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ABSTRACT
This paper presents the results of research on supervised extractive
text summarisation for scientific articles. We show that a simple
sequential tagging model based only on the text within a document achieves high results against a simple classification model.
Improvements can be achieved through additional sentence-level
features, though these were minimal. Through further analysis, we
show the potential of the sequential model relying on the structure
of the document depending on the academic discipline which the
document is from.

publications. The models are trained and evaluated using author
provided document summaries, consisting of a small number of
take-away points highlighting the document’s contributions.
Our main contributions are:
(1) We introduce the use of a RNN sequential tagger approach
for extractive summarisation of scientific documents, which
surpasses the baselines through introduction of global context
(2) The addition of hand-engineered features derived from sentences, improving the model, though not significantly
(3) We show that the importance of document structure differs
between scientific domains
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We show the ability to apply extractive summarisation at scale
for scientific documents, where the results are comparable to human
performance. The paper is structured as follows: related work in
section 2, data sets are introduced in sections 3 with the overarching
model explained in section 4. Training of the model along with all
model settings are discussed in section 5, followed by the results
in section 6 (this includes human evaluation). Finally, section 7
concludes the work with a discussion of the results in the wider
context.
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INTRODUCTION

The rate at which scientific knowledge is created and published is
growing continuously [13]. Researchers are spending an increasing
amount of time reading and understanding scientific documents.
Automated summarisation is seen as a way of serving a more condensed version of an article to a reader in order to aid their reading
experience and save time to acquire the necessary knowledge in
their field.
Research in automatic summarisation can roughly be separated
in abstractive and extractive methods. Traditionally, extractive
methods focused on core methods such as unsupervised graphbased methods [6, 16] and supervised model-based approaches [5].
Lately, there have been advances in the use of deep-learning for extractive and abstractive summarisation which resulted in the ability
to get close to human quality automated summarisation [17].
This paper shows the results for applying sequential deep learning models to extractive summarisation on a large body of scientific
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RELATED WORK

Over the years, we have seen a wide variety of NLP research focussed on scientific articles: citations classification [4], knowledge
graph extraction [14], methods identification [15] and citation networks [23] to name a few. Whereas some of these tasks are easy
to explore with large open data-sets, others, such as knowledge
graph creation, require access to curated annotated data; like those
released for the SemEval 2017 and 2018 shared tasks [2].
The field of text summarisation has been furthered through the
availability of corpora such as the CNN/DailyMail [22], or social
media data-sets such as Reddit [1]. This has lead to developments
in abstractive and extractive summarisation models, such as a bidirectional RNN as the base of the model [17]. Kedzie et al. compared
several extractive RNN architectures and showed there were limited performance improvements through variations of the model
architectures, such as the inclusion of attention [18].
Focusing on the scientific domain Collins et al. showed that one
could use extractive summarisation on scientific articles by classifying each sentence as ‘summary like’ or not. But as each sentence
was independently classified, there were issues with the lack of
global context. An alternative approach was proposed by Jaidka
et al., who used ‘Citations’1 to generate a summary of the document
based on what other documents have said about it. This approach
results in summaries of what peers actually think of the research,
rather than the authors themselves. Though traditionally, methods
1 This

is the contextual sentence around a citation
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for summarising scientific articles focus on the patterns within the
text with, for example, Teufel and Moens looking at the rhetoric
patterns within the text to extract summaries.
In this paper we show that through the application of neural
extractive summarisation we can generate short (4 sentence), human readable summaries which match a human baseline on a large
corpus of scientific documents from across a variety of scientific
disciplines.

3

DATA SET

In this research study we leverage so-called author-provided highlights to train a extractive summarization model. ‘Author highlights’
consist of four to six bullet points provided by the author at time of
submission, and are designed to be a ‘key finding’ summary of the
paper, which is more condensed than the abstract. Author highlights
are similar to the summaries provided within the CNN/DailyMail
data-set [22], which is used extensively in summarisation research.
Example author highlights are found in Table 5.
The data-set contains 138, 735 documents, this is split into train,
test and validation sets. The train and test sets are used during
the model training and the validation set is used to report the
results presented in sections 6. The documents in this data-set
have on average 4 author highlight, with an average of 12 tokens
per highlight. This is in comparison to the CNN/DailyMail datasets which has 4 summary sentences, with a average length of 13
tokens. One notable difference between the two data-sets is that
while the CNN/DailyMail documents have on average 22 and 30
sentences respectively, the scientific documents have an average
of 128 sentences. Other notable differences are: the more complex
language and a higher number of OOV terms used in scientific
writing and the different structure in which the articles are written.

