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Abstract

Despite significant advances in Natural Language Processing, applying state-of-the-art models to real-world business remains
challenging. A key obstacle is the mismatch between widely used academic benchmarks and the noisy, imbalanced data often
encountered in domains such as finance, law, and medicine, especially in non-English languages, where resources are typically
scarce. To address this gap, we introduce PharmaER.IT, a new dataset for entity recognition in the pharmaceutical and medical
domain for the Italian language. PharmaER.IT is constructed from drug information leaflets obtained from the Agenzia
Italiana del Farmaco, and annotated using either semi-automatic or fully automatic methods. The dataset comprises two
complementary corpora: (1) the GOLD corpus, consisting of 57 leaflets annotated via a committee-based algorithm followed
by expert manual validation, yielding 16833 high-quality entity mentions; and (2) the SILVER corpus, containing 2138
leaflets annotated solely through the automatic pipeline, without any human curation. We establish reference performance

evaluating a range of token classification models and several LLMs under zero-shot conditions.
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1. Introduction

Named Entity Recognition (NER) is a crucial task in Nat-
ural Language Processing (NLP), and arguably among
the most demanded in industrial applications. While
recent advances in transformer-based models [1] and
Large Language Models (LLMs) [2, 3, 4, 5] have signifi-
cantly improved entity extraction performance on stan-
dard benchmarks, their application to real-world business
and professional contexts remains difficult. A primary
challenge is the discrepancy between academic datasets
and the often noisy, domain-specific texts encountered in
real-world practice. This challenge is further exacerbated
in specialized domains such as finance, law, and medicine.
When dealing with languages other than English, anno-
tated resources are even scarcer or non-existent.

In the medical and pharmaceutical domain, accurate
entity recognition is critical for applications ranging from
drug safety monitoring to automated clinical documen-
tation. However, the Italian language remains underrep-
resented in the landscape of medical NER resources, lim-
iting the development and evaluation of robust systems
for local healthcare and regulatory contexts. Existing
datasets are either too small, lack sufficient domain speci-
ficity, or are unavailable for public use due to privacy or
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In this article we present PharmaER.IT, a novel dataset
for NER in the pharmaceutical field for the Italian lan-
guage. The dataset is derived from Riassunti delle Carat-
teristiche del Prodotto (RCPs), the official drug infor-
mation leaflets, made publicly available by the Agenzia
Italiana del Farmaco (AIFA).

PharmaER.IT is composed of two complementary cor-
pora: a curated GOLD corpus, consisting of 57 RCPs an-
notated using a committee-based approach and refined
through expert manual validation, and a SILVER corpus,
comprising 2138 RCPs automatically annotated without
human intervention.

This dual-corpus structure enables both evaluation and
large-scale experimentation, facilitating the development
of high-quality models as well as scalable weakly su-
pervised approaches. To establish baseline performance,
we evaluate a range of token classification models and
several LLMs under diverse zero-shot settings.

2. Related work

CoNLL-2003 [6], was one of the first NER datasets and it
is still a reference corpus for NER. It was constituted of
news articles annotated with four entity types: person
(PER), organization (ORG), location (LOC) and miscel-
laneous (MISC). Recently, numerous NER datasets have
been released, many of which have been constructed us-
ing semi-automatic or fully automated annotation meth-
ods [7, 8, 2, 9], significantly expanding the entity tag-set.
For instance, In Pile-NER [2], annotations were distilled
from ChatGPT, resulting in about 45 thousands examples
in English and more than 13 thousands distinct entity
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URL 1
The URL scheme of the RCPs on the AIFA website.

https://api.aifa.gov.it/aifa-bdf-eif-be/1.0.0/organizzazione/[sis]/farmaci/[aic]/stampati?ts=RCP

types. Even so, these resources do not target documents
from vertical domains, such as finance or health. Other
works proposed domain-specific NER corpora, such as
in the financial [10, 11] and healthcare [12, 13] domains.
However, these datasets are in English and mainly con-
sist of well-curated, isolated sentences. In contrast, our
work focuses on technical descriptions of pharmaceutical
drugs.

Italian NER Datasets. The availability of NER data
sets in Italian is extremely limited, particularly outside
the traditional general-purpose domains and entity labels
set [14]. Indeed, most NER datasets focus on news and
social media contents [15, 16, 17, 18, 19].

