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A Hybrid Method for Myanmar Name Entity Extraction
And Transliteration to English
Thi Thi Swe, Hla Hla Htay
University of Computer Studies

Yangon, Myanmar
E-mail: thithiswett@gmail.com. hlahlahtayl23@gmail.com

Abstract

Named Entity Extraction (NEE) includes locating named entities and classifying those names in text. NEE is an important task in NLP
applications such as Information Extraction. Cross Language information Retrieval, Question Answering, and Machine Translation. In
this paper. we present a method for Myanmar Named Entity Identification using a hybrid method. This method is a combination of
ruled based and statistical N-grams based method which use name databases. We have examined a sample of 43 Myanmar text files.
The NEE experiment gives 82.75% precision, 83.40% recall on the sample data. We also classified those named entities into three
classes. After that. those names are transliterated to their relevant Myanmar phonetics. We have used a transliteration table for mapping
to English orthography. In the transliteration table. Myanmar syllables are transliterated into English pronunciation. 86.5% of
recognized names are successfully transliterated to English and only 13.5% required phonetic adaptation. The system is implemented

using Java.

1. Introduction

Named Entity Extraction (NEE) also known as Named
Entity Recognition (NER) is a key technique in many
text-based applications such as question answering.
information retrieval, information extraction and machine
translation.

There are two main problems in NEE. First, Named
Entities (NE) are an open word class. Person. location.
and organization names can be newly made by speakers of
the language. Adding such words to dictionary is a very
time consuming task and it is impossible to add all NEs to
a dictionary. Second. NE can be used as several NE types
(ambiguity problem). For example. “Paris” may be used
as a person in the sentence “Paris was a prince of Troy.”
and used as a location in the sentence “Paris is a capital
city of France.” [8]

The English language has delimiters (for example, white
space around words) and it has the significant definition
of each word. Unlike English. Myanmar text is written
with no space between words. Myanmar text does not also
have case distinction. Therefore it is not trivial to find
NEs in Myanmar language.

We present a hybrid method that combines two
approaches. namely a Ruled Based Approach and a
Statistical N-Grams Based Approach to identify the NEs.
In the Ruled Based Approach. NEs are locating by using
clue word lists, such as left occurrences. right occurrences
and left-right co-occurrences. After locating NEs, those
are classified according to their clue words. Most English
NER systems use a statistics based approach. whereas this
system uses both rules and statistics. Rule based NER
systems can achieve proper performance with ease. In our
system. rules are handcrafted.

Sometimes. NEs do not exist with clue words. In that

situation. we perform NEE by using a Statistical N-Gram
Based Approach. In second approach. three classes of
names are collected and stored in the respective databases.
Those names are syllabified [4] and unigram and bigram
of those syllables are pre-calculated. To find name in a
phrase. a phrase is firstly segmented into syllables [4].
And then. unigram and bigram of those syllables are
calculated. Next, the frequencies of the syllables are
calculated to identify whether that phrase is a NE or not. If
the result is greater than zero. we assume that a phrase is a
name. In this paper. we identify three kinds of Myanmar
NEs. namely person name (PER). organization name
(ORG) and location name (LOC).

2. Related Works

HuaPing Zhang et.al identified Chinese Named Entity
using unified statistical model. namely role model. They
defined roles as some special token class. including NE
components and its neighboring and remote contexts.
They also used the Viterbi algorithm to obtain tokens [1].

Hutchatai Chanlekha et.al reported on Thai Named Entity
Recognition using statistical and heuristic rule-based
models. The idea they used is to make use of a small
proper name lexicon together with rules, created from
internal and external evidence to extract Thai NEs [5].

Alireza Mansouri et.al presented English NER from text
using FSVM for NER to improve the precision. They had
employed Support Vector Machine for classification [2].

Fien De Meulder and Walter Daelemans described a
memory-based approach to learning names in English and
German newspaper text using the memory-based learner
Timbl [3].

Richard Farkas and Gyorgy Szarvas described a multi
lingual Named Entity Recognition (NER) system in




Hungarian texts that uses the statistical modeling
techniques. They used the Support Vector Classifier.
Artificial Neural Network and C4.5 decision tree learning
algorithms. They focused on building as large a feature set
as possible. and applied statistical preprocessing methods
for feature selection afterwards to fully exploit its
potential [7].

Yi-Gyu Hwang et.al presented a named entity recognition
model for the Korean Language using an HMM-based
named entity recognition using compound word
construction principles [8].

3. Hybrid Method for Myanmar Named
Entity Identification and Transliteration to
English

In this system. we identify Myanmar Named Entity by
using hybrid method that combines a rule-based approach
and a statistical n-gram based approach and the resulting
Nes are transliterated according to their relevant
phonetics.

3.1 Rule Based Approach

In this approach. clue words are searched in the databases
that are stored separately for respective NE types. The
example clue words are seen in Table 1. A Named Entity
can appear on the left hand side or right hand side of the
clue words. and sometimes they may exist between clue
words. Such cases will denote the left-right co-occurrence
and may mostly occur in PERSON NEs.

phrase starts with clue word 8:* and check whether the
phrase ends with “o0®” or “¢*” or “=ox:*", etc. After that.
the word between them is defined as a person NE. It is
possible that a person name may start with left clue word
but not end with a right clue word. The system could

identify such case too.

Load the ®
text Clue words
database
\._‘________________,_,/
Named  Entity ©
Identification [~
Name
l database
Named  Entity
Transliteration -
Name
Dl%pl“’ transliteration
results database

Figure 1 System Block Diagram

Numbers
Roles Examples of
Clue Words
Head components ot_“ Person or 8: (Mr.) [u:], o8l (Mis.) [do] . 68 (M) [kou] , een8 (Mr.) 3
Neighboring token in front of
NE [maun] ...
Tail components of Person or oo (from) [ka]. ¢ (from) [hma]. =20: (to) [a:] . 2008 (determiner) 22
Neighboring token following [the] ...
NE
Tokens between two NEs $¢ (and) [hnin.] . < (comma ) [pou' khalei:] 2
Tail component of organization | opged (company) [koun pani] . gos¢ (From Department) [ hta 15
or neighboring token following | - hma] . ...
NE
Tail component of location or . - e - 80
. ; . townsl . s (divie t s e

neighboring token following NE @”&S ( owas ap) [mjou ne] 0?}8 (@ 1a1011) [tain], coygp

(kjei: jwa) [village]. esoo (region) [dei tha] . [goSs0S (state)

[pji ne].

Table 1: Role for three classes of NEs

Normally. person NEs can be found in the right hand side
of the clue words. However. location and organization
NEs can be found in the left hand side of the clue words.
The phrase 3go58:ez0E32 (to U Myat Moe Aung) [u: mja’
mou: aun a:] is taken as an example. In this case, if the

! Title prefixed to the name of a man
* Postpositional marker to indicate nominative case
* Postpositional marker equivalent to the locative
Proposition from

Word indicating dative case equivalent to the preposition
to




For example, 3:fgo58:cs0€ (U Myat Moe Aung ) [ u: mja’ mou:
aun] . For LOCATION and ORGANIZATION. NEs. there
will be no clue right words. For example. q§op§cBé:
( Yangon Division) [jan koun tain:] . o?a?éo?(gn’: (Thu Kha Su
San Company) [thu kha su. san koun pani] . etc. In q§op§03&:
and opegdopga®. o3& (Division) [tain:] and opged

3.2 Statistical N-Grams Based Approach

In this approach. we use the statistical n-grams based
approach. Firstly. we collected over 10.000 person names
and over 350 location names. Then. we pre-calculated the
frequency of each unigram. bi-gram syllable by position
likelihood, such as position,, position,, position,,. etc.

(Company) [koun pani] are clue words for location and
organization. However. cases in which NEs occur without
clue words will be solved with our statistically-based
method.

In this approach, we calculate the frequency of phrases
that cannot be identified by our rule-based approach.
Firstly. the phrase is syllabified and each syllable is
treated as a gram. We then calculate the unidentified
phrase’s unigram. bi-gram syllable likelihood by position.
and their frequencies are calculated by using our Name
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| File Identification Transliteration Help
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Figure 2 Named Entities identified Myanmar texts

For each phrase in the sentence do
ArraySyllables € Syllabification(Phrase)
length€ ArraySyllables
While (length>2) do

For (i=1..length-1)

] _ i1 frea(pos, (X)) . freq(pos;(X).pos,, ; (Xi1)) freq(pos(Xm))
result = [[._; -
i freq(Xi)  (freq(pos,(X;))+freq(pos,,; (X;.1)) *  freq(Xm)
End for
If (result==0)
length<length-1
Else

Identify that phrase as a NE
NE found. Match NE.
Break
End if
End while
End for




and Location database. For example. in the phrase
@cﬁg,a?la’n: (to Nwe N1 Cho) [nwe ni chou a] . pOSitiOlll 1s §0f5 .

position, is § and position, is §u5§ . In which [goS§&jean:].

§0518|§ 1s NEs and sz is just a particle follow by a NE.
In identifying §o5§§) as a NE. two iterations are required
as the §o5[§|§j|s=: is a 4-syllabled phrase. .The equation
[6] is iteratively calculated the N-gram frequencies in the
following pseudo code.

In first iteration. goS§§san: is calculated as followed.

_ [ (freq[ posi[ios}} . freq(posiposz(ﬁosﬂ) ) .
freQ('EOS) (freq(pos1(QL\S}))+freq(posz($})

(freq(p052($ ), freq(posposs (§)) ) .
freq($) (freq(posz($}))+freq(p053 [qﬂ)
(freq( posﬂql}] . freq(pogposﬂﬁlm]) ) ]
freqﬁ") (freq(p053(aﬂ|))) +freq(posy(zmt))

freq( posy( @) )
freqi=n:)

| (freq(positgusn i

freq(pos; pos; (§05§) ) .
freq(god)

(freq(p051 [1&05))) +freq(p052($J)

(freq( posz($ )) N freq(P052P°53 (ﬁﬂ] ) ]
freq($} (freq(posz (%])) +freq(p033 (Gil))
(freq(posﬂaﬁp} )
freq(d))

This approach is time consuming if the identified text is
long. Mostly. Myanmar NEs do not usually start with clue
words. Therefore. the second approach is very efficient
and useful in identification of NEs that do not start with
clue words. The recognized names can be stored in the
respective databases for future use. But the process must
be done with the help of the human judgment. See details
in figure 3.

File Identification Transliteration Help

Location From LocationDatabase

Location Defined By N-Gram

R
86@’):(1)
8:8:(1)
oosan§(2)
coneans:(3)
clq200:(1)

ep$loreq(l)
cqopbefioffci(1)
a%f.(j[ 1)
RBs05(1)
seencBl(1)
comElg(1)
SD?QC’J]': 1)
eglgeS(1)
ooonés(1)

QeogBefBbi(1)

All Location Couunt : 25

Location Form Mame DB Count @ 11

Location Defined

| Remaove |

Save To Location DB

Figure 2 Location Name Manager

In above calculation. the frequency result of goS§§ea: is
zero because there is no unigram syllable so2: in name
database and the frequency value of s is zero.
Therefore, §oS8§eon: cannot be identified as a NE. In
second iferation. §oS§§| is calculated again decreasing
length 1. As frequency result is greater than zero. that
phrase is identified as a NE.

In figure 3. the left hand side displays the location name
recognized by the location database and the right hand
side displays the location name recognized by using
N-Gram statistical based approach. Those recognized
names can be removed or added to the location database
for future.




4. Transliteration of Identified Name
Entities to English

| File

| File Mame = Syllable.propartes

& =N

codd = Taw
[p3e5 = Kyi
08: = Sar|

| Jge5 = Pyae
eo: = Aye
& = Hiaing
éL‘S = hwe
W= Ma

| Jooé: = Lan
q="Ye

| [038: = Then
0o = Hia
E(S = Myint
4| = Cho
G = Huay
q% = Yan

£ — Con

Key | | Value |

| nda | | Remove |

Figure 3 Transliteration Table

Transliteration is the process of replacing words in a
source script with their approximate phonetic or spelling
equivalents in a target script. Commonly. transliteration
is used to translate named entities across languages.
Automatic Transliteration is helpful for many applications
such as Machine Translation, Cross Language
Information Retrieval and Information Extraction.

2| A Hybrid Method for Myanmar Named Entity Identification and Transliteration to English

dle Identdficaton Transliteraton Help

Transliterate

< <aBE:8k>> Thine Sein [Person]
ogeo]] Mandalay [Location]

<<somfcob:gs - - wal Yan Linn Myint [Person]
qf=£11 Yangon [Location]

<<e§5§ ocoé:mobeods>>  Naw Yo Sa Linn Al Linn [Person]
q&s1] Shan [Location]

<<afeaSconpl> Khin Thaw Tar Nyo [Person]
ageoo]] Mandalay [Location]

< <ogobilga>> Hsu Winn Myat [Person]
qfmpél Yangon [Location]

<<[gchg g€ g~ Myat Hnin Pwint Phu [Person]
wem:]] Makyaes [Location]

<< o5[goSag>> The Myat Hsu [Person]

< <poym>> Sacar [Person]
ogiE]] Kachin [Location]

< <g§eqpoq P Mon Chaw Hlan [Person]
qgcq.g]] Yangon [Location]

<<mpooelié > Hsu a Min San [Person]
Ggt] Pago [Location]

Figure 4 Transliterated Named Entities

For ftransliteration of Mpyanmar names to English,
Myanmar syllables and their associated English

transliterations are stored in an equivalence table The
entries can be seen in Figure 3. Currently. the file
contains 4096 entries. For example. the recognized
person name goS|&|§ is syllabified and it has three
syllables. Each syllable is looked up in the that table.
After looking up all the three syllables. the resultant
transliteration for §dS|8|§; is “Nwe Ni Cho”. Figure 4
shows transliterated name entities in the input text. In the
transliteration. location names are written without spaces
between syllables and persons are usually written with
space between syllables.