3.1

Data Sampling

The training data for the model is generated by selecting sentences
from within the documents that are ‘similar to’ the author provided
highlights. Nallapati et al. proposed the use of a greedy sampling
method to select the best sub-set of ‘similar’ sentences. In greedy
sampling one sentence is added to the selected set at a time, based
on which one increases the overall similarity metric the most. For
this work we use rouge-l-f as the metric to compare sentences to
the set of highlights. Selection of new sentences is stopped once
10 sentences have been selected. Unlike Kedzie et al. and Collins
et al., who optimised for rouge-2-r, rouge-l-f was chosen as it
was shown to yield balanced summaries which contain the core
topics. This can be seen as a trade-off between recall based metrics,
which tend to produce large amounts of noise, and precision based
metrics that favour the shortest summaries.
The articles within our data contain a number of features not
seen in other similar data-sets. Scientific articles are written in a
more formalised structure, with the documents broken down into
distinct (sub)sections to aid the reader in understanding the content.
Using a gazetteer which maps section titles to a set of high level
section types2 , it was shown that 29.9% of sentences were taken
from the ‘Results’ section. This would be in line with the author
highlights focusing on the results and findings of the article.
2 Introduction,

Methods, Results, Discussions, Conclusion, Other
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Additionally, author highlights are on average 12 tokens long,
compared to an average of 15 tokens for the sentences sampled
from the document using rouge-l-f. Sampling with rouge-l-r
results in much longer sentences: an average of 28 tokens. This is
evidence that the sentences sampled using rouge-l-f are more
similar to the author provided highlights.

3.2

Preprocessing

Before the documents are used to train the model they go through
a number of preprocessing steps. We normalise or remove nonstandard elements typical for scientific documents, like mathematical formulae, chemical compounds and maps. In addition custom
XML mark-up is removed, which could contain citation information. This leaves us with the plain text, which is normalised and
tokenized using the NLP processing pipeline from JohnSnow Lab.3

4

MODEL

We are aiming to select the best subset of sentences, representing the
main take-away points (highlights) from an article. As with [10]
and [17] we treat this as a sequence tagging problem. Given an
article 𝐷 that contains a set of 𝑛 ordered sentences 𝑠 0, 𝑠 1, ...𝑠𝑛 , a
summary is generated by predicting the label of the sentences
𝑦1, ..., 𝑦𝑛 ∈ {0, 1}𝑛 , such that 𝑦𝑖 = 1 means the 𝑖 𝑡ℎ sentence should
be included in the summary.
At a high level the proposed models can be broken down into
two components, the sentence encoder (see section 4.1) and the
sentence extractor (see section 4.2). The sentence encoder processes
each individual sentence to form a vector representation, and the
sentence extractor then takes all sentence encodings in order to
select the best sentences to be included in the highlights. This means
that given a sequence of sentence embeddings ℎ = ℎ 1, ℎ 2, ..., ℎ𝑛 the
extractor outputs a sequence of predictions (probabilities) in the
form of 𝑦 = 𝑦1, 𝑦2, ..., 𝑦𝑛 .
Kedzie et al. showed there is limited difference between the results of varying RNN sequence tagging extractive summarisation
models, such as [3] which included an attention mechanism, or Nallapati et al. who processed the document twice. For this reason a
simple single layered bi-direction RNN was chosen as the base of
the summarisation model where the classification was made on the
concatenation of the forward and backwards hidden states of each
sentence which is then passed through a Multilayer Perceptron
(MLP).

