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Abstract

This paper presents a probabilistic model for automatically tagging names in a Turkish text. We used four different information sources
to model names, and successfully combined them. Our first information source is based on the surface forms of the words. Then we
combined the contextual cues with the lexical model, and obtained a significant improvement. After this, we modeled the morphological
analyses of the words, and finally, we modeled the tag sequence, and reached an F-measure of 91.56% in Turkish name tagging. Our
results are important in the sense that, using linguistic information, i.e. morphological analyses of the words, and a corpus large enough
to train a statistical model helps this basic information extraction task.

1. Introduction
A basic task of information extraction (IE) from text or

speech is marking names (persons, locations, and organi-
zations), and certain structured expressions (monetary val-
ues, percentages, dates and times). This is known as named
entity (NE) extraction task. In this task, finding only the
names is called name tagging.

Named entity extraction task has been introduced by
DARPA, and evaluated as an understanding task in both
the Sixth and Seventh Message Understanding Conferences
(MUC-6 (1995) and MUC-7 (1998)). A very detailed def-
inition of the named entity extraction task has been devel-
oped in the framework of these programs (Chinchor and
Robinson, 1998).

Name tagging task categorizes the names by their types
as follows:

� ORGANIZATION: named corporate, governmental,
or other organizational entity,

� PERSON: named person or family,

� LOCATION: name of politically or geographically
defined location (cities, provinces, countries, interna-
tional regions, bodies of water, mountains, etc.)

IE systems are usually evaluated and compared us-
ing broadcast news transcriptions, where there are lots of
named entities. Consider Figure 1 for an example news
piece where the names are marked by SGML tags.

Although name tagging seems like a very straigtfor-
ward process, even human annotators have a performance
of 98%-99%. In real text, there are lots of cases in which it
is very hard to determine the type of the name (for example
determining whether Washington is a location or a person),
or even whether it is a name or not (for example Dow Jones
is not a name). This is why the official guideline of this task
is very detailed, and tries to capture all kinds of such cases.

For this task, a corresponding Turkish example is pro-
vided in Figure 2.

Note that, the morphemes added after the names are not
considered to be a part of the name, in order to be consistent
with its definition for English. In English there are only a
few such cases, (such as “Fred’s”), but since Turkish is a

highly agglutinative language, theoretically there are infi-
nite number of word formations. In fact, we separated the
suffixes after the apostrophe and handled them as a sepa-
rate word while training our models. This enabled us to
prevent data sparseness due to the agglutinative nature of
the language, and gave cues about the type of the name.

2. Previous Work
Similar to most other language processing systems, de-

velopers have approached the named entity extraction prob-
lem as one of building a hand-crafted rule-based system, an
automatically trained system, or a combination of these two
approaches.

2.1. Rule-based Approaches
Perhaps the most famous rule-based information extrac-

tion system is FASTUS, a slightly permuted acronym for
Finite State Automaton Text Understanding System, de-
veloped by SRI International, Artificial Intelligence Cen-
ter (Hobbs et al., 1996). FASTUS is a set of cascaded
non-deterministic finite-state automata, hence it is very fast.
FASTUS was one of the best performing systems in MUC-
6, with an F-measure of 94% in the named entity extraction
task.

The first commercial product, emerged from the named
entity extraction task is called NetOwl Extractor from Iso-
Quest formed by SRA International (Krupka and Hausman,
1998). This system has rules consisting of a pattern and an
action. Although this system outperformed all other sys-
tems participating in MUC-6 with an F-measure of 96.42%,
its performance was 91.32% in MUC-7.

2.2. Machine Learning Approaches
The most successful statistical system participating

MUC-7 for this task was BBN’s IdentiFinder System (Bikel
et al., 1999; Miller et al., 1998), with an F-measure
of 90.61%. IdentiFinder uses a hidden Markov model
(HMM), that learns to recognize and classify name classes
(names, dates, times, and numerical quantities, etc.). The
conceptual structure of this HMM is depicted in Figure 3.