Recently, it was introduced Multinerd [20], a multi-
lingual dataset, covering Italian and a set of 15 distinct
entity types. Among them, Disease and Biological Entity
classes were included. However, examples originated
from Wikipedia and Wikinews sentences, which are typ-
ically educational and encyclopedic. In PharmaER.IT in-
stead, we collected drug leaflets, which present an highly
technical and specialized lexicon. As an alternative strat-
egy, [21] proposed to translate existing healthcare En-
glish datasets for NER, in Italian. Nonetheless, automatic
translation may introduce errors or segmentation issues,
especially on such a vertical domain.

3. Data Collection

In order to create a highly pharmaceutical-oriented
dataset in Italian, we collected documents from the AIFA
website.

Target documents

The AIFA is the official government institution that reg-
ulates the distribution of drugs in Italy'. The agency
maintains the list of drugs authorized for sale in Italy, the
list of pharmaceutical companies producing them and all
the documentation made available by the manufacturer
for each drug, including the drug leaflet. The leaflet is
the short information document that accompanies the
drug in the package and is divided into two types:

« Foglietto Illustrativo (FI) - the Package Leaflet.
This is a document aimed at patients, with a sim-
plified structure and language.

!https://www.aifa.gov.it/

« Riassunto delle Caratteristiche del Prodotto (RCP).
RCPs are documents for healthcare profession-
als, with a slightly more complex structure and
more technical language and content. RCPs are
approved documents, part of the marketing au-
thorization for a drug, and intended primarily
for healthcare professionals, adopting a medical-
scientific terminology. In particular, RCPs con-
tain detailed information on how to use the
medicine, for example: therapeutic indications
(what the medicine treats), dosage and method of
administration, contraindications, special warn-
ings, mechanism of action, side effects.

Given the strong technical content, we chose to use RCPs
to build our data set. We choose to use only RCPs and ig-
nore the FI since (1) the contents of the FIs are a subset of
the contents of the second, and (2) the RCPs contain tech-
nical information relating to pharmacological properties
and therapeutic indications that provide information of
diagnostic-prescriptive value.

Data download

For each drug authorized for sale in Italy, AIFA assigns
the unique AIC (Authorization for Placing on the Market)
identification code’ consisting of 9 digits in which the
the 3 most significant on the left identify the type of pack-
aging (capsules or syrup, mg, etc.), while the remaining
6 on the right (eventually padded with zeros) uniquely
identify the drug (it is also referred as AIC6). Similarly,
also for the companies producing the authorized drugs,
AITFA assigns an unique three-digit code called SIS.

The open-data section of the AIFA website’ contains
several databases, including the list of drugs approved
and distributed in Italy. This list can be downloaded
as a csv file! and itemizes the AIC codes of the autho-
rized class A and class H drugs, together with a series
of auxiliary information. In addition, the AIFA website
also provides an API endpoint to download all available
documentation for authorized drugs. The API allows to
download a drug RCP by specifying the SIS and the AIC6
codes and the type of document required (RCP) in the
request URL, according to the scheme reported in URL 1.

“In collaboration with the European Medicines Agency (EMA), if
the drug is intended for multiple European countries

Shttps://www.aifa.gov.it/open-data

*https://www.aifa.gov.it/web/guest/liste- dei-farmaci
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Using the drug list and the download API, we collected
8634 RCP files in PDF format relating to class A and
class H drugs, which were then converted to raw text
files using a PDF-to-text conversion tool. Figure 1 shows
an excerpt from the first page of a downloaded RCP.

RIASSUNTO DELLE CARATTERISTICHE DEL PRODOTTO

1. DENOMIMATIONE DEL MEDICINALE

ASPIRINA 500 g Grarulatis

2 COMPOSIDOME OUALITATIVAE QUANTITATIVA
DRUG

500 my

4 INFORMAZION! CLINICHE
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f o 2 tusting o granulato coma dose singola, ripalenda, 56 RecessATo, 1A cose ad
irtersall di 4-5 ore fino & 2-3 valle & gomo.

Non superare mai i dosagge masaimo di 2 busiine 3 vote af giomo (max & bustine of

ot ot Besien posla Sratiements S0l ngus. Si dsthve con

Figure 1: Example of Italian RCP downloaded from AIFA with
some entities highlighted (part of the first page).

