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Abs rracr—Nann entity linkage (NEL), which is a combination
of named entify recognition (NER) and disambiguation (NED),
can add sem context to the recognized named entities in
texts. It links the entities mentioned in unstructured texts and
individual instances of real-world objects. This paper presents
a tool - profagonistTagger — for person NER and NED in texts.
The tool was tested on diversified texts extracted from classic
English novels and Polish Internet news. The tool’s performance
(F1-score) ranges between 78% and even 89%, depending on the
dataset.

INTRODUCTION

XTRACTING, integrating and matching instances of
Enamed entities referring to the same real-world objects
still remains a big challenge in Natural Language Processing
and the Semantic Web. Nevertheless, this task is necessary
to achieve the understanding and integrity of various re-
sources. One of the most basic and standard categories of
named entities appearing in almost every type of text is
referring to people. Named entity recognition (NER) models
can provid, rsons’ mentions, which are undifferentiated
annotation§agged with general label person. To analyze text
semantics or find shared mentions between various texts, we
need contradistinction between the recognized person named
entities. The most desired way is to have a unique identifier for
each person appearing in the considered dataset. Ideally, each
person’s mention (given in erent forms, e.g. diminutive,
only surname or first name) in the dataset should be linked
with a tag containing the full name of the corresponding
person.

Researchers often concelﬂle only on one aspect of identi-
fying the person mentions. There are available NER models,
particularly for news and common language texts. Search
engines can search through particular names and match distinct
names each time we query them. However, it is complicated to
recognize and match mentions of specific people with na
entities in an arbitrary text using a single tool that combines the
re@nition and identification of persons in various domains.

The general workflow of the created tool — called protago-
nistTagger — 1s presented in Figure 1. It works automatically
with a list of peoples’” full names (as predefined tags) and a
text to be annotated and given as inputs. The process of person
entity linkage implemented in protagonistTagger is divided
into two main phases:

1) named entity recognition (NER) of mentions of people

in a text.
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2) named entity disambiguation (NED) providing links
between the entities recognized in unstmictured text and
identifiers referring to real-world objects (our predefined
tags given as a list of persons’ full names).

Table I shows an example of an anndgited text - the final
result made with proragonistTagger. The tool’s good per-
formance, verified on two different testing sets, proves that
protagonistTagger can be used successfully to recognise and
identify people in complex texts. The tool and the corpus
can help detect and analyse the relationships between persons
'otagonists in novels, known personalities in public news)
and create a social semantic network. Furthermore, the fine-
tuned NER model and the whole tool can be applied to texts
from a non-literary domain containing named entities of the
category person, as long as a list of full names to be linked
with them is available.

Summing up, this research’s main contributions mclude:

« verification of the standard NER model performance
in the literary domain and implementing a method for
preparing training sets for model fine-tuning,

« the protagonistTagger tool for recognition and disam-
biguation of person entities (entity linkage) in literary
English texts and an example of its adaptation to a
different domain and languagPolish Internet news),

« entity linkage (NER & NED) benchmark testing datasets
for entities of category person manually annotated also
with full names of literary characters (1,300 sentences
each), and also revised dataset for entity linkage in Polish
Interifill news domain (about 1,000 sentences annotated
with full names of Polish personalities, e.g. politicians,
alors),

« a vast corpus of novels annotated with protagonistTagger
(13 novels, more than 50,000 sentences and more than
35,000 mentionf literary characters).

In the following, we provide an overview of the related
works (Section II), then a general description of our approach
in the English literary domain (Section III), and an adaptation
to a different domain — Internet news with texts in Polish
(Section IV).! The prepared dalaselnd our approach perfor-
mance are described in Section V. The paper completes with
concluﬁms and future works (Section VI).

I'The pmmgmahgger tool, benchmark datasets from Jigerary domain and
annotated corpus are available, along with documentation manual, at hitps:
Mdoiorg/10.5281/zenodo 4699418, and the adaptation — tool along with the
new datasets are at https:/zenodo.org/record/5060232.




list of full names (predefined tags)
[ELIZABETH BENNET, MR FITZWILLIAM DARCY,
JANE BENNET, ....]

NED

annotated text of a novel

text to be annotated

"Her disappointment in Elizabeth made...”

NER

named entities of category PERSON recognized in a text of a novel

"Her disappointment in <<Elizabeth- PERSON=> made..."”

"Her disappointment in <<Elizabeth - ELIZABETH
BENNET>> made..."

Fig_g Simplified process employed in our tool — pwiagonistTagger.

