacocasa.com, tacocasatexas.com 

r4 Taco Casa 900 AL 

r5 Taco Casa 900 AL 

r6 Taco Casa 701 TX tacocasatexas.com 

r7 Taco Casa 702 TX tacocasatexas.com 

r8 Taco Casa 703 TX tacocasatexas.com 

r9 Taco Casa 704 TX 

r10 Elva’s Taco Casa TX tacodemar.com 



Two-Stage Linkage II 

• Stage II: Cluster cores and remaining records 
into chains.  

• Collect strong evidence from cores and leverage in 
clustering 

• No penalty on local values 
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ID name phone state URL domain 

r1 Taco Casa AL tacocasa.com 

r2 Taco Casa 900 AL tacocasa.com 

r3 Taco Casa 900 AL tacocasa.com, tacocasatexas.com 

r4 Taco Casa 900 AL 

r5 Taco Casa 900 AL 

r6 Taco Casa 701 TX tacocasatexas.com 

r7 Taco Casa 702 TX tacocasatexas.com 

r8 Taco Casa 703 TX tacocasatexas.com 

r9 Taco Casa 704 TX 

r10 Elva’s Taco Casa TX tacodemar.com 

Reward strong evidence 



Two-Stage Linkage II 

• Stage II: Cluster cores and remaining records 
into chains.  

• Collect strong evidence from cores and leverage in 
clustering 

• No penalty on local values 
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ID name phone state URL domain 

r1 Taco Casa AL tacocasa.com 

r2 Taco Casa 900 AL tacocasa.com 

r3 Taco Casa 900 AL tacocasa.com, tacocasatexas.com 

r4 Taco Casa 900 AL 

r5 Taco Casa 900 AL 

r6 Taco Casa 701 TX tacocasatexas.com 

r7 Taco Casa 702 TX tacocasatexas.com 

r8 Taco Casa 703 TX tacocasatexas.com 

r9 Taco Casa 704 TX 

r10 Elva’s Taco Casa TX tacodemar.com 

Reward strong evidence 



Two-Stage Linkage II 

• Stage II: Cluster cores and remaining records 
into chains.  

• Collect strong evidence from cores and leverage in 
clustering 

• No penalty on local values 
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ID name phone state URL domain 

r1 Taco Casa AL tacocasa.com 

r2 Taco Casa 900 AL tacocasa.com 

r3 Taco Casa 900 AL tacocasa.com, tacocasatexas.com 

r4 Taco Casa 900 AL 

r5 Taco Casa 900 AL 

r6 Taco Casa 701 TX tacocasatexas.com 

r7 Taco Casa 702 TX tacocasatexas.com 

r8 Taco Casa 703 TX tacocasatexas.com 

r9 Taco Casa 704 TX 

r10 Elva’s Taco Casa TX tacodemar.com 

Apply weak evidence 



Two-Stage Linkage II 

• Stage II: Cluster cores and remaining records 
into chains.  

• Collect strong evidence from cores and leverage in 
clustering 

• No penalty on local values 
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ID name phone state URL domain 

r1 Taco Casa AL tacocasa.com 

r2 Taco Casa 900 AL tacocasa.com 

r3 Taco Casa 900 AL tacocasa.com, tacocasatexas.com 

r4 Taco Casa 900 AL 

r5 Taco Casa 900 AL 

r6 Taco Casa 701 TX tacocasatexas.com 

r7 Taco Casa 702 TX tacocasatexas.com 

r8 Taco Casa 703 TX tacocasatexas.com 

r9 Taco Casa 704 TX 

r10 Elva’s Taco Casa TX tacodemar.com 

No penalty on local values 



Experimental Evaluation I 

• Data set  
6.8M records from YellowPages.com 

• 6.9 hours  
• 2.2 hrs for Stage I (core generation) 

• 4.7 hrs for Stage II (clustering) 

• 80K chains and 1M records in chains 
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Chain name # Stores 