4. Data annotation

For data labeling, we followed a semi-automatic proce-
dure which included a human in the loop. Specifically, we
first exploited a “committee” approach based on the use of
two different automatic annotation models. Secondly, the
annotated documents were reviewed by humans, with
particular attention to the cases of discordant annotations
returned by the two automatic annotators.

Tag-set

In designing the tag-set, we identified three families of
data points: Chemicals , Condition and Organism. In this
way, for each family it is possible to define a subset of
related entity types. In the first version of the data, only
Condition has more than an entity type, but we intend to
extend the groups in the future. The resulting tag-set is
reported in Table 1.

Automatic Pre-annotation

In the first step of annotation, documents are automati-
cally labeled using a committee approach. The idea is to
employ a limited group of automatic annotators, usually
consisting of different algorithms and models, to generate
multiple annotations for a single file. The acceptability of
each annotation is subsequently assessed by examining
the levels of concordance and discordance among these

automatic annotators. We selected two approaches that
were considered very different so that the concordance
cases would provide a higher degree of reliability: (a) a
neural annotator based on the use of a generative LLM
and (b) a symbolic pre-annotator based on the use of an
NLP Platform.

LLM-based pre-annotator. This automatic annotator
was based on the use of a generative LLM. In particular,
using a prompt specifically designed and developed for
this task (Prompt 1), for each data-point type, this anno-
tator model asks to the LLM to identify all the entities
present within the text (provided as input) belonging to
the target data-point. When the length of the content
exceeds the input size of the LLM, the content of the drug
information leaflet is divided into smaller chunks respect-
ing the sentence grammar. We chose to use LLama 3.1
70B°, a state-of-the-art, open source generative language
model released by Meta that has reported excellent per-
formance on several NLP tasks.

Given the generative nature of the LLM (as opposed to
the word-classifying nature of the task), the result con-
sists of a list of the identified entities without the position
in which they were found (the start-end pairs). To obtain
the final set of occurrences, a post-processing procedure
performs the placement of the entities in the text using a
string-matching search approach.

Rule-based pre-annotator. This annotator was based
on the use of deep linguistic analysis. In particular, we
used a NLP platform that, thanks to integrated linguistic
resources (knowledge graph, semantic disambiguator and
linguistic rules), allowed us to identify the occurrences
of entities within the RCPs. For this task we used the pro-
prietary NLP Platform of expert.ai® which consists in an
integrated environment for deep language understanding
and provides a complete natural language workflow with
end-to-end support for annotation, labeling, model train-
ing, testing and workflow orchestration. To increase the
recognition performances, the selected NLP Platform has
been specialized by integrating knowledge and linguistic
rules for the medical and pharmaceutical domains.

Given the lower generalization capacity typical of ex-
pert system approaches, for the entities identified by the
rule-based annotator but missed by the LLM-based an-
notator, an additional verification step was included. In
particular, for such cases of discordance, a further query
was performed to an LLM in which confirmation of the
extraction performed by the linguistic annotator is re-
quested. The used prompt is reported in Prompt 2. For
this additional step, we used the OpenAl GPT APIs’, and

Shttps://ai.meta.com/blog/meta-llama- 3-1/?utm_source=chatgpt.
com

®https://www.expert.ai/products/expert-ai-platform/

"https://openai.com/api/
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Table 1
The tag-set defined in PharmaER.IT.

Tag Family  Tag Name Description
Chemicals DRUGS A synthetic or natural substance with beneficial effects in treating diseases,
including product names and drug types.
DISEASES Any pathological state or alteration of the body or one of its organs, includ-
Condition ing malformations, mental disorders, and injuries.
SYMPTOMS A morbid event indicating the presence of a disease.
Organism ANATOMICAL_PARTS  All human body parts anatomically described, including organs, limbs, and
anatomical structures.
Prompt 1

The prompt used for the LLM-based pre-annotator.

You are an expert in the field of pharmacology.

### INSTRUCTIONS

{TAG NAME with description}
Report the terms and expressions in singular form.

Branches of medicine such as ’pulmonology’,
Return the result in a structured JSON.

### TEXT

{Drug leaflet content}

You are provided with a portion of a drug leaflet in Italian.
Your task is to identify and extract relevant entities regarding:

’traumatology’,

Be sure to include only the terms ’explicitly’ mentioned in the leaflet.
Exclude any interpretation or inference outside the text provided.
Report the terms as they are mentioned in the text, DO NOT make any changes or normalizations.

etc. are NOT diseases.

in particular the “gpt-40-mini” model.