"Her disappointment in Charlotteppalone pucas Made her twm with fonder regard 1o her sister;
of whose rectitude and delicacy she was sure her opinion could never be shaken, and for whose
happiness she grew daily more anxious, as Bingley chartes Bingley had now been gone a week and
nothing more was heard of his retwrn. Jane jane genne Tad sent Carolinecaroline Bingley ant early
answer to her letter and was counting the days till she might reasonably hope 1o hear again.
The promised letter of thanks from Mr. Colling vy, wittiam collins @rrived on Tuesday, addressed to
their father, and written with all the solemnity of gratitude which a rwelve month's abode in the
Samily might have prompred.”

TABLE 1

AN EXAMFLE OF TEXT EXTRACTED FROM NOVEL Pride and Prejudice BY JANE AUSTEN. EACH ENTITY RECOGNIZED AS person 1S LINKED TO THE

PROPER FULL NAME (TAGS FROM THE INPUT LIST): THEY ARE WRITTEN IN A SUBSCRIPT.

II. RELATED WORK

Named entity linkage (NEL) is a process of recognition
(NERaand disambiguation (NED) of named entities in a
text. The general conclusion can be drawn that standard
NER and NED models can be used successfully on dissected
datasets. However, they may have lower performance working
in the pipeline and on different text domains, e.g. on novels
containing veritable sentences [1].

NER can be approached in several different ways [2]. The
most recent approaches are designed using mainly neural
networks. They do not require domain-specific resources or
feature engineering, thanks to word embeddings used as fea-
ture vectors [3]. Neural network-based NER systems can be
classified into several groups depending on their representation
of the words in a sentence. Such repr&ntations can be based
on words [4], characters [5], [6], [7], sub-word units different
than characters [8] or any combination of these. This last
approach, originating from feature engineering, where affixes
play a significant role, offers an exhaustive way of creating
word representations utilizing the semantics of morphemes.

An up-to-date list of entity linkage techniques and datasets
is given in [?], [?]. However, these resources are concentrated
on texts such as news, and most models are not prepared to
fapanicular challenges in other domains, e.g. literary texts.

The most popular library of texts of various kinds is Project
atenberg [9]. It is accompanied by GutenTag [10], [11] -
a software tool offering NLP techniques for analysing literary
texts. It contains an automatic corpus reader, subcorpus filters
and a tagging functionality based on different tags specified by
a user, performing statistical analysis of the selected subcor-
pus. Even though the NER i1s used to identify the main literary
characters, the information gained is used only for statistical
measures. There i1s no advanced mechanism of recognition and
disambiguation of literary characters.

One of the possible approaches to detecting and matching
charag§Brs in literary texts, based on characters clustering [12],
[13], assumes that the noun phrases recognised in the text
by the NER model can be clustered into groups referring to
the same person. In the case of both papers, the presented
results are more qualitative than numeric, based on verifying
preregistered hypotheses. Another method [14] is based on
representing characters using a graph, where each node corre-
sponds to a name found using NER, and edges connect nodes
referring to the same character. Furthermore, this method
attempts to identify entities the NER has not recognized by
uncovering prototypical characters’ behaviours. Accuracy of
character detection using this method varies between 45% and
75%, depending on the novel and the challenges appearing in
its texts.

Even though numerous papers devoted to recognising lit-
erary characters are quoted here, in most cases, there are no
available datasets to compare the results or models’ parameters
to recreate the riments [13]. Moreover, some proposed
methods apply only to narrow sets of texts and require a
manual contribution. A good quality, general-purpose way for
long, complex texts such as novels and benchmark datasets
would be of great applicability.

11La ProtagonistTagger: ENGLISH LITERATURE USE CASE 2

The idea for creating a tool for named entity linkage
dedicated to novels arose from the complexity of texts in the
literary domain and the weak performance of standard methods
on such complex texts [14]. The novel is a particular type of
text in terms of writing style, the links between sentences, the
plot’s complexity, the number of characters, etc.

1

*The protagonisiTagger tool, benchmark datasets from literary domain and
annotated corpus are available at https:/fzenodo.org/record/4699418




TABLE II
Ez'rmcs COMPUTED FOR THE STANDARD NER MODELS (en_core_web_sm OR pl_core_news_sm AVAILABLE AT HTTPS://SPACY.I0/MODELS) AND THE
FINE-TUNED NER MODEL FOR ANNOTATIONS WITH GENER AL LABEL person.

