
Evalua&ng Similarity Measures for 
Emergent Seman&cs of Social Tagging 

Ben Markines, Ciro Ca;uto,  

Fil Menczer, Dominik Benz,  
Andreas Hotho, Gerd Stumme 

ISI Founda&on 



Social Applica&ons 
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Goals 
•  Tag‐tag, resource‐resource, 
user‐user similarity 

•  Capture rela&onships 
– Effec&vely and Efficiently 
– Shannon informa&on of 
annota&ons 
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Folksonomy Model 

bob

alice

wired.com cnn.com

www2009.org

web tech

news

F = (U, T, R, Y ), Y ⊆ U × T ×R (the triples)

•  hyper‐graph 
•  complex 
•  user‐driven 
•  large‐scale 
•  many‐projec&ons 
•  literature 
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Agenda 
•  Design 

– Aggrega1on 
– Similarity Measures 

•  Evalua&on 
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Aggrega&on Methods 

bob

alice

wired.com cnn.com

www2009.org

web tech

news

news web tech
cnn.com 1 0 0

www2009.org 0 1 1

news web tech
cnn.com 1 0 0
wired.com 1 1 1

alice  bob 

Projec1on 
news web tech

cnn.com 1 0 0
www2009.org 0 1 1
wired.com 1 1 1

Distribu1onal 
news web tech

cnn.com 2 0 0
www2009.org 0 1 1
wired.com 1 1 1
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Aggrega&on Methods: Incremental 
Macro 

alice 

bob 

bob

alice

wired.com cnn.com

www2009.org

web tech

news

σ(x, y) =
∑

u

σu(x, y)

news web tech
cnn.com 1 0 0

www2009.org 0 1 1

news web tech
cnn.com 1 0 0
wired.com 1 1 1
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Aggrega&on Methods: Incremental (2) 
Collabora1ve 

alice 

bob 
bob

alice

wired.com cnn.com

www2009.org

web tech

news

σ(x, y) =
∑

u

σu(x, y)

news web tech bob
cnn.com 1 0 0 1
wired.com 1 1 1 1

news web tech alice
cnn.com 1 0 0 1

www2009.org 0 1 1 1
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Similarity Measures 

•  Jaccard 

σ(x1, x2) =
|X1 ∩X2|
|X1 ∪X2|

object 

a;ribute 
vector 

projec&on 

σ(x1, x2) =
∑

y∈X1∩X2
log p(y)

∑
y∈X1∪X2

log p(y)

a;ribute 

a;ribute 
probability 

distribu&onal 

σu(x1, x2) =

∑
y∈Xu

1 ∩Xu
2

log p(y|u)
∑

y∈Xu
1 ∪Xu

2
log p(y|u)

p(y|u) =
N(u, y)

N(u) + δ

user  macro/collabora&ve 

•  Matching 
•  Overlap 
•  Dice 
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More Similarity Measures 

σ(x1, x2) =
X1 • X2

||X1|| ||X2||

•  Cosine 

σ(x1, x2) =
∑

y1∈X1

∑

y2∈X2

p(y1, y2) log
p(y1, y2)

p(y1)p(y2)

a;ribute 
joint 

probability 

•  Mutual Informa&on 

σ(x1, x2) =
2× log(miny∈X1∩X2 [p(y)])

log(miny∈X1 [p(y)]) + log(miny∈X2 [p(y)])

•  Maximum Informa&on Path 
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Agenda 

•  Design 
•  Evalua1on 

– Efficiency 
– Predic1ng tag rela1ons 
– Seman1c Grounding 
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Update Time 
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Predic&ng User‐defined Tag Rela&ons 
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Predic&ng User‐defined Tag Rela&ons Area 
Under ROC Curve 
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ROC limita&ons 
•  Data is sparse: 2,000 tags 

– 142 user tag rela&ons 
•  Similarity values are broadly 
distributed 

•  Tag rela&ons rely on hierarchical 
rela&onships 

•  Only available with tags (not 
resources) 
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Seman&c Grounding 

–  17,041 tags  
•  Overlap between WordNet and Bibsonomy tags 

–  Limited to the top 2,000 resources 
–  Rela&onships established with Jiang‐Conrath  

•  user‐validated  Jiang ROCLING 1997 

Maguitman WWW 2005 

– 3,323 resources 
•  Overlap between ODP and Bibsonomy resources 

–   Rela&onships established with Maguitman’s graph 
based similarity  
•  user‐validated 
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Kendall’s τ 

Kendall Biometrika 1938 

Rank Reference Measure A Measure B
1 tech-web news-tech news-web
2 news-web tech-web tech-web
3 news-tech news-web news-tech
τ 1 1/3 2/3
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τ =
|agreed ranked pairs|

|total number of ranked pairs|



Tag Similarity 

random τ = 10‐4 

HT 2009 
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Resource Similarity 

random τ = 8 × 10‐5 

HT 2009 
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Conclusion 
•  Similarity framework 

–  Folksonomy‐based tag/resource similarity measures 

–  Aggrega&on methods 

•  Evalua&on 
–  Efficiency/performance tradeoffs 

–  Direct vs. seman&c grounding 
–  Distribu&onal Mutual Informa&on performs well, but is 

inefficient 
–  Collabora&ve aggrega&on is both efficient and effec&ve, 

especially Maximum Informa&on Path 

•  Techniques presented here can immediately 
support Social Web applica&ons 
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