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Abstract
Natural language processing (NLP) technologies and applications in legal text processing are gaining
momentum. Being one of the most prominent tasks in NLP, named-entity recognition (NER) can substan-
tiate a great convenience for NLP in law due to the variety of named entities in the legal domain and their
accentuated importance in legal documents. However, domain-specific NER models in the legal domain
are not well studied. We present a NERmodel for Turkish legal texts with a custom-made corpus as well as
several NER architectures based on conditional random fields and bidirectional long-short-termmemories
(BiLSTMs) to address the task. We also study several combinations of different word embeddings consist-
ing of GloVe, Morph2Vec, and neural network-based character feature extraction techniques either with
BiLSTM or convolutional neural networks. We report 92.27% F1 score with a hybrid word representation
of GloVe andMorph2Vec with character-level features extracted with BiLSTM. Being an agglutinative lan-
guage, the morphological structure of Turkish is also considered. To the best of our knowledge, our work
is the first legal domain-specific NER study in Turkish and also the first study for an agglutinative language
in the legal domain. Thus, our work can also have implications beyond the Turkish language.
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1. Introduction
Being the art and science of justice, law is one of the most essential mechanisms of a healthy soci-
ety. Its dependency to the ever-changing needs of societies forces law to have a dynamic structure
due to economical and social dynamics, technology, and politics. Along with this dynamic struc-
ture, continuously growing quantity and diversity of legal cases further increase the burden on law
professionals. Due to its strong reliance on written text, legal documents are cumulatively increas-
ing every day. As a fact, with the advances in the field of natural language processing (NLP), legal
text data can be used to lighten the burden of law professionals by utilizing proper machine assis-
tance. Considering the speed and consistency of a machine for scanning substantial amounts of
documents and potential applications, it is inevitable to use NLP in the legal domain (Aleven 2003;
Martin et al. 2004; Ruger et al. 2004; Evans et al. 2008; Ashley and Brüninghaus 2009; Bach et al.
2013; Aletras et al. 2016; Katz, Bommarito, and Blackman 2017; Şulea et al. 2017a,b; Chalkidis,
Androutsopoulos, and Michos 2017; Sangeetha et al. 2017; Virtucio et al. 2018; Chalkidis and
Kampas 2019; Long et al. 2019; Ikram and Chakir 2019; Dale 2019; O’Sullivan and Beel 2019;
Medvedeva, Vols, and Wieling 2020).

When elaborating on foreseeable NLP applications in the legal domain, unsurprisingly many of
the explored possibilities had been toward the constitutional structures of litigation of respective
countries as well as international judicial authorities (Aletras et al. 2016; Katz et al. 2017; Chalkidis
et al. 2017; Soh, Lin, and Chai 2019). Exemplary subjects of interest may be identified as legal
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document and contract summarizing and characterization (Galgani, Compton, and Hoffmann
2012; Chalkidis et al. 2017; Manor and Junyi 2019; Simonson, Broderick, and Herr 2019), text and
judgment classification ranging from court judgments to general legislation (Nanda et al. 2017;
Şulea et al. 2017a; Chalkidis et al. 2019a,b; Dale 2019), information extraction and retrieval of
previous cases (Jackson et al. 2003; Finkel, Grenager, and Manning 2005; Sangeetha et al. 2017),
question and answering (QA) systems in the legal domain (Kim, Xu, and Goebel 2017; Morimoto
et al. 2017) as well as predicting superior court decisions (Martin et al. 2004; Aletras et al. 2016;
Katz et al. 2017; Branting et al. 2018; Virtucio et al. 2018; Kowsrihawat, Vateekul, and Boonkwan
2018; Medvedeva et al. 2020). Since means of accomplishing such assorted tasks vary, overarching
methodologies are incessantly evolving. As a result, to develop successful and widespread NLP
applications in the legal domain, proposing new techniques and enhancing existing ones for dif-
ferent languages and law systems gradually attain importance. Recently, these efforts have been
consolidated by Chalkidis et al. (2021) in LexGLUE, where several legal corpora and standardized
benchmarks for the field are introduced.

Named-entity recognition (NER) is one of the most prominent tasks of information extraction
by NLP, which can substantiate a great convenience for NLP in law due to the variety of named
entities (NEs) in the legal domain and their accentuated importance in legal documents. The
NER problem was introduced in the Sixth Message Understanding Conference (MUC-6) in 1995
by Grishman and Sundheim (1995). Many models have been proposed either customized for
specific languages or with language-independent structures (Yadav and Bethard 2019). Initially,
the task focused on only three types of NEs, which are person names (PER), location names
(LOC), and organization names (ORG). These types can expand with several other entities such
as date or numerical values. In more advanced applications, one can add domain-specific NEs
such as protein names and drug names (Yadav and Bethard 2019), and sports teams, brands,
movies, and products (Lim, Tan, and Selvaretnam 2019). Early solutions to general NER tasks
usually rely on predefined rules or machine learning algorithms requiring feature-engineered
content. As the interrelations within a sentence are highly important in sentence-based tasks such
as NER, the initial concern is to capture such relations. Current state-of-the-art models on NER
mostly rely on neural network-based models such as bidirectional long-short-term memories
(BiLSTM) (Huang, Xu, and Yu 2015; Ma and Hovy 2016; Lample et al. 2016; Chiu and Nichols
2016; Yadav and Bethard 2019; Leitner, Rehm, and Moreno-Schneider 2019; Güngör, Güngör,
and üsküdarli 2019; Li et al. 2022), which is a very powerful network, especially for encapsulating
sequential relations. Certainly, NER is a task that also migrated to Turkish language following
the advances in morphological analysis. As Yeniterzi, Tür, and Oflazer (2018) wrapped up, the
first adaptations of Turkish NER were again mainly consisting of handcrafted rules (Küçük
and Yazıcı 2009; Dalklç, Gelişli, and Diri 2010) and statistical models (Hakkani-Tür, Oflazer,
and Tür 2002; Tür, Hakkani-Tür, and Oflazer 2003). Later, machine learning approaches dom-
inated contemporary applications with conditional random fields (CRFs) (Yeniterzi 2011; Şeker
and Eryiğit 2012; Küçük and Steinberger 2014) and neural network-based models (Demir and
özgür 2014; Akdemir 2018; Güngör et al. 2019).

By using a legal domain-specific NER model, one can identify law articles related to verdicts,
references to other cases, mentioned courts and for similar purposes. Having said that, success
of such low-level tasks can improve the performance of higher level tasks such as verdict predic-
tion by using transfer learning (Elnaggar, Otto, and Matthes 2018) and information extraction
from previous litigation (Jackson et al. 2003). As NLP started to penetrate into law field, studies
focusing on information extraction in the legal domain including NER models applied to legal
documents have also started to emerge in English that utilize external resources such as ontolo-
gies and gazetteers (Cardellino et al. 2017; Chalkidis et al. 2017) or handcrafted rules (Dozier
et al. 2010; Sleimi et al. 2018). Regarding legal domain-specific NER models without any external
resources or language-dependent rules, the pioneering studies of Luz de Araujo et al. (2018) and
Leitner et al. (2019) are designed to be applied to legal documents in Brazilian Portuguese and
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German, respectively. However, this subfield is still understudied with only a few legal-domain-
specific NER models where the number of studies for even one of the well-studied languages,
English, is limited to only proof-of-concept (Vardhan, Surana, and Tripathy 2020). Moreover, to
the best of our knowledge, there is no legal domain-specific NER study done for neither Turkish
nor any agglutinative language.

In this paper, our objectives are to design, propose, and implement a NER model for Turkish
legal documents and to lay the groundwork for further studies on this area with the corpus
and the model we have presented. We also put a particular emphasis on the agglutinative struc-
ture of Turkish, so our results have also some indirect implications that can be of help in legal
domain-specific NER applications for other agglutinative languages. We construct a domain-
specific corpus, since one of the main limits in relatively low-resource languages, such as Turkish,
is the lack of available corpora (Oflazer and Saraçlar 2018). Furthermore, we take into account the
agglutinative structure of Turkish language and incorporate this feature to our model through
Morph2Vec and character-level features extracted by convolutional neural networks (CNNs).
Morph2Vec is a BiLSTM-based model that takes into account the morphological structure of a
word while creating its vector representation (Üstün, Kurfal, and Can 2018). Since our analysis
takes morphological information into account and presents a comprehensive study regarding its
effects, it also presents implications and insights that can be extended to other agglutinative lan-
guages. To the best of our knowledge, our work is the first legal domain-specific NER study in
Turkish and also the first study for an agglutinative language.

