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Abstract
We discuss a named entity recognition system for Arabic, v how we incorporated the information provided by MADAfLA
morphological tagger which uses a morphological analy2arprisingly, the relevant features used are the capitiadiz of the English
gloss chosen by the tagger, and the fact that an analysisiised (that a word is not OOV to the morphological analyzéhe use of the
tagger also improves over a third system which just uses amotwgical analyzer, yielding a 14% reduction in error ower baseline.
We conduct a thorough error analysis to identify sourcesio€ass and failure among the variations, and show that byicamg the
systems in simple ways we can significantly influence theigi@crecall trade-off.

1. Introduction exploresin greater depth the problem of Arabic morpholog-
For a range of applications of natural languageical analysis, and describes the morphological tools we use
processing—from machine translation, to questionin these experiments. Section 4. describes how these tools
answering, to information retrieval—it is often beneficial are integrated in the NER system and presents the empirical
to devote one stage of processing to the identification ofvidence that this integration is beneficial. We end with an
names. Automatedamed entity recognitiofNER) has  €fror analysis in Section 5., which prompts a discussion of
been demonstrated on a number of languages, and h#4ure workin the final section, Section 6..
reached near-human levels of performance on English. Not
so on Arabic. Not only has less annotated training data 2. Named Entity Recognition
been created for this task in Arabic, but Arabic exhibits
greater lexical ambiguity and morphological variety
than English, and written Arabic lacks the overt clue of
capitalization.
In this study we investigate whether a morphological tag
ger can mitigate these sources of difficulty in Arabic. In
general, a written Arabic word may have dozens of mutu

Ily i tibl hological I . Thi biguit . o
ally incompatile morphologica’ anayyses 'S am IgUIyofentlty (e.g., person), the use BfO labelingis common,

is due in part to the orthography of conventional written : .
Arabic, which does not require the inclusion of short vow- f':md 'f\ the Iabe.hr?g Tchergg we gmplt;%/dhebrel. In BIOhIabeI—
els. Confronted with a word form in context, the task of N9 the name-initial word Is assignedsaabel, any other

a morphological tagger is to determine all morphologic:’:ll.name conslt'ltuer)t an, anbd .a” otherV\{ords aﬁ Tthls Iabel; f
properties of the word. The process is often called Simpl})nglgelnera izesinan o V;Ous wayl 0 one that accounts for
“part-of-speech tagging” in English, because the set of tagm'”I tiple entity types simultaneously. ) )

to completely describe the set of morphological forms ofAll of the approaches that have been .trled for prob!ems |I.ke
the language is much smaller than in Arabic (about 50 tag@a"t-0f-speech have also been applied to NER, including
in English against thousands in Arabic). decision trees (Baluja et al., 1999), log-linear models{ia
Many proposed approaches to English NER do not makdnum entropy) (Borthwick, 1999), and support vector ma-
use of part of speech. We claim that in Arabic the informa-Chines (Isozaki and Kazawa, 2002). However, inasmuch
tion returned by a morphological tagger is critical to max-2S these paradigms do not naturally addre'ss the sequential
imize performance. Consistent with the state of the art"ature of the problem, they have largely given way to ap-
our Arabic NER system involves the application of mod- Proachesthat model labeling as a series of related desision
els trained with name-annotated Arabic data. In this papel? Particular hidden Markov models (HMM) (Bikel et al.,
we explore one way in which the analysis of the morpho-1997), structured perceptrons (Collins, 2002), and condi-
logical tagger can be integrated with such a system: Thdonal random fields (CRF) (McCallum and Li, 2003). The.
output of the tagger is converted into additiofedituresof ~ 12St two approaches are particularly appealing, because in
the input, which are made available to the learner responsfOntrast to generative approaches like HMMs, they make
ble for producing the NER model. Our experiments show!'© Unwarranted independence assumptions, and can there-
that the morphological tagger provides critical inforroati fore fruitfully incorporate arbitrary features of the irtpu

in the form of lexical disambiguation.

