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ABSTRACT
Although numerous applications that have been developed during
the last years produce vast amounts of data, the inability to ob-
tain their ground truth target values has triggered the appearance
of several new machine learning (ML) variants that tackle such
phenomena. The main reasons why this happens are the evolution-
ary nature that characterizes the majority of real-world problems,
highly hindering the conventional approaches to be applied be-
cause of incompatibility, as well as the noisy sources of data or
even the shortage of available training data to produce robust pre-
dictive models. The objective of this work is to provide a new ML
approach in the field of zero-shot classification, focused on clas-
sifying abstracts that come from PubMed, a well-known resource
of publications from the biomedical field. The proposed approach
differs in that it uses bioBERT embeddings for transforming the
textual data into a new semantic space exploiting them on sentence-
level, instead of adopting the usual 𝑛-grams solution. Moreover,
its asset of constructing a learning model without demanding any
collected training data leads to an instance-based approach, while
at the same time, it can be used as an internal mechanism for assign-
ing labels to collected unlabeled training data, creating appropriate
weakly supervised learning batch-based variants. Our evaluations
over 3 different MeSH terms highlights the usefulness of these ap-
proaches against a state-of-the-art approach and a well-defined
baseline, respectively.
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•Applied computing→Bioinformatics; •Computingmethod-
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1 INTRODUCTION
Although procedures of obtaining data from several kinds of sources
in the field of Machine Learning (ML) have been highly automated,
offering an abundance of data, the needs that arise during the learn-
ing stages of more complex ecosystems have not been completely
covered. Assigning the actual label value of the target variable re-
mains a difficult task in numerous domains, demanding human
supervision, which apart from time delays may lead to great eco-
nomic expenses, since either the amount of data could be too large,
or only expert annotators should constitute trustworthy sources
of information [8, 38]. More importantly, some outputs of the tack-
led problem may not have previously been observed, leading to
ill-defined behaviors when trying to face them with the typical
scenario of supervised learning. These situations call for weakly
supervised learning (WSL) [40], as well as dataless or zero-shot
learning (ZSL) [6] approaches. Such approaches have been consid-
ered recently as some of the most interesting topics of study by the
community of ML, since they are closely related to phenomena that
occur during real-world applications [33].

The use of ML techniques for analyzing textual data has already
been addressed in the last decades through several publications. As
part of them, the aforementioned concepts have been employed
to address problems that are characterized by inaccurate training
data or a shortage of some class labels, respectively. Some sem-
inal approaches were based on the concept of semi-supervised
Learning (SSL), trying to assign pseudo-labels to the collected un-
labeled examples, mainly through the predictions of probabilistic
base classifiers [39]. However, less implications occur during SSL
techniques, where a few labeled data are initially provided before
applying incremental stages which augment their cardinality based
on the decisions of a base learner or the convergence of a learning
mechanism [10, 15]. Seed words have been used in [20] under an
SSL approach, managing to bridge the gap between these kinds of
approaches and dataless ones.

Our goal in this work is to exploit bioBERT embeddings [17],
a BERT representation that is specifically tuned towards creating
a favorable representation in the field of biomedical text mining,
for dealing with the multi-label classification (MLC) of PubMed1
abstracts with MeSH2 terms. Our proposed approaches operate
without being based on 𝑛-grams, whose meaning may be heav-
ily affected inside an abstract, but compute similarities that con-
cern whole sentences, assuming that operating as standalone seg-
ments could enrich the decisions’ quality by capturing the general
scope per instance. Because of the underlying dynamic evolution
of biomedical knowledge, several parts of MeSH are re-structured,
1https://www.ncbi.nlm.nih.gov/pubmed/
2https://www.ncbi.nlm.nih.gov/mesh

https://doi.org/10.1145/3411408.3411414
https://doi.org/10.1145/3411408.3411414
https://doi.org/10.1145/3411408.3411414
https://www.ncbi.nlm.nih.gov/pubmed/
https://www.ncbi.nlm.nih.gov/mesh


SETN 2020, September 2–4, 2020, Athens, Greece Nikolaos Mylonas, Stamatis Karlos, and Grigorios Tsoumakas

gaining more or less importance, or even brand new entities are in-
serted into the total structure, introducing new labels for PubMed’s
existing articles. Therefore, a mechanism for distinguishing with
high accuracy examples that are suitable for those labels is highly
needed, since we deal with a real-world application that consti-
tutes an open issue, and that is one of the main motivations behind
our work. From our research we have found several possible ways
for new labels to be introduced in the PubMed database from the
changes occurring in MeSH (see Section 2).