We compile a corpus for NER in Turkish law that contains domain-specific NEs: legislation
(LEG), court (COU), reference (REF), and official gazette (OFF) along with the generic NEs,
person (PER), location (LOC), organization (ORG), and date (DAT). For corpus construction,
we have thoroughly examined the Court of Cassation cases in order to come up with the most
prominent categories. As for word representations, we implement several alternatives and made
comparisons. The models that we deployed are self-trained GloVe vectors (Huang et al. 2015;
Lample et al. 2016; Chiu and Nichols 2016; Leitner et al. 2019), GloVe with character-level fea-
tures extracted by CNNs (Ma and Hovy 2016; Chiu and Nichols 2016; Leitner et al. 2019), and
GloVe with character embedding extracted by BiLSTM networks (Lample et al. 2016; Leitner
et al. 2019; Güngör et al. 2019). On top of the models, we used a CRF layer as a sequence tag-
ging model (Huang et al. 2015; Ma and Hovy 2016; Lample et al. 2016; Yadav and Bethard 2019;
Leitner et al. 2019; Güngör et al. 2019; Li et al. 2020). We also experiment with Morph2Vec vec-
tors (Üstün et al. 2018), both by replacing the self-trained GloVe vectors and finally by combining
them, in order to represent the agglutinative structure of Turkish language in the most fitting
way possible. We present experiments demonstrating that embeddings with additional extraction
methods outperformed pure self-trained word representations highlighting the effect of the pro-
posed methodologies on NER for agglutinative languages. With presented custom embeddings,
Morph2Vec resulted in an overall degradation, where its combination with GloVe resulted in the
highest F1 score.

The rest of the paper is organized as follows. In Section 2, we present the related work.
Section 3 gives our NE categories in the legal domain and corpus details. We introduce our
methodology and proposed architectures as well as the word representations in Section 4.
In Section 5, we present our experimental results. We discuss our results in Section 6 and
conclude in Section 7.

2. Related work
Providing a solid body of related work for NER in the legal domain requires coverage of sev-
eral bodies of literature. Thus, we have presented our related work section under the following
subtopics: (1) general NLP applications in legal texts, (2) general domain NER models, (3) NER
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models developed for Turkish, and (4) NER models applied to legal documents. The former two
of these subtopics are especially broad and require multiple references of previous work for a com-
plete treatment, which is beyond the scope of our paper. Since covering a diverse previous work is
required, we have to follow a representative and diluted coverage.

2.1 NLP applications in legal texts
The history of automated approaches to the legal domain dates back to the 1970s (Buchanan and
Headrick 1970). In the late 1980s, practical applications of artificial intelligence-based approaches
to law have started to appear (Francesconi et al. 2010; Bench-Capon et al. 2012; Casanovas et al.
2014).

Among the variety of NLP tasks that can be applied to legal documents, studies are commonly
concentrated on predicting case outcomes (Ruger et al. 2004;Martin et al. 2004; Aletras et al. 2016;
Şulea et al. 2017b; Katz et al. 2017; Branting et al. 2018; Long et al. 2019). The European Court of
Human Rights (ECHR) decisions and the French Supreme Court cases are used in several works
for case outcome prediction (Aletras et al. 2016; O’Sullivan and Beel 2019; Medvedeva et al. 2020).
Studies for case outcome prediction also include Virtucio et al. (2018), Kowsrihawat et al. (2018),
Mumcuoğlu et al. (2021), and Long et al. (2019) for the Higher Courts of the Phillipines, Thailand,
Turkey, and China, respectively.

Other core tasks are automatic summarization (Galgani et al. 2012), text classification (Şulea
et al. 2017a), and QA (Kim et al. 2017; Morimoto et al. 2017). A comprehensive survey on text
summarization in the legal domain has been compiled by Kanapala, Pal, and Pamula (2019). To
study the large-scale and extreme multi-label text classification problem, Chalkidis et al. (2019a,b)
introduced a corpus for the legal domain (called EURLEX57k) that contains 57,000 case docu-
ments from EU’s legislation database. Information retrieval applications on legal documents such
as learning logical structures, labeling sentences, and finding legal facts by using machine learn-
ing methods are also increasingly grabbing attention (Ashley and Brüninghaus 2009; Bach et al.
2013; Sangeetha et al. 2017; Shulayeva, Siddharthan, andWyner 2017). Another interesting task is
capturing the relations between parts of legal documents (Nanda et al. 2017; Nguyen et al. 2018).

Since the language of law is very different than daily language, domain-specific word embed-
dings for the legal domain are required to deploy state-of-the-art deep learning models (Chalkidis
et al. 2021). Chalkidis and Kampas (2019) presented the Law2Vec embeddings, which acceler-
ate the developments in NLP for law. An important work to consolidate and accelerate the NLP
applications in the legal domain is recently presented by Chalkidis et al. (2021). Their work is a
consolidating collection of corpora and several standardized benchmarks for different NLP tasks.
Recently, unwanted bias issues such as gender bias are also studied for legal word embeddings
(Sevim, Şahinuç, and Koç 2022).

2.2 General domain NERmodels
Early versions of NER models mostly consist of handcrafted rules and heavily rely on fea-
ture engineering-based machine learning models such as hidden Markov models (Leek 1997;
Freitag and McCallum 1999) and maximum entropy Markov models (MEMMs) (Borthwick and
Grishman 1999; McCallum, Freitag, and Pereira 2000). Having replaced these models in terms of
popularity, CRFs became the contemporary sequence tagging models considered for NER tasks
(Lafferty, McCallum, and Pereira 2001). Still, these models poorly express nonlocal dependen-
cies within sentences. The study of Finkel et al. (2005) tackled this problem with Gibbs sampling
and reached 86.86% F1 score on CoNLL2003 corpus, which is a standardized corpus for a NER
task (Sang and De Meulder 2003). Later, the study of Krishnan and Manning (2006) proposed a
double-layer CRF model to overcome the same problem, and they reported an F1 score of 87.24%
for all entities in the same dataset.
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Finkel and Manning (2009) propose a joint learning of parsing and NER. They experimented
on OntoNotes Release 2.0, which consists of six different news corpora. Their results vary from
66.49% to 88.18% F1 scores. Among these six corpora, Tkachenko and Simanovsky (2012)
improved two of them in OntoNotes (ABC and CNN) by using further feature engineering. They
also reached a 91.02% F1 score in the CoNLL2003 corpus with the same model.

The first attempt to utilize LSTM units for a NER task was made in the work of Hammerton
(2003). Limitations on computational power and word embedding techniques of the time pre-
vented this study to stand out, resulting with a 60% F1 score in English. In later years, artificial
neural network-based models with their language-independent structures and feature engineer-
ing boosted the efficiency of NER applications (Yadav and Bethard 2019). Collobert et al. (2011)
proposed a CRF layer on top of CNN and reached a 89.59% F1 score.

Huang et al. (2015) experimented with four neural network architectures: LSTM, LSTM
with a CRF layer, BiLSTM, and BiLSTM with a CRF layer. Models with BiLSTMs are effectively
able to express and combine the forward and backward dependencies within a sentence, thus
resulting in higher F1 scores. Among the reported F1 scores in the work of Huang et al. (2015),
the most successful was BiLSTM with CRF model supported using “gazetteers,” which is a type
of external resource that contains a list of NEs. Concurrently, Chiu and Nichols (2016) proposed
a BiLSTM model without a CRF layer while strengthening their embeddings with character-level
word embeddings extracted by a separate CNN. The final results are the concatenated versions
of word2vec word embeddings (Mikolov et al. 2013) and extracted character-level features. Best
reported results were 90.91% (not supported by lexicons) and 91.62% (supported by lexicons)
F1 scores.

