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Abstract

Motivation: With the rapidly growing biomedical literature, automatically indexing biomedical articles by Medical
Subject Heading (MeSH), namely MeSH indexing, has become increasingly important for facilitating hypothesis
generation and knowledge discovery. Over the past years, many large-scale MeSH indexing approaches have been
proposed, such as Medical Text Indexer, MeSHLabeler, DeepMeSH and MeSHProbeNet. However, the performance
of these methods is hampered by using limited information, i.e. only the title and abstract of biomedical articles.
Results: We propose FullMeSH, a large-scale MeSH indexing method taking advantage of the recent increase in the
availability of full text articles. Compared to DeepMeSH and other state-of-the-art methods, FullMeSH has three nov-
elties: (i) Instead of using a full text as a whole, FullMeSH segments it into several sections with their normalized
titles in order to distinguish their contributions to the overall performance. (ii) FullMeSH integrates the evidence
from different sections in a ‘learning to rank’ framework by combining the sparse and deep semantic representa-
tions. (iii) FullMeSH trains an Attention-based Convolutional Neural Network for each section, which achieves better
performance on infrequent MeSH headings. FullMeSH has been developed and empirically trained on the entire set
of 1.4 million full-text articles in the PubMed Central Open Access subset. It achieved a Micro F-measure of 66.76%
on a test set of 10 000 articles, which was 3.3% and 6.4% higher than DeepMeSH and MeSHLabeler, respectively.
Furthermore, FullMeSH demonstrated an average improvement of 4.7% over DeepMeSH for indexing Check Tags, a
set of most frequently indexed MeSH headings.

Availability and implementation: The software is available upon request.

Contact: zhusf@fudan.edu.cn

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

As the largest bibliographic database of biomedical literature,
MEDLINE (Sayers et al., 2019), maintained by US National Library
of Medicine (NLM), covers more than 5200 world-wide journals
and 25 million citations (https://www.nlm.nih.gov/bsd/medline_
pubmed_production_stats.html). Compared with other scientific
and bibliographic databases, a distinct feature of MEDLINE is that
the citations (records) are indexed with a controlled vocabulary,

called Medical Subject Heading (MeSH). As of 2018, the vocabulary
contains 28 939 MeSH main headings (MHs) (https://www.nlm.nih.
gov/mesh/filelist.html) and each citation is indexed by 13 MHs on
average. The MeSH indexing of MEDLINE citations has facilitated
a wide range of applications in biomedical text mining and informa-
tion retrieval, such as query expansion (Lu ez al., 2009; Stokes et al.,
2009) and document clustering (Gu et al., 2013; Zhu et al., 2009).
Therefore, MeSH indexing is of great significance to biomedical
researchers for hypothesis generation and knowledge discovery.
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MEDLINE citations are mostly indexed by human curators at
NLM who review the full text of each article and assign most suitable
MHs to the article. The average cost of annotating one MEDLINE
citation was estimated to be around $9.4 (Mork et al., 2013), As the
number of MEDLINE citations is rapidly increasing in the last few
years, this labor-intensive process becomes highly costly. In fact,
904 636 citations were added to MEDLINE in 2018, which is around
11% increase over 2017 (813 598). To deal with the ever-expanding
MEDLINE citations, NLM has used automated and semi-automated
methods to improve the efficiency of MeSH indexing. Specifically,
NLM has developed a software, Medical Text Indexer (MTI), to rec-
ommend MHs based on the title and abstract of MEDLINE citations
(Aronson et al., 2004; Mork et al., 2014). In the automated mode,
MHs are provided by MTI directly, while in the semi-automated
mode, MHs are first provided by MTI and then reviewed (and pos-
sibly adjusted) by curators. These two types of methods are respon-
sible for indexing 5% and 18% newly completed MEDLINE
citations, respectively (https://www.nlm.nih.gov/pubs/techbull/ja18/
jal8_indexing method.html). All these highlight the importance of
developing accurate and automatic MeSH indexing methods to keep
up with the rapidly growing MEDLINE citations.

Automatic MeSH indexing can be regarded as a large-scale
multi-label classification problem (Liu ez al., 2015), where each MH
is a class label and each instance (citation) is associated with mul-
tiple MHs. The challenge of large-scale MeSH indexing comes from
both the label and instance sides. For the label side, the number of
distinct MHs is close to 30 000 with a highly biased distribution.
On the other hand, for the instance side, traditional BOW (Bag of
Words) representations cannot capture complicated semantics of the
biomedical literature, which has many domain-specific concepts,
phrases and abbreviations. These two challenging problems have
been addressed by many studies. For example, MeSHLabeler (Liu
et al., 2015) used ‘learning to rank’ (LTR) to solve the challenge in
the label side by integrating multiple types of evidence with different
types of classifiers. Under the framework of MeSHLabeler,
DeepMeSH (Peng et al., 2016) further addressed the challenge in the
instance side by using deep semantic representation.