New York University (NYU) participated in MUC-
7 with a new system called MENE (Maximum Entropy
Named Entity) (Borthwick et al., 1998a; Borthwick et al.,



. . . Good evening from � ENAMEX TYPE=”LOCATION” � Havana � /ENAMEX � where one of the day’s big stories
has begun to unfold. One of them the Pope is here and the world is waiting to see whether he will shake up this island
and the veteran communist leader who runs it � ENAMEX TYPE=”PERSON” � Fidel Castro � /ENAMEX � . The other
very big story of the day is in � ENAMEX TYPE=”LOCATION” � Washington � /ENAMEX � where the � ENAMEX
TYPE=”ORGANIZATION” � White House � /ENAMEX � administration has already been badly shaken up by the pos-
sibility that president � ENAMEX TYPE=”PERSON” � Clinton � /ENAMEX � and one of his advisors � ENAMEX
TYPE=”PERSON” � Vernon Jordan � /ENAMEX � obstructed justice. . . .

Figure 1: An example broadcast news word transcript, with named entities are marked.

. . . 3 yılda bir yapılan � ENAMEX TYPE=”ORGANIZATION” � Dünya Enerji Konseyi � /ENAMEX � Kongresi’nde
en seçkin beyinler , enerji sorununun yarınını tartışacak. Dün bir kokteyl ile başlayan kongrede bugün � ENAMEX
TYPE=”LOCATION” � ABD � /ENAMEX � Başkanı � ENAMEX TYPE=”PERSON” � Clinton � /ENAMEX � ,� ENAMEX TYPE=”LOCATION” � Arjantin � /ENAMEX � Devlet Başkanı � ENAMEX TYPE=”PERSON” � Car-
los Menem � /ENAMEX � ve � ENAMEX TYPE=”LOCATION” � Güney Afrika � /ENAMEX � Başkan Yardımcısı� ENAMEX TYPE=”PERSON” � Thabo Mbeki � /ENAMEX � konuşacak.. . .

Figure 2: An example Turkish news article, whose named entities are marked.

<s> </s>

else

per loc

org

Figure 3: The conceptual structure of the basic HMM used
by BBN for name tagging. � s � denotes the start of sen-
tence, and � /s � denotes the end of sentence, per denotes
person, loc denotes location, org denotes organization,
and else denotes that it does not belong to any of these
categories.

1998b), employing maximum entropy models. MENE
reached an F-measure of 89% in MUC-7 official evalua-
tions.

MITRE participated MUC-6 evaluations with the Alem-
bic system (Aberdeen et al., 1995), using transformation-
based error-driven learning algorithm of Brill (1993). Their
performance was in mid 80s.

Bennett et al. (1997) used binary decision trees using
C4.5 (Quinlan, 1986) for the name tagging task. The de-
cision tree decided whether it is a name boundary or not.
They used features indicating semantic properties, loca-
tions, part-of-speech tags, and token types. Their perfor-
mance was 88.1% in the MUC-6 evaluation set.

An independent study by Cucerzan and Yarowsky
(1999) attempts to build a language independent name
tagger using a bootstrapping algorithm based on iterative
learning. Re-estimation of contextual (e.g. “Mr.”, “mayor
of”) and word-internal (e.g. “-oğlu” is a typical surname
indicator in Turkish) patterns are captured in hierarchically
smoothed trie models. This algorithm was evaluated for

Romanian, English, Greek, Turkish, and Hindi. For Roma-
nian, using a training set of 12,320 words, they reached an
F-measure of 70.47%. For Turkish, training set was 5,207
words, and the final F-measure was 53.04%. This work was
important in the sense that it was the first attempt for name
tagging of Turkish. According to us, this algorithm is a
novel approach, but needs more training data.

2.3. Hybrid Approaches
Among all other systems, the best performing system

with an F-measure of above 94% at MUC-7, has em-
ployed a hybrid approach. The HCRC Language Technol-
ogy Group (LTG) from the University of Edinburgh had
an outstanding performance in recent MUC-7 evaluations
(Mikheev et al., 1998). LTG worked in 5 phases, where
first and third phases were rule-based, other phases relied
on a pre-trained maximum entropy model.