Lample et al. (2016) proposed two models, which they refer as BiLSTM/CRF and Stack LSTM
(S-LSTM). Unlike Chiu andNichols (2016), they constructed character-level features with another
BiLSTM rather than CNN. Their BiLSTM/CRF model with character-level features reached state-
of-the-art results for four languages without any language-specific resources (English 90.94%,
German 78.76%, Dutch 81.74%, Spanish 85.75%). Similar to the work of Lample et al. (2016),
Ma and Hovy (2016) used CNN for character-level features as Chiu and Nichols (2016). This
study presented the current state-of-the-art results in English (91.21% F1 score on CoNLL dataset)
among the models that do not use any external resources. Peters et al. (2018) improve NER in the
general domain by using ELMo-based contextualized embeddings as word representations and
achieve 92.22 F1 score. Straková et al. (2019) extend the main task by investigating the nested
NER structures. In their work, they used several architectures based on sequence-to-sequence
encoders. They also enhanced their models with ELMo, BERT, and Flair, which are pretrained
contextualized word embeddings. They have a reported 93.38% F1 score.

2.3 NERmodels developed for Turkish
Turkish is a morphologically rich language with its agglutinative structure. This property of
Turkish language causes lower accuracy in purely statistical approaches in NLP tasks due to spar-
sity problem. Initially proposed by Oflazer (1994), morphological analysis was then applied to
other Turkish information extraction models to increase performances by Tür et al. (2003). The
model proposed in Tür et al. (2003) reached a 92.73% F1 score in NER task on their own corpus,
which is widely used to evaluate Turkish NER models. Scores reported in this subsection are all
performances obtained on this corpus. There exists some Turkish NER models that do not take
morphological analysis into account such as Küçük and Yazıcı (2009); Küçük and Yazıcı (2012).
These models are experimented on several domains such as news, history, child stories, and so on.

After CRF proved to be a successful tool for NER, work of Şeker and Eryiğit (2012) applied
it to Turkish. Their model uses a morphological analyzer and two gazetteers, reaching a 91.94%
F1 score. The work of Şeker and Eryiğit (2012) was also used as a part of the pipeline called ITU
Turkish NLP Web Service as given in Eryiğit (2014), where an input text is thoroughly processed
for several tasks including NER.
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First deep learning-based approach to Turkish NER is the work of Kuru, Can, and Yuret (2016),
where character-level representations are deployed instead of more popular word-level embed-
dings. Their model consists of a BiLSTM with five layers and a Viterbi decoder that is used to
convert tag probabilities to tag sequences. They reached an F1 score of 91.30% without using any
external resources. Akkaya and Can (2021) tackled Turkish NER problem with transfer learning
and additional CRF layers reaching an entity level F1 score of 67.39% for a non-domain-specific
noisy corpus.

In NER models, the usual way of constructing word representations is by concatenating word
embeddings with character-level features, that is constructed using BiLSTM or CNN. Güngör
et al. (2019) further advanced this approach by adding an additional component, “morphological
embedding.” They formed the morphological embeddings by feeding a separate BiLSTM by the
morphological tags. This paper currently holds the state-of-the-art results with 92.93% F1 score.
Moreover, this work also encapsulates the most recent NER results for four different morpholog-
ically rich languages, which are Czech (81.05% F1), Hungarian (96.11% F1), Finnish (84.34% F1),
and Spanish (86.95% F1). Concurrently, Akdemir (2018) combined the same input configuration
with joint learning of dependency parsing and NER, which was initially described by Finkel and
Manning (2009). This model reached up to a 90.9% F1 score.

2.4 NERmodels applied to legal documents
There are few previous works for NER applied to legal documents. Successful handcrafted NER
models and legal metadata extractors were presented due to the highly uniform structures of cor-
pora from the legal domain (Dozier et al. 2010; Chalkidis et al. 2017; Cardellino et al. 2017; Sleimi
et al. 2018). Work that built the foundations of a NER idea in the legal domain was conducted
by Dozier et al. (2010) on the US legal system. Cardellino et al. (2017) used Yet Another Great
Ontology (YAGO) and Legal Knowledge Interchange Format (LKIF) corpora to implement their
models for NER on judgments of the ECHR. On the other hand, even though they do not pre-
sented their work as a NER model in the legal domain, Chalkidis et al. (2017) and Sleimi et al.
(2018) covered NER task while performing information extraction from legal texts. These works
focus on English legal texts by utilizing available external resources or handcrafted rules.

NER models in the legal domain that do not deploy any external resource nor handcrafted
rules have also started to emerge (Luz de Araujo et al. 2018; Leitner et al. 2019; Vardhan et al.
2020). Luz de Araujo et al. (2018) introduced a NER corpus in the legal domain in Brazilian
Portuguese and reached up to a 97.04% F1 score with a BiLSTM/CRFmodel in someNE categories
that they defined. Similarly, Leitner et al. (2019) presented several deep learning models based
on combinations of LSTMs and CRFs on German legal cases. Their paper is constructed upon
two experiments, which can be titled as “fine-grained” (19 entity categories) and “coarse-grained”
(7 entity categories). They reached 95.46% and 95.95% F1 scores for fine-grained and coarse-
grained NER, respectively. For the case of English, in their proof-of-concept work, Vardhan et al.
(2020) only analyzed the feasibility of NER task in the legal domain by modifying a ready-to-use
NLP toolkit and reported 59.31% F1 score.

3. NEs in the legal domain and corpus preparationa

NLP in law is a recently developing subfield, thus finding corpora for specific applications is
relatively harder than for common applications. NER tasks are an example for these specific appli-
cations and established corpora do not exist even for well-studied languages such as English. Even
though there are publicly available Turkish corpora for classical NER tasks, this is not true for
applications in the legal domain. We have compiled our corpus from a publicly available online

aAll resources including the corpus we compiled and codes are available at https://github.com/koc-lab/turkishlegalner.
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Table 1. Named-entity tags in the legal domain

PER Person

LOC Location
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ORG Organization
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DAT Date
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LEG Legislation
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

COU Court
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

REF Reference
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

OFF Official Gazette
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

O Other

database called Legalbankb; where current and archived legislation, litigation, verdict, and cases
of various institutions within the Turkish jurisdiction can be found.

Like almost all countries, there are several types of courts in the Turkish jurisdiction. Besides
the Constitutional Court, which balances the jurisdiction and legislation, courts roughly divide
into two categories: the Administrative and the Judicial Courts. Both of these two categories have a
strict hierarchy within their member courts for providing a three-layered control mechanism that
allows appeals to higher courts. The highest courts of these hierarchies are the Court of Cassation
and the Council of State for the Judicial Courts and the Administrative Courts, respectively. The
Court of Cassation and the Council of State operate as the supreme decision-makers in the hier-
archy, having the authority to change or remove the verdicts of their respective lower courts. We
compiled our corpus from the legal cases of the Court of Cassation since its database, which covers
the main judicial cases, is quite large and varied.

In the following subsections, we will provide more detailed information for our NE categories
in the legal domain, corpus construction process, and the resulting statistics.

3.1 NE categories in the legal domain
When NER has been first introduced, it has been constructed with three main NE types: PER
(Person), LOC (Location), and ORG (Organization). However, for domain-specific applications,
these types can be expanded to any desired number. Leitner et al. (2019) used NRM (Legal Norm),
REG (Case-by-case regulation), RS (Court Decision), and LIT (Legal Literature) in their work on
German NER in the legal domain. However, due to the disparity of legal languages across nations,
we did not migrate their classes directly but created our own classes. Still, some of our classes
have an irrefutable correspondence with the classes they have. In total, we have decided on eight
distinct NE tags, of which four are NEs in the legal domain. These are given in Table 1, extending
common NEs (PER-LOC-ORG-DAT) with the task-specific ones (LEG-COU-REF-OFF).

