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1 Motivation and background

In 2017 alone, 813,598 citations were indexed in MEDLINEﬂ This vast amount of infor-
mation cannot be processed by humans alone. Thus, researchers have continuously tried
to design and optimize automated systems that perform information extraction (IE) in
the biomedical domain. Named entity recognition (NER) constitutes an important part
of natural language processing (NLP), especially in the biomedical domain. It can for
example be used to extract names of chemicals, diseases, species, genes/proteins and cell
lines from abstracts or full texts [5].

While continuous performance gains have been reported using a single corpus for
training and evaluating (see section [3), there has been little research on cross-corpus
evaluating. Cross-corpus is in this context understood as training a model on one or
more corpora and evaluating it on a different corpus. Cross-corpus evaluation usually
leads to significant performance losses, because the corpora differ in annotation style
or entity distribution [14], or because the model overfits to one corpus and does not
generalize well to other corpora [19).

2 Research goal

The research goal of this work is to examine whether using pre-training can improve
performance of cross-corpus NER in the biomedical domain. Specifically, we will study
using different pre-trained context-sensitive word embeddings as well as pre-training on
gold- and silver-standard corpora and the impact these different pre-training methods
have on the performance of training NER on one corpus and evaluating on other corpora
in the biomedical domain.
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The evaluation corpora used by Habibi et al. [5] for their large-scale evaluation of NER
in the biomedical domain provide a large data base for performing this examination,
because they consist of multiple corpora for each of the five different entity types (see
also section .

3 Related work

3.1 Neural architectures for NER

In [9], Lample et al. have developed a bi-directional Long Short-term Memory Network
(LSTM) with a Conditional Random Fields (CRF) layer on top to perform NER on
general-domain texts across different languages. The CRF model, developed by Lafferty,
McCallum, and Pereira [8], is a probabilistic model that can be used for sequence labeling
problems. Lample et al. have been one of the first to propose a NN model without
handcrafted features to perform NER. Instead, they use word embeddings composed of
a character-based word representation and a distributional representation based on the
word2vec model [11].

3.2 NER in the biomedical domain

While rule-based systems have been used for many years in NER in the biomedical
domain [13], recently neural architectures similar to the one above have successfully
been implemented.

In [5], Habibi et al. have extended the above model to the biomedical domain, using
word embeddings either trained on domain specific texts or on a combination of domain
specific and general domain texts as an input to the LSTM models. They have achieved
an average performance improvement of 5% compared to their chosen baseline models
(entity-specific NER tools).

In [4], Giorgi and Bader have used a similar architecture, but extended the method
to first train a NN on a large domain-specific silver-standard corpus (SSC) and then
transfer this network to a smaller gold-standard corpus (GSC). They have achieved an
average error rate reduction of 11% compared to their baseline (no pre-training on a

SSC).

3.3 Transfer learning

In computer vision, transfer learning has had overwhelming success. The ImageNet,
originally developed by Deng et al. 3], is a large and unspecific collection of labelled
images. Using this database, many authors have improved performance in specialized
tasks in computer vision [15]. In [19], Yosinski et al. have examined how transferring
the features from deep neural networks trained on natural images to a target task can
improve performance because it enables transfer of knowledge and can reduce the risk
of overfitting. They concluded that transferring low-level features improves performance
because they capture general properties of the images. At higher-level layers of the



model, however, the specificity towards the task to be performed increases, thus limiting
the transferability of these features.

Mou et al. have taken a similar approach and examined whether the same holds true
for NLP tasks by conducting two series of experiments: sentence classification using a
LSTM architecture and sentence-pair classification using two CNNs for each sentence.
They have reported similar observations, however they have observed the limitation that
transferability mainly depends on the semantical similarity between the source and the
target task [12].

Howard and Ruder have trained a language model (LM) using an architecture devel-
oped by Merity, Keskar, and Socher [10] on a large corpus based on 28,595 preprocessed
general-domain Wikipedia articles (ULMFiT). They use the word representations this
LM produces as input to a subsequent classification layer to perform their text classi-
fication target task. They have reported significant reduces in error rates using their
specific fine-tuning techniques.

3.4 Transfer learning for NER

With flair, Akbik, Blythe, and Vollgraf [1] have released a framework that uses a similar
LM architecture as ULMFiT, but uses characters and not words as input. They have used
the word representations of this LM as input to a CRF layer in a similar fashion as Lample
et al. [9] to perform NER. They have achieved significant performance improvements on
English and German NER, reporting a new state-of-the-art on the CoNLL03 shared
task.

Sachan et al. have trained a bi-directional LM on a large unlabeled medical domain
corpus and transferred its weights to a NER model with the same architecture as the
LM [16]. They have observed small improvements in Fl-score compared to using no
pre-training.