Although these state-of-the-art methods have made significant
progress over MTI, there is a clear gap between these automatic meth-
ods and manual indexing, in terms of data used. Specifically, the
NLM curators review full text for assigning MHs, while the existing
methods use only title and abstract, which may not have important
and sufficient information for MeSH indexing. Mork et al. (2017)
indicated that the main reason why MTI misses some most frequently
occurring MHs (also known as Check Tags) is that the relevant infor-
mation appears only in full text but not in title or abstract. In the
meantime, the amount of available full text for text mining in
PubMed Central (PMC) database is rapidly growing in recent years.
Thus a key issue is how to use such a large number of articles with
full text for improving the predictive performance of MeSH indexing.

In this work, we propose a novel method called FullMeSH that
takes advantage of full text to improve the performance of large-scale
MeSH indexing. The main contributions of FullMeSH are as follows:

i. To the best of our knowledge, FullMeSH is the first automatic
MeSH indexing method that mines the full text articles (>1.4 M)
for assigning the entire 28 000 MHs. Existing methods are incap-
able of dealing with a large amount of full text and noise. As such,
we segment full text into several sections with normalized titles so
that their different information can be integrated effectively.

ii. With various representations of different sections, FullMeSH
makes full use of deep learning and other traditional models to
generate multiple types of evidence. Inspired by recent work on
medical codes classification (Mullenbach et al., 2018), we use a
label-wise Attention-based Convolution Neural Network
(AttentionCNN) as a new component for utilizing new evi-
dence, which performs well on infrequent MHs. All evidence
from full text are finally fused into an LTR framework to make
the final recommendation.

iii. We conducted a thorough experiment for validating FullMeSH
by using the whole PMC Open Access Subset (>1.4M) with
10 000 test articles. FullMeSH achieved a Micro F-measure of
66.76%, which is 3.3% and 6.4% higher than that of our previ-
ous abstract-based methods, DeepMeSH and MeSHLabeler,
respectively. FullMeSH improves around 4.7% in Micro F-
measure over DeepMeSH for indexing Check Tags on average.
Moreover, we analyzed the contribution of each section to the
overall indexing result.

2 Related work

2.1 Large-scale MeSH indexing based on title and

abstract
Since 2013, BioASQ challenge has provided practical and realistic
benchmark opportunities under the cooperation with NLM
(Tsatsaronis et al., 2015). Many effective algorithms for large-scale
MeSH indexing have been developed through the BioASQ challenge,
such as MetaLabeler (Tsoumakas et al., 2013), L2R (Huang et al.,
2011; Mao and Lu, 2013), MeSHNow (Mao and Lu, 2017),
MeSHLabeler (Liu et al., 2015) and DeepMeSH (Peng et al., 2016),
in which DeepMeSH achieved the best results of Batches 1 and 2 and
second best results of Batch 3 in BioASQ 6. Most recently, deep learn-
ing models have also been adopted for large-scale MeSH indexing
such as AttentionMeSH (Jin et al., 2018) and MeSHProbeNet (Xun
et al., 2019), which, respectively, had the best and third best results of
Batch 3 in BioASQ 6. Specifically, both AttentionMeSH and
MeSHProbeNet utilized deep recursive neural network and attention
mechanism for large-scale MeSH indexing. This inspired us to incorp-
orate a deep learning based model to generate global evidence in
FullMeSH. The main difference between AttentionMeSH and
MeSHProbeNet is that AttentionMeSH uses a multi-label attention
for classification while MeSHProbeNet employs a multi-view frame-
work to integrate multiple self-attentive MeSH probes, where each
probe could extract different aspect of biomedical knowledge. Note
that the training process of Bi-GRU network in AttentionMeSH and
MeSHProbeNet is time-consuming because the GRU must be calcu-
lated sequentially. Inspired by the recent work of Mullenbach et al.
(2018), we use CNN to train deep models for all sections, which is
much faster than Bi-GRU in terms of training speed. Compared to Bi-
GRU, CNN can naturally encode the k-gram features for a document/
documents. In addition, by incorporating with attention mechanism,
the network can choose the most important phrases for each MH.
Therefore, we implement AttentionCNN (See Step 2 of the Section 3
for detail), in FullMeSH to improve the predictive performance. In
particular, since the attention mechanism can use the prior informa-
tion of labels and label-specific features, AttentionCNN can properly
deal with the problem of infrequent MHs, for which traditional sup-
port vector machine (SVM) cannot perform well.

Note that all existing top-performing methods use title and ab-
stract only, which cannot enjoy the rich information of full text.