LEG is the abbreviation for the legislation relevant to the verdict and intuitively is the most
crucial information of an arbitrary court case. COU is the abbreviation for court type. Court types
are very important in law since each court has its specific authorities, areas of expertise, and fea-
tures. Therefore, court types are highly relevant for information extraction from legal texts. REF
is the short for reference if there is referral to a previous litigation. Extraction of references are
significant in NLP applications in the legal domain, because previous litigation and court verdicts
are extremely important in law. By using this information, one can find related cases easily and

bLegalbank database is available at https://legalbank.net/arama.
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Table 2. Example sentence for IOB scheme

Macron gave a speech at the UN general assembly in New York .

B-PER O O O O O B-ORG O O O B-LOC I-LOC O

their verdicts, which are likely to apply to the current case at hand as well. Finally, OFF is the short
for the official gazette, and it is also critical to track the effects of new or altered legislation on
cases.

3.2 Tagging scheme
There are two common tagging schemes for NER tasks, which are Inside-Outside-Beginning
(IOB) (Sang and De Meulder 2003) and Inside-Outside-Beginning-End-Singleton (IOBES),
adding “Singleton” and “End” to the previous one (Akdemir 2018). In our paper, we use IOB
Scheme. In IOB scheme, Out (O) is used for non-NE, Begin (B) for the initialization of a NE, and
Inside (I) for an internal word of a NE. An example for this scheme is given in Table 2.

3.3 Labeling guidelines
Tag Independent Guidelines
Two common steps of text preprocessing are lowering all cases and removing the punctuation.
We have intentionally avoided these steps in order to preserve semantic effects of both capital
letters and punctuation, since they are more important in legal text than in regular ones. It is
also common to use capital letters in NER tasks in order to distinguish capitonyms. On the other
hand, to extract information without any ambiguity, we have avoided punctuation removal phase
since legislation are frequently referred with substantial amount of punctuation. Following is an
example expression of legislation before and after removing punctuation, and the ambiguity in
numeric values is irrefutable:

• 5271 sayılı CMK’nın 34/1, 230, 289/1-g ve 1412 sayılı CMUK’nın 308/7. maddeleri
• 5271 sayılı CMKnın 341 230 2891g ve 1412 sayılı CMUKnın 3087 maddeleri
• Translation: Articles 34/1, 230, 289/1-g of the Law on Criminal Procedure, numbered 5271
and Article 308/7 of the Law on Criminal Procedure, numbered 1412

PER Tags

• Some people are referred with their titles throughout legal documents. We have accepted
such titles as PER entity.

• Due to the privacy concerns, some person names involved in the legal documents that we
compiled were already replaced with ellipsis or represented with their initials. We have
labeled these ellipsis as PER in our corpus to protect the integrity. This is also a secondary
reason for avoiding punctuation removal. We did not apply any preprocessing to the given
names.

LOC Tags

• In Turkish legal system, local court names contain names of their respective administrative
regions. In fact, this segment of court name is particularly significant since it also provides
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hierarchical information. We accepted this regional part as a part of the COU entity rather
than LOC entity.

ORG Tags

• Organizations that are presented with their abbreviations are accepted as an ORG entity
with a single word.

• Some of the organizations were originally replaced with ellipsis or presented with their
initials for privacy concerns as in PER case. These are accepted as ORG entity.

DAT Tags

• There is no unified format for dates throughout the documents. Different formats of dates
(xx/xx/xxxx, xx. month of xxxx) are all accepted as DAT entity.

• Dates that are included in the reference (REF) and official gazette (OFF) entities are not
accepted as DAT because they are parts of the description of the entity in REF or OFF.

LEG Tags

• Some legislations are referred as “ayn Kanunun . . .” (“. . . of the same law”), since they are
mentioned before in the legal document. We accepted “ayn” (“of the same”) as a part of
the LEG entity.

COU Tags

• Since the names of administrative regions in court names are important for the hierarchical
characteristics of courts, we have accepted the location names within the court names as
part of the COU entity.

REF Tags

• Some REF names included dates in their content as some cases are described by their dates
of verdict. These dates are included in the REF entity, not the DAT.

OFF Tags

• Since the official newspaper issues were described by dates they were published, most of
them also included dates. These names are included in the OFF entity, not the DAT.

Our corpus has been labeled manually by the first author by using the guidelines given above.
The guidelines are prepared with the help of an academic consultant from law school.

3.4 Corpus statistics
We have manually labeled 350 cases from the Court of Cassation. This corresponds to 2198 sen-
tences, 5311 NEs, and 123,173 tokens in total. We have randomly divided this corpus into training
and test sets with 1758 and 439 sentences, respectively. Tag statistics for each set are given in
Table 3.
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Table 3. Named-entity distribution for the training and test sets

Tag Training count Test count Total count

PER 1243 344 1587
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LOC 46 5 51
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ORG 241 48 289
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DAT 761 189 950
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LEG 1396 307 1703
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

COU 268 67 335
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

REF 245 63 308
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

OFF 67 21 88
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

O 93,738 24,124 117,862

There are four resulting documents, which are sentence–tag pairs of the training set and the
test set. Total size of these documents is 1.24 MB.

4. Methodology
Legal NER differentiates from usual NER. One of the major differences is the existence and vari-
ety of specific NE types. Legal documents contain numerous references to specific NEs such as
jurisdictions and courts. Standard NER methods are designed and work on general corpora (pre-
dominantly for tweets, customer reviews, news, etc.). These models are not directly suitable for
processing legal documents, since they cannot detect domain-specific entities. Second is the style
difference between legal language and daily language (e.g., tweets, customer reviews, and news
articles) for which most standard NER models are developed. In legal language, sentences tend
to be longer (sometimes up to hundreds of words) and more complex with several eccentricities
such as structure, capitalization, and punctuation. Specifically, the longest sentence in our corpus
has 408 tokens, and the overall average is 56.04 tokens per sentence.

To perform NER task for our proposed NEs in the legal domain, we incorporate state-of-the-
art models for the general NER task with the morphological needs of the Turkish language. Our
models can be differentiated from each other by the architectures they deploy and also how they
utilize word embeddings and handle character-level features. Combinations of several different
structures constitute the backbone of our models. In order to delineate our final proposed archi-
tectures for NER task in the legal domain better, we first present the building blocks of our final
models in the following two subsections. In Section 3, we first address the architecture-wise build-
ing blocks, which are BiLSTM and CRF layers. These two components are important since they
act both in the main backbone of our models and in extracting character-level features. We then
present word embedding models we deploy in Section 4.2. These models are several combinations
of three main approaches. Namely, we consider several combinations of trained GloVe word rep-
resentations (Pennington et al. 2014), trained Morph2Vec embeddings (Üstün et al. 2018), and
extracted character-level features. Finally, in Section 4.3, we present our proposedmodels for NER
in the legal domain for Turkish.

4.1 NERmodel components in the legal domain
4.1.1 BiLSTM layer
Recurrent neural networks (RNNs) are a type of neural network which are widely used to
process sequential data such as time series. Even though RNNs are useful for sequential data,
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Figure 1. A single LSTM unit.

they suffer from the vanishing gradient problem when processing long sequences of data. Thus,
these networks are unable to fully capture the long-term dependencies within a sequential input.
Processing natural languages requires handling of long-term dependencies within sentences
for coherent extraction of information. LSTM has been introduced to overcome this weakness
(Hochreiter and Schmidhuber 1997).

LSTM structure captures long-term dependencies by additional gates, such as forget gate,
which determines the proportion of the information that should be remembered through the pro-
cess. The structure of a single LSTM unit is given in Figure 1, and the following equations reflect
the mathematical background of LSTM architecture (Huang et al. 2015):

it = σ(Wxixt +Wyiyt−1 +Wcict−1 + bi)
ft = σ (Wxf xt +Wyf yt−1 +Wcf ct−1 + bf )

ct = ft � ct−1 + it � tanh(Wxcxt +Wycyt−1 + bc)
ot = σ (Wxoxt +Wyoyt−1 +Wcoct + bo)
yt = ot � tanh(ct), (1)

where i, f , and o are input, forget, and output gates, respectively. x, y, and c are input, hidden,
and cell vectors, respectively. σ is the logistic sigmoid function. Finally, W’s are weight matrices
between realizations and units denoted by the two letters in the subscripts. For example, Wxi is
the weight matrix between the realization x and unit i.