Weber et al. have examined how pre-training a neural NER model for the biomedical
domain similar to [5] on silver- or gold-standard corpora improves performance by about
2.5%. They have created a silver-standard corpus by training a CRF NER tagger on the
union of all training sets of their gold-standard corpora (the same we use in this work).
They then use this model to annotate a large corpus of PubMed abstracts and use this
as the pre-training corpus for their neural NER model. They contrast this method with
just using the union of all training sets of their gold-standard corpora as a pre-training
corpus.

3.5 Cross-corpus NER

Nothman, Murphy, and Curran [14] have created a large corpus using Wikipedia articles
and used this corpus to improve cross-corpus NER on the MUC-7 Named Entity Task,
the English CoNLL-03 Shared Task and the BBN Pronoun Coreference and Entity Type
Corpus. They have reported performance gains of up to 11% compared to using just
a single gold-standard corpus. Additionally, they have performed a thorough corpus
analysis, giving explanations for poor performance in cross-corpus NER.



4 Intended approach

The architecture of the NER model will follow [5]. They feed word embeddings of the
tokens of the sentence to be predicted into a single-layer bi-directional LSTM and use
a CRF layer to classify each token. This has been shown a successful method for single
corpus NER in the biomedical domain [5, 4]. We will use this model to produce baseline
results on which we can report improvements.

For cross-corpus evaluation, we will evaluate each of the five entity classes separately.
A model will be trained on the training set of each of corpora in an entity class, selected
on the validation set of this corpus and evaluated on all the test stets of all other corpora
in this entity class.

4.1 Pre-training using contextual word embeddings

Following the approach developed by [7], who are using a LM pretrained using a tech-
nique developed by Merity, Keskar, and Socher [10], we will pretrain both a forward and
a backward LM on a large base corpus (see section .

Merity, Keskar, and Socher showed that vanilla LSTMs with specific regularization
techniques and adaptations to the optimization algorithm are able to outperform much
more complicated LM architectures. The specific weight-drop mechanism being used
is called DropConnect and was developed by Wan et al. |17]. Moreover, instead of a
simple stochastic gradient descent (SGD) optimization algorithm, Merity, Keskar, and
Socher introduce a variant called ”Non-monotonically Triggered Averaged SGD” (NT-
ASGD) [10], which dynamically averages the gradients when the validation metric does
not improve for a predefined number of epochs. They also employ a number of other
regularization techniques which are described in detail in [10].

Howard and Ruder have shown that this LM can capture enough information to per-
form well on text classification tasks [7]. They have used the concatenation of the hidden
state of the LM at the last time step of the input sequence, as well as the max-pooled
and mean-pooled representation of the hidden states of the LM of the input sequence as
input to a linear block that classifies the text.

For our purposes, we will use a similar architecture as [1]: we will use the representa-
tions of each token of the input sequence output by the LM as word embeddings in our
baseline model. Since these word embeddings depend on the context of the whole input
sequence, we call these ”contextual word embeddings”. We will use both the forward
and the backward LM and concatenate the outputs of both models.

Following the approach in [1], we will also train a forward and backward character-level
LM on our base corpus and use the outputs of these models in a similar fashion.

4.2 Silver- and gold-standard pre-training

As outlined in subsection we will use a silver- and gold-standard pre-training corpus
to pre-train our model. Instead of fine-tuning and evaluating on the same corpus as in
[18], we will fine-tune on one corpus and evaluate on all different corpora for each entity



type. To avoid information leakage, the respective corpora will be removed from the
gold-standard pre-training corpus.

4.3 Corpus and error analysis

For a thorough corpus and error analysis, we will follow methods developed by [14] to
examine inconsistencies in the different corpora belonging to one entity class. For exam-
ple, they find all n-grams appearing multiple times in one corpus that have different tags
for some sub-sequence of the n-gram. Also, they perform simple entity type frequency
analysis, grouped by POS tags or "wordtypes”, a technique described by Collins [2] to
classify words based on their lexicographical structure.

Moreover, we will examine how often out-of-vocabulary (OOV) errors occur in the
different corpora and how overlapping the entity vocabulary between different corpora
is.

5 Corpora

For our LM base corpus, we will use a large corpus provided by Hakala et al. |[6]. This
corpus consists of 26 million abstracts and 1.4 million full articles, covering the whole of
PubMed and PubMed Central Open Access articles up to publication in 2015.

As target corpora for NER we will use the same corpora used by [5]. The 34 different
corpora are manually annotated with one of five entity classes: chemicals, diseases,
species, genes/proteins or cell line. The corpora differ greatly in size, ranging from
215 to 173,808 sentences. We use 6 corpora for the chemical entity class, 6 corpora
for the disease entity class, 6 corpora for the species entity class, 12 corpora for the
genes/proteins entity class and 4 corpora for the cell lines entity class. For a complete
description of these corpora see [5].
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