S. Evaluation and Error Analyses

The sample text contains news data from [g§epsacos:
(New Light of Myanmar) [mjanma. alin] newspaper (Nov
2009 - March 2010) which are available in electronic
version in Zawgyi font script in http://www.usda.org. mm.
The Zawgyi font is semi-unicode and popular among
internet users. The sample data contains 178 sentences
(43 files/paragraphs). It includes 388 PER. 288 LOC. and
37 ORG. We conduct evaluations in terms of precision.
recall, and F-measure. The result can be seen in Table 2.

Number of correctly identified NEs

Preciston = Number of identified NEs
Number of corretly identifed NEs
Recall =
Number of all NEs
F _2xP=xR
— measure — ﬁ
PER LOC ORG Total

Precision | 78.97 | 88.07 | 77.08 | 82.75
Recall 79.38 | 89.16 | 77.08 | 83.40
F-measwe | 79.18 | 88.62 | 77.08 | 83.07

Table 2 Result on the sample data

We have also examined the errors in all three stages of our
system.

1. Named Entity Identification: The rule-based system
wrongly identified as named entities some phrase starting
or ending with a clue word and in fact. the phrase is open
class word. For examples. 8:8:qp:qp: (first and foremost)
[u: u: hpja: bja:]. 0$8f§), (donot like) [ma hni' mjou.] But this
error can be corrected by checking statistical n-grams
based approach.

2. Classification: Sometimes a part of a phrase was
misidentified as named entity. For example gadié: (total)
[su. zu. baun:] where the first two syllables are frequently
used for ladies” name. This error can be corrected if the
dictionary is used.

3. Transliteration: The identified names are needed to




improve the phonetic adaptation according to the syllable
position although adaptation is required 13.5% of the
names found. For example. the location named og§eomné
will be wrongly transliterated info “Pu/Zun|Taung”
However, in this name. the first and last syllables are
needed phonetic adaptation. Therefore, the correct
transliteration is  “Pa|Zun|Daung”. The phonetic
adaptation errors can be solved with machine learning
techniques.

6. Conclusion

Named Entity Identification includes locating name
entities and classifying those names in text. NEI is
important in NLP applications such as Cross Language
Information Retrieval. Question Answering. and Machine
Translation. NEI is important in NLP applications such as
Information Extraction. Cross Language Information
Retrieval.

In this paper. we presented a method for Myanmar Named
Entity Identification using a hybrid method which was a
combination of rule-based and statistical N-grams based
methods. We have conducted evaluation for NE
extraction on a sample data of 43 Myanmar text
files/paragraphs. It contains 178 sentences and includes
388 PER. 288 LOC. and 37 ORG. The precision of PER.
LOC, ORG on the sample data is 78.97%, 88.07%. 77.08%
respectively: and the recall is 79.38%.89.16%0.77.08%
respectively.

After that. the identified names are transliterated to their
relevant Myanmar phonetics. We have used a
transliteration table for mapping to English orthography.
In transliteration table, Myanmar syllables are
transliterated into Roman script. 86.5% of recognized
names are successfully transliterated to English and only
13.5% required the phonetic adaptation. The system is
implemented using Java. We have also discussed the
errors and suggested how to tackle those errors. The
system can also combine in Myanmar word segmentation
process and Myanmar part of speech tagging. All
databases can be updated.
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Abstract

We present ENCORE. a system for entity co-reference resolution that synthesizes the outputs of several off-the-shelf co-reference
resolution systems. To boost precision, we filter the output using a named entity recognition tool called SYNERGY which itselfis a
synthesis of several off-the-shelf NER systems. ENCORE is designed to work under two conditions: NP-CR which resolves noun
phrase co-reference and NE-CR which resolves co-references only for named entities. We report the results of our experiments with
ENCORE that show 2% to 40% improvements in precision, recall and F-scores over the underlying systems. This opens a promising
approach which leverages the existing “black box™ state-of-the-art tools without attempting to re-create their achievements and focuses

the development efforts on the differences in their output.

1. Introduction

“Co-reference resolution is the process of determining
whether two expressions in natural language refer to the
same entity in the world™ (Soon et al.. 2001). It is a critical
task in information extraction and it has received much
attention in the last decade using both rule-based and
machine learning approaches. As a result, there is a
growing number of proprietary and open-source
co-reference resolution systems (Versley et al.. 2008:
Bengston & Roth. 2008). Their performance is typically
in the 50% to 70% F-measure range on various metrics.
which leaves substantial room for improvement. More
importantly. many tools tend to specialize in particular
areas such as foreign names or biological entities. It
would be virtually impossible to re-create all of their best
features in a single tool. A contrasting approach would be
to create a system capable of using a variety of available
tools as black boxes. leveraging their individual
capabilities. integrating and improving their collective
results. This approach is challenging because the
underlying tools were not created for the purpose of
integration. The tools also change as their authors
introduce new features and improve performance.

In this paper. we propose a novel synthetic tool called
ENCORE that provides superior performance by
leveraging several of the best state-of-the-art tools. We
treat the underlying tools as co-reference annotators and
developed several heuristics that examine their results and
create synthetic co-reference classes. Our tests show 2%
to 27% and 20% to 40% improvements under two
different conditions over the underlying systems in
precision. recall and F-scores on two test sets. Section 2 of
this paper includes a brief review of related work. Section
3 describes our evaluation metrics, Section 4 introduces
our integration methodology. and Section 5 provides the
results of our experiments.

Finally. a word on terminology: we use the terms “textual
reference.” “reference™ and “mention” interchangeably to
refer to a text phrase. We use the terms “entity.” “object”
and “equivalence class”™ to refer to real-world objects.

2. Related Work

Current  state-of-the-art approaches include both
rule-based and machine learning algorithms. The
rule-based  approaches  apply  inductive  logic
programming. which combines rules for co-reference
resolution in a logic induction framework. Other
researchers use Markov logic networks with a
probabilistic version of logic induction (Culotta et al..
2007). Many researchers have explored machine learning
approaches by treating the problem as a pair-wise binary
classification problem with subsequent entity clustering
or a joint model of classification and clustering (Soon et
al.. 2001: Ng & Cardie. 2002: Ng. 2005: Haghighi &
Klein 2007: Ng. 2008: Finkel & Manning. 2008). The
most recent work (Haghighi & Klein. 2009) focuses on
feature analysis with a simple model for co-reference
resolution. With its rich set of syntactic and semantic
features., it is reported to outperform the current
state-of-the-art systems.

In the work reported in this paper. we focus on the
leveraging of publicly available tools for co-reference
resolution. One of them is from a recent study on the value
of using rich features for co-reference resolution
(Bengtson & Roth. 2008) which comes as a
Learning-Based Java (LBJ) co-reference package.
Another is called BART. which is from the Johns Hopkins
University summer workshop on using lexical and
encyclopedic knowledge for entity disambiguation
(Versley et al.. 2008). We used both of these tools as
described in Section 4.

3. Evaluation Metrics

Evaluation for co-reference resolution is challenging.
considering that co-reference resolution is neither a
traditional classification problem nor a labelling problem.
A good evaluation metric has to consider both entity
recognition and clustering. Several efforts have been
made to establish standard evaluation metrics. Link-based
F-measure is the one of the earliest metrics adopted in the
MUC task (Vilain et al.. 1995). In this mefric the
F-measure is computed on the co-reference links from the




system output against the links in the gold standard.
However. it is reported to be biased for systems with
fewer entity outputs (Finkel & Manning. 2008: Luo.
2005). Another metric, called B-cubed (B°) takes the
weighted sum of the F-measures for each individual
mention which helps alleviate the bias in the pure
link-based F-measure (Bagga & Baldwin. 1998). The
ACE named entity detection and fracking task used a
metric that normalizes the sum of false-alarm, missed and
mistaken entities. However, this metric is believed to be
non-intuitive and hard to interpret (Luo. 2005). Instead
Luo proposed a new metric named Constrained Entity
Alignment F-measure (CEAF). which is claimed to be
both discriminative and interpretable. CEAF uses a set
similarity measure @(4, B) that is simply the number of
common elements in sets 4 and B. CEAF compares the
equivalence classes R produced by the system to the
classes in the gold standard G. It calculates the mapping
g:R— G that maximizes the sum of all ®(R;, g(R;)). The
optimal mapping is used to define precision. recall and
F-measure as follows:
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In this paper. we present our results using two widely used
. 3 , .

metrics, B and CEAF, and show our improvement over

the baselines.

In addition to the selection of the appropriate metrics. we
address the issue of the target entities selection for the
co-reference resolution task. Typically. the Entity
Co-reference Resolution (ECR) systems try to extract all
potential references to real-world objects. including both
named and nameless objects. For example. the phrase “a
Canadian company” is considered a reference. albeit to a
nameless object. The documents in the ACE collection
are annotated according to this convention. In our
conversations with many potential users of the ECR
systems we noted that their major interest was in named
objects only. For example. a reference to “a Canadian
company” would not be interesting unless that company
could be identified by name -elsewhere the text.
Correspondingly. we established two experimental
conditions: the traditional condition of NP-CR (Noun
Phrase Co-reference Resolution) and NE-CR (Named
Entities Co-reference Resolution). For NE-CR. we
manually re-annotated the original gold standard to
include only NE-CR references.

4. ENCORE Details

In this section, we present the details of our synthetic
co-reference resolution system. The system uses several
off-the-shelf co-reference resolution tools and integrates
their results. We first discuss these state-of-the-art
co-reference resolution tools and then propose our own
integration methodology:.

4.1 State-of-the-art Tools

For our experiments we selected four popular. publicly
available ECR packages: (1) the Learning-Based Java
(“LBJ System™) co-reference package from UIUC
(Bengtson & Roth. 2008). (2) BART co-reference toolkit
from Johns Hopkins University Summer Workshop
(Versley et al.. 2008) and two others. In our testing. LBJ
and BART produced results uniformly superior to the
other two systems with very little new information
provided by the latter two. For this reason. we used only
LBJ and BART in ENCORE. LBJ and BART embody
different approaches to co-reference resolution. While
LBJ incorporates a rich set of syntactic and semantic
features, BART additionally uses information from
Wikipedia for co-reference disambiguation (Versley et al..
2008). Our expectation is that the different approaches
adopted by LBJ and BART would produce
complementary results with room for further refinement.
We conducted a pilot test on a manually annotated corpus
consisting of 10 articles from politics. sports and
entertainment with about 500 entities and 100
equivalence classes. The pilot showed that the two
systems are rather complementary because a simple union
of the co-reference chains discovered by each system
resulted in a 10% increase in recall. The pilot also gave us
ideas on possible heuristics which we will detail in the
following sections. On other sets (see below). we
achieved an even greater increase in recall. This number
indicates an upper bound for the integration heuristics if
they can prevent a deterioration of precision caused by
false positives.

4.2 Integration Methodology

In this section, we present our initial integration heuristics
for combining the outputs of the primary co-reference
resolution tools. We treat each primary system as an
annotator that marks text phrases with the labels of the
corresponding entities (objects). Each entity produced by
the annotator has a set of textual references — some that
contain names and some that do not.

First. ENCORE tries to merge entities produced by
different annotators. The first heuristic is rather obvious:
if two such entities have identical lists of textual
references. they are merged. The second heuristic is more
interesting and important. We merge two entities if their
lists of textual references have at least one pivor reference
in common. Which reference qualifies as a pivot
reference is of critical importance. Allowing all
references to serve as pivots. often leads to serious
mistakes. For example. a common pronoun could merge



two entities which may not be the same. as in:
(John;. he,) and (he,. Bills)

On the other hand. if the selection criteria for pivot
references are too restrictive then we may end up with too
many entities and many ambiguous references like “he,”
in the above example. attached to two different entities.

ENCORE uses different pivot criteria in our two
experimental conditions. Under the NE-CR condition.
only named textual references are used as pivots. Our
preliminary investigation indicated that the nominal
(nameless) textual references where there is no agreement
between the primary co-reference resolution tools are
most likely to cause errors if we use them as pivots. Their
elimination improves precision without significant
reduction of recall. To identify named references we use
SYNERGY. owr own NER (Named Entity Extractor)
(Shah et al.. 2010) which synthesizes the results from
several off-the-shelf NER systems. but any other
high-performance NER system could be used as well.

Under the NP-CR condition, the above restriction on
pivots turned out to be too narrow. leaving out too many
valid references. especially the classes consisting of only
the nominal textual references. For this condition we
developed a more "relaxed” version. counting as pivots all
phrases that either contain a named reference or are
contained in one. For example. the phrase “the President
of the United States™ is not a named reference (the
president is not identified) but it contains a named
reference “the United States”™ which makes it a pivot
reference. The textual reference “Properties.” while not a
named reference. can serve as a pivot if it is contained in
the phrase “Hong Kong Properties LTD”. In our
experiments, mentions "associated" with named
references in the above manner were more reliable as
pivots. increasing the accuracy of merging.

After the mergers. each named reference belongs to one
and only one entity. Nameless references might belong to
several entities. ENCORE cleans up the results using the
following heuristics. Nameless references that belong to
more than one entity are eliminated as ambiguous. Under
the NE-CR condition, entities (sets of references) that
contain no named references are eliminated.