2.2 MeSH indexing based on full text

So far MeSH indexing with full text has been studied using a rela-
tively small set of biomedical articles or a small number of specific
MHs. For example, Gay et al. (2005) found that using full text as
the input to MTI could increase recall, but with a trade-off in preci-
sion, after conducting experiments on a collection of 17 journal
issues containing 500 biomedical articles. Jimeno-Yepes et al.
(2013) randomly selected 1413 articles from PMC Open Access
Subset and examined the performance of automatically summarizing
full text for MeSH indexing. Experimental results demonstrated that
using the summary of full text would achieve higher MiF (Micro F-
measure) than using full text as a whole, but lower MiF than using
title and abstract only. In addition, Demner-Fushman and Mork
(2015) developed a rule-based algorithm that extracts characteristics
of subjects from full text to supplement title and abstract, and used
the extracted results as the input to MTI. By expanding abstract
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with sentences from the Section 3, their approach achieved an im-
provement of 1% on Fl-score during the evaluation of 29 Check
Tags assignments. All these studies suggest that improving the per-
formance of large-scale MeSH indexing with full text information
remains highly challenging. In contrast to previous work, FullMeSH
uses the full text of all available biomedical articles in PMC Open
Access Subset. Furthermore, we thoroughly examined the perform-
ance of FullMeSH over all MHs.

3 Materials and methods

3.1 Overview

Given the full text of a new biomedical article, MeSH indexing is
the problem of assigning a certain number of relevant MHs from the
whole MeSH vocabulary (>28 000 MHs). Figure 1 shows the entire
workflow of FullMeSH, which consists of four steps, including two
components: MeSHRanker and MeSHNumber for Steps 3 and 4, re-
spectively. Given an article, MeSHRanker generates a ranked list of
candidate MHs from multiple types of evidence in the ‘LTR’ frame-
work. On the other hand, for each article, MeSHNumber predicts
the number of MHs by considering multiple features of full text ra-
ther than only title and abstract. That is, for a new article,
MeSHNumber predicts the number 7 of MHs to be returned as the
final recommendation, out of the ranked MH list by MeSHRanker.

3.2 Competing methods: MeSHLabeler and DeepMeSH

MeSHLabeler and DeepMeSH tackle the MeSH Indexing problem
by using only the title and abstract of each article. Specifically,
MeSHLabeler integrates multiple types of evidence generated from
the BOW representation in the LTR framework, with different types
of classifiers, such as SVM for global evidence from the whole
MEDLINE, k-nearest neighbor (KNN) for local evidence from simi-
lar citations and pattern matching for self evidence from the test cit-
ation itself. On the other hand, DeepMeSH further integrates
additional types of strong evidence generated from a dense semantic
representation named D2V-TFIDF, which is obtained by combining
the power of both sparse representation, TFIDF and dense represen-
tation, D2V (Le and Mikolov, 2014). FullMeSH shares the same
framework as MeSHLabeler and DeepMeSH in general but differs
in its unique ability to make use of information in full text. To assess
this particular effect, we directly compare FullMeSH with
MeSHLabeler and DeepMeSH in this work, both of which have
achieved the state-of-the-art performance in recent BioASQ chal-
lenges. MeSHLabeler achieved the first place in BioASQ 2 and 3,
and DeepMeSH achieved the first place in BioASQ 4, 5 and Batches

1 and 2 of BioASQ 6. Note that both MeSHLabeler and DeepMeSH
outperformed MTT significantly in all these BioASQ challenges,
which is the production system used by the NLM indexers in their
routine MeSH indexing.

3.3 Proposed method: fullMeSH

FullMeSH, MeSHLabeler and DeepMeSH share the same workflow.
Figure 1 shows the workflow of FullMeSH as well as the differences
among the three methods. Originally for MeSH indexing,
MeSHLabeler had a workflow (shown in white in Fig. 1), which
was modified by DeepMeSH [which added Document2Vec (D2V)
and D2V-TFIDF (shown in green)]. Then FullMeSH further adds
three points: (i) all sections of full text, (ii) a new type of text repre-
sentation, i.e. word2vec (W2V) and (iii) a new type of machine
learning model, AttentionCNN (all new points shown in pink in
Fig. 1). We explain the procedure of FullMeSH, following Figure 1.

3.3.1 Step 1: Generating representation of a document

1. Extracting and mapping of sections of full text
A naive approach for incorporating full text is to treat all differ-
ent sections in one article as one instance. However, this ap-
proach has two serious drawbacks: (i) long vector problem:
practically one citation (title and abstract) has around 229
words on average, while the full text has around 5000 words on
average. Thus, a long feature vector of full text would cause dif-
ficulties when training a model; and (ii) losing information: sev-
eral studies have pointed out that information from different
sections plays different roles for indexing, implying that merging
different sections together might lose some important informa-
tion. Thus, we divide one full text article into five sections: Title
and Abstract, Introduction, Methods and Materials, Result and
Experiment, Conclusion and Summary.In preprocessing data,
section names are not consistent in given articles (We get the sec-
tion names and its corresponding text by parse the tags of XML
files). For example, Methods and Materials might vary slightly,
such as methods, method, Methodology, Methods, Methods and
materials and Methods/Design, etc. To tackle this problem of
data cleaning, we use pre-defined pattern sets to link a section
title in one article to the normalized section title (see
Supplementary Material for the pre-defined patterns).

