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Abstract

Knowledge discovery in large scientific
databases relies heavily on automatic pro-
cessing of scientific writing. Because of
the network structure inherent in scientific
work, it is of interest to learn as much as
possible about the citations themselves. In
this paper, we present a method for clas-
sifying citation purpose as primarily per-
taining to background, methods, or results.
We use a BILSTM model with ELMo em-
beddings to achieve a macro-F1 score of
0.837 on the SciCite dataset. Our code is
available at https://github.com/
yelircaasi/citation-analysis

1 Introduction

The pace and scale of scientific research are such
that it is impossible for any individual, or even
team, to read everything that is published in a
given domain. For this reason, it is of interest
to employ automatic methods in order to maintain
an overview of the field and to identify the most
relevant and interesting publications. One of the
key features of scientific writing is the dense struc-
ture of direct citations between papers, which is a
valuable asset for automatic knowledge discovery
methods.

Many such methods exploit the network struc-
ture inherent in scientific research. Because a
typical scientific paper cites many other papers,
much information can be learned about a paper
simplify by analyzing which papers it cites and,
in turn, in which papers it is itself cited (Leydes-
dorff, 1998). Clearly, not all citations are identical
in nature. The information about a paper gleaned
from its citation profile can be augmented by tak-
ing into account the nature of each citation (Teufel
et al., 2006). For example, a paper that is typi-
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cally cited as a background source plays a differ-
ent role within the literature than a paper that tends
to be cited as a methodological standard, which
is in turn qualitatively different from papers noted
primarily for their results. Scientific research can
be conceptualized as a graph, and edges in the
graph of scientific papers are not all qualitatively
the same, so the more that can be said about the
nature of each, the more interesting information
can be learned from this graph (Abu-Jbara et al.,
2013). Thus, the ability to classify the nature of
a citation is of interest for contexts for fields such
as scientometrics (Li and Ho, 2008), knowledge
discovery (Guo et al., 2009), information retrieval
(Ritchie, 2009), and many more; this line of re-
search has grown together from the initially in-
dependent work of many fields and has become
highly interdisciplinary (White, 2004).

While much information can be gleaned from
citations using rule-based methods, automatic
classification of citation type is important for pub-
lication types where sections (esp. Background,
Methods, Results) are not explicitly labeled; hence
the need for automatic classification. This project
attempts to use methods from machine learning
to classify citations according to the purpose for
which the paper is cited. Specifically, in the Sci-
Cite dataset, a paper is cited because it provides
relevant background information, because it pi-
oneered methods used in the citing paper, or to
compare results from experiments similar to those
carried out in the citing paper. This setup is ad-
vantageous because the inherent structure of sci-
entific papers allows for the efficient creation of
large datasets. Some approaches use as many as 8
distinct categories (Agarwal et al.); however, this
paper deals with three, in part because these three
categories provide a solid foundation on top of
which other categories can eventually be learned.
As will be shown, the classification even three cat-
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egories presents a non-trivial learning task.

2 Methods
2.1 Baseline Perceptron Model

Our baseline is a simple linear perceptron
classifier. It is used with a pre-defined set of
hand-crafted features of “cue phrases”, as in
Pham and Hoffmann (2003). They are listed
below and are generally self-explanatory:

Feature

COMPARE
CONTRAST
RESULT
INCREASE
CHANGE

PRESENT
IMPORTANT
RESEARCH
APPROACH
PUBLIC

BEFORE
BETTER_SOLUTION
PROFESSIONALS
MEDICINE

MATH
COMPUTER_SCIENCE
CITATION
ACRONYM
CONTAINS_YEAR
SEQUENCE
REFERENCE
PERCENTAGE
CONTAINS_URL
ENDS_WITH_RIDE
ENDS_ WITH_RINE
ENDS_ WITH_ETHYL

Regular Expression?

AN N N N N SR NN

On the basis of these features, the perceptron
performs a binary classification for each class, and
the class with the highest predicted score is pre-
dicted as the label for a given sample.