Human Review

The output of the automatic pre-annotation phase con-
sists of duplicate versions of the same RCP, each with
labels inserted by the two different automatic annotators.
To produce the single and final annotated version, a sub-
sequent review phase was necessary in which, for each
document, the outputs of the two models were analyzed
in order to be accepted or rejected, and in which any tags
missed during the pre-annotation phase could also be
inserted. In particular, a merged version of each RCP was
then created, reporting the outputs of the two annotators,
also highlighting the cases of agreement (both models
had identified the occurrence of an entity) and disagree-
ment (only one of the two models had hypothesized the
occurrence of an entity). These “merged” documents
were then distributed to human experts to examine the
annotations inserted by the pre-annotation phase (accept-
ing or rejecting them) and with the possibility of adding
new ones.

For this human validation phase, we employed a panel
of five human reviewers and assigned each of them a set

of RCPs randomly drawn from the total. To subsequently
measure the degree of consistency of the final annotation
outputs, we designed the assignment so that part of them
were blindly shared between two reviewers. In this way,
we obtained a total of 57 RCPs selected for human re-
view, 6 of which were randomly and hiddenly assigned
to two reviewers. This step has been performed using
the annotating support of the expert.ai natural language

platform®.

Review guidelines. To improve the consistency of the
final annotations, a document containing guidelines was
drafted and provided to the reviewers. In this document,
a set of indications on how to consider ambiguous cases
were specified, mainly based on the context in which
they appear.

Annotation quality assessment

To estimate the quality of the final annotation outputs, we
exploited the set of 6 RCPs reviewed by a pair of human
experts. In particular, by indicating with L; (RC'P;) and
L3 (RCP;) the two sets of annotations resulting from
the review phase of reviewer rev; and revs respectively



Prompt 2

The prompt used for the LLM-based validation step for the linguistic-based pre-annotator.

You are an expert in the field of pharmacology.
Text: {TEXT}

Answer only with YES or NO.
No preamble or anything else.

Check if the word {WORD} provided in the following text could be a {TAG NAME}

on the same RC P; document, we calculated several stan-
dard indices®:

(a) Joint Probability of Agreement, which measures
the chance of having a match between the

annotations resulting from the two reviewers:

_ #(Li1NLa)
JPA = G 0L

(b) Conditional Probability of Agreement of revy,
which measures the naive probability that an-
notations resulting from the reviewer k have a
match with the annotations resulting from the

#(Lanka) 1} ¢ (1,9},

other reviewer: CPA = )

(c) Coverage of revy, which measures the probabil-

ity that a randomly selected annotation in RC' P;
# (L)

comes from the reviewer k: Cov = 2~k —
#(L1UL2)>

ke{1,2}.

(d) Cohen’s kappa (x), which extends the Joint Prob-
ability of Agreement taking into account that
agreement may occur by chance [22]: k = B2=Le
where p, = JPA is the observed agreement,
De = % estimates the probability of
a random agreement and N = #(Lq1 U Lo) is
the total number of annotations.

The values were evaluated for each RC P;, and then av-
eraged over all RCPs (micro-average), separately for each
data point.

Table 2
The quality assessment results of the output of the annotation
and validation process.

Data point | JJA. CPA Cov &
DRUGS 0.85 091 091 0.90
DISEASES 098 084 086 0.83
SYMPTOMS 074 086 087 084
ANATOMICAL_PARTS | 0.68 0.84 0.84 0.76
Average | 0.81 086 087 083

The results are reported in the Table 2 and the values of

8https://en.wikipedia.org/wiki/Inter-rater_reliability

Cohen’s kappa (k) show a substantial agreement in the
resulting annotated data [23].

5. The PharmaER.IT dataset

The resulting PharmaER.IT dataset consists of the two
corpora: the GOLD corpus and the SILVER corpus. We
made it publicly available and free-to-download from
HuggingFace’.

The GOLD corpus

The GOLD corpus consists of the 57 labeled RCPs
which were annotated by the semi-automatic procedure
described in Section 4. It is composed by a total of
16833 occurrences of entities identified by automatic
pre-annotators and then reviewed by humans. We then
established a predefined split for training, validation
and testing, randomly selecting 37, 10 and 10 RCPs
respectively. The resulting distribution of occurrences of
the data points is reported in Table 3.