The rest of the paper is organized as follows. Section 2. de&-1-  Structured Perceptron for NER

scribes the training and configuration of our baseline NER_et S be our input, a sequence of words, &fde a single
system, which is essentially language-neutral. Section 3wvord in the sequence. Our task is to produce a sequence

The current state of the art sees the problem of named en-
tity recognition as one of sequence labeling (or “struaure
classification”), akin to problems like part-of-speech-tag
ging. Given a stream of input words, typically a single sen-
tence, the problem is to assign a label to each word in a
‘way that unambiguously identifies any named entity men-
tions. If the object is to distinguish the names of one type
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the same length &, with eachL; from our set of candidate In addition to these word-identity features, we define
labels (in the simplest cag®, i,0}). features that reflect membership in word classes derived
Our baseline NER system employs the structured perceghrough a statistical analysis of a large repository of Ara-
tron proposed by Collins (2002), which exhibits the abovebic newswire articles (Arabic Gigaword). In this proce-
mentioned flexibility, conceptual simplicity, and compet- dure, words are associated with probability distributions
itive performance. A model in this paradigm can be re-over other words observed to have occurred in their close
garded as a collection of competing classifiers, one for eacbontext, then clustered in a way that heuristically miniesiz
label type. At the core of the labeling problem is the deci-information loss. Several studies have documented the util
sion what label to return for a gives};. To the structured ity of such features for NER (Freitag, 2004; Miller et al.,
perceptron this decision is a functionfefturesof the in-  2004), and our informal experiments confirm their consid-
put, which are typically Boolean and fall into one of two erable benefit in the processing of Arabic. As with word
categories. In one set, we have features that are sensitive identity, there are different cluster-membership feattioe
previous labeling decisions. There is typically one featur every position relative to the reference position, up tosa di
for every preceding distinct label context observed duringance of three tokens. An example feature of this type might
training (e.g..L;_o andL;_, wereb andi , respectively), be “the word succeeding the current word is in Cluster 42.”
within a user-specified context window. . . .
The remainingpfeatures are arbitrary Boolean functions of 3. Arabic MorPhO'OQ'Ca' Analy5|s and
S andi. For example, it is common to define features re- Disambiguation

flecting the identity ofS; (e.g.,1 ifthe currentwordig he,  3.1. Arabic Morphology

else 0), as well as of; 1, S;+1, etc. If gazetteers or other Arabic is a morphologically complex language with a large
lexical resources are available, features may be defined f&fet of morphological featurésThese features are realized
the current or neighboring words reflecting their respectiv ysing both concatenative (affixes and stems) and templatic
membership in the various lists. Similarly, features may(root and patterns) morphology with a variety of morpho-
reflect easily measurable characteristics of the current gpgical and phonological adjustments that appear in word
neighboring words, such as capitalization. orthography and interact with orthographic variations. In

. addition to inflectional features such as gender, number,
2.2. Arabic NER

. . L . person and voice, Arabic has a set of clitics that are writ-
Before this model can be applied to Arabic, either for train-io, attached to the word and thus increase its ambiguity.

ing or labeling, an input sentence must be segmented intgitics include (a.) conjunction proclitics such as, w+
a stream of words. We employ a naive tokenization, in,_ P , . .
which a “word” is an unbroken string of letters from the and’ and+ . f+ ‘then’, (b.) particle proclitics such as
Arabic alphabet, an unbroken string of numbers, or a singlét ‘to/for’ and +_ b+ ‘by/with’, (c.) the definite article
punctuation character. Note that this tokenization policy+}! Al+ ‘the’, and (d.) pronominal enclitics such a+

is arguably sub-optimal for Arabic, which has a rich mor- +hm ‘their/them’. To model Arabic morphology, we use
phology and an orthography that agglutinates some cliticshe BAMA morphological analyzer and the MADA system
(Section 3.1.), which in English would treated as separatéor morphological disambiguation.