2. Generating multiple representations of sections
After extracting the sections of an article, FullMeSH represents the

Title &
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HvAz2 ) | | mHs [ mHs
g ! | MeSH | | | !
w ! i ! H MH2 ] !
SVM/KNN |~ || MH3 |} —> i MH2 ] — |
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Fig. 1. The workflow of FullMeSH: Step 1. Multiple sections of full text are extracted, mapped and shown by representation; Step 2. Candidate MHs are generated; Step 3.

‘LTR’ is used to rank candidate MHs and Step 4. Top ranked MHs are selected
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Fig. 2. The architecture of AttentionCNN

text of each section by using four representations: (i) TFIDF, a classic-
al BOW representation, which is a sparse and long vector; (ii) D2V
(Le and Mikolov, 2014), a widely used deep representation, which is
a dense continuous vector; (iii) D2V-TFIDF, a concatenation of D2V
and TFIDF and (iv) word2vec (W2V) (Mikolov et al., 2013), a well
known word deep representation, which is also a dense vector.

3.3.2 Step 2: Generating candidate MHs

After generating representations (Step 1) for each section, we gener-

ate numerous evidence for each section of one article mainly using

supervised learning, as follows:

1. Global evidence by the binary classifier SVM
We train a binary classifier for each MH and each section, by
using the whole training data, which can be regarded as global
evidence (against local evidence. See local evidence for the rea-
son why we say global evidence). Given an article, we can pre-
dict scores of all MHs using the binary classifiers of each section.

2. Global evidence by multi-label classifier (AttentionCNN)
We train a multi-label classifier for all MHs using the whole
training data. Again given an article, we can predict scores of all
MHs using AttentionCNN for each section. We explain
AttentionCNN more in detail below at the end of this step.

3. Local evidence KNN
We use KNN to find articles with similar sections. The resultant
articles are found just by similarity, meaning that the entire data-
base is not necessarily used for each article. We call this evidence
as KNN local evidence. In practice, for each section, we compute
the cosine similarity score between two articles, by using only
D2V and D2V-TFIDF in feature vectors and obtain & most simi-
lar articles. To obtain MHs, we take a weighted voting by &
articles in each section, resulting in several groups of MHs, each
from one section.

4. Self evidence (pattern matching in test citation)
We use pattern matching for finding MHs or their concept terms
in each section of test citation, where MHs are weighted by their
number of appearances.

5. Other evidence (already used in DeepMeSH)

(i) MeSH dependency that considers correlations between two
MHs; and

(i) MeSH frequency that counts the probability of each MH in
the target journal.

Label-wise attention—‘—Multi-Label%

Using the above evidence, we generate a list of candidate MHs,
where the list should not have irrelevant (or redundant) candidates,
to reduce computational burden for training and prediction, for
highly large-scale data (See Supplementary Materials for the detailed
settings).

Below we will explain AttentionCNN in more detail, which is
‘Global evidence by the multi-label classifier’.

3.3.3 Attention-based convolutional neural network: label-wise
attention CNN

The mechanism called attention is the recent idea of selecting the
most important part in image or text (Bahdanau ez al., 2014), and
has been successfully applied in many problems in natural language
processing (Mullenbach et al., 2018; Yang et al., 2016). This idea
would be useful for our problem of multi-label classification in the
following two ways: (i) in a long document, the attention mechan-
ism can choose the most informative segment (K-gram) for each
MH, and (ii) also the mechanism might be useful for solving the
label imbalance problem of MeSH indexing (Peng et al., 2016), by
using pre-available information on MHs. In fact for this problem,
traditional classifiers, such as SVM, has a limitation due to only few
positive instances available.

As such, we propose Attention-based Convolutional Neural
Network (AttentionCNN) or label-wise attention CNN. Figure 2
shows the architecture of AttentionCNN, which has four main
layers: (i) Word embedding: we use W2V for document representa-
tion as the input of CNN. Let / and d be the document length and
the dimension of word embedding, respectively. The output of this
layer is matrix X € R"*?. (ii) CNN: Given document representation
X, we use d 1-D convolution filters with the width of # to generate
document feature matrix C € R-*+D*4_ Note that d is also chosen
as the number of filters for convenient computation and avoiding
unnecessary dimension transformation. (iii) Multi-label attention:
we use what we call multi-label attention layer instead of general so-
called max-pooling to generate label-specific features from the docu-
ment feature matrix. In this layer, we generate initial representation
gq; for i-th MH, MH;, which is obtained by the average over the
words from the synonym terms (obtained from https://www.nlm.
nih.gov/mesh/filelist.html) of each MH:

1 M
Uy wjvlzlva
uer

where M is the number of words in the synonym terms of MH;, K is
the number of all MHs and wj; is the word embedding of word j in
the synonym terms. Note that the representation of MHs would be
updated during the training process.
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Given document feature matrix C and initial representation
q; € RY for MH;, label specific feature, e;, of MH; is obtained as
follows:

e; =CTa;, where

a; = Softmax(Cgq;)
where a; € Rt s called attention vector for MH;. Label specific
feature e; is obtained by using a@; to have the weighted average over
each row of document feature matrix C. (iv) Multi-label output:
after obtaining label specific feature ¢; € RY, we obtain probability
y; for MH; by connecting the feature to the output layer in a fully-
connected manner:

9, = Sigmoid(ng(Wlei +b1) + b)

where Wy e R?4 b, e R”, W, € R” and b, € R! are parameters
to be trained, and f represents a non-linear activation function.
We note a difference from Mullenbach et al. (2018): we use a fully-
connected layer, which is shared by all MHs, to avoid overfitting in
training, which might be caused by the limited training data of full
text.