2.2 Simple Feed-forward Neural Network

The next experiment was a feed-forward neural
classifier with a single hidden layer containing 9
units. While a feed-forward neural network is
clearly not the ideal architecture for sequential text
data, it was of interest to add a sort of second
baseline and examine the added gains (if any) rel-
ative to a single perceptron. The input to the feed-
forward network remained the same; only the fi-

nal model was suitable for more complex inputs
such as word embeddings. The optimizer used
during training is the stochastic gradient descent,
with batch size 16.

2.3 BiLSTM-Attention with ELMo

The most advanced and best-performing model
was a singe-layer Bi-directional LSTM neural net-
work (Hochreiter and Schmidhuber, 1997) with
a hidden layer of dimension 50 for each direc-
tion, built using the allennlp library (Gardner
et al.,, 2017). For word representations, it uses
the 100-dimensional GLoVe embeddings devel-
oped by Pennington et al. (2014). To represent
word contexts, it makes use of the ELMO embed-
dings developed at the Allen Institute (Peters et al.,
2018), which contain “deep contextualized word
representations”. This model uses the entire input
text, as opposed to selected features in the text, as
in the first two models. The optimizer used during
training is AdaGrad, and as in the second model,
batch size is 16.

3 Experiments

3.1 Experimental Setting

We train and test our models on the SciCite
dataset (Cohan et al., 2019). Each data sample
consists of a sentence from a scientific paper
containing a citation. The Background class
contains citations pointing to papers that provide
context information for the citing paper, e.g.:

"However, how frataxin interacts with the
Fe-S cluster biosynthesis components remains
unclear as direct one-to-one interactions with
each component were reported (IscS [12,22],

IscU/Isul [6,11,16] or ISD11/Isd11 [14,15]).”

The Methods class contains citations of pa-
pers that pioneered or established a key method,
tool, or dataset that is used or expanded upon in
the citing paper. For example:

Mouse embryonic fibroblasts (MEFs) were
also infected with EOS (early transposon pro-
moter and Oct-4 and Sox2 enhancers) lentiviral
vector selection system.

Finally, the Results class contains citations
of papers whose results are compared with those
in the citing paper, such as the following:



In addition, the result of the present study
supports previous studies, which did not find
increased rates of first-born children among

individual with OCD (20,31,34).

The following table shows the class distribution
in each dataset (in thousands):

Training Development Testing
Background 4.8 0.5 1.0
Methods 2.3 0.3 0.6
Results 1.1 0.1 0.2
Total 8.2 0.9 1.8
3.2 Results

Acc F1 Rec Prec | Class

0.76 0.66 B
Perc. 0.62 049 0.57 053 M
0.14 0.62 R
0.56 0.75 B
FFNN 0.60 0.59 0.58 0.64 M
0.82 0.38 R
0.88 0.87 B
BiLSTM | 0.85 0.84 0.80 0.87 M
0.85 0.75 R

F1-scores reported are obtained through macro-
averaging across classes. Accuracy and F1-score
are for the model as a whole, while precision and
recall are reported at class-level.

3.3 Error Analysis

3.3.1 Perceptron
Predicted
B M R
—g Background | 762 221 14
S Methods | 250 347 8
Results 138 85 36

The Results class was strongly underpredicted,
with the Background class being strongly overpre-
dicted. Manual inspection of misclassified sam-
ples revealed that many of them can be correctly
identified by a human. However, there were some
samples which were difficult even for humans to
identify correctly. In general, while humans would
be likely to outperform even the state-of-the-art
models, they would be unlikely to achieve an ac-
curacy of 100%.

3.3.2 Feed-forward network

Predicted
B M R
— Background | 558 184 255
=
3 Methods | 157 352 96
Results 32 15 212

Among misclassified samples, the most conspicu-
ous are those belonging to Results and incorrectly
classified as Background. This model predicts far
more samples as Results and fewer as Background
compared to the first model. Manual inspection of
these misclassified samples reveals little in addi-
tion to what was already reported.