Another hybrid system was developed by University of
Manitoba of Canada for MUC-7 (Lin, 1998). They aug-
mented the manually coded pattern rules with the rules ex-
tracted from the training data using a collocation database.
Then they used contextual cues to tag the unknown words
using a Naive-Bayes classifier. They reached an F-measure
of 86.07% in MUC-7.

3. Approach
Our approach is based on � -gram language models em-

bedded in hidden Markov models. We used the following 4
models in the name tagging task:

� Lexical Model, which captures the lexical information
using only word tokens.

� Contextual Model, which captures the contextual in-
formation using the surrounding context of the word
tokens. This model is especially helpful in tagging un-
known words.

� Morphological Model, which captures the morpholog-
ical information with respect to the corresponding case



and name tag information. In order to build this model,
we used the morphological parses of the words.

� Name Tag Model, which captures the name tag infor-
mation (person, location, organization, and else) of the
word tokens.

Each model is smoothed using the Good-Turing method
(Good, 1953) combined with the back-off modeling pro-
posed by Katz (1997). In this work, in order to build a
language model, and decode the most probable output in
an HMM with the Viterbi algorithm (Viterbi, 1967), we
used the publicly available SRILM toolkit, developed by
Andreas Stolcke (Stolcke, 1999).

We would like to explain each model in detail in the fol-
lowing subsections, then discuss on the methods for com-
bining these 4 models.

3.1. Lexical Model
For lexical modeling, we used a simplified version of

BBN’s name finder (Bikel et al., 1999). The states of the
hidden Markov model were word/tag combinations, where
the tag indicated whether a word was part of a proper name,
and of what type (person, place, or organization). Tran-
sition probabilities consisted of trigram probabilities over
these combined tokens. The word/tag observation likeli-
hoods for each state was set to 1.

In order to detect the boundaries of the names, we used
a fictitious boundary flag. This flag holds one the following
3 values:

1. yes: indicates that there is a name boundary.

2. no: indicates that there is no name boundary.

3. mid: indicates that the previous and the next tokens
belong to the same name.

The conceptual structure of this HMM is depicted in
Figure 4. Note that, although it is possible to get a sequence
of “person mid organization”, the use of language model
discourages such transitions for all cases. This is why we
did not need to put a separate “mid” boundary state for each
these 3 name types.

An example will clarify this notation. Consider follow-
ing piece of annotated text:

� ENAMEX TYPE=”ORGANIZATION” � Bilkent
University � /ENAMEX � ’s � ENAMEX TYPE=
”ORGANIZATION” � Graduate School of Business
� /ENAMEX � is in Ankara.

The corresponding output sequence for this text would
be as follows:

“ � s � boundary/yes Bilkent/organization boundary/mid
University/organization boundary/yes ’s/else boundary/yes
Graduate/organization boundary/mid School/organization
boundary/mid of/organization boundary/mid Busi-
ness/organization boundary/yes is/else boundary/no in
boundary/yes Ankara/location boundary/yes � /s � ”

This means, name tagging task does not only require
tagging each word with one of the 4 possible tags (person,

<s>

</s>

else

mid

yes

no

org

loc

per

Figure 4: The conceptual structure of the basic HMM for
name tagging. � s � denotes the start of sentence, and� /s � denotes the end of sentence, yes denotes the name
boundary, no denotes that there is no name boundary, mid
denotes that it is in the middle of a name, per denotes per-
son, loc denotes location, org denotes organization, and
else denotes that it does not belong to any of these cate-
gories.

location, organization, and else), but also requires detecting
the boundaries.

In fact, using this boundary flag improved the tagging
performance. This flag has also performed as a connection
between the surrounding tokens. Consider the following
example:

� ENAMEX TYPE=”ORGANIZATION” � Ankara
Üniversitesi � /ENAMEX �

The city “Ankara” can either be location or a part
of an organization. As seen from the Table 1, the
boundary flag helps us to find the correct tagging, for
example the trigram “Ankara/organization boundary/mid
Üniversitesi/organization” is about 4000 times more prob-
able than the trigram “Ankara/location boundary/yes
Üniversitesi/organization”, although tagging “Ankara” as
location is more probable. The reason for this differ-
ence is that there is no occurance of the bigram “bound-
ary/yes Üniversitesi/organization”, but lots of “bound-
ary/mid Üniversitesi/organization”.