4.1

Sentence Encoders

Kedzie et al. proposed three distinct sentence encoders, each representing the sentences in different ways. These are: averaging word
embeddings (MEAN), RNN and CNN encoding of the word vectors.
MEAN. For a sentence of 𝑛 words, the embedding is simply the
Í |𝑠 |
average over the set of word embeddings ℎ = |𝑠1 | 1=1
CNN. A number of 1𝐷 CNN’s with varying widths are passed
over the word embeddings to produce a sentence embedding. This
is similar to [11], though instead of classifying the final layer with
3 https://nlp.johnsnowlabs.com/
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# Documents Average Labels Average # Sentence Avg sentence length
Test
41,756
10.04
162.85
24.07
Train
83,153
10.02
163.62
24.06
Validation
13,826
10.07
163.51
24.13
Table 1: General statistics for the data-sets depending on the domains they represent

a number of dense layers, it is used as an input for the next level of
the model.
RNN. As in [5] sentences can be represented as the concatenated
final states of a single layered bi-directional RNN. Though instead
of using a GRU for the RNN cell an LSTM [7] is used, to replicate
the sentence encoding found in [5].
4.1.1 Additional Features. Collins et al. and Narayan et al. demonstrated that both extractive and abstractive summarisation models
can be improved with the addition of pre-computed features (side
information) in the model. This is achieved by concatenating additional features on to the sentence encodings. For this work, the
sentence level features proposed in [5] are used. These are:
Number of numbers - the number of numeric tokens within the
sentence.
Sentence Length - the number of tokens within the sentence.
Section Classification - a one-hot encoding of the section class
where the sentence comes from. This can either be ‘Introduction’,
‘Related Work’, ‘Methods’, ‘Results’, ‘Discussions’, ‘Conclusion’
or ‘Other’. This is done through a simple string match against
a gazetteer of section titles.
Title Overlap - the normalised number of words which appear in
both the sentence and the title.
Key Phrase Overlap - the number of words which appear in both
the key term list and sentence.
Abstract Overlap - the number of words which appear in both the
sentence and abstract of the document.
These features are concatenated together into one feature vector
per sentence. The feature vector is then passed through a number of dense layers before being concatenated with the sentence
embedding. This then makes up the input for the document encoder.

4.2

Sentence Extractors

Kedzie et al. compared a number of sequence based models for
extractive summarisation. For simplicity this paper focuses on a
simple single layered bi-directional RNN based sequence tagging
model. The output of the forward and backwards pass of each cell
within the RNN are concatenated and then passed to a MLP layer
for final classification. The soft-max output of the classifier is
then regarded as the probability whether the sentence should be
included in the summary or not. This is a discriminatory classifier
𝑝 (𝑦1:𝑛 |ℎ 1:𝑛 ). This means that each prediction is made independent
of the other predictions by the model. As with one of the sentence
encoders proposed in section 4.1 LSTM cells are used within the
RNN.
4.2.1 Modification. Section 4.1.1 introduced sentence level features in addition to the sentence embedding. At a document level

there are also features which can be used within the sentence extractor. Though instead of concatenating them to an output of the
model (as with sentences in section 4.1.1), the hidden states of the
LSTM cells within the RNN are initialised with document level features. Initialising the hidden state with user and product attributes
was done by Ni et al., Ni et al., Ni and McAuley to generate personal
abstractive reviews for products. Instead of using product and user
based features, we initialise the LSTM with the ASJC codes, the
abstract and the title for the given document.
ASJC - each document is given a series of codes which represent
the subject area and disciplines4 of the journal in which the paper was published. A journal can be associated with multiple All
Science Journal Classification (ASJC) codes, thus for a document
the final ASJC vector is the normalised sum of the individual ASJC
embeddings.
Title - the title is represented by the average of its word embeddings
Abstract - the abstract is represented by the average of its word
embeddings
The vectors which represent these three additional features are
concatenated together and passed though a fully connected layer
before being used to initialise the LSTM within the sentence extractor.

4.3

Base Model

We approach extractive summarisation as a sequence tagging problem. In contrast, Collins et al. [5] classified each individual sentence
independently. Thus, where in the sequence tagging model the
preceding sentences influence the prediction for the current sentence, there is no interaction between sentences in the classification
model. We use the latter model as a baseline in the evaluation stage.

5

EXPERIMENTS

To evaluate the quality of the automated summaries they are compared to the gold standard (author highlights) provided by the
authors. The comparison is done on the top 4 ranked sentences,
using rouge-l-f. The metric from here on will be referred to as
rouge-l-f@4.