3.3.3 BILSTM

Predicted

B M R
T:‘ Background | 882 63 52
3 Methods | 101 483 21
Results 32 6 221

The distribution of misclassified samples does
does reveal any surprising patterns; the largest
class has the most false positives and the most
false negatives, but not proportionately so. Confu-
sion between Background and methods accounts
for a majority of misclassifications, but once
again, this is not proportional. More interest-
ingly, manual inspection of misclassified samples
revealed that some of them are still easily classi-
fied by humans, while some are essentially indis-
tinguishable.

4 Conclusion

The single most striking aspect of our results is
the clear superiority of a BILSTM model. That
it should achieve superior results is perhaps un-
surprising, given that its structure is much better
suited to the problem and it allows for the use of
the entire text with additional semantic informa-
tion in the form of word embeddings. However,
the magnitude by which it outperforms the other
models is striking.

Between the two baseline models, many of the
gains made in some metrics are offset by losses in
others; in particular, the trade-off between preci-
sion and recall is apparent. For example, signifi-
cantly higher recall for the Results class comes at



the expense of its precision, while the reverse is
true for the Backgrounds class. Interestingly, the
second model obtains higher results for the Meth-
ods class in both precision and recall. These differ-
ences can be largely explained by the differences
in how these models were trained. The perceptron
used binary classification for each class and used
all of the data for training, causing the model to
over-predict the majority class and under-predict
the minority classes. The feed-forward network
uses a balanced subset of the data and predicted
classes simultaneously, leading to higher precision
and lower recall for the majority class and higher
recall and lower precision for the smallest class.

There a few things we would have liked to
investigate but did not due to time constraints.
One would have been a progressive sequence of
models allowing us to attribute improvements in
performance to specific alterations in the model.
For example, such a sequence might be:

perceptron —

simple feed-forward network —
feed-forward network with hidden layer —
LSTM —

BilLSTM —

BiLSTM with embeddings.

Such an approach would provide useful insights
into the relative value added due to each aspect of
the final model and may even provide hints as to
the most promising directions for future improve-
ments.

Another interesting question that is raised by
our results regards the effect of class sampling dur-
ing training. Balanced classes in training the feed-
forward network brought some improvements, but
was also sub-optimal. It is therefore of interest to
further investigate the effect of class representa-
tion during training to determine an optimal sam-
pling approach.

Additionally, we would have liked to add more
complex features to our feature set. For example,
features derved from syntactic/dependency pars-
ing would allow us to generate interesting complex
features taking into account relationships between
words. While it seems plausible that they could
have improved the model, this is something that
needs to be examined empirically.

There are some interesting possibilities for fu-
ture research in this field. One obvious exten-

sion would be to add more fine-grained cate-
gories or learning the valence (degree of posi-
tivity/negativity) of a citation. This would add
some very important information to the citation
networks generated, since some citations imply a
higher degree of approval than others, and some
are even cited for purposes of criticism.

Another valuable line of inquiry would regard
the degree to which these methods generalize to
other scientific fields, or even to other types of
writing. For example, texts in the social sciences
are likely to follow somewhat different conven-
tions of citation and discussion, and naturally the
vocabulary will differ as well. Other types of writ-
ing, such as journalism or essays, will also involve
citations, but of a different kind, at it would be of
interest to see how much modification to the meth-
ods presented here is required.

5 Contributions

Each of us contributed to the perceptron. Pa-
van coded the metrics, with some contributions
from Isaac. Pavan created the lexicons and Isaac
worked on the regex features. Isaac worked on the
feed-forward neural network. Pavan created the
basic network structure for the AllenNLP model
and ran the experiments on GPU. Both worked to-
gether on code documentation, and Pavan worked
on the README documentation. Isaac performed
error analysis on the results. Both worked together
closely on writing and editing the paper; Isaac was
in charge of LaTeX typesetting.
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