The following example illustrates how ENCORE works
in general under both conditions:

LBIJ produces the following two equivalence classes
(among many others):

(J. Smith. Joe Smith)
(an oil company)

BART system produces only one class containing
(J. Smith. Mr. Smith)

The reference “J. Smith” is recognized by SYNERGY as
a named entity. and the first two classes are merged.
producing:

(J. Smith. Joe Smith. Mr. Smith)

The reference “an oil company” is not recognized by
SYNERGY and is dropped.

The following example illustrates under NE-CR. how
ENCORE is able to improve on the underlying systems
without getting confused by a significant error in one of
them:

Ouwr friend Jakaya Kikwete; studied at that
school last summer.... By the way. he, is mar-
rying Maria Kashonda; soon.... Jakayas and
Marias are moving to Teheran where heg’ll be
working for Pishgaman Nano Arya.

LBIJ produces three classes where it misclassifies the last
“he” as a reference to “Maria” which is clearly a female
name.

LBJ1 = (Jakaya Kikwete,. Jakaya,)
LBIJ2 = (Maria Kashondas;. Marias. heg)
LBIJ3 = (he,)
BART returns the following classes:
BART1 = (Jakaya Kikwete,. he,. Jakaya,. hes)

BART?2 = (Marias)

ENCORE merges LBJ1 with BART1 and LBJ2 with
BART2. It does not merge LBJ2 and BART1 because
“hes” is not a pivot reference. It then eliminates LBJ3 and
“hes” producing;:

ENT1 = (Jakaya Kikwete,. he,. Jakavay)
ENT2 = (Maria Kashondas. Marias)

In the process. we lost the reference hes which should
have been part of ENT1. but was eliminated because of its
ambiguity. A more sophisticated heuristic aware of first
name genders would have salvaged it.

S. Experiments

We conducted our experiments on two test sets: MIX1 and
ACE NWIRE. MIX1 is a small set of 10 articles that
reflect one of our target application domains: business
news and biographical sketches. This manually annotated
set contains approximately 4000 words. 500 entities and
100 co-reference equivalence classes. The ACE NWIRE
set from ACE-2 corpus for NIST Automatic Content
Extraction program is widely used in co-reference
resolution experiments (Mitchell et al.. 2003). It is based
on 29 articles and contains approximately 20.000 words.
2600 entities and 1000 co-reference equivalence classes.
MIX1 set was too small for meaningful tests under the
NE-CR condition. To conduct the tests. we manually
created the annotations of the ACE NWIRE corpus with
equivalence classes consisting of only named entities and
their references (both named and nameless).

Some earlier systems (Bengston & Roth. 2008; Haghighi
& Klein 2009) achieved good results. but they matched
only head nouns between entities in the gold standard and
those in the system output, instead of the entire mentions.




We should note that using entire mentions instead of just
head nouns makes evaluation much stricter. We follow
this approach. for two reasons: Firstly. our main objective
is to show the improvement over baseline systems. By
placing strict rules of evaluation. it would be more
effective to observe the direct improvements from
ENCORE. Secondly. the underlying primary systems. as
black boxes. retrn only the full extends of textual
mentions/references with no head noun information for
our evaluation.

Precision Recall F-Score
ENCORE 0.468 0.462 0.458
Union 0.256 0.530 0.340
LBI 0.342 0.479 0.396
BART 0.404 0.400 0.387

Table 1: MIX1 with CEAF under NP-CR

Precision Recall F-Score
ENCORE 0.410 0.425 0.395
Union 0.220 0.548 0.301
LBI 0.346 0.377 0.356
BART 0.352 0.354 0.333

Table 2: MIX1 with B? under NP-CR

For comparison. we used three baselines: the individual
performances of LBJ and BART. and another baseline
named Union created by us. Union measures the results of
a simple union of the equivalence classes retrieved by the
two underlying systems. Union should give us the
maximum recall achievable by the integration of the
underlying systems at the cost of diminished precision.
The results of our experiments are shown in Table 1 and
Table 2 for the MIX1 test set under the NP-CR condition,
Table 3 and Table 4 for the ACE NWIRE test set also
under the NP-CR condition, and Table 5 and Table 6 for
the ACE NWIRE test set under the NE-CR condition.

5.1 Tests under NP-CR Condition

As we can see from these tables, ENCORE produces
better precision. better F-score and comparable recall
results as compared to the two underlying systems. On the
MIX1 test set under NP-CR condition, ENCORE shows
16% and 18% improvement with CEAF over the
individual F-scores of LBJ and BART. Similar
improvements of 19% and 27% are observed with B°.
However. the recall results of ENCORE are significantly
below the maximum. as indicated by the Union baseline.
The 0.462 recall value of ENCORE is about 13% below
the recall value of the Union baseline with CEAF. With
B? the difference is 23%. Our current heuristics reject
many valid nominal (nameless) mentions. This leaves
ample headroom for future improvements with better

heuristics and the use of machine learning techniques for
synthesis.

Precision Recall F-Score
ENCORE 0.525 0.521 0.512
Union 0.417 0.546 0.465
LBJ 0.485 0.505 0.493
BART 0.441 0.386 0.407

Table 3: ACE NWIRE with CEAF under NP-CR

Precision Recall F-Score
ENCORE 0.511 0.476 0.481
Union 0.393 0.536 0.441
LBJ 0.533 0.446 0.476
BART 0.391 0.320 0.340

Table 4: ACE NWIRE with B? under NP-CR

As shown in the F-Score column of Table 3 and 4,
ENCORE improves the F-scores on the ACE NWIRE by
1.7% and 24.8% over LBJ and BART respectively with
CEAF. It also gives improvements of 2.7% and 29.0%
over the two baselines with B®.

The improvements on the ACE NWIRE test set is
considerably lower than that on MIXI1 test set. Close
examination of the results on the individual files of the
ACE NWIRE set reveals that on this test set. LBJ
consistently outperforms BART for most of the files. Yet
the latter system still contributes enough differences to
improve the precision score over the LBJ system by
almost 10% from its 0.485 to 0.525 under CEAF metrics,
which may be important for some applications. The
headroom for improvements in recall is similar to MIXI:
11%-15%.

5.2 Tests under NE-CR Condition

Tests under the NE-CR condition show significantly
better improvements: ENCORE improves the F-scores on
the ACE NWIRE by 31% and 40% with CEAF and 19%
and 41% with B? over LBJ and BART respectively. While
the comparison with LBJ and BART under the NE-CR
condition might not be entirely fair because these systems
were not optimized for this condition. we show how the
“black box™ systems can be successtully re-purposed for a
different task.

Precision Recall F-Score
ENCORE 0.534 0.559 0.542
Union 0.251 0.572 0.347
LBJ 0.332 0.556 0.413
BART 0.340 0.464 0.388

Table 5: ACE NWIRE with CEAF under NE-CR




Precision Recall F-Score
ENCORE 0.495 0.483 0.476
Union 0.270 0.527 0.349
LBJ 0.369 0.470 0.401
BART 0.329 0.369 0.337

Table 6: ACE NWIRE with B? under NE-CR

6. Discussion and Conclusion

In this paper. we introduced ENCORE - our system for
entity co-reference resolution based on the synthesis of
the results from off-the-shelf co-reference resolution and
named entities extraction products. The preliminary
experiments we conducted on two test sets under more
standard NP-CR condition show marked improvements in
the F-scores ranging from 2% to 27% with significant
headroom for further improvement. Under the NE-CR
condition, the experiments show even better performance
improvements of 20% to 40% in the F-scores over the
baselines. Our main contribution is to show how the
growing number of “black box™ off-the-shelf systems can
be leveraged to create fast prototypes with superior
performance even for the tasks that deviate from their
original purpose. Instead of re-creating the existing
methods. we focused our efforts on the analysis of their
short-comings. Our first targets were the discrepancies
between the underlying primary systems. Our heuristics
based on a named entity filter proved to be quite effective.
We are currently investigating additional heuristics and
machine learning approaches to synthesize the primary
systems which would further improve the performance of
ENCORE.
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Abstract
We describe an application we created called Concord that enables software engineers to build and execute Java based record resolution
systems (RRS) quickly. Concord allows developers to interactively configure a RRS by specifying match feature functions, blocking
functions, and unsupervised machine learning methods for a specific resolution problem. From the developer’s defined configuration
parameters, Concord creates a Java based RRS that generates training data, learns a matching model and resolves the records in the
input files. As far as we know, Concord is unique among RRS generators in that it allows users to select feature functions which are
customized for particular field types and in that it allows users to create matching models in a novel unsupervised way using a technique

called surrogate learning.

1. Introduction

Record resolution systems match records in one file to
records in another file. They are often used to link records
pertaining to people and organizations. Record resolution
systems play a central role in resolving data across busi-
nesses, government agencies, and other organizations. In
addition, record resolution systems play a key role in cre-
ating cross document coreference systems when structured
records for an entity are extracted from text and matched to
entity authority files (Dozier and Haschart, 2000) .

This paper describes an application we created called Con-
cord that enables software engineers to build Java based
RRSs quickly. Concord allows users to interactively con-
figure a RRS by specifying match feature functions, block-
ing functions, and unsupervised machine learning methods
for a specific problem. From the developer’s defined con-
figuration parameters, Concord creates a Java based RRS
that generates training data, learns a matching model, and
resolves the records in the input files. As far as we know,
Concord is unique among RRS generators because it can
be easily reconfigured to tackle a variety of record resolu-
tion problems by allowing users to select feature functions
that are customized for particular field types and by creat-
ing matching models in a novel unsupervised way using a
technique called surrogate learning.

Concord also supports interactive analysis of the input files
and the output matches for a specified resolution system.

2. Overview of Concord

The steps a developer must follow to create a resolution
system with Concord are described below. For purposes
of our discussion, we assume that we wish to match the
records in a File 1 to the records in a File 2.

First, a developer must analyze and align data in File 1 and
File 2 records. This means that the developer must deter-
mine which fields in File 1 records are semantically com-
patible with fields in File 2 records. The input analysis part
of Concord helps with this step and is briefly described in
section 4.

Second, a developer must define feature functions between
fields in File 1 and File 2 records. Feature functions are
used to determine whether a File 1 and File 2 record pair
match. A feature function typically compares one or more
fields in a File 1 record with one or more fields in a File 2
record and computes a similarity score.

Concord provides a library of feature functions that can be
selected and attached to field elements in File 1 and File 2
to produce feature function values for inclusion in a feature
vector. We will discuss this in section 4.

Third, a developer must specify a blocking function that
accepts information from a File 1 record and returns a can-
didate set of File 2 records where the candidate set very
probably contains the matching record from File 2 if such a
record exists. Concord provides an interactive way to spec-
ify a blocking function. We will discuss this in section 4.
Fourth, a user must specify a surrogate labeling function
that can automatically label feature function vectors for use
in training the RSS matching function. Surrogate labeling
functions are functions that apply a normalized value be-
tween 0.0 and 1.0 to a feature vector in such a way that
the high and low values of the surrogate correlate well with
ground truth match and mismatch judgements respectively.
We call the function a “surrogate” because the output of the
function serves as a surrogate for manual judgments. We
have found that the reciprocal of the block size associated
with a given File 1 and File 2 record pair is often a good
surrogate function. We will discuss this in section 4.

Fifth, the user must select the amount of training data the
Concord system should generate for the machine learner.
And the user must select the type of machine learner to
use. Concord allows users to choose from a variety of ma-
chine learning techniques including a support vector ma-
chine with a linear kernel, an SVM with polynomial kernel,
and an SVM with a RBF kernel. We will discuss this in
section 4.

Sixth, the developer must instruct the Concord system to
use the parameters specified in the previous steps to train a
matching model for resolving File 1 and File 2 records and



to use the model to perform the actual resolution. The reso-
lution is performed by reading each File 1 record, retrieving
a set of File 2 records using the blocking function, scoring
each feature function vector associated with each File 1 and
File 2 pair from the block. and writing to an output file the
highest scoring record pair in a block. We will discuss this
in section 4.

Finally. the developer must review the resolutions created
between File 1 and File 2 records and select upper and
lower threshold scores. Record pairs associated with a
score above the upper threshold are considered matches that
require no editorial review. Record pairs with a score be-
low the lower threshold are considered to represent File 1
records that cannot be matched to File 2 because the high-
est scoring File 2 record is a mismatch. Record pairs with
scores occurring between the upper and lower threshold are
considered to be those that require editorial review for ac-
curate categorization into match or mismatch classes. We
will discuss this in section 4.

Figure 1 shows a flow diagram that Concord follows to re-
solve file records. The Concord user interface for resolution
system specification is shown in Figure 2.

In the sections that follow, we describe similarities and dit-
ferences between Concord and other entity resolution tools.
We then describe the user interface that Concord provides
for specification, configuration, training, and running a res-
olution system. And we describe Concord’s input file anal-
ysis tool and its match output analysis tool.

3. Other Work

The only other system that we know of that creates record
resolution software is the Febrl system (Christen, 2008).
The name Febrl is an acronym standing for Freely Exten-
sible Biomedical Linkage. The Febrl system is written in
python and generates python record resolution code. The
Febrl system provides utilities to analyze the data in file
record fields, provides utilities to specify blocking func-
tions, provides a library of feature function routines, and
provides a machine learning based method of performing
record resolution. It also has utilities to clean and normal-
ize data.