5.1

Settings

We initialise the model with GLOVE embeddings of size ‘100’. Unknown words receive an embedding which has been randomly
initialised. Different models were trained with and without the
ability to modify the embeddings (see results in Table 2).
Sentence Encoder. First the three proposed sentence encoders are
tested. A number of the parameters are held constant due to results
4 There

are 334 unique All Science Journal Classification (ASJC) codes, each representing disciplines and sub-disciplines. More information on them can be found at
https://service.elsevier.com/app/answers/detail/a_id/15181/supporthub/scopus/
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from previous experimentation. The word embedding dimensionality is 100 across all the experiments and all LSTM cells within the
sentence encoder have a hidden state of 100. For the CNN we use
25 filters of size [1, 2, 3, 4]. This means all three sentence encoders
produce output vectors of size 100.
Sentence Extractor. The hidden state within the LSTM cell is
consistently held at 128. The MLP layer is of size 50 before it is
classified using a softmax layer. The ASJC embedding size is set to
a size of 100 which is used in the additional features along with the
title and abstract embeddings (which have a length of 100)

5.2

Training

Models are trained using weighted negative log-likelihood which
has to be minimised.
𝐿=−

𝑛
∑︁ ∑︁

6.3
𝜔 (𝑦𝑖 ) log 𝑝 (𝑦𝑖 |𝑦 <𝑖 , ℎ)

(1)

𝑠,𝑦 ∈𝐷 𝑖=1

The weights within the models are proportional to the number
of positive and negative labels where 𝑤 (0) = 1 and 𝑤 (1) = 𝑁 1 /𝑁 0 .
Where 𝑁𝑛 is the number of labels within the document for that
classification.
The model was optimised using ADAM [12] and stochastic gradient
descent, with a learning rate of 0.0001 and dropout across the model
of 0.25. Additionally, gradient clipping was used to mitigate against
the problem of vanishing gradient, this was set to 1. Models are
trained for up-to 50 epochs, with early stopping if there has been
no decrease in validation loss for 5 epochs.

6

RESULTS

The following section reports the results of the experiments outlined above. First the results for the varying sentence encoders are
reported, with the best performing sentence encoder used to test
the effectiveness of adding additional features to the model. The
best performing model overall is submitted for human evaluation
in sections 6.6.
All models are trained three times, and the results reported are
created using a document level average across each of the runs.
Additionally, an approximate randomisation test is used to report
on statistic confidence in the results between models.5

6.1

6.2

Sentence Encoder

Results for the varying sentence encoders can be found in Table 2.
The metrics reported are rouge-l-f@4 against the author provided
highlights in the validation set. Results indicate that the best performing models are those developed with the CNN based sentence
encoder. This is consistent with the results when they are broken
down by discipline. As one can see the results show limited variance
between the different forms of sentence encoders. Moreover, within
them all offer the same stability across disciplines. The same stable
scores across the sentence encoders can be seen in [10], where
no significant difference was reported between the models. This
resulted in the MEAN embeddings being used. However, here the
CNN based embedding with trainable word embeddings is used in
the next experiment.
5 https://github.com/Sleemanmunk/approximate-randomization

Additional Features

As proposed in sections 4.1.1 and 6.2 the model was modified with
the addition of features to both the sentence encoder and sentence
extractor. In Table 3 we show the results for the CNN based sentence
encoder with trainable embeddings with the additional features.
The inclusion of additional features with the sentence encoder results in a noticeable improvement in the rouge-l-f@4 score, with
computing articles seeing a maximum increase of 0.45. However,
even though the modification of the sentence encoder improves
the quality of the summaries, initialising the sentence extractor
with the document level features degrades the quality of the summaries slightly. The document features on their own reduced the
rouge-l-f@4 by 0.05, though not statistically significant.

Baseline

The initial model discussed in section 4.2 with the addition of document and sentence level features significantly outperform the
baseline model proposed in [5]. The baseline model classified each
sentence separately from each other, meaning there is no addition
of context in the classification from the surrounding sentences. The
significant difference in the results from the two models indicates
that the inclusion of more contextual information through the RNN
is important. This is evidence that structure is an intrinsic feature
within the model.