In our work, we used the BiLSTM architecture given in Graves and Schmidhuber (2005), which
examines a sentence both in forward and reverse orders to catch and relate forward and backward
dependencies. This is achieved by feeding a separate LSTM with reversed sequence of words. The
final output is reached by concatenating forward and backward LSTM outputs.

4.1.2 CRF layer
Sequence tagging tasks are widely necessary in several applications such as part-of-speech (POS)
tagging, syntactic disambiguation, and NER. Hidden Markov models (HMMs) are the earliest
models that strongly rely on the conditional independency. Due to the high dependency in NER
tasks (i.e., I-PER tag can only come after B-PER tag), HMMs are not the superior sequence tag-
ging model in the said models (Lample et al. 2016). Non-generative models, such as MEMMs,
are successful for dependent environments. However, they suffer from being biased to the most
frequently detected transitions during the training (Lafferty et al. 2001).
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(a) (b)

(c) (d)

Figure 2. Word representation models.

On the other hand, since they do not require conditional independency between features to
tackle the biasing problem, CRFs are proven to have a better performance in sequence tagging
tasks. The main difference of CRF networks is that they have a single exponential model for the
joint probability of the entire sequence of labels given the observation sequence (Lafferty et al.
2001). CRFs are used to extract the most probable output per element in a model via defining
conditional probabilities observed on training data. Mainly, given a graph G = (V , E) with V is the
set whose elements are vertices and the set E holds the paired vertices, called edges. In our case,
this is a linear chain of tags and corresponding tokens. Then, observation variable X is defined as
the sequence of tokens, and a random variable Y=Yv∈V can be defined as a possible tag from the
vertices V of G. Resulting (X,Yv) is a CRF that random variables Y are conditioned on X, obeying
the Markov property on G:

P(Y|X)=
exp

(∑
j wjFj(X, Y)

)

∑
Y

′ exp
(∑

j wjFj(X, Y
′)
) , (2)

where Fj(X, Y) denotes the feature function and wj denotes corresponding weights. Both Fj(X, Y)
and wj are trained with back-propagation. Equation (2) can be interpreted as the inner summa-
tion of feature functions on a set of vertices normalized with summation over all features on G.
Tuning this, the output is given as the tag that has the maximum likelihood, defined on Y for each
observation variable (token in our corpus) X.

4.2 Word representations
As our word representations, we used six different combinations of trained GloVe embeddings,
trained Morph2Vec embeddings, and extracted character representations in order to feed our
models. We present these combinations of embeddings in Figure 2. Both GloVe and Morph2Vec
are used separately as well as concatenated to each other as shown in Figure 2a and c. The model
that uses them in the concatenated mode is called as hybrid model. These three options are con-
sidered as base word embeddings. Building on them, additional character-level features (CFs) are
included as supplementary models as given in Figure 2b and d. CF is appended to base models,
denoted as (GloVe/Morph2Vec + CF) and (GloVe + Morph2Vec + CF), respectively. In the
following sections, we will refer (GloVe + Morph2Vec) by Hybrid. In what follows, we provide
details on these word representation alternatives.
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4.2.1 GloVe representations
We used publicly available source code of GloVe (Pennington et al. 2014) to train our base word
embeddings. We trained GloVe on our custom corpus that includes 50,000 documents containing
23,305,357 tokens and 438,099 types. These 50K documents are extracted from Lexpera,c which
is an online database for Turkish legal documents. Since GloVe uses unsupervised learning to
construct embedding vectors, we were able to use this corpus directly without any annotation
process. Dimension of these base embeddings are 300.

4.2.2 Morph2Vec representations
In morphologically rich languages such as Turkish, surface form and meaning of a word can
vary remarkably from its root. Thus, for representing the linear relationships between words in
these languages, the representation power of the pretrained word embeddings is relatively poor.
A very intuitive way to tackle this problem is considering prefixes and suffixes while creating word
embeddings. Güngör et al. (2019) used a two-level morphological analyzer introduced by Oflazer
(1994) to analyze suffixes of a word.

Besides the hard-coded pipelines, Morph2Vec is a BiLSTM-based model presented by Üstün
et al. (2018), which takes into account themorphological structure of a word while creating its vec-
tor representation. The idea of the proposed embeddings is to train words with its morphological
segmentations. Üstün et al. (2018) used sub-word features to increase the Spearman correlation
of embeddings from 0.483 (word2vec) to 0.529 for Turkish language. Üstün et al. (2018) also
proposed an unsupervised segmentation model, along with the Morph2Vec model, which allows
us to use their method effectively. We trained Morhp2vec with the default value of 300 for the
dimension on our custom-made 50,000 document corpus. We then feed our learning models with
Morph2Vec alone or in concatenation with other embeddings.

4.2.3 Character-level features
Usage of character-level features is another way to improve model performance, while working on
morphologically rich languages on NLP tasks. Instead of using sub-word information, character
patterns in a word can be examined with this technique.

Character-level features (CFs) are extracted with two different neural architectures, which are
BiLSTM and CNN. Considering that each word is a sequence of letters, processing these sequences
by using a BiLSTM architecture allows us to capture each character embedding. Similar to
BiLSTMs, CNNs are again very powerful in capturing complex relations. In both techniques, each
column of the final weight matrix of the trained neural architecture corresponds to a character
embedding. CFs are just the concatenated versions of these character embeddings. Applications of
these extracted features to substantiate NER tasks are presented by Lample et al. (2016) and Chiu
and Nichols (2016), respectively, for BiLSTM and CNN. Extracted CFs are concatenated with
GloVe, Morph2Vec, and Hybrid representations in separate experiments, where the dimension
for extracted CFs is 100. We have experimented with both extraction techniques and compared
the results.

To sum up, we have six different word representation alternatives as given above with three of
them containing CF representations. By using two different techniques to obtain CFs, we end up
with nine different configurations. We explicitly tabulate each one of them with their dimensions
in Table 4, where concatenation is denoted with +.

4.3 NERmodels in the legal domain
NER models we constructed to address domain-specific NER for Turkish legal documents rely
on three different architectures and three different base word embeddings, which are GloVe,

chttps://www.lexpera.com.tr/.
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Table 4. Word representation combinations and their dimensions used in experiments

# Word representations Dimension

1 Trained GloVe Embeddings only 300
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

2 Trained GloVe Embeddings+ CF extracted with BiLSTM 400
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

3 Trained GloVe Embeddings+ CF extracted with CNN 400
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

4 Trained Morph2Vec Embeddings only 300
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

5 Trained Morph2Vec Embeddings+ CF extracted with BiLSTM 400
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

6 Trained Morph2Vec Embeddings+ CF extracted with CNN 400
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

7 Hybrid Word Embeddings only 600
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

8 Hybrid Word Embeddings+ CF extracted with BiLSTM 700
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

9 Hybrid Word Embeddings+ CF extracted with CNN 700

Figure 3. LSTM-CRFmodel. CS stands for a single unit of CRF.

Morph2Vec, and Hybrid. Our first and base architecture is the LSTM-CRF (LC for short) model
(Figure 3), where character-level features are not considered explicitly (#1, #4, and #7 in Table 4).
Turkish NER in the legal domain is therefore characterized in the embedding part of this net-
work. This model is the most basic approach and generalizable for NER in other languages. In this
base architecture and in the following architectures stemmed from LSTM-CRF, 1-layer BiLSTM
is used.

Since in Turkish, sequential structure of suffixes in a word create diversified lemma, another
LSTM unit for extracting the features within words are proposed. With this regard, we used LC
model with character-level features extracted by another BiLSTM as illustrated in Figure 4, and
we refer this model as LSTM-LSTM-CRF (LLC for short) model (#2, #5, and #8 in Table 4). With
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Figure 4. LLCmodel. CS stands for a single unit of CRF.

this model, we aim to enhance upon the performance of LCmodels in the domain of Turkish legal
texts.