The main differences between Febrl and Concord are these.
Concord provides an unsupervised method of training a
matching function using surrogate labeling, while Febrl
bases its unsupervised learning method on a seeded near-

est neighbor approach. Concord produces Java code rather

than python code. Concord provides a set of feature func-
tions that are customized for particular semantic field types
such as person names, street addresses, locations, and com-
pany names. Concord feature functions couple field nor-
malization with field comparisons in many cases. And Con-
cord is designed to be able to process much larger files than
Febrl is.

4. Creating a Resolution System

Concord provides a quick way to build file record resolution
systems. Part of the user interface for this system is shown
in Figure 2.

Concord provides facilities to specify the names and loca-
tions of the files to resolve. Concord also displays infor-

mation about the composition of the files and allows for
the specification of match feature functions, blocking func-
tions, a surrogate function for automatically labeling train-
ing data, and a machine learning technique to use to model
matching functions.

Concord also allows developers to invoke the training of
matching models and the resolution of the records in the
files specified.

4.1. Analysis of Input Files

The Concord interface allows the user to specify the names
of the files to resolve (called here File 1 and File 2). An
example of this can be seen in Figure 2 under Input Files.
Concord requires that the files contain a single record per
line and that the fields in the record be separated with a *|’
character.

The first record in the file must contain the semantic labels
of the record fields. And the first field of each record must
contain a unique record id.

Once the user has specified File 1 and File2, the resolution
system displays to the user the field labels and field values
from the two files. Concord also calculates the density and
uniqueness of the record field values.

aty — B
d.enszty =&
uniqueness = %

where n = number of records in file. p = number of popu-
lated fields across all records for a particular field, and v =
the number of unique field entries across all records for a
particular field.

An example of the Concord input analysis is shown in Fig-
ure 2 in Field Description section of the screen. We can
see from Figure 2 that File 1 and File 2 have 862,962 and
837,750 records respectively. We also see that the first field
label in each file is PERSON-ID and that these fields have
density and uniqueness values of 1.0. This indicates that the
PERSON-ID fields are fully populated and unique through-
out the files.

4.2. Selection of Feature Functions

Resolution systems typically use a set of feature functions
to determine how well a File 1 and File 2 record pair match.
Feature functions work by comparing a field from the File
I record with a field from the File 2 record and returning a
similarity score for the field pair. More formally expressed,
a feature function is the following:

F, (fiegdreco-rd,:: féegd-reco'r'dj) =In

where F), compares field,cqorq1 ( a field from a File 1
record) with field,ccorqo (a field from a File 2 record) to
compute a value x,,. x, is an element of the feature vector

IEJ = {1:1! L2, '-53---1:711}

that is used to compute a comparison score between a File
1 record i and a File 2 record j. That is,

MatchScore(record;, record;) =
ScoringFunction(z7 ;)
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Figure 3: Concord Output Analyzer

Concord allows for the easy selection of feature functions.
The user selects a feature function by specifying the File 1
and File 2 fields to compare and then selecting a compari-
son function from a drop down menu to apply to the fields.
Table 1 shows how three feature functions would be spec-
ified for matching corporate officer records from two dif-
ferent files. The section of the Concord interface in Figure
2 labelled Feature Map is where the developer can specify
feature functions.

Concord provides the user with a large set of feature func-
tions as well as the ability to add specialized functions the
user may require for particular resolution problems.

The feature functions Concord provides are of five types.
The first type are string comparison functions that are
customized to particular semantic types. These func-
tions include compareFirstNamesLevenschtein(). compare-
PhoneNumbers(), compareCityState(), compareZipCode(),
and compareStreetAddress(). These comparison functions
combine string edit distance rules with knowledge of nam-
ing conventions associated with particular name types.
For example, the compareFirstNamesLevenschtein() fea-
ture function gives high match scores to names that have
compatible nicknames. Without such a nickname check,
many compatible nickname pairs (e.g., William and Bill)
would be separated by large edit distance and would thus
have low feature match scores.

The second type are tf-idf cosine comparison functions
whose idf term values are local word level frequencies asso-
ciated with particular fields in File 1 or File 2. An example
of this is a companyLocal TF-IDF cosine similarity func-
tion that uses the frequency counts associated with com-
pany name fields in the File 1 and File 2 files specified.
The third type of feature function are tf-idf cosine compar-

ison functions whose idf term values are taken from word
level frequencies associated with large entity name lists out-
side the framework of a particular resolution problem. An
example of this is a companyGlobal TF-IDF cosine similar-
ity function that uses the frequency counts associated with
large company name lists that have been assembled from
company authority files. So, in this case. we might use a
Reuters Company database to compute idf values to use to
compare company names.

The fourth type of function are those in the family of string
similarity functions. They includes among others the Ham-
ming distance, Levenshtein distance, Smith-Waterman dis-
tance, and Jaro-Winkler distance. Each of these functions
measures the distance of one string to another as function
of the number of character changes that need to be made to
transform one string into another. These functions are often
robust across different semantic types.

The fifth type of function are specialized idiosyncratic func-
tions a user needs for particular resolution problems. In
these cases, Concord allows users to write their own com-
parison feature functions and add them to an extensible li-
brary of special functions. An example of this type of func-
tion might be a function that compares proprietary product
codes across two files within a particular company.

By providing users with standard comparison functions for
strings and common semantic field types as well as provid-
ing the capability of adding specialized functions, Concord
strikes a balance between enabling the reuse of standard
functions and the customization of functions that may be
required for particular resolution systems.



File 1 Field File 2 Field Comparison Function
OFCR-FIRST-NAME FIRST-NAME | FirstNameLevenschtein
COMPANY-NAME | COMPANY-NAMES | Company Tfldf-Distance
COMPANY-NAME | COMPANY-NAMES Levenschtein

Table 1: Specifications for Three Feature Functions.

4.3. Selection of Blocking Functions

Concord allows for the selection of blocking functions. The
purpose of blocking is to increase the efficiency of resolu-
tion by limiting the number of File 2 records to which we
must compare a File 1 record in order to find a match. A
good blocking function will return a small mean number
of File 2 records for each File 1 record under consideration
and will also return within the block with a high probability
the File 2 record that best matches any given File 1 record.
A blocking function works by constructing a File 1 block
key from fields in a File 1 record and reading all File 2
records that can be indexed by that blocking key value.
The blocking key indexes for File 2 are build by construct-
ing keys from each File 2 record using fields in the File 2
records that are compatible with the fields used to create
File 1 block keys.

An example of a blocking key could be the contents of the
last name field in a File 1 record file of corporate officers
and the last name field in a File 2 record file of corporate
officers.

Concord allows users to specify blocking keys in two steps.
First, the user specifies a set of basic blocking keys. A ba-
sic blocking key shows how a single field or part of a field
from File 1 should be matched against a single field or part
of a field from File 2. The second part of the blocking spec-
ification shows how the basic blocking keys should be as-
sembled to form a final blocking key.

An example of basic and final blocking keys is shown in
the interface illustration in figure 2. Here the basic block-
ing keys are last name and first initial of the first name.
The first basic block key is last name and consists of the
field OFCR-LAST from File 1 and the field LAST-NAME
in File 2. The second basic block key is first initial of first
name and consists of first character of field OFCR-FIRST
in File 1 and first character of field FIRST-NAME in File 2.
These two basic block keys are then concatenated to form
a final block key: namely, last name plus first letter of first
name. The composition of the final block key in our exam-
ple is shown in figure 2 in the screen panel labeled Actual
Blocking Keys Used.

4.4. Selection of Surrogate Function for Training

The system allows for the selection of a surrogate train-
ing function. Surrogate training functions are used to label
training feature vectors in lieu of manual judgments (Veera-
machaneni and Kondadadi, 2009). Developers can select
surrogate functions from the drop down menu labelled Sur-
rogate Feature under the section of the user interface la-
beled Training Parameters.

Surrogate functions must have the characteristic that high
values returned by the function correlate on average with
true positives (matches) while low values correlate on av-
erage with true negatives (mismatch). Also the surrogate

function must be class-conditionally independent of the
other feature functions.

In our experience, a particularly useful surrogate feature is
the reciprocal of the block size associated with a particular
feature vector set, i.e.,

surrogateFeature = Tioch—size
This works well because in small blocks the ratio of the
positive pair to negative pairs is large, the surrogate score
is large, one true positive is generated, and a small num-
ber of negatives are generated. While for large blocks. the
ratio of the positive pair to the negative pairs is small, the
surrogate score is small, one true positive is generated, and
many negatives are generated. So the mean surrogate score
for positive pairs is larger than the mean score for nega-
tive pairs. For instance, for a singleton block, the surrogate
score would be 1.0 for the single positive feature vector.
While. for a block containing 100 records, 99 true nega-
tive feature vectors would have a score of 0.01 and 1 true
positive feature vector would have a score of 0.01.

The graph in Figure 4 shows the correlation between the
reciprocal block size surrogate feature and the company
name tf-idf feature for a randomly selected set of record
pairs from two different corporate officer files blocked on
last name of officer. True positives (matching pairs) are in-
dicated with an o and true negatives (mismatching pairs)
are indicated with a /\. We can see from the distribution of
o and triangles that true negatives are associated with both
low scoring surrogate features and low scoring company
name tf-idf feature values while true positives are much
more likely to be associated with high surrogate and com-
pany tf-idf scores.

It turns out that P(y = 1|x2) is a monotonically increasing
function of E[zq|zo] for surrogate scores based on the in-
verse of the block size in many circumstances. Here x; is
the surrogate inverse block size score and x» is the feature
vector associated with a record pair. So we can build a re-
gression SVM for E[z|zs] itself which will rank results in
the same order as a classifier that modelled P(y = 1|z2)
directly. We describe this more fully in (Veeramachaneni,
2009).

4.5. Training System

Once feature functions, the blocking function, and the sur-
rogate function have been specified, the developer must
specify a machine learner and sampling parameters for the
generated labeled training feature vectors.

For machine learners, Concord offers developers the choice
of regression SVMs with linear, polynomial, and RBF ker-
nels. The developer can choose the machine learner from
the drop down menu labelled Classifiers under the section
of the user interface labeled Training Parameters.

Concord samples training feature vectors by randomly
choosing a set of n File 1 records, generating a pool of
labeled feature vectors, and then randomly selecting m la-
beled feature vectors from the generated pool.

The number n and m are selected by the user under the
Training Samples Rate screen label in Figure 2.
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Figure 4: Graph of Training Data Showing Correlation Be-
tween the Reciprocal Block Size Surrogate Feature and the
Company Name TF-IDF Feature. o is match. /. is mis-
match.

File 1 ID | File 2 ID | Highest Match Score in Block
123 55301 0.4501
439 67012 0.1534
871 12082 0.8921

Table 2: Format and Example of Resolution Records

4.6. Record Resolution

The user activates training and resolution of the records in
Concord by clicking on a screen button labeled Train and
Resolve. This causes Concord system to create a matching
model using the training feature vectors and then to resolve
each of the File 1 records to File 2.

Concord performs the resolution of each File 1 record by
reading a block of File 2 records using the blocking key and
scoring each File 1 and File 2 record pair in the block using
the matching model. The record pair associated with the
highest scoring feature vector is stored in the Concord out-
put resolution file. The format of three resolution records is
shown in table 2.

A Concord user can browse the resolution results via an
output analyzer screen. Figure 3 shows an output analyzer
display for the results obtained when we resolved two files
containing records describing corporate officers and direc-
tors. In this case, File 1 contains 862,962 records and a
File2 contains 837.750 records. The resolution parameters
governing this resolution system are shown in Table 3.
Figure 3 shows four ranked result lists. The first list shows
File 1 and File 2 match pairs ordered by match scores that
are above 0.3. The second list shows match pairs with
scores between 0.3 and 0.15. The third list shows match
pairs with scores below 0.15. The fourth list shows the ids
of File I records for which no File 2 candidate records were
found with the blocking key.

Selection Type

Selected Parameter

Description

File 1

File 2

Feature Function 1
Feature Function 2
Feature Function 3
Feature Function 4
Feature Function 5
Blocking Key

Voyager File
Reuters File
CompareFirstName

CompareCompany Name
CompareCompany Name

CompareA ge
CompareTitle

LastName + FirstInitialFirstName

BlockSize

862,962 records
837,750 records
edit distance

tf idf

edit distance

edit distance

Surrogate Function
Machine Learner

SVM Linear Regression

Table 3: Configuration Parameters for RSS for Officers and
Directors Resolution Experiment

Match Score Threshold | Precision | Recall
0.10 0.833 0.966
0.20 0.972 0.852
0.30 0.995 0.808
0.40 0.995 0.800
0.50 1.00 | 0.792
0.60 1.00 | 0.761
0.70 1.00 | 0.709
0.80 1.00 | 0.665

Table 4: Resolution Precision and Recall for Corporate Of-
ficers and Directors Problem

The user may scroll through each of these lists and see
details about the matched records by clicking on the row
list. In the figure, the user has clicked on the top scoring
record pair in the top list. The screens to the left show detail
about the matched pair File 1 record 778 and File 2 record
1063283, Both records pertain to a director at Grupo Clarin
SA named David Castelblanco.

The upper and lower display thresholds can be set by the
user.

5. Evaluation

We evaluated our system on a number of real world record
linkage problems. An example of one of these systems is
the merging of corporate officers and directors data we dis-
cussed in previous sections.

In our example system. we matched 862,961 File 1 records
to 837,760 File 2 records. The configuration parameters for
the system are shown in Table 3.