words. This fact, together with the rich inflectional mor-

phology (Section 3.1.), contributes to a problem of data3-2- BAMA
sparseness. We do not respond to this issue in this studyve use the Buckwalter Arabic Morphological Analyzer
although our morphological tagger accounts for such phe(BAMA) (Buckwalter, 2004), to obtain all possible word
nomena, but see Section 6. for possible future directions idhalyses. BAMA models Arabic morphology for over 35K
this area. lexemes. The number of possible fully diacritized forms per
Our experimental data for this study is the newswire portiodexeme varies from 3K forms for nouns to 17K forms for

of the Arabic training data from Year 2005 of the Adaptive verbs. Figure 1 shows three BAMA analyses of the word
Content Extraction (ACE) program. Annotations in this form & byn In all, BAMA judges that this word form has
data identify not only names, but also nominal and pronom19 possible analyses. For each analysis, the table provides
inal references to named entities; we restrict our attentio the surface diacritization, the lexeme, the list of morpigel
only to the name mentions of all entity types distinguishedcal features, the morpheme segmentations and the English
in the data, the most frequent of which are persons, organgloss.

zations, and geo-political entities (GPES). ] ] . ) o
FOO4) to increase its readability while maintaining theiktcor-

In order to train a structured perceptron on this data, al ; . :
that remains is to define the features that will be visible torespondence with Arabic orthography as represented inlatdn
ncodings of Arabic, i.e., Unicode, CP-1256, etc. The fuilgy

thbe mo?el. We deflntg Word-tldttahntltytfelilturej_, ?S (tjfeSCI’Ilt)ﬁare the only differences from Buckwalter's scheme (whidhds-
above, for every position up to three tokens distant from the . Yo RS - < N
reference position on either side. Thus, observing the woraa_t,eOI n pa:emhese_sg“ ! (Dj Aﬁ‘(>)’ Yvi (&), AJ(<). ¥ "~ ().
_3 Ty ‘i’ at the current position triggers a different feature ha() 0o (v)85()8AE0)DL@) g )¢ Q)
than observing it at the preceding position. ys(¥),az(),uz(N), T (K). _

Arabic words can be analyzed using up to fourteen features:
POS, person, number, gender, voice, aspect, determingitia;o
conjunctive proclitic, particle proclitic, and pronomirenclitic,
nominal case, nunation, idafa (possessed), and mood.

LAll Arabic transliterations are provided in the Habash-Geu
Buckwalter transliteration scheme (Habash et al., 2007his T
scheme extends Buckwalter’s transliteration scheme (Baltkr,
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;7 WORD byn

bay~ana=[ bay~an_1 PCS:V +PV +S: 3M5 BW +bay~an/ PV+a/ PVSUFF_SUBJ: 3MS] =decl ar e/ denonstrat e
bayonu=[ bayona_1 POS: N +NOM +DEF BW +bayon/ NOUN+u/ CASE_DEF_NOM =bet ween/ anong

bi yn=[ bi yn_1 POS: PN BW +bhi yn/ NOUN_PROP+] =Ben

Figure 1: Three BAMA analyses for the wogg. byn

3.3. MADA | | Base | BAMA | MADA |
MADA, The Morphological Analysis and Disambiguation F1 0.667| 0.676 | 0.715
for Arabic tool, is an off-the-shelf resource for Arabic dis Precision|| 0.714| 0.713 | 0.735
ambiguation (Habash and Rambow, 2005; Habash, 2007). Recall 0.627| 0.643 | 0.697

MADA selects among BvA analyses using a combination
of classifiers that tag words on all 14 orthogonal dimensions -
of Arabic morphology. The version of Aba used in this Table 1: SL_Jmmary F1, precision, and recall for three NER
paper was trained on the Penn Arabic Treebank (PATB) paﬁyStem variants.