6.4

Structural Analysis

The training data-set is constructed using greedy sampling, with
the majority of sentences coming from the ‘Results’ section of the
articles. When looking at the distribution of the location of the
predicted sentences within the document, one can see that there is
indeed a dependency on the structure of the document on which
sentences are selected. Within the top 4, 28.84% of sentences are
from the ‘Results’ section, followed by sentences from the ‘Introduction’ which accounted for 19.79%. This distribution of sentences
from across the article is not seen in the summarisation of news
articles. [8] reported a strong lead-bias, where sentences from the
beginning of the articles dominate the summaries.
To further investigate how much the model depends on the structure of the document, we train the model again with the sentences
within each training document shuffled. The new model is then
applied to the validation data-set which has not been shuffled. A
significant drop in the metrics would then indicate that the structure of the document and the context which is learnt through the
document level RNN is important.
Results can be seen in Table 4. As one can see there is a drop
in performance across all disciplines, with the rouge-l-f@4 reducing from from 22.19 to 20.75, a 9.35% reduction. The significant
reduction across the board is similar to results reported in [10] for
news, showing that the model is learning the position of the sentence within the document. This is understandable since scientific
articles generally have a clear, intrinsic structure. Though when
looking at the individual disciplines one can see that the size of the
reduction varies across the board. Disciplines such as Economics
and Computing, which are associated with a more varied writing
style, have less of a reduction. This would indicate that for some
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Biology Computing Economics
All
False(*)
20.87
23.01
21.92 21.91
CNN
True
21.03
22.97
21.61 22.19
False(*)
20.75
22.50
20.99 21.79
MAN
True(*)
20.90
22.44
21.02 21.89
False(*)
20.85
22.60
21.31 21.86
RNN
True(*)
20.49
22.33
20.97 21.51
Table 2: rouge-l-f@4 scores for each of the six variations in sentence encoders. Models with a * indicate they are statistically
worst than the best performing model (𝑝 > 0.05)

Sentence Features
False
True

Document Feature
False
True
False
True(*)

Biology
21.03 (0.00)
20.88 (-0.15)
21.45 (0.42)
20.57 (-0.46)

Computing
22.97 (0.00)
23.34 (0.35)
23.42 (0.45)
22.64 (-0.33)

Economics
21.61 (0.00)
21.49 (-0.12)
21.97 (0.36)
21.05 (-0.56)

All
22.19 (0.00)
22.14 (-0.05)
22.37 (0.18)
21.59 (-0.6)

Baseline
Collins et al. [5]
13.12
13.42
16.61
12.96
Table 3: rouge-l-f@4 scores for the CNN based sentence encoder model with additional features on both the sentence and
document level. Models marked with a * when compared to the best model are statistically worse than the best performing
model (𝑝 > 0.05). Value in brackets indicate difference between best performing model in Table 2

Shuffled
False
True

Biology

Computing

Economics

All

21.03
20.11

22.97
22.62

21.61
21.09

22.19
20.75

Raters were asked to rate each set of summaries on a scale of 1
(low) to 4 (high) on four dimensions:
• Simplicity: are the sentences which have been selected simple to read or are they too long and using over-complicated
language.
• Informativeness: do the sentences which have been selected inform the user about what is going on within the
papers
• Relevant: are the sentences which have been selected relevant to the main findings of the paper
• Diversity: are all the sentence which have been selected
covering the same points or is there diversity across the
sentences.

Table 4: rouge-l-f@4 scores for the CNN based sentence encoder model without additional features.

disciplines the structure of documents is more important than for
others.

6.5

Length Analysis

Author based highlights had on average 11.92 tokens, while we
established that the sampled sentences (using rouge-l-f) are 15
tokens long. The best performing model extracted sentences with
an average of 11.36 tokens. This is compared to the 32.43 tokens
reported by Collins et al.. This shows that the model is not only
looking at the text and location of the sentence but also the density
of information within the sentence. Resulting in short highlights
which are heuristically similar to the author provided highlights.

6.6

Human Evaluation

Computed metrics for text summarisation such as rouge only give
an indication about the quality of the automated summary, thus
human judgement was included. 7 human annotators were tasked
with rating a set of 12 automated summaries, created using the
best performing model (CNN sentence encoder, with additional
sentence features), each document was assessed 3 times. The raters
were not necessarily experts in the domains of the documents they
assessed. The articles included in the test were a random sample
from across academic disciplines.