To assess precision and recall of the system, we checked
300 randomly selected highest scoring match pairs per
block.

Figure 5 shows how match scores vary by highest scor-
ing record pair. A "+  symbol indicates that pair is truly
a match. A A symbol indicates that pair is a mismatch.
Table 4 shows how the precision and recall of the system
vary as the match score belief threshold varies. Here any
record pair whose score falls above the threshold is deemed
a match and any File 1 record whose best match to File 2
falls below the threshold is deemed unmatchable to a File 2
record.

In our example, using a threshold of 0.3, we created a sys-
tem that resolved records with a precision of .99 and a
recall of 0.80.
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Figure 5: High Match Scores for 300 Officers Records. + is true match. /\ is mismatch.

6. Discussion

Concord works well for file resolution problems for two
main reasons. First, many file matching tasks can be solved
by applying common field value comparison routines (fea-
ture functions). Second, in many cases, the files can be
resolved automatically using a technique we call "surrogate
learning” (Veeramachaneni, 2009).

Surrogate learning is an unsupervised machine learning
technique that uses a surrogate feature function in place
of manually produced classification judgments to create
training data. Surrogate feature functions must be class
conditionally independent of other feature functions and
should have the property that their mean value for matches
is greater than their mean value for non-matches.

A surrogate feature that is particularly elegant for entity res-
olution problems is the reciprocal of the block size. Using
this feature as a surrogate will work if the block size vari-
ance is relatively large and if the probability of the block
containing the ground truth matching resolution record is
high.

Future work on Concord will include development of utili-
ties to assist the developer in finding optimal feature func-
tion sets and utilities to assist user in selecting optimal
match threshold values. Future work will also include the
search for robust feature functions usable in a wide range
of entity resolution tasks.

7. Conclusion

This document describes an application called Concord that
enables software engineers to build and execute Java based
record resolution systems quickly. Concord allows devel-
opers to interactively configure a record resolution sys-
tem by specifying match feature functions, blocking func-
tions, and unsupervised machine learning methods for a
specific problem. From the developer’s defined configura-
tion parameters Concord creates a Java based record resolu-
tion system, that generates training data, learns a matching

model and resolves the records in the input files. As far
as we know, Concord is unique among record resolution
system generators because it can be easily reconfigured ac-
cording to the problem by allowing users to select feature
functions that are customized for particular field types and
by creating matching models in an unsupervised way using
a technique called surrogate learning.
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Abstract
Sentiment analysis of business news has become an increasingly popular area of research for both the practitioner and academic. The
future financial prospects of companies can be estimated through the aggregation of sentiment over a period of time. The aggregation
of sentiment for a specific company is only possible if the company is explicitly mentioned in the news text. In certain instances, news
text may refer to groups or collections of companies, for example "The Automotive Sector” or "The Russell Group of Universities™
Widely available named entity dictionaries will not recognize these groups of companies, and consequently. it may not be possible to
assign sentiment attributed to these groups of companies to their individual members. This paper describes a method for identifying

groups of companies, which for the purposes of this paper will be known as "Collective Entities™. The described method is corpus based:
it uses linguistic patterns to identify Collective Entity Names, their members and their natural relations with other Collective Entities.
The described methodology contains the following steps: 1. Identify and validate seed extraction patterns. 2. Expand seed patterns, 3.
Extract and validate Collective Named Entities, 4. Extract related Collective Named Entities. 5. Construct and populate an Ontology and
6. Expand the members of Collective Entity sets with Linked Data.

1.

Sentiment analysis of business news stories has become
an increasingly popular area of research. The "emotion”
of a phrase or sentence can be assigned to an entity in
the story. The phrase. "Microsoft faces a bleak 20107,
contains the adjective “bleak™. which is negative. The
predefined value for the word “bleak™ can be assigned to
the entity "Microsoft”. An aggregation of sentiment may
provide an indication of its future financial prospects. It
is common for journalists to refer to groups of companies
("Collective Entities”) in their news stories. The hypo-
thetical phrase. "The car industry faces a bleak 20107,
contains a Collective Entity. "The car industry”. At the
present time widely available named entity dictionaries
will fail to identify this named entity and consequently any
sentiment information cannot be assigned to the Collective
Entity or its members. There is a further problem: there
is no commonly accepted comprehensive list of Collective
Entities! which a journalist can refer to. consequently
journalists may a apply a number of different labels to the
same Collective Entity. For example, a journalist may refer
to companies who produce cars as: “"The Car Industry”,
“"The Automotive Business”, "The Car Construction
Business” or "The Automotive Fabrication Sector”. The
failure to identify Collective Entities may result in the
incorrect assignment of sentiment which may result in
flawed financial inferences.

Introduction

This paper describes an attempt to construct a “Collec-
tive Entity” (CE) resource for the GATE Framework.
(Cumningham. 2002) The resource is limited to com-
panies and their containing CE. There may be other
“Collective Entities”(CEs) in business news which have
members which are not companies; however, the identi-

A number of financial newspapers group shares of compa-
nies by business area. however these groupings are not generally
referred to by journalists. In addition the groupings will only refer
to companies listed on that exchange
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fication of these entities was beyond the scope of this paper.

The derived resource will be used to assign sentiment
found in news stories to CEs and their members. The
production of these resources relied upon a corpus based
method which learnt CE titles from a large document
collection. The CE titles were initially described as a
series of lists. An onfology of CEs and its members was
constructed to provide a richer description.

2.

A “Named Entity
many rigid designators (Kripke, 1982). A rigid designator
can be proper names as well as certain natural kind terms
like biological species and substances (Nadeau, 2007). In
this paper the definition of a rigid designator was expanded
to include inconsistently applied designators which are
in common use in formal written English. There may be
many “inconsistent designators:” however, for the purposes
of this paper. a legitimate inconsistent designator is a
name or term which is frequently used in the news media
to describe a collection of more than one company. It
is possible that a number of these CEs may have very
descriptive and obvious names, but there are a larger
number of CEs whose ftitles contain vague language or
jargon. for example "The CRM Business” or "The DME
Industry”. “Arbitrary names” which have been formally
registered have been excluded from this study. for example
company names and governmental or non-governmental
agencies .

Identification of Collective Entities

5y

1s a term for which there are one or

2.1

The described approach used linguistic patterns to identify
CEs. This technique was preferred to the more popular
approaches of identifying named entities with supervised
machine learning techniques (Nadeau. 2007) because su-
pervised machine learning may require large amounts of

Named Entity Extraction Methodology



labelled data which can be a labour intensive task. In addi-
tion. labelled data may contain an unrealistic representation
of the target entities (McEnery. 1996) and consequently the
supervised technique may return a sub-optimal number of
CEs. It was expected that the simplicity of the approach
would be counterbalanced by the “unreasonable effective-
ness of data” (Halevy. 2009) of a large document collection.

2.2,

The experiments were undertaken with the GATE frame-
work (Cunningham. 2002) . GATE is a collection of Java
Classes produced by the University of Sheffield which can
be used to process text. GATE contains a large number of
resources; however, the described experiments used two re-
sources, the ANNIE Gazetteer and JAPE. JAPE allows the
manipulation of annotations in text which have been pro-
duced by other GATE resources.

Data Preparation

Corpus Construction

A large collection of news stories was required for the
GATE experiments. The news stories were retrieved from
treely available sources on the internet. The proposed ex-
periments required that the headline. description and story
text were recorded. The stories were sent to the OpenCalais
web service (Reuters. 2010) for the addition of meta data.”

Expansion of the GATE Gazetteer

The ANNIE Gazetteer contained a number of finite lists for
named entities. The company named entity list contained a
small number of company names. This was an inadequate
representation of the companies in the document collection.
An aim of this paper was to construct a formal representa-
tion of CEs and their members which are companies; con-
sequently. it was necessary to greatly expand the company
list. The OpenCalais (Reuters. 2010) web service uses a se-
ries of rules to identify named entities. and consequently. it
extracted a comprehensive list of companies from the doc-
ument collection meta-data. This rule based approach often
produced errors. The erroneous company names appeared
infrequently. and consequently. it was required that each
candidate company name have a minimum frequency in the
document meta-data. The higher the frequency of the com-
pany name, the higher the probability that the name was
correct. A total of 42.823 company names were extracted.

2.3. Identifying Seed Linguistic Patterns for

Extraction of Collective Entities

The initial experiments required a series of seed patterns
to extract an initial sample of CE titles. The first seed pat-
terns were constructed from the intuition of a native English
speaker who suggested that the word "industry” would be a
good indicator of a CE title. This intuition required valida-
tion: consequently. a list of common words which were part
of known CE titles was created. This list included the words
“car”, "banking”, "finance”. etc. This list will be referred
to as "The Known CE Variable List”. A regular expression
was created where one word either side of the words from

2 . . . ~ .

“The OpenCalais web service is a product from Reuters which
provides semantic meta-data for news stories. for example named-
entity identification. news story categorizatio, etc.
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the Known CE Variable List was extracted. The most fre-
quent words identified by the regular expression were not
part of a CE title. The only exception was the word indus-
try. This experiment confirmed the intuition of the native
speaker. A sample of the words returned by the regular ex-
pression can be found in table 1

An expanded list of words equivalent to industry was cre-
ated. This list will be referred to as "The Industry Syn-
onym List”. The similar words were taken from The Ox-
ford Thesaurus Of English (Oxford. 2010). A new reg-
ular expression was created to extract three-word phrases
where list items from The Industry Synonym List consti-
tuted the third word. A manual inspection of the results
indicated that a large number of phrases were not CE ti-
tles. These phrases contained one or more of the follow-
ing: stop words. numbers. continuations. adjectives. verbs,
comparisons, and quantifications. Therefore. a number of
new regular expressions were created, which were varia-
tions of the previously described pattern. The variant pat-
terns contained one or more refinements. Table 2 describes
the regular expression refinements as well as its subsequent
precision and recall.

2.4,
The accuracy of each run was measured with the following
criteria: precision and pattern recall. It was not possible
to verify all of the extracted CE titles because of the large

Validation of Initial Patterns

number of candidate phrases: consequently. the precision
of each term was calculated by the verification of the 100
most frequent phrases. The candidate CE titles’ frequency
in the corpus followed a Zip’s distribution (LI, 1992) and
therefore a low precision amongst the most frequent candi-
date titles would impair greatly the overall accuracy of the
developed resource. It was not possible to calculate a recall
figure because there was no exhaustive list to compare the
titles against: consequently. a raw pattern recall figure was
calculated.

Frequency | Pattern

1046 the ... industry

952 GAAP ... measures
906 the ... sector

815 the ... crisis

Table 1: Extracted Phrase Delimiters for Known Collective
Entities

Regular Expression Precision | No. Recalled
All Words + "the” 0.33 23344

All Words (-"Industry™) + "the™ | 0.36 5033
Industry - “the” 0.72 3753
Industry + “the” 0.98 1450

Table 2: Precision of Collective Entity Titles

All Words = All words which were equivalent to the word
“industry”
“the” = First word of the phrase must be “the”



2.5.

A new regular expression was created for each item in The
Industry Synonym List. The regular expression used the
most effective refinement described in table 2. which was
the word “the™ as the first word and the list item as the third
word in the three word pattern. The 100 most frequent can-
didate CE titles were extracted. The second word of each
correct candidate (CE variable) phrase was compared to the
CE variable of candidate phrases generate by the industry
pattern. For example. candidate phrase "The Finance Sec-
tor”, the word “Finance™ would be the CE variable. Each
correct CE variable identified by patterns without the word
“industry”™ was also contained in the list of CE variables
generated by the industry pattern. The final list was cal-
culated by extracting the correct terms from the industry
list and duplicating the phrase for each term. The duplica-
tion consisted of replacing the term "industry™ with the new
term. An example of an expansion is detailed below.
Expansion of Collective Entity Names

Calculation of Final Collective Entities List

Car Industry = car business, car sector..

The above experiments were with single term patterns. A
turther number of experiments were made with multi-word
patterns. The patterns identified the word “the™ and up to
three words and then a word from The Industry Synonym
List ("industry”. “business™ etc). There were substantially
less extracted terms. and these candidate terms were hand
checked. The terms were expanded in the same manner as
the single term candidate phrases.

2.6.

A number of the previously extracted CEs had natural
relations, for example “The Oil and Gas Industry”. Rela-
tions between CEs may be important as it may indicate
a subtle method of assigning sentiment. For example.
The Oil and Gas Industries are related. and consequently.
sentiment in a news story about one industry may. in
certain circumstances, be attributed to the other.

Identification of Related Collective Entities

The related CEs were identified with the following pattern:
Valid CE. the word "and”. Valid CE. This pattern returned
9380 phrases. A number of relations were repeated. for
example "The O1l and Gas Industry”™ and "The Gas and Oil
Industry™.

3. Ontology Construction and Population

The motivation of this work was not only to identify CE ti-
tles. but also to identify their members and represent their
natural relations with other CEs. An ontology can repre-
sent CEs and their relations and members. It can also form
the basis of descriptive gazetteers which provide detailed
annotations of named entities in text.

3.1.

The members of a CE were companies. There were no
comprehensive lists of CE members: consequently. it was
necessary to learn the members of each CE. The corpus
was processed with the new gazetteer CEs and related CEs
lists as well as the expanded company list. The location of

Identification of Collective Entities Members
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each CE and company was recorded.