3 (Maamouri et al., 2004). Habash and Rambow (2005)

report disambiguation accuracy over 96% (ignoring casewe are thus interested in measuring the extent of the benefit
idafa, mood and nunation) and word-level PATB t°ke”'za'provided by MADA's disambiguation of the BAMA analy-

tion accuracy over 99.3%. sis. We therefore experiment with two variants of the en-
. . hanced NER model. Features in the OOV class take the
4. Incorporating Morphology into NER same value in either variant (i.e., a word is OOV for MADA

An important product of MADA tagging, one which pro- if and only if itis OOV for BAMA). The difference is in the
vides the most immediate benefit to NER, is full lexical definition of GlossCap features:

disambiguation. In Figure 1, for example, one of the anal-
yses indicates that the worg bynmay correspond to the
English given nam®&en Thus, an accurate assessment by
MADA that ‘Beri is the correct analysis, out of the 19 pos- MADA A GlossCap feature is true only if the gloss of
sible, should serve as a powerful clue to the NER model i, analysis selected by MADA is capitalized.

that a name is present.

e BAMA only A GlossCap feature is true if the gloss of
any analysis returned by BAMA is capitalized.

Our use of BAMA in this approach is equivalent to having
4.1. Enhanced NER Model access to two large static lexical resources, one listihg al
In order to pursue this intuition, we enhanced the baselin&nown wordforms, the other listing all wordforms that can
NER model by introducing two new feature classes depenbe construed as proper nouns. Arguably, MADA is pro-
dent on the output of morphological analysis. O8&ss-  viding something subtler and more significant. The experi-
Cap is true in those cases where a word’s gloss is capments below test this perspective.
italized. The otherOOV, is true if no entry exists for a )
word in our morphological database. Both of these fea#-2. Experiments
ture types carry potentially important information for NER We divided the 221 documents randomly into five parti-
GlossCap is of course a kind of substitute for the capitalizations, and conducted 5-fold cross-validation, for each fol
tion missing from written Arabic, which in English serves training a model on the out-of-fold documents and testing
as an important clue. OOV signals the presence of an urits performance on documents in the fold. Performance
familiar word; such words are often names, in Arabic as innumbers were then calculated on the combined data (i.e.,
English. We also experimented with other features returnegerformance metrics are micro-averaged).
by MADA, including the core part-of-speech (noun, verb, Our performance metrics are precision, recall, and F1, de-
preposition, ...), but only these two features provided arfined over name spans. In order for a model prediction to
improvement. be counted as correct, both the boundaries and label of a
As with the other feature classes, we define separate fegroposed span must match precisely those of a reference
tures for every offset relative to a target position up t@éhr span. All other mismatches are failures either of precision
tokens on either side. Thus, the enhanced model includesa of recall. Precision is the number of predicted mentions
total of fourteen new features, seven from each of the twavhose label and span agreed with a reference mention, di-
new feature classes. vided by the total number of predicted mentions. Recall is
Note that one may think that the disambiguation providedhe fraction of reference mentions correctly identified by a
by MADA may not be strictly necessary: perhaps the setmodel. F1 is the harmonic mean of precision and recall.
of all possible analyses returned by BAMA alone may beTable 1 compares the baseline system with the two mor-
sufficient. This hypothesis is motivated by the fact that thephologically enhanced systems described above. It will be
NER model performs a kind of disambiguation itself, and itobserved that while features based on the BAMA analy-
thus might derive just as much benefit from the informationsis afford a marginal improvement over the baseline, the
that a word form has potentialinterpretation as a name as disambiguated features based on the MADA analysis sup-
that it has alefinitiveone. port a much larger improvement. The baseline system is
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Base MADA falsely proposed), span error (the proposed span for the NE
S&T | S S&T | T is wrong), and label error (the exact span for the NE was
F1 0.650] 0.695] 0.696| 0.757 found but with the wrong label). Note that the ‘category
Precision|| 0.703] 0.752| 0.723] 0.787 “span error” typically includes what would in a simpler
Recall 0.604 | 0.646| 0.670| 0.730 classification be called a recall error (our proposed span