Table 3
Distribution of annotated entities in the GOLD corpus.

Data point ‘Train Validation Test| Total
DRUGS 5911 716 1222 7849
DISEASES 3344 477 614 4435
SYMPTOMS 2582 363 480| 3425
ANATOMICAL_PARTS| 817 121 186 1124
Total 12654 1677 2502|16833

The SILVER corpus

To build the SILVER corpus we sampled 2138 leaflets
from the remaining 8567 documents. These RCPs were
pre-annotated with algorithm in Section 4, without
any revision from human annotators. The resulting
documents were added to the PharmaER.IT dataset as
a SILVER corpus. Table 4 shows the distribution of

*https://huggingface.co/datasets/expertai/PharmaER.IT
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Figure 2: Sequence length distribution (in words) of Phar-
maER.IT documents in SILVER partition.

annotations within SILVER.

Table 4

Distribution of annotated entities in the SILVER corpus.
Data point ‘ Total
DRUGS 385210
DISEASES 245240
SYMPTOMS 80763
ANATOMICAL_PARTS | 70587
Total 781800

6. Experiments

NER has been traditionally tackled as a token classifi-
cation problem, with models fine-tuned on the down-
stream task. With the emergence of LLMs, alternative
approaches to NER based on prompting in zero-shot or
few-shot settings have gained popularity. Therefore, we
established a set of baselines on PharmaER.IT using both
strategies and a wide range of models.

Experimental setup

Models. We evaluated several state-of-the-art
transformer-based architectures for token classification
that are widely adopted: bert [24], roberta [25] and
xlm-roberta [26]. We studied them on different sizes
and pre-trained versions specialized for Italian'® or
multilingual.

Concerning LLMs, we considered several backbones
ranging from 7B to 24B parameters, i.e. in the small-
medium size tier. We paid particular attention to models
that were either pre-trained or further adapted for the
Italian language, or that explicitly included Italian in their

Ohttps://huggingface.co/dbmdz/bert-base-italian-cased

pre-training corpora. In particular, we assessed on Phar-
maER.IT Llama-3.1-8B, LLaMAntino-3-8B [27], Minerva-
7B [28], Velvet-14B'!, Salamandra-7B [29], EuroLLM-
9B [30] and Mistral-Small-3.1-24B'*. We tested two dif-
ferent prompts. A simple one where the LLMs is asked
to generate a structured JSON with the entity types as
keys and the entities extracted as values. In the second
prompt, a definition and some annotation guidelines are
specified for each class. In this second evaluation, we
also considered SLIMER-IT-8B [5], a fine-tuned version
of LLaMAntino for zero-shot NER that follows the ap-
proach of [31]. Differently from the rest, SLIMER-IT-8B
extracts one entity type at a time, thus each context is
repeated 4 times.

Document Chunking. PharmaERIT documents are
characterized by their considerable length and dense pres-
ence of annotated entities, which poses specific chal-
lenges for NER models based on transformer architec-
tures with fixed-length input windows. As shown in Fig-
ure 2, many documents exceed the standard maximum
token limit (e.g., 512 tokens). Documents’ size is also
problematic for LLMs, which - despite supporting longer
contexts — still face practical limits, especially when there
are hundreds of entities per document. Therefore, doc-
uments are split in chunks. For encoders, we tokenize
documents with their respective tokenizer. We set a maxi-
mum length of 512 and a window stride of 64. Conversely,
for LLMs text is split in passages of sentences having at
most 768 characters.

Training. Encoder models were fine-tuned on the
train/validation/test split reported in Table 3. To augment
the training data, we also added the Silver corpus in the
train set, and we evaluated its impact on the performance.
We kept in all the experiments the learning rate fixed to
5-107°, 8 epochs and early stopping with patience 3.
Batch size was set to 16 in all the experiments without
silver data, and 128 otherwise. Unlike encoder-based
models, LLMs were used without fine-tuning, relying
solely on zero-shot prompts for entity extraction.