In order to get a baseline, a number of author-generated summaries (gold standard) were included in the rating task. This allowed us to get a side by side comparison of how the best trained
model performed compared to the gold standard author provided
highlights. Inter-annotator agreement for the four dimensions was:
72.92, 66.67, 70.83, 54.17 respectively.
The raters assessed the author-provided summaries higher than
the automated ones. However, the ratings for the automated highlights are not significantly worse than the author provided ones.
The assessors judged that the automated summaries were both
simple and diverse. It should be pointed out that there was limited
inter-annotator agreement on the diversity, indicating potential
misunderstanding of this dimension. The summaries were rated
lower (but still favourably) on the informative and relevance scale.

7

DISCUSSION

Extracting simple automated summaries from content is challenging. The research presented in this paper demonstrates the ability
to successfully apply neural extractive text summarisation methods

WWW ’22 Companion, April 25–29, 2022, Virtual Event, Lyon, France.

Author Highlight
• The expression pattern of visfatin was ubiquitous in the various
avian tissues.
• Visfatin mRNA was most highly expressed in breast muscle and
continuously decreased with increasing age in silky fowl.
• Subcutaneous fat and visceral fat exhibited higher contents of
visfatin mRNA in broiler chicken than those in silky fowl.
• Visfatin fusion protein significantly increased the expression of
adipocyte differentiation marker genes.

Daniel Kershaw and Rob Koeling

Automated Summary
• Both subcutaneous fat and visceral fat exhibited higher contents
of visfatin mRNA in broiler chickens than those in silky fowl.
• 3T3-L1 adipocytes were treated with recombinant chicken visfatin and insulin.
• Furthermore, visfatin fusion protein significantly increased the
expression of adipocyte differentiation marker genes.
• The visfatin mRNA levels continuously decreased with increasing age in silky fowl.

Table 5: Example author highlights and automated summary for the document “Characterization of the visfatin gene and
its expression pattern and effect on 3T3-L1 adipocyte differentiation in chickens” (https://www.sciencedirec.com/science/pii/
S0378111917306765)

Discipline
Dive Info Simp Rele
Bio Science
2.81 2.49
2.93
2.65
Computing
2.95 1.57
2.95
1.86
Economic
3.00 2.67
3.67
2.33
All
2.90 2.37
2.83
2.51
Author highlights
3.01 2.78
2.81
3.2
Table 6: Results for human evaluation

From a technical perspective one could argue that even though
across the board the CNN achieves the best results, it might not
the best model to deploy. A major drawback of this model is the
length of time it takes to train compared to other models. Training
the CNN model takes on average 24 hours, compared to 11 hours
for the MEAN model.6 The addition of sentence and article-level
features resulted in marginal improvements, which may not have
justified their inclusion as they again take time to compute.

to large scientific articles from a variety of domains. This work
shows that moving from a binary classification based model to one
which is sequential in nature can result in a significant uplift in the
performance of the model. This means the model not only learns
from the text but also takes the structure of the scientific article into
account, bringing in local and global context to each prediction.
The positive results were observed across a variety of scientific
domains (including social sciences). The robustness of the models across domains indicates that the model is potentially learning
from common phrase structures seen across scientific disciplines.
This would then explain why the inclusion of additional article
and sentence-level features resulted in marginal increases in model
performance. It would also explain the inclusion of sentences containing common phrases like ‘Results can be found in section’ in
several summaries. The dependency on the structure of the articles
seems to differ across disciplines, with a subject like Biology being
more impacted in the sentence shuffle experiment. It should also be
noted that sentences selected from the methods and results sections
often include OOV words such as proteins and chemicals, thus
potentially indicating that the sentence encoders were successfully
picking up common patterns within the phrasing of the text.
Through the use of human evaluation, we showed that the automated highlights generated were comparable in quality to those
submitted by the author. This could be interpreted two ways though,
either the model is doing well, or the highlights submitted by the
authors are not that good. Speaking to the raters and doing manual
inspection of the summaries taught us that it could be a combination of the two. This can be seen in several examples where the
author highlights in the validation set where taken directly from
the article, with the model then predicting the correct sentences.

To conclude, in this paper we presented an empirical analysis of
using sequential models for extractive text summarisation. Results
indicate that through the application of a basic RNN model, one
can get summaries which are as good as those provided by the
author of the paper. Depending on the disciplines of the paper there
are varying degrees of reliance on the structure of the article. In
further research we will look at the use of more complex sentence
embeddings, which can take into account tokens such as protein and
genes names which are currently treated as random embeddings.

8

CONCLUSION
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