3.2. Contextual Model
For contextual modeling, we improved our lexical lan-

guage model as follows: We marked as unknown every
other word in our training data, and then built a language
model, then interpolated this model with the lexical model.
Using this contextual model, we could tag the unknown
words by looking at the context. This idea has first been
used in (Hakkani-Tür et al., 1999), and explained in detail
in (Tür, 2000 forthcoming). For example, the word after the
abbreviation ”Dr.” is generally a person, The word ”Univer-
sity” is often a part of an organization.

In order to demonstrate this model with a real example,
consider this piece of text:

Dr. � ENAMEX TYPE=”PERSON” � Tür � /ENAMEX �
Assuming that the word “Tür” is unknown, i.e. did not

appear in the training data, we can use the contextual model



Output Sequence Probability
Ankara/organization boundary/mid Üniversitesi/organization 0.015029

Ankara/location boundary/yes Üniversitesi/organization 0.000004

Table 1: The effect of the boundary flag on the performance of the tagger.

Output Sequence Probability
Dr./else boundary/yes unk/person 0.990119
Dr./else boundary/yes unk/location 0.000690
Dr./else boundary/yes unk/org. 0.000880
Dr./else boundary/else unk/else 0.002688

Table 2: The use of the contextual model for unknown
words. org. denotes “organization”.

to tag this word by replacing it with the flag “unk”, and let
the model choose for the maximum probable tag consider-
ing the neighboring word “Dr.”. Table 2 gives the probabil-
itities of the output sequences in which “Tür” is tagged as
person, location, organization, or else, assuming that “Dr.”
is not a part of the name.

More formally, this model helps tagging unknown
words by modeling the following 4 cues:

1. Previous token in the same name, e.g. First names of
the persons in a context like “Gökhan Tür”, assuming
that first names constitute a smaller set than the sur-
names,

2. Previous token outside of the name, e.g. “Mr.”, “Dr.”,
“Sayın” (Dear), in a context like “Sayın Tür”,

3. Next token in the same name, e.g. “Üniversitesi”
(University), “Hastanesi” (Hospital), in a context like
“Manitoba Üniversitesi” (Manitoba University),

4. Next token outside of the name, e.g. “’de” (locative
case marker), “kentinde” (in the city), in a context like
“İzmir’de” (in Smyrna), or “İzmir kentinde” (in the
city of Smyrna).

These cues can be considered analoguous to the prepo-
sitions in English. Since, Turkish is an agglutinative lan-
guage, there are no such prepositions, but the correspond-
ing suffixes are attached to the words. If the word is a
proper name, the word and the suffix are separated using an
apostrophe. We considered these suffixes after the apostro-
phe as separate tokens, and this helped us a lot in contextual
modeling.

3.3. Morphological Model
For morphological modeling, we morphologically ana-

lyzed all the words in our training data using the analyzer
developed by Oflazer (1993), disambiguated them using
the statistical morphological disambiguator of Hakkani-Tür
(2000 forthcoming), and used the morphological parses of
the words while training, instead of the surface forms.

We also added case information to the morphological
parses, to indicate whether:

� the word is all in lower case, (NOCAP), e.g. “ev”
(house),

� the word is all in upper case, (ALLCAP), e.g. “CNN”,
or

� only the initial letter of the word is in upper case,
(CAP), e.g. “Demirel”. For this case, we did not mark
whether it is sentence initial or not.

We expected the morphological analyses of the words
would help us in two ways:

1. Our morphological analyzer has a proper name
database, and marks common Turkish person, loca-
tion, and organization names as proper. In the morpho-
logical model, we can expect words, marked as proper
are also to be marked as names.

2. The names are mostly noun phrases, and during train-
ing, we can expect the morphological model to learn
such patterns. For example consecutive two proper
nouns is a common person pattern, as in ”George
Washington”.