A number of population experiments were conducted. The
experiments were based upon the following criteria: 1.
Company Proximity to the CE. 2. Companies Contained
in a News Story with a CE in the Headline Text. The
proximity experiment identified companies which were in
the same sentence as a CE. There were a number of identi-
fiable situations where companies in close proximity to the
CE needed to be excluded because they were not members.
This was because they were frequently a 3rd party com-
menting on the CE: for example. the phrase "An analyst
from Panmure Gordon™ (Pignal. 2008) would indicate that
the company Panmure Gordon should be excluded. It was
possible to annotate the text to exclude companies which
had a high probability of not belonging to the CE. This an-
notation was achieved with two JAPE rules. the rules were:

e Rule 1: Patten = A term which indicate a 3rd
party (Consultant, Analyst etc). a word of belonging
(Cof "’ from™. etc.) and a company name.

e Rule 2: Patterns = Possessive form of a company and
a person’s name.

The second experiment utilized the observed phenomenon
that headlines provide a very good indication of the content
of the news story (Andrew. 2007). News stories with head-
lines which contained a CE were extracted and all the com-
panies in the text were assigned to the headline CE. The
validation of the experiments were with a precision mea-
sure as well as the number of populated CEs. The precision
measure was calculated by extracting 100 entity classes and
verifying the legitimacy of their members.

Experiment Type | Precision | Raw Collective Entity Recall
Headlines 0.66 630
SameLine 0.77 3535

Table 3: Collective Entities Population

3.2,

The ontology was constructed using the OWLAPI
(OWLAPI. 2010). OWLAPI is a collection of Java
classes which allow the construction and manipulation
of ontologies. The constructed ontology contained two
classes: CE and Company. The names of the individual
instances of the CE class were derived by extracting the CE
variable(s) which required removing the word.”the” and
the CE indicator. For example. The Finance Industry and
The Finance Business were represented as an individual
with the name “Finance™.

Ontology Population

The companies may be known by a variety of names. The
OpenCalais meta-data provided a disambiguation facility
for company names: when it was available. it was used to
name the company “individuals™. If it was not available.
then the company name extracted from the news text was



used. The relations between individuals and their data
properties is described in table 4. The 64,000 entity limit
of the OWLAPI imposed a number of restrictions on the
relations between entities; consequently. the relations were
“one way.

Property Type | Name of Relation | Relation Between
ObjectPropery
ObjectPropery

DataProperty

memberof Companies. CE
relatedto CE.CE

OpenCalaisURI N/A

Table 4: Ontology Relations

The DataProperty described in table 4 may point to a
Linked Data® page. A Linked Data page contains more in-
formation about the company and in some circumstances
the Linked Data page has detailed information about the
company’s competitors. It was not possible to use this in-
tormation in the ontology because it would have exceeded
the 64.000 entity limit of the OWLAPI. The ontology does
provide the URI to the Linked Data page and consequently
this information can be accessed by any application which
has access to the ontology.

4. Conclusion and Further Work

This work addresses an obvious gap for commonly
available named entity dictionaries. The extended GATE
Gazetteer lists provide a valuable tool for researchers
mvestigating financial news. The ontology provides a
detailed description of the interrelation of some of the CEs
as well as detailed representation of their members. A
larger number of CE members can be accessed through
linked data.

This work will assist researchers and practitioners in the
tollowing areas:

e Sentiment and event information attribution to eco-
nomic actors

e Identification of non-obvious targets for sentiment and
event information attribution

e Construction of descriptive ontology based gazetteers

e News story recommendation and information extrac-
tion

The resources have a number of limitations. The ontology
has errors such as erroneously assigned CE members.
The ontology is coarse grained. There are two levels of
representation: CE and companies. The CEs can be of
various sizes. and consequently. one CE may be a member
of another CE.

A more detailed description of Linked Data can be found
here:  http://www.opencalais.con/documentation/calais-linked-

data
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The described approach is simple: however, it produced re-
sources which contained a significant number of CEs and
their members. It may be possible to use linguistic patterns
to identify labelled data for a machine learning technique
which may identify additional CEs and their members. It
is possible that the derived resource can form the basis of a
more sophisticated and accurate representation of CEs and
their members.
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Abstract

We present an evaluation methodology created as part of designing. developing. and funing a name matching system. The methodology
15 particularly swted to improving performance of a single system bemng developed. 1n addition to comparison of nmltiple systems. We
address a number of 1ssues encountered m the process such as the need for quick automatic regression testing, incomplete gold
standard data, and scalability. An implementation of the proposed methodology 1s released and available upon request.

1. Imtroduction

When building a name matching system. one goes
through the typical iterative process of making
engineering decisions and verifying them experimentally.
Verification should highlight whether a decision actually
leads to a more accurate system. Unfortunately, accuracy
of a name matching system is notoriously difficult to
judge. and typical evaluations involve a lot of human
effort (Miller er al. 2008). Such human involvement is
very expensive and not appropriate for rapid system
development, where a system designer needs immediate
feedback. Therefore. there is a pressing need for an
automatic system that obviates human involvement in
name matching evaluation and provides for robust
quantitative measures of system accuracy.

Accuracy of a name matching system should reflect a
typical system application scenario. For example, a user
may enter a name as a search query with respect to a
database. and would like to see all records with likely
variants of the name returned. Another example is the
process of database consolidation. where names contained
in both databases are required fto be matched, and
corresponding records are to be merged based on name
matching decisions. In general. both the search scenario
and the consolidation process usually involve other
non-name attributes and are part of the larger process of
identity resolution. Our goal here, however, is to evaluate
a name matching system per se: therefore, we will focus
on a typical search scenario involving only names, with
no extra attribufes.

A search paradigm for name matching evaluation
suggests leveraging the evaluation methodology of
information retrieval. Indeed, the TREC community
developed appealing techniques for comparison of

information retrieval systems (Voorhees & Harman 2000).

The methodology has been employed. to a large extent,
for name matching system comparison as well (Miller ef
al. 2008). We aim to complement the evaluation
methodology for name matching system comparison with
an appropriate evaluation framework for system
development, as well as highlight a number of issues
discovered in the process of applying the evaluation
framework in practice.
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2.

We will consider the following name matching scenario:

¢ A database contains records with different name
variants.

e TUser enters a single name and wants fo see all
relevant records.

e In practice. a user sees a ranked list of name
matches ordered by their similarity to the entered
name

Name Matching Evaluation Scenario

The scenario suggests the following evaluation protocol:
e Create a gold standard set of keys:
o Query — True name matches in a DB.
¢ Run a name matching system to produce outpur:
o Query — Ranked list of DB names
e Evaluate by comparing the system output to the
keys and computing a score.

A diagram depicting a name matching system evaluation
scenario is shown in Figure 1.

Score

I Ranked Name

Matches

1

1

|
True Name :
Matches :
i

1

1

1

Training
Data

Figure 1: Name Matching System Evaluation




3. Name Matching Evaluation Metrics

Tet us consider ramifications of wusing standard
information retrieval evaluation metrics (van Rijsbergen
1979) for name matching.

3.1. Precision, Recall, and F-Measure

If a query name ¢ has » true name variants T, = {15, f5, .,
fw / in a DB. and a system returns # name variants O, =
{01.’ 02, ..., 0y)}. for the query g. then system recall R, is
(with respect to query ¢) defined as the percentage of true
name variants that are returned by the system:

=|Tqr‘w0q|

R
q
17, |
System precision P, (with respect to query ¢) is defined as
the percentage of output name variants that happen to be

true:
T,nOo,|
1 @)

o |

Typically. a single number reflecting the overall system
performance (with respect to query ¢) is expressed as the
F-measure representing the harmonic mean of precision
and recall:

2

F =

$T 11
_+_
Pq RQ

While precision, recall, and F-measure are all established
measures. they present a problem when developing name
matching systems. A typical name matching system
produces a ranked list of name matches allowing users to
focus quickly on the more relevant matches. However. the
above evaluation measures do not take ranking into
account thereby sometimes giving the same evaluation
scores fo qualitatively different systems.
Let us consider an example of using precision, recall, and
F-measure in comparing outputs of two name matching
systems.

e  Query: Andrzej K. Tarkowski

e Keys: Andrzej Tarkowski. Andrej Tarkovskij.

Andrey Tarkovsky. Andrei Tarkovsky

System A | System B
Name I Score l Name Score
Andrze) Tarkowski 0.99 | Andrze] Sapkowski 0.6
Andre) Tarkovskij 0.8 | Andrzej Malkowski 0.6
Andrzej Sapkowski 0.6 | Andrzej Tarkowski 0.6
Andrze) Malkowski 0.6 | Andrej Tarkovskij 0.5

Table 1: System Comparison Example

Outputs of two systems. A and B, are shown in Table 1.
While the systems refurn the same sets of names, the
correct names are at the top of result list for system A, and
at the bottom of the result list for system B. Thus. even
though quantitatively precision. recall. and F-measwre of
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the two systems are the same and equal to 0.5. users
would prefer output produced by system A. Therefore, we
seek a metric that would reflect not only system results.
but also the results ranking.

3.2. Mean Average Precision (MAP)
If a system produces a ranked list of name variants O, =
{01, 03, ..., 0y}, for a query g. we define precision at k <m.
Py(k). to be the precision of the top k name variants Oy (k)
= {05, 05 ., O}

T ~O, (k)
P (k)=

0,(k)

Then, mean average precision (MAP) is defined as the
average over all such Prk) that o is a true name variant:

PRAC)

1
m g1,

MAP, =

Mean average precision is a metric that is very sensitive to
system output ranking. In the previous example.
MAP(System A) = (1+1)/4 =0.5

MAP(Svstem B) = (1/3+2/4)/4 = 0.21

The scores reflect the user intuition that output of system
A is preferable to that of system B.

Numerous information retrieval evaluations found that
the mean average precision is a robust metric, and it
correlates fairly well with user judgments of system utility
(Buckley & Voorhees 2000).

4. Incomplete Keys

When we started using mean average precision as the
metric for evaluating and tuning a name matching system,
we discoverad that somefimes it leads to exaggerated
penalties due fto inherent incomplereness of name
matching keys.

In order to illustrate keys incompleteness. let us consider
the following example.
e  Query: Mohammed Shahid

Keys Output

Mohamed Shahid

Mohd. Shahad

M. Shahid

Muhammad Hussain

Shaheed

Tufail Muhammad

Shaheed

6.  Muhammad Mahfuz
Shaheed

7. Sawar Mohammad
Hussain Shaheed

8. Jawan Muhammad
Hussain Shaheed

9.  Sowar Mohammad

Hussain Shaheed

e  Mohamed Shalud
. Tawan Muhammad
Hussain Shaheed

R O

Table 2: Incomplete Keys Example



MAP of the system: (1+2/8)/2 = 0.625.

Table 2 shows that keys contain just fwo names matches
for the query. while system output has seven more
matches. all of which appear as good as the key matches.
One may ask why it is the case that the good name
matches are not part of the keys.

The reason has to do with an inherent difficulty of key
construction for any realistic name matching evaluation.
The word realistic is crucial here. because it means that in
order to faithfully reflect the real world, the underlying
database has to contain hundreds of thousands or even
millions of names. For such large databases of names.
name matching key construction is very difficult. for it
implies an exhaustive scan of all database names. Note
that such a scan cannot be conducted with system’s help.
since it would bias the keys towards system output — and it
is imperative that the keys be constructed independently
of any name matching system. As a manual exhaustive
examination of a large database is impossible., any
independent manually constiucted keys are inherently
incomplete.

We note that one can somewhat sidestep the issue of
incompleteness when conducting a name matching
evaluation aimed at comparison of competing systems by
employing a method of *“pooling” system results for
construction of system-dependent sets of keys. This is the
approach used by TREC (Voorhees & Harman 2000) and
adopted for name matching evaluation as well (Miller ef
al. 2008). Unfortunately. the approach pre-supposes fixed
name matching systems and extensive human effort
required for cleaning and aggregating name matching
results from multiple systems. And if any of the systems
changes. the pooling process has to be repeated. Therefore.
such an approach is not appropriate for name matching
system development where we need quick automatic
feedback indicating system performance.

Constructing a realistic dataset of name matching keys is
an open problem. In practice, such a dataset occasionally
arises as a result of a database construction process. In
section 5, we present one such example of a large dataset.
where key incompleteness is manageable.

4.1. Mitigating Keyv Incompleteness in Evaluation:
Recall at K

Let us consider a typical search scenario. where a user
enters a query name and looks at a ranked list of top K
results (e.g., K=10). We want the top K list to contain as
many true matches as possible. We quantify the infuition
by introducing another evaluation meftric: recall at K.

If a system produces a ranked list of name variants O, =

{o1, 02, ..., oy} for a query g. we define recall at k. Ry(k).
to be the recall of the top k name variants Oyk) = /o,
03, ..., O}
T o (k)
R, (k)=—t—"——

min( k.

T, D

Note that the minimmum in the denominator is necessary to
avoid penalizing recall for queries having more than K
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true matches.

The recall at K metric is largely insensitive to key
incompleteness. For example. for the *Mohammed
Shahid” query. Ry (10) = 1.0. since both true name
matches are contained in fop 10 results output by the
system.

Selecting K is important, and it should be driven by both
the likely number of true matches per query. the degree of
incompleteness expected in the keys, as well as
underlying name matching application requirements. As
mentioned before. X is usually selected to be greater than
the number of true matches. If keys are (unrealistically)
expected to be complete, then we can select K on the
per-query basis, setting K = |T,|. In this case, recall at K.
precision at K, and the corresponding F-measure are equal:
they represent the break-even point of the system.