The last architecture is similar to the LSTM-LSTM-CRF model. However, in this architecture,
we extracted the character-level features with CNN as demonstrated in Figure 5, and thus we
refer it as CNN-LSTM-CRF (CLC for short) model (#3, #6, and #9 in Table 4). While character-
level features are in a sequential structure for agglutinative languages, CNN is also a promising
approach in the sense of capturing not only all suffices but also the most defining ones in terms
of changes in meaning. Legal texts are in a form that is exceedingly formalized and well defined
in order to prevent misinterpretations. With this structure of the input, effect of individual words
and their different morphological structures are designed to be captured well enough without the
need of any sequential extraction.

5. Experiments and resultsd.
In this section, we have presented quantitative and qualitative results of our work on our specif-
ically compiled and labeled legal NER corpus. Furthermore, we compare the performance of our
architectures on the mostly studied general domain NER corpora both in English and Turkish.
A comprehensive quantitative performance comparison between models and different word

dAll resources including the corpus we compiled and codes are available at https://github.com/koc-lab/turkishlegalner
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Figure 5. CLCmodel. CS stands for a single unit of CRF.

representations is given in the first subsection without diving into the semantic performances of
different combinations. In the second subsection, we investigate the semantic performances by
going through some distinctive qualitative examples. Different combinations of models and word
representations are compared to address specific semantic cases. We limit our qualitative compar-
isons to include some of the best model–representation combinations (according to their scores
in Section 5.1) instead of giving individual examples for each combination to keep results suc-
cinct. In the third subsection, we evaluate the performance of our architectures on CONLL2003
(English NER in general domain) and Tür et al. (2003) (Turkish NER in general domain) corpora
based on the results that are presented on previous works. These comparisons are intended not
to propose state-of-the-art NER models but to only show that our baseline models for legal NER
in Turkish do not deviate much in general NER tasks in English and Turkish.

5.1 Quantitative results
We fed our NER models (LC, LLC, and CLC) with three different base word representations,
which are GloVe, Morph2Vec, and Hybrid embeddings. Training and test procedures were done
using the manually tagged corpus presented in Section 3.4. The main focus of different combina-
tions of embeddings andmodels is capturing the effect of character- ormorpheme-level extraction
done at different levels. Extra CNN and LSTM layers enable additional character features con-
catenated to the initial word embedding. In addition, base word embedding may also contain
morpheme-level information as it is the case for Hybrid and Morph2Vec. Therefore, we mainly
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Table 5. GloVe as the selected word embedding (all metrics are given in percentages.)

Named entity LSTM-CRF LSTM-LSTM-CRF CNN-LSTM-CRF

PREC REC F1 PREC REC F1 PREC REC F1

PER 95.61 95.06 95.34 95.49 98.55 97.00 94.44 98.84 96.59
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LOC 0.00 0.00 0.00 0.00 0.00 0.00 33.33 20.00 25.00
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ORG 58.70 56.25 57.45 78.72 77.08 77.89 83.33 83.33 83.33
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DAT 85.86 86.77 86.32 92.23 94.18 93.19 92.23 94.18 93.19
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LEG 80.07 79.80 79.93 89.90 89.90 89.90 87.58 89.58 88.57
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

REF 82.14 73.02 77.31 88.33 84.13 86.18 90.00 85.71 87.80
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

COU 85.92 91.04 88.41 90.00 94.03 91.97 90.00 94.03 91.97
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

OFF 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Total 86.25 85.34 85.80 91.75 92.62 92.18 90.93 93.10 92.00

structured our experiments to highlight the differences between the effects of including multi-
ple representations. Furthermore, effects of obtaining them with CNN or LSTM in between the
structures of our proposed models are investigated with respect to their class based and overall
scores.

Results are clustered and presented in a similar manner, where each table refers to the results
of a respective base word representation for proposed models. They are evaluated with F1 score
metric due to the highly unbalanced distribution of tags (e.g., O class: 24,124; LOC class: 5). This
is also the reason why we do not consider individual entity-based accuracy scores but evaluate
individual F1 scores. Tables 5, 6, and 7 present results in terms of Precision, Recall, and F1 score
for each base word embedding GloVe, Morph2Vec, and Hybrid, respectively. The best results
for F1 score within each word representation (for all Tables 5, 6, and 7) are given underlined,
separately for each NE as well as total score. The best results for a class among all the inter-model
results are also given in bold across Tables 5, 6, and 7.

To summarize and compare all models with their best-performing word representation variant,
Table 8 reiterates the best results of eachmodel and embedding with respect to their overall F1 per-
formance as well as accuracy. The main interest is F1 score, since we deal with highly unbalanced
sets.

Along with the metric-wise results presented in Tables 5, 6, 7, and 8, we also provide count
statistics for each model in Table 9. First two columns are the properties of our corpus, so they are
equal for all models. This table mainly extricates the number of recognized and correctly recog-
nized entities in the test set. Comparing Tables 8 and 9, we verify that selection of F1 score as the
main metric is validated in the sense that F1 results are more consistent.

To substantiate our results, we extend our experiments using k-fold cross-validation with all
models. To obtain a controlled comparison environment, the same random order is used for all
models. We used cross-validation to evaluate the performance of our models with respect to ran-
domized partitions. The results are given in Figure 6, where the quantile distributions, maximum
and minimum points, the median, and outlying points (if exist) of the test runs are plotted. Due
to the limited size of our corpus, we started with only five partitions as given in Figure 6a to
prevent insufficient test sizes. We encoded the model names on the lateral axis using their ini-
tials, where one can observe LC models perform poorly compared to the others. Among LLC and
CLC results, a comparable performance is observed whereMorph2Vec approach performs slightly
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Table 6. Morph2Vec as the selected word embedding (all metrics are given in percentages.)

Named entity LSTM-CRF LSTM-LSTM-CRF CNN-LSTM-CRF

PREC REC F1 PREC REC F1 PREC REC F1

PER 94.40 93.02 93.70 96.23 96.51 96.37 95.18 97.67 96.41
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LOC 0.00 0.00 0.00 100.00 20.00 33.33 0.00 0.00 0.00
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ORG 63.64 29.17 40.00 66.00 68.75 67.35 79.55 72.92 76.09
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DAT 91.98 78.84 84.90 87.06 92.59 89.74 91.62 92.59 92.11
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LEG 76.82 75.57 76.19 85.85 88.93 87.36 87.90 89.90 88.89
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

REF 75.44 68.75 71.67 86.67 82.54 84.55 90.00 85.71 87.80
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

COU 86.15 83.58 84.85 88.89 95.52 92.09 87.14 91.04 89.05
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

OFF 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Total 86.08 79.98 82.92 89.04 91.09 90.06 90.89 91.76 91.33

Table 7. Hybrid word embeddings as the selected word embeddings (all metrics are given in percentages.)

Named entity LSTM-CRF LSTM-LSTM-CRF CNN-LSTM-CRF

PREC REC F1 PREC REC F1 PREC REC F1

PER 95.16 97.09 96.12 95.75 98.26 96.99 95.77 98.84 97.28
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LOC 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ORG 68.89 64.58 66.67 76.09 72.92 74.47 80.00 83.33 81.63
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

DAT 86.93 91.53 89.18 91.79 94.71 93.23 88.32 92.06 90.16
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LEG 80.06 82.41 81.22 90.61 91.21 90.91 89.10 90.55 89.82
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

REF 86.44 80.95 83.61 88.33 84.13 86.18 89.83 84.13 86.89
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

COU 89.86 92.54 91.18 89.71 91.04 90.37 91.30 94.03 92.65
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

OFF 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00 100.00
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Total 87.26 88.60 87.93 91.92 92.62 92.27 91.16 92.82 91.98

Table 8. Overall best results for each model and word embedding. All metrics are given in percentages

LSTM-CRF LSTM-LSTM-CRF CNN-LSTM-CRF

F1 ACC F1 ACC F1 ACC

GloVe 85.80 98.39 92.18 99.03 92.00 98.86
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Morph2Vec 82.92 97.60 90.06 98.87 91.33 98.94
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Hybrid 87.93 98.45 92.27 99.05 91.98 99.03
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Table 9. General entity count statistics of the test set

Model # of Tokens # of Entities # of Found Entities # of Correct Entities

LSTM-CRF (GloVe) 1033 891
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-CRF (Morph2Vec) 970 835
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-CRF (Hybrid) 1060 925
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-LSTM-CRF (GloVe) 1054 967
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-LSTM-CRF (Morph2Vec) 25,168 1044 1068 951
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-LSTM-CRF (Hybrid) 1052 967
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CNN-LSTM-CRF (GloVe) 1069 972
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CNN-LSTM-CRF (Morph2Vec) 1054 958
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CNN-LSTM-CRF (Hybrid) 1063 969

Figure 6. K-fold cross validation results.

worse. Extending our validation to 10 partitions on Figure 6a, we observe similar behaviors to
support our comments. Overall, we report an average F1 score of 80% with five points of standard
deviation with cross-validation on our better performing models. Note that these F1 values are
approximately 10 points less than our reported test results. This is due to test sizes getting one-
fifth of the original size with fivefold validation and even less with 10-fold case. Considering thatO
entities are much more frequent than the others (Table 3), having more O tag ratio on a partition
by chance dramatically reflects on the performance since sample sizes of the other entity types
shrink substantially to compensate. Still, the cross-validation results support our claims about the
relationship between the proposed models.