Since the lexicon of our morphological analyzer does
not distinguish proper nouns with respect to their types, and
there is no other way for this model to distinguish differ-
ent names syntactically, morphological model only decides
whether a word is a name or not. While tagging using only
morphological model, we tag the words marked as name
with the most popular name type, i.e. “person”. While
combining this model with other models, we give the same
probability to all of the name types.

Let’s demonstrate these expectations using a concrete
example. Similar to Tables 1 and 2, Table 3 gives the prob-
abilities for the named entity:

� ENAMEX TYPE=”PERSON” � Süleyman Demirel� /ENAMEX �
where, both “Süleyman” and “Demirel” are analyzed as:1

“Noun+Prop+A3sg+Pnon+Nom+CAP”.

3.4. Tag Model
The tag model is a trigram language model, which does

not include any lexical items, but only the name tags, i.e.
person, location, organization, and else, and the boundary
flag types, i.e., yes, no, and mid. So its vocabulary consists
of these 7 tokens. We built it by extracting the lexical words
in our training data, and leaving only these tags.

1The morphological features used in this example are: Noun:
Noun, Prop: Proper Name, A3sg: Third person singular agree-
ment, Pnon: No possessive agreement, Nom: Nominative case



Output Sequence Probability
Noun+Prop+A3sg+Pnon+Nom+CAP/person
boundary/mid
Noun+Prop+A3sg+Pnon+Nom+CAP/person 0.300339
Noun+Prop+A3sg+Pnon+Nom+CAP/else
boundary/no
Noun+Prop+A3sg+Pnon+Nom+CAP/else 0.0231911

Table 3: The use of the morphological model.

Output Sequence Probability
person mid person 0.999870
person yes person 0.006076

Table 4: The use of the tag model.

When we analyzed the errors of our name tagger, we
found out that, some multi-token names were separated into
different names of same or different types. For example the
name

� ENAMEX TYPE=”PERSON” � Alaattin Eroğlu
� /ENAMEX �
was incorrectly tagged as

� ENAMEX TYPE=”PERSON” � Alaattin � /ENAMEX �� ENAMEX TYPE=”PERSON” � Eroğlu � /ENAMEX �
Such a tagging damages the performance in two ways:

1. One of the names is marked as “spurious” by the eval-
uation software.

2. The other one’s “type” is correct, but “text” is marked
as wrong2.

On the other hand, the tag models favor for the correct
tagging as seen in Table 4.

In other words, the function of this model is to limit
the unprobable tag sequences, rather than finding names.
Thus, we can expect the number of spurious and incomplete
tags in our output to decrease, hence our performance to
increase.

3.5. Model Combination
It is possible to tag a text using the lexical model or

the morphological model alone. This is not the case for
the other two models. Since morphological model does not
include any lexical information, we do not expect the per-
formance of the tagger to be high using only this model.

In order to tag using only lexical model, we set the state
observation likelihoods to 1, and use only the lexical model
in Viterbi decoding. Similarly, in order to tag using the
morphological model, we first convert the tokens into their
morphological parses, and use Viterbi decoding, then re-
convert them into their original forms.

2See Section 4.2. for a detailed explanation of the evaluation
metrics.

In order to combine the lexical model with the con-
textual model, we simply weighted interpolated these two
models. The optimum weight is chosen using a separate
held-out set. This mixture model can then be used in Viterbi
decoding.

Combining lexical model and the morphological model
is not that easy. Instead of interpolating the models, we
have to interpolate the posterior probabilities, since one
uses lexical forms of the words, while the other uses the
morphological parses. We interpolated the posterior proba-
bilities using empirically optimized weighting using a sep-
arate held-out set. After this interpolation, we can select the
most probable tag for each word.

More formally, using lexical model, we can compute:

�
	���
������������ �������������������������! "�������! $#
where %'& denotes lexical model,

� �
denotes the (�)+* word

(this can be either a real word, or a boundary), and
� �

de-
notes the tag of that word.