In a realistic sitnation, the choice of K is usually guided by
the application requirements: if a system user typically
focuses on top 10 search results, then it is natural fo select
K=10.

In owr experiments, we found that recall at X is a more
robust metric: it seems to better reflect utility of a system.
and we use it a primary evaluation metric for system
development. We also find it helpful to look at the curve
of recall at K for increasing values of K. and compare the
curves for different systems configurations.

Similar to the original evaluation metrics from Section 3.1,
recall at K suffers from its inability to explicitly
incorporate ranking information into the score. Note that
ranking information is used implicitly. because ranking
mistakes may often lead to true matches not being present
within top K results. Yet it is desirable to account for
ranking mistakes explicitly as well, and we suggest using
mean average precision as a secondary evaluation metric
to complement recall at K.

In Section 5. we give examples of using the two metrics in
development of our name matching system.

5. Applying Metrics
We applied the name matching evaluation methodology to
development of our name matching system.

We created name matching keys using Wikipedia
redirects (alternative names of Wikipedia pages) with
post-manual cleanups. We collected more than 10,000
people mname queries and comresponding name
equivalence classes. and the underlying database of more
than 300,000 people names

For example, Table 3 shows redirects for the name
“Zainal Abidin™.



Redirects
All Zain al Abidin
Al Zain-ul-Abideen
Ali Zayn al Abidin
Ali Zayn al-Abidin
Ali b. Husayn
Al bin Hussein
Al 1bn Husayn
Al 1bn Husein
Ali ibn Hussayn
Zain Al-Abidin
Zain al-Abideen
Zain al-Abidm
Zain ul Abideen
Zain-ul-Abideen
Zain-ul-Abideen 1bn Husayn
Zainul Abedeen
Zainul Abideen
Zainul Abidin
Zainulabideen
Zayn al-'Abidin
Zayn al-Abidin
Zaynul Abideen

Table 3: Wikipedia Redirects Example

Our evaluation methodology proved to be an invaluable
tool in the system development process allowing us to
focus on the most important aspects of the system. The set
of Wikipedia keys were equally split in development and
blind test sets. each containing more than 5.000 name
queries. The development test sef was used to tune the
system parameters. The final scores on the blind test part
of the set of Wikipedia keys are shown in Figure 2.

Name Matching Evaluation Results
o8
e -
o8 /
P —— R}
o S a
- —o—MAP
—
22 4
&0 K
1 2 3 5 10 15 20

Figure 2: Evaluation Results

Recall at K increases with increasing the value of K, while
MAP is independent of K. We funed the system by seeing
how system design decisions affect the recall at K curves
and the value of MAP. A design decision was generally
accepted if it raised both the R(k) cwrve and the value of
MAP.

6.
We presented a name matching evaluation methodology
that is particularly suited for use in system development.
We employed an implementation of the presented

Conclusions
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methodology, in conjuction with a set of name matching
keys created from Wikipedia. in developing and tuning a
state-of-the-art name matching system. An
implementation of the proposed methodology is released
and available upon request.
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Abstract
In the applicative context of news wire enrichment with metadata, named entity recognition plays an important role, but requires to be
followed by a resolution module that maps named entity mentions to entries in a reference database. In this paper, we describe NP, the
named entity module embedded in the SxPipe shallow processing chain, that we used for extracting information from French news wires
from the Agence France-Presse. We describe the construction of our reference database from freely available external resources, as well
as our named entity detection, disambiguation and resolution modules. We also introduce a freely available and manually developped
annotated corpus designed for the evaluation of named entity recognition and resolution tools, and provide evaluation figures for NP.

1. Overview
1.1. Introduction

Reference resolution is a challenge any named entity
recognition system (henceforth NER) is confronted with as
soon as its integration within the frame of a real application
is in question. As studies like [Blume, 2005] have stated,
reference resolution is obviously beneficial, necessary in-
deed, for an application involving NER in the prospect of
exploiting information provided by named entities (hence-
forth NE) detected throughout data. Identification of certain
text segments as NE phrases doesn’t bring the whole infor-
mation conveyed by NE usage without this segment — or
mention — being linked to an extra-textual reference. Any
particular application needing this association assumes the
existence of such references, or more precisely of a refer-
ence resource to be the target of this linking.

After reviewing some considerations which are of im-
portance in the development of an NER and resolution sys-
tem, we present the application context of our research,
which involves a dedicated reference base (section 2.). The
creation and maintenance of the latter depends on the per-
formance and functionalities of the system described in sec-
tion 3., which addresses both entity recognition and refer-
ence resolution in a modular yet integrated fashion, applied
to data in French. While the NER module (section 3.2.) in-
volves some features which are peculiar to French and must
be adapted in order to handle other languages, the resolu-
tion module presented in 3.3. is not language specific and is
portable in the different steps of the system’s evolution. Our
system’s development has lead to the creation of an evalua-
tion resource, presented in section 5. along with results and
future work outline.

1.2. Reference ambiguity

As done in the frame of ACE shared task [ACEOS,
2008], NE mentions can be resolved to a unique refer-
ence through an identifier which disambiguate any linguis-
tic metonymy or variation phenomena.

Entity resolution indeed consists of assigning a refer-
ence to phrases detected in texts as named entities men-
tions. In order to address this task within an NER system,
the limits of classical entity classifications through static
type categories have to be stressed (as in [Poibeau, 2003]
or [Murgatroyd, 2008]). Such limits concern cases like
metonymy (“I've read Proust and didn’t like it”), precise
oganization typing (“The UN will act on this violation™),
entity inclusion in complex entities (“Kennedy Airport™).
These cases illustrate the similarity between the polysemic
behaviours of NEs and terms [Brun et al., 2009b]. The
handling of entity reference in any NER system therefore
implies the integration of extra-linguistic values of NEs,
which is not necessarily obvious in their linguistic usage.
Those characteristics of NE mentions make entity refer-
ence more subtle than a one-to-one matching between a
detected phrase in texts and an identifier. In particular,
the typing of NE mentions at the textual level must both
guide the resolution process and avoid confusion. In the
case of “Proust” in the above example, the fact that this
particular mention doesn’t refer to the person identified as
the French writer Marcel Proust but, by metonymy, to his
work raises the issue of the actual reference of this mention.
Whether it should be resolved to the person Marcel Proust
or not is a decision to be made in the context of the partic-
ular final application, but the linking of this mention to this
reference must at least be detected and stated by the sys-
tem. In the case of “Kennedy Airport”, it is more obvious
that the correct typing of this entity mention (type facility)
should prevent any reference resolution to the person J.K
Kennedy. NE mentions found in texts can thus be treated
as ambiguous occurences which an appropriate tool, such
as described in section 3.3., can resolve to an identifier af-
ter a more general detection phase by taking into account
several relevant elements given by the text about the extra-
linguistic context of those occurences.

The other challenging aspect of entity reference, not
without many connexions with the problem of polysemy,



is the multiplicity of ways available to refer to a particular
entity on a linguistic and textual level (i.e. a form of syn-
onymy). Whether graphic or grammatical variants are in
question (as “Mr Obama”, “B. Obama” or “He”, “The US
president” for Barack Obama), such configurations raise
the issue of an obvious matching between a mention of a
NE and an identifier. Whereas the case of graphic variants
are relatively easy to predict and handle within a surface
analysis based tool, the grammatical anaphoras and coref-
erences demand to be resolved at a a deeper and more com-
plex analysis level.

2. Application Context

2.1. Information Enrichment with Metadata

Alpage and the Agence France Presse (AFP) Medialab
department have been involved in several projects dealing
with information extraction from news wires and enrich-
ment of AFP’s production. One of the main prospect of
this research is to build a general and standardized reference
base of metadata used in the production of news. By index-
ing news wires according to this resource, a structured and
coherent production enrichment would be possible. This
would then help for the improvment of various applications
specific to a press agency, such as the filtering of the news
production with customer-specific parameters or documen-
tation tasks through information research in archived news.

The NER system which we present here has already
been integrated to the SAPIENS platform, which is a pro-
totype of news wires exploitation for information retrieval
and knowledge extraction, on the particular topic of quo-
tations. SAPIENS allows for a full quotations detection
by matching them with their author, i.e. NEs mentioned
in news wires. The user can therefore select some name
among the list of detected entities and consult the quota-
tions made by the corresponding person, all grouped to-
gether or in the context of the original news wire and of
other entities related to them.

2.2. Workflow

This information enrichment with metadata has two as-
pects: it involves on the one hand the detection of NE as
they are considered a decisive kind of metadata for the de-
scription of news content; on the other hand. not the en-
tire set of metadata detected is considered relevant for a
reference base whose main purpose is to reflect a state of
knowledge inferable from the news production. As such,
entities detected in news texts are always relevant to the de-
scription of the particular item they were found in, whereas
they are not always relevant to the general and high-level
reference base. NER in this context must therefore handle
reference resolution at two levels. The detection tool it-
self has access to various databases, designed for NER and
containing references; the matching of detected entities to
references in those databases is then followed by a lookup
in the reference base. At this point it must check the ob-
tained reference against the reference base records and do

one of these two actions: link the entity to its matching
record if it exists, or propose the entity as a candidate to the
reference base. The NER system thus updates its resources
every time it operates this confrontation: an entity which
is actually a record of the reference base should never be
skipped, whereas a candidate entity rejected as a reference
base record must not be reevaluated each time it occurs in
texts . This information about entities reference must be
taken into account by the NER system and passed on to its
resources, which thus evolve along with their confrontation
to new data. Reference resolution in our project thus hap-
pens at two levels: the level of the NER system resources,
and the level of the reference base designed for the knowl-
edge description of the AFP production. This modularity
widely influences the type of resources used by the NER
system, i.e. they have to include a set of entities references
as large, relevant and exhaustive as possible in order to pro-
pose adequate candidates to the matching with the reference
base. The choice and usage of those resources is described
in section 3.1. It can be noted that among the different types
of entities detected, some give more rise to reference res-
olution than others, i.e. Persons and Organizations show
more peculiarities regarding resolution tasks as outlined in
introduction than Locations.

In the particular case of a press agency, reference res-
olution takes on further complexities which have to be ad-
dressed, the first of which being the dynamic nature of the
data. As news wires are produced every day (800 in French
and a total of 5000 in the six languages in use at the AFP),
the information they report and convey by definition intro-
duces new references as new events happen, involving ex-
istant and new entities. The latter are either entities which
have no previous record in references resources, or which
do have one but were not considered as relevant entries for
the reference base. Both configurations must be addressed.
in the first case by proposing new references to handle un-
known entities and in the second by promoting the entity
status to the one of candidate for the reference base.

2.3. Reference Base

The building of the reference base is driven by a de-
scription of the data it should represent, i.e. a concep-
tual description of the knowledge reported and conveyed
by the news production. This conceptual description takes
the form of an ontology whose core is the relation network
organizing entities. The entities classes outlined by this
ontology correspond to a certain extent to a usual entities
typology, mainly to a classification among Person, Orga-
nization (including companies, institutional organizations,
sport teams...) and Location (including geopolitical entities
as well as points of interests or facilities). This conceptual
model for the reference base is also set to reflect the news
themes already in use as metadata at the AFP and directly
ensued by the IPTC taxonomy '. Politics, Economy, Cul-
ture or Sport are such themes and come along with a series

"nttp://www.iptc.org/



of subcategories used to describe news content. Those will
have to be integrated in the network formed by the entities
found in texts and populating the reference base.

The reference base in itself is currently in development.
The phase consisting in matching detected entities against
this base and in updating NER resources accordingly is
therefore not fully realized yet in the running of our sys-
tem. However, this preliminary usage of the system is not
isolated from the overall application. It will indeed be used
to build a first set of records to be integrated to the base, be-
fore next iterations where the lookup and candidacy phases
take place.

The integration of NE recognition and resolution in this
application therefore allows for the reference base popula-
tion, as well as for its maintenance; the news production
will be processed by the NER system combined with other
specialized modules; each news item will then be indexed
according to the data extracted by the system, depending on
their mapping with the reference base.

3. NP: a system for NER and Entity
Reference Disambiguation

Our NER and Entity Reference Disambiguation system
is a part of SxPipe, a robust and modular surface pro-
cessing chain for various languages and unresfricted text,
used for shallow analysis or pre-preprocessing before pars-
ing [Sagot and Boullier, 2005; Sagot and Boullier, 2008].
SxPipe is a freely-available” set of tools which performs (1)
“named entities” recognition: pre-tokenization named enti-
ties (URLs, emails, dates, addresses, numbers...), (2) to-
kenization and segmentation in sentences, (3) token-based
named entities (phrases in foreign languages...), (4) non-
deterministic multi-word units detection and spelling error
correction, and (5) lexicon-based patterns detection. The
NE module within SxPipe, called NP (from the French
Noms Propres, “Proper Nouns™), belongs to the 5th step.

NP is divided in two different steps described be-
low. The first step is a non-deterministic detection mod-
ule, developed in SxPipe’s dag2dag framework [Sagot
and Boullier, 2008]. This framework allows for defining
context-free patterns and for using dedicated gazefteers,
while remaining very efficient in terms of processing time.
The second step disambiguates the ambiguous output of the
first step and resolves the NEs that are retained, w.r.t. a NE
database described below. These two steps need not be
consecutive. The rationale behind this is that other mod-
ules that are applied between NE detection and NE disam-
biguation/normalization could achieve some disambigua-
tion. For example, in the above-described SAPIENS system
for quotation detection, the verbatim quotation detection
module chooses the type Person when a NE is interpreted
as the author of a verbatim quotation, even when it is com-
peting with other types (e.g., Marseille, which is both a city

*https://gforge.inria. fr/projects/lingwb/,
distributed under an LGPL license.