overlaps with the correct span but we do not identify the
correct span) and a precision error (our proposed span is
Table 3: Summary F1, precision, and recall for the baselingyrong). Furthermore, we are including in this count cases
BASE and the MADA-enhanced system, with an evaluain which we propose several spans that overlap with one
tion on the ACEOS5 corpus using the standard metric whichyold span. Thus, the numbers in this analysis do not add
requires a correct span and tag (S&T), as well as a relaxe@p in a straightforward manner to the numbers in the pre-
metric which requires only a correct span (S) vious analysis. We found that 44% of the errors are recall
errors (we miss an NE), 16% are precision errors (we pro-
. . ose a false NE), 25% span errors (we propose one or more
clearly recaII—I|m|ted._ Introduptlon of the MADA—bgsed !‘Oalse span that c)>verlap(5) with a gcfld sganr;, and only 15%
features S“F’p‘.’TtS an increase in recall of 7% while SIrnUIt""élre label errors (the span is correct, the label is not). &hes
_neou;ly benefiting precision. Table 2 shows some exampl%mbers confirm the previous result that most errors are re-
in which the use of MADA improved recall, precision, or lated to the span, not the label. Furthermore, the bulk of the

both. . ) .. . spanerrors are recall errors, as opposed to precisiorserror
The evidence clearly supports the idea that the lexicatinfo . orors in the exact boundaries of the span: we miss NEs
mation provided by the morphological tagger benefits NERoutright

Most of this benefit is attributable to the disambiguation af . . . . .
forded by MADA. In the absence of such disambiguation, itWe investigated the error typgs in more detail. Surpris-
is doubtful whether observed improvements are significant'.ngly’ most of thg recall errors involve common NE (such
as regions, continents , states, world-famous leaders, and
) generic entity names suchnistry of healthor the oppo-

5. Error Analysis sition), especially geo-political entities. This suggests that
In an effort to understand the observed performance, wéhe use of a gazetteer could improve the performance of
performed a sequence of error analyses. The first issue wair system. Geo-political entities also are the largest cat
investigated is whether the errors were primarily related t €gory of precision errors. The most common span error
spans or to labels (recall that a correct NER detection re(nearly half the cases) is that the MADA-based system pre-
quires both a correct span and a correct label). We extendedicts a smaller span than the gold standard. This is consis-
the evaluation to include a second metric which measuretent with our system having mainly recall errors: spans are
only the spans and disregards the labels. The results for tHot found or are not fully found. This suggests that future
baseline system BASE and the system including MADAWoOrk should concentrate on finding conditions on identify-
are shown in Table 3. The results for the standard metridng spans and extending the currently found spans. Most la-
marked “S&T”, are lower than shown in Table 1 becausebel errors (82%) involve geo-political entities, which aga
we are now evaluating on a subset of the ACE 2005 corpuguggests further investigation into this type of NE.
which appears to be harder. The relative results, howevewVe then turned to the question of how different the three
are quite similar to the previous ones (obtained througlsystems (baseline, BAMA, MADA) are. Evaluating their
cross-validation). From looking at the columns labeled “S” predictions against each other, we get F1-measures ranging
which show the performance evaluating the span matchetween 76.5% and 81.7%, suggesting that there is consid-
only (and not the tag accuracy), we see that performancerable non-overlap in the predictions. This is borne out in
improved, but not by much: the baseline system reduceurther investigation. We first performed an oracle exper-
the F1 error only by 13%, while the MADA-enhanced sys-iment, in which we chose the output of the system which
tem reduced the F1 error by 20%. We conclude that theyot the right answer (both span and label). This raises the
harder problem in NER is the correct identification of the F-measure further to 79.8% (from 71.5% for the MADA
spans. We also note that MADA seems to help relativelysystem), strongly suggesting that system combination is a
more when we only evaluate on the spans: the F1 error repromising avenue of future research. We performed some
duction is 20.5% over the baseline, while in the case of thénitial system combination experiments. We discuss two
stricter evaluation, we only reduce F1 error by 13.1%. Thissystems briefly. If any system suggested a NE, we consid-
makes sense as we expect MADA to help specifically withered it an NE (Union). Note thatUnion does not resolve
the identification of constituent boundaries. The analysiverlaps, so that it may propose incompatible NE analy-
suggests that improved morpho-syntactic processing (peses. Inintersection, we only propose a NE if all three
haps also using parsing) may be one of the most fruitfubystems agree on the NE. As expected, we see a recall-
avenues for future work. precision trade-off, with th&nion combination achieving
To further analyze this issue, we performed a more dea very high recall (73.0%), and tHatersection achiev-
tailed error analysis on a smaller subset of the ACE 200%ng a very high precision (84.3%). Neither of the systems
newswire corpus (about 14,000 words). We automaticallyachieves a higher F-measure than our MADA-based sys-
classified the errors as the following types: recall errortem, but we think that further work on system combina-
(an NE was entirely missed), precision error (an NE wagion is warranted. (We also tried a majority-vote system,
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ST 22l Oy Slealye B oB 3 2ole, (Ll 18 ) e 5] Ca cusls
- bl oy Orilendal)