Using our HMM, we can also compute the posterior

� 	�� 
�� � ��� � � � ����� ��� ���! #
�,
����������-#/.0�,
����1� �2�3#

, since
���

is given. Hence, we can
rewrite the above posterior as follows:

�4	��5
����1� �2�+�6�7�8���+�9 :�8���3#
Similar to this notation, the morphological model can

give us the posterior:

�
�;�<
 & 
+���=#>������� & 
����+�6��#������������ & 
������! $#>�����+�9 "#
where &?& denotes morphological model, & 
��@#

denotes
the morphological analysis of the word

�
. Following the

above notation we can say that this posterior is equal to:

� �;� 
+� � � & 
�� �+�6� #A� & 
+� ���! #$� & 
�� � #8#
Then, we can simply interpolate these posteriors with

some weight B as follows.
�
	��DCE�;��
�FG� H<� & 
=H?#8#/. B �
	���
�FD� H?#

I 
8J�K B #�� �;� 
�FG� & 
-H?#�#
where

F
denotes the sequence of tags,

���
,
H

denotes the
input string, & 
-H?#

denotes the morphological analyses of
the words in the input string, & 
�� � #

.
Combining the morphological model with the mixture

of the lexical and the contextual models can also be possible



by interpolating the posterior probabilities obtained from
these information sources. The formal equations for this
combination are very similar to combining morphological
and lexical models.

Up to this point the tag model is not used in the combi-
nations. In fact, the use of the tag model needs a little trick.
In order to use this model, we used the posterior probabili-
ties obtained from any combination of the other three mod-
els as state observation likelihoods, and use the tag model in
order to determine the transaction probabilities. One prob-
lem with this operation is converting posteriors,

�,
�FG� H?#
,

to likelihoods,
�,
-HL� FM#

. This conversion is possible using
the Bayes’ rule:

�,
=HL� FM#N. �,
�FG� H?#��,
=H?#
�,
�F@#

Since we try to optimize the output sequence, and�,
-H?#
is given, hence constant, division of the posteriors

to priors is proportional to the likelihood, and can be used
in Viterbi decoding. In this HMM, the transition probabili-
ties can be obtained using the tag model.

Combining all models can be stated more formally as
follows:
� 	��DCE�;�GCEO4�DC!P�� 
�FG� H<�>Q;
=H?#A� & 
-H?#A��FR
-H?#�#/S� 	��DC!O4�DCE�;� 
�FG� H<�1Q;
-H?#A� & 
-H?#�#2TU� P�� 
�FM#>���,
�F@#
where

Q & denotes contextual model using contexts of the
words,

Q;
=H?#
,
F & denotes tag model using the tag se-

quence
FR
=H?#

, B is an empirically determined balancing
parameter to adjust the dynamic ranges of the combined
models.

Figure 5 shows a set of possible combinations of four
models. Note that, there are also other ways of combining
these models. For example, it is possible to combine lexical
and tag models, by obtaining the posteriors from the lexi-
cal model, convert to likelihoods, and decode using the tag
model as transition probabilities.

4. Experiments and Results
In this section, we report the results of evaluating the

Turkish name tagger using the MUC evaluation software.
In order to better understand the power of the models, and
their combinations, we also present results for tagging En-
glish, using same models and evaluation metrics.

4.1. Training and Test Data
We trained our system using 492,821 words of newspa-

per articles containing 16,335 person names, 11,743 loca-
tion names, and 9,199 organization names, summing up to
37,277 names. For testing we used about 28,000 words of
newspaper articles, containing 924 person names, 696 lo-
cation names, and 577 organization names, summing up to
2,197 names.

4.2. Evaluation Metrics
Along with the definition of the named entity extrac-

tion task, the evaluation metrics are also set by the MUC
program. MUC scoring software is used to evaluate the
systems participated in these conferences.

For the name tagging task, there are 2 criteria to evalu-
ate:

� Type: Checks for the type of the name, i.e. person,
location, or organization.

� Text: Checks for the text marked as a name.

For each of these 2 criteria, the evaluation software
computes the following 3 values:

� Correct: Number of correct answers found by the
name-finder.

� Actual: Number of answers found by the name-finder.

� Possible: Number of possible correct answers in the
key.

