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Motivation

Motivation Motivation

Motivation Product resolution pipeline

Product webpages

Attribute extraction

Clustering of products

Name Price (HUF) ...

DeLonghi EC 8 coffee maker 17599

DeLonghi EC8 cappuccino maker 17900

DeLonghi EC 8 espresso maker 15600

...

Contributions

• Real-world data set for two e-commerce segments: electronics and toys

• Similarity functions for various product attributes

• Metric for measuring the discriminative power of similarity functions

Data collection

• Product page collection (candidate sets)

• Product query against a web search engine (Google)

• Collected to N (=30) pages

• Removed non-product pages

• Attribute extraction manually

• Clustering into equivalence classes manually (equivalence classes)



Example product queries

Electr. Toys

lenovo thinkpad edge 11 candamir

kingston microsd 8gb eichhorn railway kit

samsung led tv 32” eiffel tower puzzle 3d

Data collection

Electr. Toys

#queries 25 30

#queries with >1 clusters 6 17

avg query length in characters 19.56 21.6

avg query length in terms 3.4 3.0

avg #product pages per query 4.6 5.7

min/max #product pages per query 1/8 1/11

avg #equivalence classes per query 1.24 2.66

min/max #equivalence classes per query 1/2 1/7

#different web-shops 46 38

Product attributes
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Electronics

Toys

Pairwise Discriminative Power (PDP)

• Goal: to be able to measure how well similarity metrics can set apart entities

C1,1 C2,1

C1,2

C2,2

C2,3

R1 R2

PDP =
avg(simC)
avg(simR)

All pairwise similarities in equivalence classes

All pairwise similarities in all candidate sets

Similarity measures for product attributes

Product name

• Various string matching methods

Distance function Electr. Toys

Levenshtein 1.0343 1.2556

MongeElkan 1.0248 1.1456

Jaro 1.0184 1.1508

JaroWinkler 1.0167 1.1309

QGramsDistance 1.0470 1.2961

MatchingCoefficient 1.0511 1.3387

DiceSimilarity 1.0501 1.3181

OverlapCoefficient 1.0491 1.2804

JaccardSimilarity 1.0602 1.4190

CosineSimilarity 1.0501 1.3123

}
}

Character-based

Term-based

Product name - examples

• Star-wars laser sword

• Star-Wars Jedi Dual Sword

• Star Wars laser sword (TV advertised product)

• Laser sword with lights and sound

• Space laser sword

• Hasbro Star Wars Clone Wars electronic laser 
sword / lightsaber

• DeLonghi EC 8 coffee maker

• DeLonghi EC8 cappuccino maker

• DeLonghi EC 8 espresso maker

• DeLonghi EC-8 espresso maker

• DeLonghi EC 8 presso and cappuccino maker

Price

• Value between 0 and 1

• 1 iff the two products have the exact same price

simprice(pi, pj) =
min(pi.price, pj .price)
max(pi.price, pj .price)

Electr. Toys

Price 1.0306 1.1882



Manufacturer

• Same string distance metrics as for product name

Distance function Electr. Toys

QGramsDistance 1.0276 1.0979

JaccardSimilarity 1.0275 1.1056

Product ID

• Strict string matching (i.e., binary function)

Comparison

• %R, %C: fraction of all product pairs for which similarity can be established 
in the candidate sets and equivalence classes, respectively

AttributeAttribute
ElectronicsElectronicsElectronics ToysToysToys

%R %C PDP %R %C PDP

Product name

Price

Manufacturer

Product ID

100.0 100.0 1.0602 100.0 100.0 1.4190

96.9 98.2 1.0306 89.6 99.1 1.1882

95.3 94.6 1.0276 30.8 36.4 1.1056

10.9 9.4 1.3333 45.0 44.2 1.9212

Summary

• First steps towards the task of automatic product webpage resolution

• Defined similarity functions for various product attributes

• Introduced a metric for comparing similarity functions

• Performed an experimental evaluation on two e-commerce domains 

Future directions

Additional product attributes

• Categories

• Description

• Toys-specific

• Age group (e.g., 3-6 years)

• Target group (for boys, girls, or both)

PDP measure

• Simple and intuitive, but yet to be validated

• Do higher PDP values indeed lead to better clustering performance?

Data collection

• Current data set is too small for statistically robust comparisons

• Repeat experiments with a larger collection

• Finding product pages using web search engines is a viable method, but only 
1 out of 6 web search results is a product page

• Consider product comparison sites too

• Issue more targeted queries, e.g., append currency to the product name

• Query reformulation techniques, e.g., blind relevance feedback



Questions?

@krisztianbalog

http://krisztianbalog.com

http://www.linkedin.com/in/krisztianbalog


