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Why Geographic Signatures?

Previous Work

Capture geographic semantics as a single geographic scope:

Text→ Geographic References
Geographic References→ Geographic Concepts
Geographic Concepts→ Encompassing Concept (Scope)
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Why Geographic Signatures?

Geographic Signatures

Insted of one single scope
List of maximally disambiguated geographic references
Coordinates, bounding boxes, populations counts
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Why Geographic Signatures?

How are the signatures generated?

Geo-parsing
manually coded rules: too restrictive, very specific.
machine learning:

extract features from text (sorrounding words, words
properties)
use features to infer rules (probabilistically)

Geo-coding
Need an external knowledge base (ontologies, gazetteers,
encyclopedias)
Ambiguity
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Geographic Named Entities Recognition
Geographic Information Representation
Semantic Similarities

Related Work
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Geographic Named Entities Recognition
Geographic Information Representation
Semantic Similarities

Conditional Random Fields (CRF)

Probability of a given word to belong to a particular
category: p(~y |~x)

A CRF on (X ,Y ) specified by:
a vector f = (f1, f2, ..., fm) of features
a weight vector λ = (λ1, λ2, ..., λm).

Trained automatically from annotated Corpora
Achieved very good results in gene and protein recognition
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Geographic Named Entities Recognition
Geographic Information Representation
Semantic Similarities

Geo-Net-PT02: Geographic Ontology of
Portugal
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Geographic Named Entities Recognition
Geographic Information Representation
Semantic Similarities

Semantic Similarity Measures
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Geographic Named Entities Recognition
Geographic Information Representation
Semantic Similarities

Semantic Similarities

Given two ontology concepts, return a numerical value,
reflecting the closeness in meaning between them.
Can be applyed to DAG structures using the Information
Content (IC).
IC(c) = − log p(c).
p(c) is the probability of occurrence of c in a specific
corpus.
IC is cumulative, that is, the IC of a concept c depends on
its descendants in its subtree.
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Geographic Named Entities Recognition
Geographic Information Representation
Semantic Similarities

Semantic Similarities: Example

"I was born close to Santa Catarina in Lisboa"
Lisboa, municipality (ID1)
Lisboa, small locality in the municipality of Monção (ID2)
Santa Catarina, civil parish in the municipality of Lisboa
(ID3)
Santa Catarina, small locality in the municipality in Caldas
da Rainha (ID4)

SSM (ID1, ID3) = 0.584
SSM (ID1, ID4) = 0.065
SSM (ID2, ID3) = 0.063
SSM (ID2, ID4) = 0.041
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Implementation and Results
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Implementation
Results

Trainning of the CRF model: corpus + features

Machine Learning software package: Minorthird
HAREM’s Golden Collections (2005 + 2006)

Additional features:
charTypePattern.9+ token is composed by numbers only;
charTypePattern.X+x+ token is capitalized;
eq.lc.avenida the value of token itself;
isFeatureType Geo-Net-PT02 feature types;
isGeoName districts, municipalities and civil parishes;
isLocalPrefix list of verbs and adjectives close to
geographic references;
isPreposition a list of prepositions;
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Trainning of the CRF model: Results

Test on the GC of HAREM’s 2008 event
Recall is low, overfitting?
Size of trainning corpus: 1 243 Kb
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Semantic Similarity Measures in Geo-Net-PT02

Calculated the IC for each concept in Geo-Net-PT02
Ocurrences of concept’s name in Google N-Grams corpus
Use as SSM function Jiang and Conrath (1997)
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Results

Disambiguation algorithm

Pairwise desambiguation following the order of extraction:

"...he went through Avenida da República to Marquês de
Pombal, there he took the subway to Rossio ..."

X = concepts for "Avenida da República"
Y = concepts for "Marquês de Pombal"
Z = concepts for "Rossio"

SSM((∀ x ∈ X ), (∀ y ∈ Y )), select the pair of concepts
(x ,y ) that gives the best similiraty.
SSM(y , (∀ z ∈ Z )), select the z that gives the best
similartiy.
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Results

Evaluation

Manually annotated Wikipedia articles for the 18 districts of
Portugal
Extraction using the generated CRF Model

Precison: 0.69
Recall: 0.47
F-1: 0.56

Disambiguation using the described pairwise algorithm
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Results

Evaluation: Geographic Entities Extraction
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Implementation
Results

Evaluation: Desambiguation
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Conclusions

Initial version of a geographic signatures prototype:
Extraction

Recall for trained CRF model is still relatively low
Tunning of selected the features for trainning might increase
results
BIG limitation: lack of large Portuguese labelled corpus for
CRF trainning

Disambiguation
IC generation: Lisboa in a given corpus can represent the
city of Lisbon or just a street
Frequency of a concept in the web may cause
inconsistency in IC estimation
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Alternatively, calculate the p(c) by measuring the
geographical content described by a concept
geospace(c) =

⋃
d≤c geospace(d) where d ≤ c

Calculate the value of a spatial or social feature for a given
geospace: area, specificity, population

p(c) =
∑

i=1 λi
fi (geospace(c))

fi (geospace(root)

More complex disambiguation: comparing names in a
setence vicinity of a concept
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Conclusions

Generate geographic signatures for WPT05, crawl of the
"portuguese" web
Evalute the effectiveness of geographic sigantures in GIR
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The End
Questions?
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