Statistical significance analyses are carried out for our experimental results. It is once again
important to stress that our aim is to present a baseline for Turkish Legal NER domain rather than
introducing state-of-the-art architectures. Therefore, we present these metrics to lay a better base-
line. Replicating the experiments 10 times permodel, we conducted analysis of variance (ANOVA)
tests on the results. Overall, our total of nine models represent the variance in data quite well with
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Table 10. Statistical significance of the experimental results presented in Table 8. “+” for p-value< 0.05, “–” otherwise

LC-Morph2vec +

LC-Hybrid – +
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LLC-GloVe + + +
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LLC-Morph2vec + + + +
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LLC-Hybrid + + + – +
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CLC-GloVe + + + – + –
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CLC-Morph2vec + + + + + + +
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CLC-Hybrid + + + – – – – +
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LC-GloVe LC-Morph2vec LC-Hybrid LLC-GloVe LLC-Morph2vec LLC-Hybrid CLC-GloVe CLC-Morph2vec

p< 0.05 value. Combining them in groups of three as LSTM-CRF, LSTM-LSTM-CRF, and CNN-
LSTM-CRF-based architectures, we once again obtain statistically significant ANOVA results for
respective embeddings within these groups. To compare the models one by one with respect to
nine-factor experiments, confidence intervals of LC-based models are negative and contain zeros.
It follows that we can conclude LSTM-CRF models do not contribute much to the goodness-of-fit
to the data at hand. We further conducted t-tests to the performances (as given in Table 8) of dual
combinations of our models. Whether the dual combinations are statistically significant or not are
presented in Table 10. Out of 36 possible combinations, we find 28 statistically significant results,
whereas only 8 insignificant changes on the outcomes are detected, most of which occurring on
cross-architectural comparisons. One common pattern is between GloVe andHybrid embeddings
for each architecture, where we find p> 0.05 for all of them. Therefore, we will qualitatively ana-
lyze some features for which Hybrid representations capture better than GloVe ones in the next
subsection.

5.2 Qualitative results
In order to provide qualitative analysis on our results, we present sample test sentences. These
sentences are representative examples of the enhancing effect of Hybrid representations over
GloVe only ones. The first sentence is tested on LSTM-LSTM-CRF and the second one is tested
on CNN-LSTM-CRF models. These sentences are provided in Table 11. Their correct tagging
and corresponding predictions of GloVe and Hybrid embedded models are given in Tables 12
and 13, respectively. We selected these empirically better models, which have poor significance
test results, for qualitative comparison to keep this section succinct.

In Table 12, LSTM-LSTM-CRF-Hybrid is able to classify both forms of Hazine (Treasure), but
LSTM-LSTM-CRF GloVe can only classify the orientation form of the word. This is a result of the
Morph2Vec portion of the Hybrid representation that learns the suffix structures.

5.3 Comparison with related works on NER tasks in general domain
In this subsection, we evaluate our architectures on two different corpora and compare our results
with previously published results. First of them is the CONLL2003 corpus in English, which
contains around 300K tokens. The other is the Turkish corpus presented in Tür et al. (2003),
which consists around 350K tokens. Detailed properties of both corpora are given in Table 14.
Even though succeeding works alter them in minor ways, both corpora are most widely used ones
in their respective languages.
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Table 11. Example test sentences

Sentence 1: TMK.nn 713/2. Maddesindeki bilinmeme nedenine dayalı davalarda Hazinenin davada taraf
durumunu alması ve davanın Hazineye yöneltilmesi gerekir.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Translation: In actions filed for “reason of being unknown” based on Article 713/2 of the Turkish Civil Code, the
Treasury should become a party in proceedings and the action should be directed towards the
Treasury.

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Sentence 2: Mahkemece tekerrüre esas alınan dosyada mevcut bulunan Ödemi̧s Sulh Ceza Mahkemesinin
2011/1055 – 2012/245 sayılı TCK’nın 125/1-3-a maddeleri gereğince . . .

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Translation: (Decision of) . . .Criminal Court of Peace of Ödemi̧s province of 2011/1055 - 2012/245 based on Articles
125/1-3-a of the Turkish Criminal Code which is found in the case file that is taken as a basis for
repetition by the Court. . .

Table 12. Sentence 1 prediction comparison

Words LLC GloVe LLC Hybrid Ground Truth

TMK.nın B-LEG B-LEG B-LEG
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

713/2 I-LEG I-LEG I-LEG
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. I-LEG I-LEG I-LEG

.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Maddesindeki I-LEG I-LEG I-LEG
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

bilinmeme O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

nedenine O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

dayalı O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

davalarda O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Hazinenin O B-ORG B-ORG
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

davada O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

taraf O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

durumunu O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

alması O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ve O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

davanın O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Hazineye B-ORG B-ORG B-ORG
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

yöneltilmesi O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

gerekir O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

. O O O

The results of our models and the performances of several baseline methods on CONLL2003
and Tür et al. (2003) corpora are presented in Table 15. These results should be investigated in
two dimensions, English and Turkish. In the case of English, we obtain highly comparable results.
Despite the fact that English is not a morphologically rich language, even the architectures includ-
ing pure Morph2Vec embeddings have acceptable results. Results on Turkish NER, on the other
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636 C. Çetindağ et al.

Table 13. Sentence 2 prediction comparison

Words CLC GloVe CLC Hybrid Ground Truth

Mahkemece O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

tekerrüre O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

esas O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

alınan O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

dosyada O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

mevcut O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

bulunan O O O
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Ödemi̧s B-COU B-COU B-COU
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Sulh I-COU I-COU I-COU
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Ceza I-COU I-COU I-COU
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Mahkemesinin I-COU I-COU I-COU
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

201/1055 B-REF B-REF B-REF
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

– I-REF I-REF I-REF
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

2012/245 B-LEG I-REF I-REF
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

sayılı I-LEG I-REF I-REF
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

TCK’nın I-LEG B-LEG B-LEG
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

125/1-3-a I-LEG I-LEG I-LEG
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

maddeleri I-LEG I-LEG I-LEG
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

gereğince O O O

Table 14. Properties of corpora used in comparisons

CONLL2003 Tür et al. (2003) corpus

Training Test Total Training Test Total

PER 8361 1597 9958 9317 1176 10,493
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LOC 7596 1664 9260 6777 913 7690
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

ORG 7596 1654 9250 6267 673 6940
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

MISC 8957 698 9655 – – –
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

O 212,337 38,323 250,660 283,147 33,226 316,373
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Total 254,985 46,436 301,421 314,866 37,301 352,167

hand, are slightly trickier to investigate. The Turkish corpus had several modifications since its
first publication in 2003. We had access to the version of Güngör et al. (2019) which includes
morphological descriptions of each word in the corpus, where their notation was introduced by
Oflazer (1994). Their morphological analyzer pipeline with handcrafted linguistic rules utilize this
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Natural Language Engineering 637