Type | n# of entries | n# of variants |

Person 263,035 883.242
Location 551,985 624,175
Organization 17,807 44,983
Work 27,222 59.851
Company 0,000 17,252
Product 3,648 6,350

Table 1: Quantitative data about the NE database underly-
ing NP. Note that we have focused mostly on person, orga-
nization and location names.

and the last name of a mediatic historian and economist).?
Both modules rely on a large NE database extracted

from several large-scale information repositories, mostly

Wikipedia and Ge oName =, as we shall now describe.

3.1. Resources and NE database building

Our NE database contains almost 900 000 entries and
approx. 1,6 million NE denotation variants. It contains lo-
cation, organization, person, company, product and work
(booktitle, movie title...) names. More detailed quantita-
tive information is shown in Table 1.

We extracted this database from two different sources:
Ge oNames for location names,* and the French Wikipedia
for the other types of NE.> Each entry has a unique id, either
a GeoNames id or an URL pointing to a Wikipedia article.

For location names, we filtered the GeoNames
database using criteria defined according to the nature of
the corpus. Because of the size of this database, we did
not retain all entries and all aliases for each entry. In-
stead, we kept all entries concerning France and all en-
tries corresponding to villages, towns and administrative re-
gions in other coutries, provided their population is known
to GeoName s and equals at least 200 people. Moreover,
we discarded all location names with a non-empty lan-
guage indication different than “French” or that contained
non-French characters. For each retained location name,
we store the GeoNames id, the GeoName s normalized
name, and the latitude and longitude. We also compute a
weight from the number of inhabitants when it is provided
by GeoNames. This weight will be used during the NE
disambiguation step. Moreover, this weight allows us to
compute a reasonable scale level for use in the final inter-
face when showing the location in Google Maps. In case
of homonymy, we assign unique normalized forms by ap-
pending an index to the original normalized form of each

*In fact, our system is slightly more complex. In particular,
it knows that the name of a capital city can be the author of a
quotation, but should not be typed Person anyway. This is one of
the most frequent cases of metonymy, described in introduction.

*Freely available at http: //www.geonames. org

SA full dump can be downloaded freely at http:
//download.wikimedia.org/frwiki/latest/
frwiki-latest-pages—articles.xml.bz2.



entry but the first one (e.g., there are 14 entries for lo-
cations named Paris, whose normalized forms are respec-
tively Paris, Paris (2),... Paris (14)).

For other kinds of NEs (persons, organizations, com-
panies, products and brands, artworks), we extracted infor-
mation from the (French) Wikipedia. The exploitation of
Wikipedia for NE detection and resolution is not new, but
has been proved efficient [Balasuriya et al., 2009]. We
manually defined a mapping from a set of Wikipedia “cat-
egories” to one of the above-mentioned NE types. This al-
lowed to type the title of each relevant Wikipedia article.
Each typed article gives birth to an entity, whose normal-
ized form is built from the title of the article, to which
a disambiguation index may be appended, as for the case
of locations. Apart from the title of the article, we extract
other mention “variants™ by two different means:

» we parse the first sentence of each article and auto-
matically extract variants from it (e.g., CIA in addition
to Central Intelligence Agency, or Marie-Ségoléne
Royal in addition to Ségoléne Royal); we also extract
a “definition” for the entity (in the case of Ségoléne
Royal, femme politique francaise (22 septembre 1953,
Dakar —)).

¢ we retrieve all redirection pages in the Wikipedia and
consider their titles as variants for the entity denoted
by the target page.

In the case of person names, additional variants are com-
puted. Indeed, the set of already gathered variants and a
large-coverage lexicon of first names extracted from our
general-purpose French lexicon allow us to segment per-
son names into the first name, a possible middle name, the
last name, and a gender if possible ®. New variants are then
computed, in particular the omission or abbreviation of first
and middle names, as in M.-S. Royal or Royal.” As for lo-
cations, we assign a weight to all entities extracted from
Wikipedia, that will be used during the NE disambiguation
step. We compute this weight in a very simple way, based
on the size (number of lines) of the whole Wikipedia article.

The output of this extraction process from GeolNames
and Wikipedia is corrected and enriched by a blacklist and
a whitelist of NEs, both manually drawn up. From the re-
sulting NE database, we extract a gazetteer from all variants
of each NE, associated with its type (and gender for person
names when available).®

This person name variant extraction heuristics is specific to
names from languages such as French that write the given name
before the family name, which is the case in most person name oc-
currences in our corpus. Other orders should be taken into account
in further work.

A candidate such as Royal, i.e. an isolated last name, is dis-
carded during the disambiguation step unless it refers to an entity
mentioned earlier in the same news item in a more extended form,
e.g. Ségolene Royal

¥ As part of SxPipe, this database is freely available within the
SxPipe distribution.

3.2. NE Recognition

A context-free grammar consisting of 130 rules has
been developed for defining patterns based on this
gazetteer, as well as on specific lists for identifying relevant
contexts (e.g., ville, village, localité, i.e., city, village, lo-
cality; another example is a large list of first names, a list of
possible titles such as Dr, Mme, and others). Disambigua-
tion heuristics have been activated,” in order to make the
amount of ambiguities added by this NE module as low as
possible, although not null. Therefore, the output of the NE
Recognizer is a DAG (Directed Acyclic Graph) in which
each possible NE span and type combination is represented
by a distinct path. Note that recognition involves typing.
Therefore, in case of NE type ambiguity, this will be treated
as NE recognition ambiguity, and solved by the NE disam-
biguation and normalization step.

3.3. NE Disambiguation and Resolution

The aim of the NE disambiguation and normalization
module is to chose at most one NE reading for each se-
quence of tokens recognized in the previous step. A read-
ing is defined as the combination of a path in the input DAG
and an entry in the NE database (i.e., one path in the input
DAG may correspond to several readings). Unlike [Pilz and
Paal3, 2009] and others, our disambiguation module relies
on heuristics based on quantitative and qualitative informa-
tion, but not on machine learning techniques.

First, we define the salience level of an entity as fol-
lows. Within a given document, each mention of an en-
tity increments its salience level by its weight. Moreover,
we define for each document a geographic context (country
and city) by storing all countries and cities mentioned in the
document. Each mention of a location entity increments its
salience level by an additional (small) weight if it is con-
sistent with the geographic context. On the other hand, we
divide by 2 the salience level of all entities each time we
move from a document to the next one (here, documents
are news wire items).'?

The strategy we use to select a unique reading, or a lim-
ited number of competing readings, can be summed up as
follows. NE readings may be tagged as “dubious™ or “nor-
mal”, according to various heuristics that involve the type,
the salience level and the surface form of the mention of
the entity, as well as its left context. For example, a person
name is considered dubious if it is a single token and if it
is not the last name of an entity that has been previously
detected. If dubious and normal readings share at least one
token, dubious readings are discarded.

Among remaining NE readings, we reduce the ambi-
guity as follows. Among all readings corresponding to the

°E.g., longest match heuristics in some cases, preferences be-
tween pattern-based and gazetteer-based detection, and others.

10This division by 2 is merely a rule-of-thumb choice. In further
work, we intend to conduct a series of experiments in order to
optimize the salience dynamics w.r.t. performance levels.



Person Total | Known | Unknown
References 223 111 112
Mentions 672 252 172
Location Total | Known | Unknown
References 261 217 44
Mentions 672 613 59
Organization | Total | Known | Unknown
References 196 101 95
Mentions 463 316 147

Table 2: Corpus figures

same path, we keep only the reading that corresponds to the
entity with the highest salience level.

Finally, in order to retain only one reading, we apply
a simple longest-match left-to-right heuristics. However,
ambiguity can be preserved in some cases, e.g., if a manual
validation step follows the automatic processing.

4. Creation of a Reference Corpus for NER
in French

In order to evaluate our NER and resolution system, a
subset of news made available to us by the AFP has been
selected and manually annotated. This annotation has the
form of inline XML tagging and includes both mention-
level and reference-level features: span boundaries and type
on the one hand, and unique identifier matching a record
in the reference base on the other. We aim indeed at ad-
dressing NER and reference resolution in an integrated way,
which reasonably entails a unique evaluation resource suit-
able for evaluating the performance of both modules as well
as of their interaction (in a comparable way to what is de-
scribed in [Moller et al., 2004]).

This set of news wires is made up of 100 items with an
average of 300 words each. Table 2 shows the distribution
over NE types and mentions with known and unknwon re-
frences.It is freely available within the SXPipe distribution.

The NE types which we included in the annotation are
similar to the ones selected in most dedicated conference
shared tasks; they are so far limited to Person, Organiza-
tion and Location. The identifier is a copy of the record
identifier in the NER resources (section 3.3.). If no match-
ing record exists, the canonical form is then stated and an
attribute indicating this absence of record is added to the
mention tag. The NE mentions do not include tokens which
are not part of the name itself, such as titles for person
names (Dr. or Mr.).

Annotation examples:

— Le préesident <Person name="Barack
Cbama">Barack Obama</Person> a
approuveé un accord

— grippe peorcine au <Location
name="Canada (2)">Canada</Location>
a été révise

— <Person name="Mochammed Abdullah
Warsame" ref="unknown">Mohammed
Abdullah Warsame</Person>,
habitant

35 ans,

5. Evaluation

Development and Test Data The gold corpus was di-
vided in two parts of equivalent size: a development set and
a test set. This division between development and test data
ensures that the accuracy of the system is not artificially
improved by the knowledge of the whole data. One out of
every two items forms the test set in order to avoid sys-
tematic biaises caused by specific NEs which occur more
frequently in a specific part of the corpus.

Metrics As for the metrics applied, we rely on a classi-
cal F-score obtained by the harmonic mean of precision and
recall. However we calculated more than one F-score, by
considering different ways of defining the intersection be-
tween the number of entities retrieved by the system and
the number of relevant entities occuring in the evaluation
corpus.

At the level of NER, it seems indeed reasonable to con-
sider as fully correct any detection of entity mention along
with its exact boundaries (correctness of span) and type.
This is for example the requirement of the Conll 2003
shared task [Sang and Meulder, 2003] and the scoring is
then based on it. Our choice thus depart from scoring meth-
ods such as the one of the Message Understanding Confer-
ence (MUC) framework [Grishman and Sundheim, 1996]
which also allows for partial credit in cases of partial span
or wrong type detection. One could also consider that, de-
pending on the application context, one feature or another is
of more importance. For instance, extracting entities with
incorrect spans or failing to get a maximal precision gen-
erates a noise which can be highly unconvenient with re-
gards to the user experience and expectations. Precision
can thus be favoured in the calculation of the F-score by
giving it more weight than to recall. This focuses efforts on
the improvement of precision, even if it means a drop of re-
call performance, if this is the result considered as the best
suited for an application. The metrics used in MUC include
this kind of considerations and produce several measures
depending on the system feature which is put forward.

When including the performance of reference resolu-
tion within the evaluation, the retrieved-relevant intersec-
tion must consider as correct matches only the ones which
show the right reference as one of their feature. Fully cor-
rect matches at the reference resolution level are thus the
ones which show span, type and reference correction.

In practice we aim at obtaining three evaluation levels.
First, at the recognition level, the accuracy of the system is
scored according to the mentions whose span and type are
correctly detected. Then we measure the ability of the sys-
tem to detect that a mention should be matched against a
reference record (as opposed to mentions that do not corre-
spond to an entity present in the database). Last, we score



| Sub-task | Prec. | Rec. | F-sc. |
Detection (span & type are correct?) 0.81 | 0.77 | 0.79
Reference detection (entity known?) 0.97 | 0.99 | 0.98
(among correct span & type)
Reference resolution (which entity?) 0.91 - -
(among correct span & type & known)

Table 3: Evaluation results for the three following subtasks
on French news wires: NE recognition, NE reference de-
tection, NE reference resolution.

the accuracy of the resolution step. The set of cases con-
sidered for this last measure is therefore the intersection of
correctly recognized entities mentions with entities men-
tions linked to a reference.

Results Table 3 shows the results for the three evaluation
levels of our system running on the test gold set. As can be
seen, the step that exhibits the lowest F-score is the detec-
tion step. The detailed F-scores for Person names, Loca-
tion names and Organization names are respectively 0.80,
0.85 and 0.68. This can be compared to results of [Brun
et al., 2009a], which respectively reach 0.79, 0.76 and 0.65
[Jacquet, p.c.]. The two other steps are difficult to compare
to other work, especially for French. However, during the
development of NP, we have seen how sensitive the results
are to the quality of the NP reference database extraction,
as well as to the heuristics used during the resolution step.
Therefore, we consider that there is still room for signifi-
cant improvements both at the detection and at the resolu-
tion steps. This includes the conjunction of our rule- and
resource-based techniques with machine-learning methods.

6. Future Work

A more finalized reference base, structured by an under-
lying ontology, shall be used in further versions of NP. We
also intend to improve NP’s ability to detect new potential
entities references appearing in texts. The types of entities
handled by the system should be extended beyond the lim-
itations stated in 4. by integrating more entity types, in an
extent comparable to the categories defined for the Conll
2003 shared task, in particuliar the Miscellaneous category.
This integration involves carrying out more annotation and
double validation in order for the system to benefit from a
complete evaluation resource. More generally, the multi-
lingual production of the AFP should give rise to the devel-
opment of resources and system adaptation for other lan-
guages than French.
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