Metrics. All the models were evaluated on the test set
measuring the F1 score. However, due to the different
chunking and the non-positional nature of generative
models, LLMs and token classifiers were evaluated in-
dependently. We adopted the standard micro-F1 score
(simply denoted as F1) for token classification models
on their positional predictions. In LLMs instead, evalua-
tion occurs at document-level. First, we collect in each
passage all the unique text spans extracted per-class by
the LLM, then we measure the F1 score against all the

https://huggingface.co/Almawave/Velvet-14B
2mistralai/Mistral-Small-3.1-24B-Instruct-2503
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Table 5

Results of state-of-the-art encoders fine-tuned for token classification on PharmaER.IT.

Model Use Silver  Precision  Recall F1 A (F1)
roberta R
roberts larg e ot 7iee 3
R T
xIm-roberta-large [-__r;rsee % ;22; ;?21? +4.25
bert-multilingual-cased :;J:e Zg; Zg?g 2223 +9.64
bert-italian-cased [-__r;rsz 222(7) ;2(5)3 22533; +7.12
unique target entities of the document, following the Table 6

UniNER [2] implementation™. Please note that these
two F1 scores are computed on fundamentally different
values, and therefore they are not comparable.

Results

Token Classification. From Table 5, we can observe
that F1 score varies from about 66 to 72 across all models
when fine-tuned on the training set without silver corpus.
Roberta architectures yield the best scores, in particular
xlm-roberta-large that achieves the best result (in the no
silver setting).

Impact of Silver Partition. The results, shown in Ta-
ble 5, clearly demonstrate that augmenting the training
set with pre-annotated (silver) documents significantly
enhances model performance. All evaluated models ben-
efit from this data augmentation, with improvements
reaching up to 9.64 F1 points. Notably, smaller mod-
els gain the most from the additional data, effectively
narrowing the performance gap between base and large
architectures. As a result, the base versions of RoOBERTa
and XLM-RoBERTa emerge as the best and second-best
performing models, respectively.

Off-the-shelf LLMs. Zero-shot entity extraction of
pharmaceutical entities is a challenging task in such
an unfamiliar domain. Albeit Mistral-small and LLama-
based models achieve relevant scores, other LLMs like,
Salamandra, Minerva and Velvet-14B, were not able to
follow the provided instructions. Therefore, we reported
in Table 6 the F1 scores of only the models that were able
to extract entities.

Bhttps://github.com/universal-ner

Zero-shot extraction with simple prompt.

Model Precision  Recall F1
Llama-3.1-8B 38.90 38.47 38.69
LLaMAntino-3-8B 40.20 55.36 46.58
EuroLLM-9B 43.13 16.65 24.02
Mistral-Small-3.1-24B 43.61 61.90 51.17
LLMs with Definition and Guidelines. When the

prompt is enriched with entity type definition and anno-
tation guidelines, all the LLMs generally improve their
scores, with the exception of LlaMAntino, which reg-
isters a small flexion. In particular, all the models ex-
tracted some entities. This suggests that with appropri-
ate prompt design there is room for improving these
baselines. Results are presented in Table 7.

Table 7
LLMs with definition and guidelines.

Model Precision  Recall F1

Minerva-7B 9.69 3.08 4.68
salamandra-7b 13.84 11.59 12.62
Llama-3.1-8B 35.24 57.09 43.58
LLaMAntino-3-8B 34.39 54.99 42.31
SLIMER-IT-8B 54.60 3218 40.50
EuroLLM-9B 25.20 38.72 30.53
Velvet-14B 58.33 4.32 8.04
Mistral-Small-3.1-24B 53.63 56.47 55.02

7. Conclusions and future works

In this work, we presented PharmaER.IT, an Entity Recog-
nition dataset for the pharmaceutical domain in Italian
language. PharmaER.IT was created from AIFA drug in-
formation leaflets. It includes two corpora: a curated
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GOLD corpus 57 of created semi-automatically, and the
SILVER corpus, consisting of 2138 annotated RCPs with-
out human intervention.

To establish comprehensive baselines, we assessed a
selection of different NER models, both based on token-
classification models and zero-shot extraction with LLMs.
The resulting PharmaER.IT dataset has been released in
HuggingFace'*.

In the future, we intend to extend PharmaER.IT in two
directions. On one side, we plan to increase the amount
of manually labeled data and to extend the labels set with
more domain-specific tags. On the other hand, we aim to
introduce relations between entities in order to extend
the dataset to Relational Extraction.
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