 USPS - United States Post Office 12,776 

SUBWAY 11,278 

State Farm Insurance 8,711 

McDonald's 7,450 

U-Haul Neighborhood Dealer 7,105 

Edward Jones 6,781 



Experimental Evaluation II 
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Sample #Records #Chains Chain size #Single-biz records 

Random 2062 30 [2, 308] 503 

AI 2446 1 2446 0 

UB 322 7 [2, 275] 5 

FBIns 1149 14 [33, 269] 0 



Related Work 

• Traditional record linkage techniques 

• Record similarity computation 

• Classification [Fellegi,69], Distance [Dey,08], Rule 
[Hernandez,98] 

• Record clustering 

• Transitive rule [Hernandez,98], Optimization [Wijaya,09]  

• Temporal linkage  

• Periodical behavior patterns [Yakout,10]  

• Rule-based linkage [Burdick, 11] 

• Two-stage clustering 

• K-means based clustering [Larsen, 99] 

• Probabilistic model [Liu, 02] 

• Bootstrapping [Yoshida, 10] 
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Conclusions 

• In some applications record linkage needs to be 
tolerant with value diversity 

 

• When linking temporal records, time decay 
allows tolerance on evolving values 

 

• When linking group members, two-stage 
linkage allows leveraging strong evidence and 
allows tolerance on different local values 

 



Thanks! 
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Contact: pei.li@disco.unimib.it 



Disagreement Decay 

• Intuition: different values over a long time is 
not a strong indicator of referring to different 
entities. 

 

• University of Washington (01-07) 
      AT&T Labs-Research (07-date)  

 

• Definition (Disagreement decay)  
• Disagreement decay of attribute A over time 

∆t is the probability that an entity changes its 
A-value within time ∆t.  



Agreement Decay 

• Intuition: the same value over a long time is 
not a strong indicator of referring to the same 
entities. 

 

• Adam Smith: (1723-1790) 

   Adam Smith: (1965-) 
 

• Definition (Agreement decay)  

• Agreement decay of attribute A over time ∆t 
is the probability that different entities share 
the same A-value within time ∆t.  



Applying Decay  

 

 

• E.g.  
• r1 <Xin Dong, Uni. of  Washington, 2004> 

• r2 <Xin Dong, AT&T Labs-Research, 2009> 

• Decayed similarity 

• w(name, ∆t=5)=1-dagree(name , ∆t=5)=.95,  

• w(affi., ∆t=5)=1-ddisagree(affi. , ∆t=5)=.1  

• sim(r1, r2)=(.95*1+.1*0)/(.95+.1)=.9 

• No decayed similarity: 

• w(name)=w(affi.)=.5 

• sim(r1, r2)=.5*1+.5*0=.5 

 

 

Un-match  

Match  



E1 
1991 

2004 2009 2010 

R. P. Institute 

AT&T UW 
E2 

2004 2008 2010 

MSR UIUC 
E3 

Change point 

Last time point 

∆t=1  

Full life span Partial life span 

∆t=5  ∆t=2  

∆t=4  ∆t=3  

Change & last time point 

AT&T 

MSR 

Learning Disagreement Decay  

 

1. Full life span: [t, tnext) 
A value exists from t to tnext, 
for time (tnext-t) 
 
2. Partial life span: [t, tend+1)* 
A value exists since t, for at 
least time (tend-t+1) 
 
 
 
 
 
Lp={1, 2, 3}, Lf={4, 5} 
 
d(∆t=1)=0/(2+3)=0 
d(∆t=4)=1/(2+0)=0.5 
d(∆t=5)=2/(2+0)=1 
 
   



Experimental Evaluation 

• K-robustness of cores: 
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Experimental Evaluation 
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(a) Core quality on 
random data 

(b) Chain quality on random 
data 
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• Different strategies of cores: 



Experimental Evaluation 

• Overall results: 
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