Finally, we use the binary cross entropy (BCE) loss, for the ob-
jective function to train AttentionCNN, where we note that the BCE
loss is well used in multi-label neural networks (Liu et al., 2017).

Opverall, the multi-label deep learning architecture of AttentionCNN,
attention mechanism, as well as the initialization using prior knowledge
are all helpful for the indexing of infrequent MHs.

3.3.4 Step 3: MeSHRanker: ‘LTR’ to rank candidate MHs

The generated candidate MHs in Step 2 are ranked by LTR of
MeSHRanker by using multiple evidence generated from all sections
of the full text. The input feature vector of MeSHRanker is a concat-
enation of four types of evidence: (i) Scores by AttentionCNN and
SVM (of using D2V — TFIDF) for all five sections, resulting in 10
features in total; (ii) Scores by KNN (of D2V — TFIDF) and KNN
(of D2V) for all five sections, resulting in 10 features in total;
(iii) Count, precision and recall (for training data) by pattern match-
ing for all five sections, resulting in 15 features in total.

Specifically, given a candidate MeSH term, count refers to the
number of exact matching in the target section. Precision and recall
refer to the values of precision and recall of this matched MeSH
term in the whole training data, respectively, if we use pattern
matching to predict its annotation. (iv) MeSH dependence score and
MeSH frequency in the entire corpus, and the corresponding journal
of each instance, resulting in three features (elements). Thus, all in
all, the input feature vector has 38 features.

3.3.5 Step 4: MeSHNumber: selecting the top ranked MHs
MeSHNumber uses the following features as the input: (i) the num-
ber of annotated MHs of citations in the same published journals (ii)
the number of MHs of similar citations based on title and abstract;
(iii) the highest scores of the MH by SVM and AttentionCNN based
on title and abstract; (iv) the length of full text; and (v) the output of
MeSHRanker. Again, note that (iv) and (v) are unique features of
FullMeSH and not in DeepMeSH.

After we getting the number N of MHs for a citations, we would
choose the top N ranked MHs outputed by MeSHRanker as the
final prediction.

4 Results

4.1 Data collection

Using the PMC FTP service (https://www.ncbi.nlm.nih.gov/research/
bionlp/APIs/BioC-PMC) (Comeau et al., 2019), we downloaded the
PMC Open Access Subset, which contains 2 589 238 articles (by
October 2018). After matching with the citations in PubMed
Annual Baseline Repository according to PMID, we obtained a set
of 1 430 968 articles that have been indexed with MHs. We then
normalized the data (as mentioned before) to have five corpora of

Table 1. Statistics of the generated corpus for each of the five
sections

Section Dataset size  Ave. length  Unigram  Bigram
#docs #words (unique)  (unique)
Title and Abstract 1430 968 229 100 621 1649 861
Introduction 1139056 601 188590 3890553
Method 1091 326 1150 332622 5355997
Result 1051289 1254 300500 5754973
Conclusion 1242 518 1177 296136 6571810

different sections, and counted the total text length of each section
in the corpus. We then used about 90% of all text in our experi-
ments (since the remaining text are the description on, e.g. grant
support, interest conflict or author contributions, etc., which are all
less useful for MeSH indexing). For a fair comparison on the import-
ance of each section and the LTR training process, we reserved the
latest 50 000 articles with all sections.

Out of these 50 000 articles, the latest 10 000 articles were used
as a test set for the performance evaluation of FullMeSH. We ran-
domly divided the remaining 40 000 articles into 20 000 and 20 000
articles, which were used as the training set of MeSHRanker and the
training set of MeSHNumber, respectively.

After removing the 50 000 articles above from the corpus of
each section, the rest articles in the primary corpus were used as the
training set of D2V, SVM, KNN and AttentionCNN. For generating
classical TFIDF features, we used BioTokenizer to preprocess the
raw text of MEDLINE (Jiang and Zhai, 2007). Both unigram and
bigram features are employed to represent each citation. Similar to
other work (Liu et al., 2015; Peng et al., 2016; Tsoumakas et al.,
2013), the features that appear less than 10 times were removed. As
a result, we obtained unigram and bigram features of different sec-
tions with various lengths. Table 1 shows the statistics of the gener-
ated corpus for each of the five sections.