Furthermore, in contrast with other approaches that are either
based onword-level statistics [2], which demandmuchmore compu-
tational resources, or which adopt Deep Neural Networks (DNNs),
whose tuning of parameters is usually a difficult and time expensive
procedure [22, 23], our proposed methods avoid such overheads.
As it has already been mentioned, we exploit the semantic rela-
tions of embeddings on sentence-level, while, the core of our ZSL
model depends only on one parameter: the threshold of similarity
between each sentence and the query label (th). As it concerns
the introduction of the WSL variant, we actually exploit the pro-
posed ZSL mechanism for acquiring suitable weak labels on the
collected training instances, assigning the most prevalent of the
unseen labels. Then, we fit a typical ML algorithm during the pre-
diction stage on the unknown data. Thus, we investigate further
the chances of boosting the classification performance, adopting
a batch-based learning scheme without tuning the parameters of
the ML classifier, since this task remains out of our interest here.
Our results over 3 separate MeSH terms which are characterized
by different properties, show the efficacy of the proposed methods
against a state-of-the-art approach that works at the word-level
[30], as well as a simplified baseline approach that depends on the
label’s occurrence into the training data for producing its weak
label in the case of WSL.

In summary, the main novel contributions of this work are the
following:
• This is the first work to bring up a real-world ZSL use case
and associated data: that of the evolvingMeSH ontology. Past
work has focused on simulated data and abstract use cases
(news classification, intent recognition of bank consumers).
• This is the first work to examine the utility of contextual
word embeddings in ZSL and WSL settings.

The rest of this paper is structured as follows: in Section 2, a
brief description of the MeSH structure is provided, facilitating the
reader to understand better this specific kind of problem. In Section
3, some related works are discussed further, while the proposed
approaches follow in the next Section. Section 5 consists of the
description of the constructed datasets, regarding their formulation
and the manner that they were mined, as well as the achieved
learning behavior against a state-of-the-art approach and a baseline
method. Finally, we draw the most important conclusions in Section
6 and provide some future work.

2 MESH EVOLUTION AND GROUND TRUTH
Medical Subject Headings is a hierarchically structured controlled
vocabulary created by the National Library of Medicine (NLM)3 of

3https://www.nlm.nih.gov/

the United States. MeSH entries are organized in a tree-like struc-
ture and are divided into three main categories: descriptors also
known as main headings, qualifiers, commonly called subheadings,
and supplementary records, which are used for indexing drugs and
substances. MeSH descriptors have one or more sets of synony-
mous terms associated with them, which are considered equivalent
for semantic search and indexing. These sets of terms are called
concepts. One of these concepts of each descriptor is called the pre-
ferred concept, and usually has the same name as the descriptor,
while the rest can be narrower, broader, or simply related to the
preferred concept.

Mainly, MeSH is used for indexing and searching biomedical
information, while PubMed uses it to facilitate the semantic search
of relevant articles. Numerous new articles appear every day in
PubMed and as a result manually annotating them can be a very
time consuming and expensive task. For this reason, we need tools
that automate this indexing procedure. The importance of this at-
tempt could be understood better considering that over the years
several researchers have come up with techniques that aim to au-
tomate the indexing of biomedical articles with relevant MeSH
descriptors [1, 14, 27].

The vocabulary of MeSH is constantly evolving. Each year var-
ious changes take place to bring the vocabulary up to date with
new biomedical knowledge. This work focuses on the changes that
introduce new descriptors to MeSH, since these changes may lead
to a ZSL situation for developers of supervised MeSH indexing
models.