For Type and Text criteria, the above 3 values are
summed up. Then, two metrics borrowed from the infor-
mation retrieval community, recall and precision values are
computed as follows:

VXW�Y$Z\[+[9. QX]�^�^�W�YA�EF`_�a6W I QX]�^�^�W�YA�EFMW"bc�
�d]:efe (�g [-WhF`_�a6W I �d]:e�e (�g [+W'FiWfb��

�X^�W�Y ( e ( ] � .
QX]�^�^�W�YA�EF`_�a6W I QX]�^�^�W�YA�EFMW"bc�
j Y$��k6Z\[lF`_�a6W I j YA��k�Zm[�FiWfb��

Informally, recall measures the number of hits vs. the
number of possible correct answers as specified in the key,
whereas precision measures how many answers were cor-
rect ones compared to the number of answers delivered.
There is no partial credit in Text criterion. Even though
most of the words of a name have been marked, this is
called as incorrect.

Finally, these two measures of performance are com-
bined to form one measure of performance, the F-measure,
which is computed by the uniformly weighted harmonic
mean of precision and recall:

noK5pqW�Z\e"k6^�W@. VXW�Y$Z\[+[4Tq�X^�W�Y ( e ( ] � � T�
-VXWfYrZm[-[ I �X^�W�Y ( e ( ] � #
4.3. Results

Table 1 gives the accuracy of our system according to
the MUC evaluation metrics. We have provided results us-
ing only lexical and morphological information in addition
to the 4 types of combinations shown in the table, although
it is possible to combine these information sources in 11
different ways. In all of the combinations, we did not sep-
arate the lexical model from the contextual model, because
lexical model alone is relatively very weak in tagging. So
we are left with only 4 types of combinations.

We are very pleased to see that, lexical model alone per-
formed high 80s. When we look at this model in detail, we
see that we have done well in detecting the types of the
names, but we have problems in detecting them. The main
reason of this problem is the unknown words. This problem
is solved by the contextual model, and the performance of
the “Text” metric is increased to 86%. It is also interesting
to see that the morphological model alone has performed
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Figure 5: Combining lexical, contextual, morphological, and tag models for tagging Turkish text.

Model Text Type F-Measure
Lexical 80.87% 91.15% 86.01%
Morphological 36.52% 79.73% 58.12%
Lexical+Contextual 86.00% 91.72% 88.86%
Lexical+Contextual+Morphological 87.12% 92.20% 89.66%
Lexical+Contextual+Tag 89.54% 92.13% 90.84%
Lexical+Contextual+Morphological+Tag 90.40% 92.73% 91.56%

Table 5: Accuracy of the name tagging task using lexical, contextual, morphological, and tag models.

about 58%, without even knowing the surface forms or the
roots of the words, a score which was not expected even
by us. We were also successful in incorporating the extra
information held by the morphological model to the com-
bination of lexical and contextual models, and gained 0.8%
points more. Instead of the morphological model, when we
have incorporated the tag model, we have gained about 2%
points more. These improvements are important, since we
have entered a range, in which it is very hard to achieve
further improvements. Finally, when we have combined all
of our models, we have reached 91.56%. We see that tag
model is very effective in this task. The “Text” metric is
increased more than 3% points, and “Type” metric is in-
creased about 0.5% points in either cases this model was
used. Similarly, the morphological model increases the F-
measure by 0.8% in either cases it was used. When we
compare the final F-Measure with our baseline lexical per-
formance, we see an improvement of 5.55% points.

4.4. Error Analysis

Table 6 shows the performance of our name tagger with
respect to name types. These are the results when we use
all four of our models.

We see that our performance varies greatly for different

Possible Actual Correct F-Measure
Person 927 945 867 92.63%
Location 698 716 674 95.33%
Org. 576 607 531 89.77%
TOTAL 2201 2268 2072 92.73%

Table 6: Detailed name tagging results when we use all the
models. Org. denotes the type “Organization”.

name types. It is also interesting to see that, our perfor-
mance is best for locations, and worst for organizations.
When we analyze our test data we see that our system per-
forms not so satisfactory for very long organization names.
For example the organization:

� ENAMEX TYPE=”ORGANIZATION” � Adana Em-
niyet Müdürlüğü Organize Suç ve Silah Kaçakçılığı Şube
Müdürlüğü” � /ENAMEX �
was tagged as:

