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Abstract—Many sentences create certain impressions on peo-
ple. These impressions help the reader to have an insight about
the sentence via some entities. In NLP, this process corresponds
to Named Entity Recognition (NER). NLP algorithms can trace
a lot of entities in the sentence like person, location, date, time
or money. One of the major problems in these operations are
confusions about whether the word denotes the name of a person,
a location or an organisation, or whether an integer stands for
a date, time or money. In this study, we design a new model for
NER algorithms. We train this model in our predefined dataset
and compare the results with other models. In the end we get
considerable outcomes in a dataset containing 1400 sentences.

II.

[ORG Türk Hava Yolları] bu [TIME Pazartesi’den]
itibaren [LOC İstanbul] [LOC Ankara] güzergahı için indirimli
satışlarını [MONEY 90 TL’den] başlatacağını açıkladı.
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Table I. LIST OF NAMED ENTITY TYPES WITH THE KINDS OF ENTITIES

THEY BELONG TO

Tag Sample Categories Example

PER people, characters Atatürk yurdu düşmanlardan kurtardı.
ORG companies, teams IMKB günü 60 puan yükselerek kapattı.

LOC regions, mountains, seas Ülkemizin başkenti Ankara’dır.
TIME time expressions Cuma günü tatil yapacağım.

MONEY monetarial expressions Geçen gün 3000 TL kazandık.

Table II. NAMED ENTITY TAGGING AS CLASSIFICATION PROBLEM

Word Features Label

Root Pos Capital . . .

Türk Türk Noun True . . . ORGANIZATION
Hava Hava Noun True . . . ORGANIZATION

Yolları Yol Noun True . . . ORGANIZATION
bu bu Pronoun False . . . NONE

Pazartesi’den Pazartesi Noun True . . . TIME
itibaren itibaren Adverb False . . . NONE

İstanbul İstanbul Noun True . . . LOCATION
Ankara Ankara Noun True . . . LOCATION

güzergahı güzergah Noun False . . . NONE
için için Adverb False . . . NONE

indirimli indirimli Adjective False . . . NONE
satışlarını sat Noun False . . . NONE

90 90 Number False . . . MONEY
TL’den TL Noun True . . . MONEY

başlatacağını başlat Noun False . . . NONE
açıkladı açıkla Verb False . . . NONE

. . Punctuation False . . . NONE
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B. Computational Background

IV.

V. DATA



Label Count

PERSON 606
LOCATION 235

ORGANIZATION 685
MONEY 387

TIME 299
NONE 10982



Table IV. DETAILS OF METHODS USED IN DISCRETE MODEL

Method Attributes Window Classifier Parameters Author

METHOD1 IC, ID, IR, IT, MP 4 Rf attribute subset size = 4, ensemble size = 20 B.Ö.
METHOD2 IC, ID, IF, IT, MP, RF, SF 1 Mlp learning rate = 0.1, number of hidden nodes = 30 B.E.
METHOD3 IH, IM, MP, RF, SF 0 Mlp learning rate = 0.1, number of hidden nodes = 50 A.T.G.
METHOD4 C, IC, IH, IO, IR, MP, P, RF, RP, SF 2 Lp learning rate = 0.1 A.B.K.
METHOD5 IC, IN, IP, MP, RF, SF 1 Mlp learning rate = 0.1, number of hidden nodes = 5, 8 O.T.
METHOD6 IC, IP, MP, RF, SF 1 Mlp learning rate = 0.1, number of hidden nodes = 10 O.A.

Table V. ERROR RATES OF METHODS USING STRATIFIED 10-FOLD CROSS-VALIDATION

Classifier DUMMY METHOD1 METHOD2 METHOD3 METHOD4 METHOD5 METHOD6

Error Rate 14.89 14.71 7.64 12.19 7.65 8.45 9.28

dimensional word vectors of our generated representations. If
generated DRs don’t have a word vector for a word instance
requested by the classifier model, we provided zero-vector
in C dimensions to represent a null feature value. DRs are
real valued vectors normalized between -1 and 1. We also
reported missing word requests with each experiment as out-
of-vocabulary (OOV) rate due to the fact that classifier perfor-
mances are highly dependent on OOV rates in experiments.



Table VI. ERROR RATES OF DIFFERENT METHODS USING 10-FOLD

STRATIFIED CROSS-VALIDATION OF CONTINUOUS MODEL EXPERIMENTS

OOV% Dummy Lp Mlp Nb Knn C45

SURFACE (SU)

100K 32.4 9.1 8.13 8.25 35.79 9.4 9.13
500K 23.05 10.75 8.06 7.81 35.18 10.24 10.61

1M 20.31 11.18 8.05 7.94 31.57 10.23 9.96

ROOT (RO)

100K 20.77 9.79 6.87 6.74 15.22 9.3 7.85
500K 17.49 11.1 6.96 6.62 20.43 14.8 9.55

1M 16.33 11.56 6.7 6.56 9.52 16.82 9.87

OTHER CONF.

1M-RO-d300 16.33 11.56 6.96 6.65 10.04 21.67 9.54
1M-RO-d20 16.33 11.56 7.47 6.76 11.49 7.92 9.33
1M-RO-d10 16.33 11.56 8.3 7.24 13.13 7.4 10.55

MIN 16.33 9.1 6.7 6.56 9.52 7.4 7.85

• Word embeddings with basic morphological root form
enrichment can provide better results than simple
surface form word embeddings (1.2pt reduction from 8
to 6.8 on average in Lp and Mlp). This improvement
is linearly related with the reduction of OOV rates
provided by the root form representation ability of
models.

• Nb works significantly better with root forms com-
pared to surface forms (reduced 31.57 to 9.52 error
rate).

• Increasing corpus size did not increase the NER
classification performances; it was even observed to
decrease OOV rates.

• SkipGram performed better than CBOW almost on all
experiments.

• Increasing vector dimensions (d = 300) for classifica-
tion tasks did not increase NER performance. On the
contrary, vectors in low dimensions (10, 20) performed
significantly better with Knn.

VIII. CONCLUSION

Named entity recognition is the problem of detecting the
type of named entities in sentences, such as person, organi-
sation, time or money. The problem in NER lies in deciding
whether a noun denotes a person, an organisation or a location
and whether a number denotes time or money. As a new
approach to NER, we produced six different discrete models
with various features and tested these models on the tagged
NER data created by us. The data consist of 1400 Turkish
sentences which are manually tagged by 7 different annotators.

We also used Mikolov et al.’s SkipGram and CBOW
models for learning continuous representation of words. Then
we used our trained continuous representation of words to
feed our classifiers as continuous features of words without
doing any feature enhancement. Our results show that, these
continuous models for NER classification tasks can perform
as good as supervised, manually handcrafted discrete features.

As in many natural language processing subfields, words
have been used as the atomic unit of language in distributional
semantics (DS) modeling field for the sake of model simplicity.
Even though word-based models yield good results for lan-
guages with limited vocabulary such as English, these models
are pretty ineffective for morphologically rich languages with
unlimited vocabularies such as Turkish.
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