Table 15. Comparison of the performance of our approach with other NER corpora

Models for English NER CONLL2003 Models for Turkish NER Tür et al. (2003) corpus

Lample et al. (2016) 90.94 Şeker and Eryiğit (2012) 91.94
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Ma and Hovy (2016) 91.21 Demir and Özgür (2014) 91.85
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Chiu and Nichols (2016) 91.62 Kuru et al. (2016) 91.30
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Peters et al. (2018) 92.22 Akdemir (2018) 90.90
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Straková et al. (2019) 93.38 Güngör et al. (2019) 92.93
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Yamada et al. (2020) 94.30 – –
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

Wang et al. (2020) 94.60 – –
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-CRF (GloVe) 92.83 LSTM-CRF (GloVe) 61.65
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-CRF (Morph2Vec) 87.05 LSTM-CRF (Morph2Vec) 61.02
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-CRF (Hybrid) 91.27 LSTM-CRF (Hybrid) 64.59
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-LSTM-CRF (GloVe) 93.28 LSTM-LSTM-CRF (GloVe) 86.12
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-LSTM-CRF (Morph2Vec) 89.67 LSTM-LSTM-CRF (Morph2Vec) 84.40
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

LSTM-LSTM-CRF (Hybrid) 92.63 LSTM-LSTM-CRF (Hybrid) 89.06
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CNN-LSTM-CRF (GloVe) 93.57 CNN-LSTM-CRF (GloVe) 85.22
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CNN-LSTM-CRF (Morph2Vec) 91.37 CNN-LSTM-CRF (Morph2Vec) 83.67
.. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

CNN-LSTM-CRF (Hybrid) 92.78 CNN-LSTM-CRF (Hybrid) 87.48

additional information and substantially increase the performance of the architecture. We had
to exclude these part of the corpus to make it compatible with our architectures. Morph2Vec,
which was trained in an unsupervised manner, is not able to match this morphological analyzer.
That being said, the scope is not to improve the state-of-the-results neither in the Turkish nor
in English “general” NER but to set the baseline in Turkish legal domain NER. Nevertheless, our
results on these domains are also quite comparable with the state-of-the-art results reported in
the literature. As a final note, one of the possible future research directions would be to enhance
our legal NER corpus with the morphological descriptions as Güngör et al. (2019) did for the gen-
eral Turkish NER and then combine Güngör et al. (2019)’s approach with ours to obtain better
performing methods.

6. Discussion
Among the proposed architectures, the best performance is obtained from LLC model fed with
Hybrid (GloVe + Morph2Vec) word representation, reaching 92.27% overall F1 score. As it is
mentioned in Section 3, this model is LC-based, with an additional second LSTM layer added
for configuring character representations. The initial expectation that character representations
perform better than others for an agglutinative language cannot not be extended to Morph2Vec
results. This is caused by the construction methodology of Morph2Vec embeddings. There are
two different techniques to create Morph2Vec, one with supervised segmentation and the other
with unsupervised segmentation of a word. In Üstün et al. (2018), it is reported that the supervised
technique produces better results as expected. However, due to the lack of previously segmented
legal words and considering the cost of obtaining one, we had to deploy unsupervised method.
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Composing a legal corpus with segmented legal words can be an important future work to improve
performance.

We now turn to the detailed comparisons between word embeddings and fix the architecture
to the best-performing LLC model. When we compare performances of Morph2Vec embeddings
in LLC model compared to the baseline GloVe (F1 scores betwen Tables 5 and 6), improvements
were observed only for LOC and COU entities. Additionally, the decline of overall F1 score from
92.18% to 90.06% when Morph2Vec is used single-handedly to feed LLC model is irrefutable.
When we compare the performances of hybrid embeddings (GloVe + Morph2Vec) with those
of GloVe in LLC architecture (F1 scores betwen Tables 5 and 7), we observe improvements for
entities DAT (93.19% to 93.23%) and LEG (89.90% to 90.91%) in a similar fashion. In general, a
remarkable increase in performance is obtained with final F1 score of 92.27%. This means, besides
the readily improved entities, Hybrid embeddings also are on par with GloVe for the remaining
entities, that is, 86.18% in REF (86.18% in GloVe) and 96.99% in PER (97.00% in GloVe).

A similar behavior can be observed for the remaining NER models. For CLC, replacing GloVe
to Morph2Vec as the base word embedding only improved LEG class slightly with 0.42%. On the
other hand, the performance decreases for other entities are considerably large with scores ranging
up to 25.00% (LOC). The same substitution of embeddings do not improve any of the entities in
the LC model as well, where a drastic deterioration for ORG class (57.45% to 40.00%) is observed.
The steepest decrease in total F1 score happens in LC model with 2.82%.

When it comes to the inter-model comparisons, according to emprical results, LSTM-LSTM-
CRF-GloVe and LSTM-LSTM-CRF-Hybrid representation perform better in overall, while CNN-
LSTM-CRF performs better with Morph2Vec. However, according to the further statistical tests
we have conducted, it turns out that results from the experiments with LSTM-LSTM-CRF-GloVe,
LSTM-LSTM-CRF-Hybrid, CNN-LSTM-CRF-GloVe and CNN-LSTM-CRF-Hybrid are not sta-
tistically significant, since the results of pair-wise t-test is higher than 0.05. This means that these
architectures can be treated equally well to be applied in the legal domain. On the other hand, if
performances across entities are investigated, it is observed that CNN-LSTM-CRF model results
in half of the best performances across different base word representations. Within the results
for CNN-LSTM-CRF model, GloVe reaches the best ones for ORG (83.33%) and REF (87.80%),
where Morph2Vec also reaches 87.80% for the REF class. CNN-LSTM-CRF model gives the best
results in PER (97.28%) and COU (92.65%) with Hybrid base representations. The remaining half
of the best results are achieved by LSTM-LSTM-CRFmodel.We can argue that the performance of
LSTM-LSTM-CRFmodels and CNN-LSTM-CRFmodels fluctuate among classes. However, these
twomodels are clearly superior to LSTM-CRF, which is expected due to the lack of aforementioned
consideration of sub-word information.

Upon inspecting results, one notices the considerably low performances for LOC and con-
siderably high performances for OFF entities. Referring to Table 3, both of LOC and OFF have
low total counts with respect to the other entities with 51 and 88 occurrences in the corpus,
respectively. Although locations are expected to be frequently mentioned in legal texts and case
documents, they are usually referred in court names belonging to names of provinces and cities
such as Ankara 1. Asliye Mahkemesi (First Chamber of Ankara Civil Court of First Instance) refers
to a specific court in the province “Ankara.” There are only five occurrences of LOC class in our
test set. As a result, low number of training samples causes the deteriorated performance for LOC
entity. On the other extreme, the typical form of official gazette, where their publication dates and
issue numbers are presented, make this legal entity easily “learnable” by our models.

7. Conclusion
In this paper, we have studied NER models in the legal domain for Turkish language. We have
proposed several neural network-based architectures along with several word embedding mod-
els to address NER in Turkish legal texts. Our models utilize different combinations of various
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tools, such as BiLSTM, CRF, and CNNmodels with character-level features as well as Morph2Vec
and GloVe embeddings and their combinations. We contributed by compiling and providing a
Turkish NER corpus in the legal domain and a NE set in the legal domain, which is manually
labeled on our corpus. In addition to the common NEs, person, location, organization, and date,
we have created our custom NEs in the legal domain as legislation, reference, court name, and
official gazette. We have comprehensively studied the Turkish NER in the legal domain and have
set baseline results. We reached the best performance when LLC model is fed by our proposed
hybrid word representation containing Morph2Vec and GloVe embeddings and supported by
character-level features extracted with BiLSTM. By using this combination of model and word
representations, we reported upto 92.27% F1 score in overall performance.

As future work, better results can be obtained by extending the corpus either in number or by
including documents from various courts. An extension to our corpus can also pave the way to
spare some data as the development set, which is very useful to tune hyperparameters and obtain
better results. Another way to improve these results is to include the morphological structures of
words. This way, Morph2Vec can be trained in a supervised fashion, which can have a substantial
effect on the overall performance.

Acknowledgment. This work was supported by TUBITAK 1001 grant (120E346). We thank Barş Özçelik of the School of
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