BASE | wASyb (PERmnyb Abw mnSA(/PER ( 19cAmA ) brSAS: fy (GPEqlbh(/GPE) xIAl mwAjhAt
byn rASqy AlHjAr7 (GPB AlflsTynyyn(/GPE wjnwd AsrAgylyyn ...
MADA | wASyb (PERmnyb Abw mnSA(/PER ( 19¢AmA ) brSAS: fy glbh xIAl mwAjhAt byn rASqy
AHJAr i, (GPB AlflsTynyyn(/GPE wjnwd (GPE AsrAyylyyn (/GPE ...
Munib Abu Munshar (19 years) was hit with a bullet in the hefanting confrontations between
Palestinian stone throwers atwaeli soldiers ...

- ety Add) 3 Il ol oy WBlas 3
BASE | Im tsjl mSAfH:A byn (PERGrfAt (/PER wbArAk fy Aljls 7 AIAfttAHy h..

MADA | Im tsjl mSAfHA byn (PERGrfAt (/PER (PERWbArAK (/PER fy Aljls i AIAfttAHy 7 ...
The handshake between Arafatd Barak was not recorded in the opening session ...

= e ws gl paie 4 ey OFTU -

BASE | ... ImA kAn yTAlb bh mgdm AlSkwybwb jwnz ...
MADA | ... ImA kAn yTAlb bh mgdm Alskwy(PER bwb jwnz (/PER) ...
.. what was requested by the plainifbb Jones...

- ol Lo Wy UL & v caady e O -
BASE | ... An mcArk wqst byn (ORGHrk# TAIbAn wAIm¢ArDA(/IORG) AIAf vAnyfi ...
MADA | ... An mcArk wgst byn (ORGHrk# TAIbANn (/ORG) wAIm¢ArD# (GPB AIAf vAny 7 (/GPE ...
.. that battles took place between the Taliban movementredifghan opposition...

= psma P oL oWl - g -

BASE | ... wjrH AsrAyylyAn AxrAn xIAl hjwm ...

MADA | ... wjrH (GPB AsrAyylyAn (/IGPE AxrAn xIAl hjwm ...

.. andtwo otherlsraelis were wounded during an attack

BASE | ... (ORGHrk# ftH wHrktA AimgAwm7.{/ORG) AlAslAmy7 - (ORG)HMAS(/ORG) - wAljhAd ...
MADA | ... (ORGHrk# ftH(/ORG) (ORG)wHrktA AlmgAwm7 AlAsIAmy 7 -(/ORG) (ORGHMAS(/ORG)
- WAljhAd ...

... Fateh organization and the tislamic resistance organizationslamas and Aljihad ...

Table 2: Examples in which the use of MADA improves over thedhiae BASE; underlined words indicate words falsely
marked as an NER by BASE, while bold-faced words are NERshmhiere missed by BASE
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