� ENAMEX TYPE=”ORGANIZATION” � Adana
Emniyet Müdürlüğü Organize Suç



Language Text Type F-Measure
Turkish 84.26% 90.72% 87.49%
English 82.95% 89.56% 86.26%

Table 8: Comparison of the Turkish and English name tag-
ging results using only lexical and contextual models.

ve Silah � /ENAMEX � Kaçakçılığı� ENAMEX TYPE=”ORGANIZATION” � Şube
Müdürlüğü” � /ENAMEX �
which results in two different names, neither of which were
tagged as correct in “Text”, and only one was tagged as
correct in “Type”.

4.5. Effect of the Case and Punctuation Information

Tagging Turkish becomes more critical when we re-
move case and punctuation information. Such an experi-
ment is important in order to see the performance of the tag-
ger with speech recognizer output (SNOR) format, which
is largely unpunctuated (apostrophes are preserved) and in
all capital letters, as set by the NIST (1998). Case is a
very valuable information source in tagging proper names.
Similarly punctuation has importance for this task in de-
tecting the name boundaries, since most of the time, punc-
tuation resolves ambiguities, such as “Mesut, Yılmaz” vs.
“Mesut Yılmaz”. While removing the punctuation, we did
not touch the apostrophe sign, since only this punctuation
is provided with the speech recognizer output. This nuance
has extra importance for tagging Turkish, because we have
been modeling a proper name and its suffixes separately.
This is easy, because the apostrophe sign marks the bound-
ary between the root and the suffixes. If we had to remove
all the punctuations, we would lose this information, and
we would expect to face with data sparseness in building
our model.

In these experiments, our aim is not to improve our per-
formance with input lacking case or punctuation, but in-
stead to see our performance without any modification to
the models and system.

Table 7 shows our results when we remove the case
and/or punctuation information. We see that our models
can still be used in such a case since we did suffer too
much. The decrease in the performance was 2.76% when
using lexical, contextual, and tag models. Indeed, these re-
sults are comparable with the results of BBN (Bikel et al.,
1999). They have reported a loss of 4.2% (from 94.9% to
90.7%) on the Wall Street Journal articles using the SNOR
format.

4.6. Results Compared to Name Tagging of English

In order to see whether these results are comparable
with the results obtained for English, we built a similar sys-
tem using similar statistical methods. Table 8 presents the
performance of our algorithm applied to both English and
Turkish input in SNOR format.

5. Conclusion
We presented a probabilistic model for automatically

tagging names in a Turkish text. We used four different in-
formation sources to model names, and successfully com-
bined them. Our first information source is based on the
surface forms of the words. Then we combined the con-
textual clues, and obtained a significant win. After this,
we modeled the morphological analyses of the words, and
reached an F-measure of 89.66% according to the MUC
evaluation software, which was 3.65% points better than
the lexical model alone. Finally, we modeled the tag se-
quence, and gained 1.90% more, reaching an F-measure of
91.56% in Turkish name tagging.

This was the second study on Turkish named entity ex-
traction. Cucerzan and Yarowsky (1999) reported an F-
measure of 53% using very little training data. This implies
the importance of the size of the training data in corpus
based language processing tasks. The huge difference in
the training data sizes makes a comparison impossible. In-
stead, we gave results for English, using the same lexical
and contextual models, and see that it is possible to reach
an F-measure of 86%.

These results are important in the following senses:

� We have successfully combined lexical, contextual,
morphological, and tag information for this basic in-
formation extraction task. Each model contributed to
this task as expected.

� Using the lexical model alone performed in high 80s
for Turkish name tagging, which is a very similar re-
sult we obtained for English. Thus, we can claim that
statistical methods can be used for name tagging task
even for agglutinative languages.

� We have seen that removing the case information re-
sults in a 3% points decrease in F-measure. This im-
plies that, statistical methods can still be used for name
tagging of speech.

� Recalling that named entity extraction task is a prereq-
uisite task for other more complex information extrac-
tion tasks, we are now ready to move on other tasks.

� As a future research, we would like to work on the
problems we have encountered especially in tagging
organizations.
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