4.2 Implementation and parameter settings

FullMeSH was implemented by using several open source tools:
XGBoost for the ranking model (Chen and Guestrin, 2016), and
LibSVM for support vector regression (Chang and Lin, 2011). Linear
SVM was implemented by using LIBLINEAR (Fan et al., 2008). We
used the python package of gensim (http:/radimrehurek.com/gensim)
to implement both D2V and W2V, with the dimensions of 200 and
300, respectively. The distributed bag of words was used to generate
D2V. AttentionCNN was implemented by using TensorFlow (https://
www.tensorflow.org/). AttentionCNN was trained by Adam with the
default value of 0.001 as the learning rate. We utilized dropout of 0.5
and early stopping to avoid overfitting. The filter size of CNN was set
to 10 and the number of filters was set to 300. For fairly evaluating
the performances of the classifiers based on each section, the number
of MHs was predicted by MetaLabeler using TFIDF representation
with the same settings in (Liu et al., 2015).

4.3 Performance evaluation measures
Denote K as the size of all labels (MHs), and N as the number of
instances (articles). Let y; and y; € {0, 1}K be the true and predicted
labels for instance i, respectively. For evaluating the performance of
different models, we use the three groups of main metrics: Micro
(recall, precision and F-Measure), Macro (recall, precision and
F-Measure) and Example Based (recall, precision and F-Measure).
Due to the space limitation, the computation of Macro-based and
Example-based metrics is presented in the Supplementary Materials.
In this work, we focus on MiF, which is also the main metric in
the BioASQ challenge.

4.4 Experimental results
In this section, by using 10 000 benchmark test articles, we compare
the performance of FullMeSH with MeSHLabeler and DeepMeSH,
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in terms of three points: (i) generating candidate MeSH lists;
(ii) ranking candidate MHs and (iii) predicting the number of MHs.

4.4.1 Generating candidate MHs by using full text

Due to the space limitation, we report a brief result only. We found
AttentionCNN and pattern matching contributed to boosting the
performance of FullMeSH. In detail, before using both, the average
coverage of true MHs was 87.6%. After using AttentionCNN and
also pattern matching, the coverage reaches 91.5% and 92.3%, re-
spectively. These results imply that true positive MHs has been
added by AttentionCNN and pattern matching to the initial candi-
date list.

4.4.2 Ranking candidate MHs (by MeSHRanker)

Table 2 shows the performance results obtained by adding diverse
evidence from full text to a baseline approach, MeSHRanker. The
baseline MiFs by MeSHLabeler and DeepMeSH using title and ab-
stract only were 0.6179 and 0.6369, respectively. After the features
from pattern matching were added to the LTR, the MIF score
increased slightly to 0.6427. This indicates that the information
through pattern matching from full text is valuable. After integrat-
ing the local evidence (KNN) into MeSHRanker, MiF was slightly
improved to be 0.6446. This means that except for Title and
Abstract, the improvement by local evidence from sections except
Title and Abstract is limited. After adding global evidence (SVM
and AttentionCNN for all sections) to MeSHRanker, a significant
improvement on MiF, however, was achieved and the final MiF was
0.6570.

4.4.3 Predicting the number of MHs (by MeSHNumber)

To study the effectiveness of full text on predicting the number of
MHs, we first generated the number of MHs by using MeSHNumber
in DeepMeSH (MeSHNumberpeepmest). Then we obtained the
results by MeSHNumber in FullMeSH (MeSHNumberg,jniest,
which is trained by adding the scores from MeSHRankerg nesp and
full text). Table 2 reports a slight (0.65%) improvement of
MeSHNumbergyimvest over MeSHNumberpeepmest in terms of MiF,
which suggests a small advantage of full text over title and abstract
on predicting the number of MHs.

4.4.4 Overall results of FullMeSH
From the test set of 10 000 articles, we generated 50 test datasets
using bootstrap with replacement. We then examined paired #-test

to evaluate the statistical significance of performance improvement
between FullMeSH and competing methods, where the P-value of
smaller than 0.05 is considered as statistically significant. Table 3
reports the final performance results of FullMeSH against
MeSHlabeler and DeepMeSH. FullMeSH outperformed the two
competing methods, and in particular, FullMeSH achieved MiF of
66.76%, which was 3.3% and 6.4% higher than the state-of-the-art
DeepMeSH and MeSHLabeler, respectively. These results demon-
strate that: (i) full text plays an important role in large-scale MeSH
indexing; and (ii) separating the full text into multiple sections and
generating a learning model, such as AttentionCNN, for each sec-
tion, worked well for using the full text by LTR.

4.5 Result analysis and discussion

In this section, we further explore the reason why FullMeSH on full
text performed better than existing cutting-edge methods. We first
explored the importance of each section in FullMeSH, and then
compared the performance of different component methods (SVM,
KNN and AttentionCNN) in FullMeSH. Finally, we analyzed the re-
spective result from the perspective of MHs (label) and article (in-
stance) separately.

4.5.1 Title and abstract were more informative than using the entire
article as a whole

We evaluated the performance of the binary classifier (SVM) with
D2V-TFIDF on five sections and ‘Entire Article’, which stands for
using the entire full text as a whole. We founded that SVM on Title
and Abstract performed clearly best under all metrics, achieved Mif
of 0.6238, indicating that Title and Abstract cover the most relevant
information about the article subject (See Supplementary Materials
for the detailed result).