Testing set/NER model Precision Recall F- Mentions
Test_large_person standard 0.84 0.8 0.82 1021
fine-tuned 077 0.99 0.87 1021
Sar_simall_person standard 078 0,79 078 273
ﬂ fine-tuned 0.69 0.95 0.8 273
ernet news standard 0.84 0.94 0.89 324
TABLE 111
PERFORMANCE OF THE protagonisiTugger ON VARIOUS DATASETS.
ting set | Precision | Recall | F-measure

Novels - Test_large_nantes 0.88 0.87 0.87

MNovels - Test_small_mames 0.83 083 083

Internet news 0.8 0.78 0.78

1

Thc NER phase of the linkage process in the literary
domain uses a pretrained standard NER model fine-tuned
lh data from the literary domain annotated with general tag
person in a semi-automatic way [15]. It was necessary due
I.he relatively low performance of standard models trained
primarily omlveb data such as blogs, news, and comments
n'u], [17]. In the NER phase, we want to find as many
potential person entities to be matched in the NED phase as
possiblen'hus we need to achieve the highest possible recall
Glric, The phase of NED aims at linking each mention of
a protagonist in a given text with a proper tag (i.e., the full
me of this protagonist). The list of available tags, i.e. the
list of protagonists’ proper names predefined for each novel,
1s gi\’ﬁlai input to this algorithm. The matching method is
nlinly based on approximate text matching. The algorithm
also incorporates a set of hand-crafted rules (lexico-semantic
qitterns) for distinguishing between different instances of
(Bncept person, and it uses several external dictionaries. This
way, entities’ similarities are considered on the semantic and
nnlaclic levels. The protagonisTagger addresses the problem
of diminutives of basic forms of names and disambiguation
of people with the same surname (by analyzing personal title
prntding surname in a text).

The tool was used to prepare a corpus of 13 novels (more
nm 50.000 sentences) and more than 35,000 annotations of
literary characters. The corpus was used for the analysis of
sentiment and relationships in novels.

PV. ProtagonistTagger: INTERNET NEWS USE CASE 3

To verify the usability of the created tool in a new domain,
investigated its performance on a set made from internet
news written in Polish [18]. The protagonistTagger turned out
to be universal and easily adapted for new data. The only
uired modification is changing the language model from
glish to Polish. In the NER phase, we skipped the step
fine-tuning the standard NER model. This decision was
sed by the relatively high performance of the standard

R model on the news compared with literary texts. Since
externbresources, such as dictionaries and syntactic rules,

*The adapted tool along with the new datasets: hitps:/izenodo.org/record/
5060232

language-dependent, they were disabled in this experiment.
The NED phase was primarily based on the approximate string
matching part of the matching algorithm.

V. EVALUATION AND DATASETS

Testing sets for the literary domain contain sentences chosen
ran}mly from 13 novels differing in style and genre (large
testing sets from 10 novels, and small — from distinct 3
vels). The testing sets used for protagonistlagger contain
ether 1.300 sentences (100 sentences from each novel)
annotated manilly with a general tag person for NER testing
¢ Table II) and full names of the mentioned people for NED
tesklhg, as well as for the testing of the entire tool.
The protagonistTagger tool achieves high results on all the
ted novels — precision and recall above 83% (see Table III).
e tool’s performance on Test_small_names shows that it can
successfully used for new distinct novels to create a larger
corpus of annotated texts. The best proof of novels” diversity in
the test sets 1s the tool’s performance, whose precision varies
m 79% to even 96% for different novels. Even though
performance 1s tested on various texts, the precision of
the annotations remains high, proving the applicability of the
prn:sed method in the literary domain.
The new dataset with internet news written in Polish
ntains around 1,000 sentences [18]. It is annotated with
identifiers (full names of popular Polish individuals, e.g.
liticians, actors, researchers, etc.). The overall quality of the
annotations is hi both recall and precision above 78%).
iWen though we applied only a few simple rules and no
additional resources (e.g. dictionaries) in the NED phase.

VI. CONCLUSIONS

This paper proposes a tool for person entity linkage in var-
ious domains — protagonistTagger. We also gathered datasets
to express the problem of individuals® matching with text
ments, The method uses pretrained NER models and var-

s @Wkhniques for NED. The initial tests were performed in
the English literary domain. Most recent experiments prove
the adaptability arneffectivcncss of the proposed approach
for application to another lafiBuage and domain of Internet
news. The tool achieved high results. The only precondition of




using the tool is access to the predefined tags defining the full
names (persons’ identifiers) to be linked with named entities
appearing in a text.

Future applnions of protagonistTagger may concern fully
automatically annotating texts from social media and using
these annotations to investigate human opinions and analysing
sentimhits towards specific persons. Even in the literary do-
main, constructing the representation and interpretation of nar-
ratives, extracting social networks from novels, and modelling
social conversatiofpd that occur between characters in the form
of a network [13] are promising directions when a corpus with
recognised protagonists is available. Besides, literary charac-
ters and their relationships evolve with the novel’s progress.
Modelling dynamic relationships between pairs of characters
by detecting relationship sequences in data & much more
adequate in the case of long texts [19], [20]. Another aspect
the interpretation of narratives is sentiment analysis [21].
It includes, among others, a classification of literary texts by
literary genre based on emotions they convey [22], [23] and
emotion-based character analysis [24], [25].
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