Note that the MiF score of Entire Article was only 0.6091, much
lower than the corresponding result of Title and Abstract. This likely
because the full text of the article is too lengthy to generate a good
representation and because it would contain more noise.
Furthermore, a lengthy representation would take more training
time. In summary, the naive approach to using full text does not
work.

4.5.2 The method was the second most informative section

Figure 3 shows the performance result obtained by removing the evi-
dence from one of the five sections (except Title and Abstract) to ex-
plore the contribution of each section in terms of the performance

Table 2. Performance comparison of MeSHRanker and MeSHNumber with different types of evidence incrementally added

Method MiP MiR MiF EBP EBR EBF MaP MaR MaF
MeSHRankeryjesHr abeler 0.6098 0.6261 0.6179 0.6119 0.6409 0.6118 0.4832 0.4560 0.4692
MeSHRankerpeepmest 0.6287 0.6454 0.6369 0.6310 0.6614 0.6310 0.5337 0.5373 0.5355
+PMall sections 0.6344 0.6513 0.6427 0.6365 0.6673 0.6366 0.5443 0.5400 0.5471
+KNNSsall sections 0.6362 0.6532 0.6446 0.6387 0.6697 0.6389 0.5476 0.5526 0.5500
+SVMSail sections 0.6437 0.6609 0.6522 0.6461 0.6775 0.6463 0.5544 0.5608 0.5576
+AttentionCNN Ajj sections 0.6485 0.6658 0.6570 0.6511 0.6826 0.6513 0.5598 0.5707 0.5652
+MeSHNumberpeepnmest 0.6992 0.6312 0.6634 0.6985 0.6476 0.6585 0.5744 0.5385 0.5559
-+MeSHNumberg,ivesH 0.7021 0.6366 0.6677 0.7017 0.6522 0.6630 0.5761 0.5432 0.5592
Note: The best results are highlighted in bold.
Table 3. Overall results of FullMeSH
Method MiP MiR MiF EBP EBR EBF MAP MAR MAF
MeSHLabeler 0.6636 0.5946 0.6273 0.6624 0.6096 0.6214 0.4935 0.4420 0.4663
(1.44e-70) (1.82e-72) (7.69e-76) (1.39e-66) (1.72e-71) (2.64e-73) (2.15e-75) (2.12e-83) (2.65e-82)
DeepMeSH 0.6808 0.6142 0.6458 0.6793 0.6302 0.6407 0.5484 0.5171 0.5323
(1.58e-66) (4.67e=75) (2.25e-74) (4.80e-65) (3.59¢-73) (8.94e-72) (4.44e-59) (8.42e—66) (1.01e—64)
FullMeSH 0.7021 0.6363 0.6676 0.7017 0.6521 0.6629 0.5739 0.5456 0.5594

Note: The best results are highlighted in bold.
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Fig. 3. Performance comparison among different sections (except Title and Abstract
Sections)

improvement. Note that the baseline is DeepMeSH which uses the
information from Title and Abstract only. Figure 3a shows that the
removal of Method (shown by blue) reduced MiF most, implying
that Method plays an important factor for FullMeSH, while remov-
ing other sections from our model results in only a slight difference.

Figure 3b shows the performance obtained by adding the evi-
dence (scores) generated from each section to our model individual-
ly. We can see that Method (shown in blue) achieved the best
performance, implying that Method is the most important once
again. However, this figure shows that every section contributed to
some improved score of MiF, implying that every section is useful.
Another finding is that our final model of FullMeSH with the infor-
mation from all sections performed best.

4.5.3 AttentionCNN performed well on infrequent MHs

We first used Title and Abstract only to evaluate the performance of
different models of FullMeSH in terms of MiF. The results show
that AttentionCNN achieved MiF of 0.6015, which is slightly worse
than SVMDZVfTFIDF of 0.6238 but much better than KNNDZVfTFIDF
of 0.4815.

We examined the performance of AttentionCNN for MHs with
different frequencies [frequency means the number of occurrences of
MHs in the training corpus of abstracts (1 380 968 articles)].

We divided MHs into five groups: [0, 100), [100, 500), [500,
1000), [1000, 5000) and [5000, 1 380 968], where [0, 100) means
that the number of occurrences of MHs in this group is between 0
and 100. Figure 4a shows the distributions of MHs and indexing in
the training corpus. It is clear that the number of occurrences of
MHs follows a long-tail distribution. That is, only 1% of all MHs
which have more than 5000 occurrences contribute to more than
40% of indexing.

We then compared the performance of AttentionCNN with
SVM (of using D2V-TFIDF: SVMpa,v.rrpr) and KNN (of using
D2V-TFIDF: KNNp,y.trpr) in each group of different frequency.
Figure 4b shows the result of Average F1-score for the three compet-
ing methods. Interestingly, this figure clearly shows that
AttentionCNN outperformed SVMp,v._tepr and KNNp,v.rrpr for
the group of infrequent MHs (frequency j 100). This result indicates
that the attention mechanism based on prior label information
works well for infrequent MHs. Another interesting finding is that
although SVMp,v.trpr outperformed AttentionCNN for the group
with frequent MHs (frequence > 100), the difference is not necessar-
ily increasing clearly. In particular, for the top 4 most frequent MHs
(Human, Male, Female, Animals), which appear more than 200 000
times in the training set, AttentionCNN outperformed SVM in all
four MHs. This result highlights the advantage of deep learning-
based methods, which is useful also for large training data. Also this
result indicates the performance of AttenionCNN could be further
improved as the data size of full text is increased.

4.5.4 Performance comparison over different frequencies in MeSHs
and instances

Figure 5a shows the average F1-score of each of the three competing
methods, according to the groups separated by the frequency of
MHs. Moreover, Figure 5b shows the percentage of best performed
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Fig. 5. Performance comparison from the viewpoints of MHs and articles

MHs (removing ties) in each group by each method. These two fig-
ures show that FullMeSH outperformed DeepMeSH and
MeSHLabeler in every MH group, meaning that the information
from full-text is useful for indexing most of the MHs, regardless of
the frequency of MHs.

Furthermore, we compared the performance with respect to
instances (articles). Figure Sc shows the average EBF improvement
of FullMeSH over DeepMeSH. As the EBF of DeepMeSH was
smaller, FullMeSH showed more improvement. Even for the
already-well predicted instances by DeepMeSH, FullMeSH could
also improve the prediction slightly.

4.5.5 Performance comparison against check tags

We computed the Fl-score of FullMeSH and DeepMeSH for all
Check Tags which occur more than 50 times in our test set. We also
computed that of SVMp,v.trpr for each of the five sections (pro-
vided in the Supplementary Materials). Out of 20 Check Tags,
FullMeSH achieved the highest F1-scores in all cases, with an aver-
age score of 0.7791. This is 4.7% higher than that of DeepMeSH
(0.7444). Due to the space limitation, we showed the top five Check
Tags here and the complete and detailed result is given in the
Supplementary Material.

Table 4 shows the results for five Check Tags, where FullMeSH
outperformed significantly all other methods in all five Check Tags.
Not only the performance but also the difference of the performance
is high, implying the statistical significance in the performance
advantage.

4.6 Computational efficiency
For training all classifiers and the LTR model, we used a cluster
server with six nodes. Each node was equipped with two Intel
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Table 4. Performance (F1-score) comparison over top five Check Tags.
Asterisk denotes the highest F1-score by each section using SVM

Method SVMrga  SVMMethoda ~ DeepMeSH  FullMeSH
Humans 0.9319 0.9332* 0.9448 0.9581
Male 0.8270 0.8408* 0.8453 0.8833
Female 0.8411 0.8571* 0.8630 0.8938
Animals 0.8855 0.8980* 0.9159 0.9431
Middle aged 0.7852* 0.7827 0.8035 0.8259
Average 0.8541 0.8624* 0.8745 0.9008

Note: The best results are highlighted in bold.
* denotes the highest F1-score by each section using SVM.

XEON ES$5-4650 2.7GHz CPUs and 128 GB RAM. Learning all
binary classifiers for MHs and FullMeSH took around S5 days.
Moreover, we trained our AttentionCNN using 3 Nvidia
Gerforce GTX 1080Ti GPU, spending about 10 h for each section. In
contrast, both MeSHLabeler and DeepMeSH were trained with a ser-
ver with four Intel XEON ES5-4650 2.7 GHz CPUs and 128 GB RAM,
which took around 5 and 7days, respectively. We can see that
FullMeSH needs much more computational resource to deal with
full text. Note that the computational cost of FullMeSH can be signifi-
cantly reduced if we focus on important sections, such as Abstract
Section and Section 3.

5 Discussion

Automatic MeSH indexing is becoming increasingly important.
Most of the existing approaches, including the state-of-the-art
DeepMeSH, have used only the titles and abstracts of articles. In
reality, manual indexing is, however, done by reading the full text of
articles. This is because the full text of the article is too lengthy to
generate a good representation and it would contain more noise. In
particular, FullMeSH achieved 3.3% improvement over DeepMeSH
in MiF using all data of PMC Open Access Subset data.
Experimental results demonstrated that the use of information from
full text is useful in every step by (i) increasing the coverage of a can-
didate list, which pushes the performance upper-bound; (ii) greatly
improving the ranking performance of MeSHRanker by using infor-
mation of each section and also a cutting-edge deep learning tech-
nique and (iii) improving MeSHNumber in predicting the number of
MHs as output.

The superiority of FullMeSH also results from the learning-to-
rank framework, which can efficiently and effectively integrate mul-
tiple types of data sources (such as various sections), models (such as
KNN, SVM, pattern matching and AttentionCNN) and representa-
tions (such as TFIDF, D2V and W2V), for better performance. The
diverse evidence generated from these data sources, models and rep-
resentations is complementary to each other, and thus crucial to the
good performance of FullMeSH (Table 2). An interesting future
work would be estimating the upper limit of the accuracy by auto-
matic MeSH indexing.
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