We stress may, as the additions of new descriptors can come
along with existing ground truth data in the following cases:
• A supplementary record gets promoted to a descriptor. As
PubMed articles are indexed with supplementary records, ex-
isting ground truth annotations at the supplementary record
level are automatically moved at the descriptor level. For
example supplementary record RNA,circular became a main
heading in the 2019 version of MeSH.
• An existing descriptor and qualifier combination known as
entry combination is replaced by a new single descriptor.
Existing annotations of PubMed articles with this combi-
nation are automatically moved to the new descriptor. An
example of this kind of change is the entry combination
Cornea/Injuries being replaced by the new descriptor Corneal
Injuries during the MeSH 2015 revision.
• Adescriptor being replaced by two new descriptors. This usu-
ally happens when the replaced descriptor has ambiguous
meaning and gets split into two different ones with simi-
lar but not identical meanings. In this case, NLM manually
adjusts existing ground truth annotations. One example of
this change is the splitting of descriptor Gizzard into Giz-
zard, Avian and Gizzard, Non-Avian in the 2017 version of
MeSH.

Unfortunately, in several other cases, new descriptors cannot
automatically be associated with past annotations:
• One of the entry terms of a concept of an existing descriptor
gets promoted to a descriptor. In this case, existing annota-
tions are at the level of the existing descriptor and it is not
straightforward to know which of these annotations hold

https://www.nlm.nih.gov/
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for the promoted term. One such example is the term Brain
Injuries,Traumatic who got promoted from being an entry
term of Brain Injuries to a descriptor in MeSH 2017.
• A brand new descriptor gets introduced. In this case, no
past ground truth annotations exist. The descriptors Biomin-
eralization,Chlorophyceae, and Cytoglobin we use for our
experiments in Section 5 are examples of such changes.

The new descriptors that get introduced may have one or more
old descriptors in the previous indexing field in their record, meaning
that articles indexed with that old descriptor(s) in the past, may
be related to the new descriptor. The descriptor(s) mentioned in
previous indexing can be related to the new one e.g. with a parent-
child relation, or simply have a meaning similar or broader to the
new descriptor. Previous indexing descriptors, when present, can
help us find possible ground truth examples for new descriptors.

We can see that since there are different types of changes hap-
pening in MeSH each year, we have to deal with different ways for
a new label to be introduced in the PubMed database. As a result
we need some techniques that could take into account these kinds
of evolutionary changes, dealing with one or more of them at the
same time.

3 RELATEDWORK
In this Section we briefly summarize research on topics related to
ours, having separated them into 3 distinct categories: ZSL, Data-
less Classification Protocol, and Emerging labels, although their
differences may be subtle.

3.1 Zero-Shot Learning
This kind of learning constitutes a variant of multi-class classifi-
cation problem, where no training data is available for some of
the classes. A zero-shot classifier must be able to correctly classify
instances of a given never before seen class and this is usually done
by using some kind of description for the unseen class.

An example of zero-shot Learning for image classification is that
by [31]. In their research they map the images of the training set
into a 50-dimensional semantic word space along with labels in
order to capture semantic relationships between them. This is done
by computing the distance between their respective representation
vectors in that space. Whenever a new test example arrives they
use outlier detection to determine the probability of this example
belonging to an unseen class.

As far as Zero-Shot Multi-Label Learning is concerned [35] pro-
posed a method for correctly classifying instances of unseen classes
in the Multi-Label image classification domain. Their approach
projects the instances from the visual feature space and the classes
from the word embedding space into a low-dimensional semantic
space. With this they aim to exploit the similarity matching score
between an instance and its positive labels as well as information
about relations between labels.

A simple similarity-based approach for multi-label zero-shot
text classification was proposed in [30]. For each unseen label, it
computes the semantic similarity between the label and the docu-
ment, and outputs a positive prediction if this similarity is larger
than a threshold parameter 𝑡 . In particular, it computes the cosine
similarity between the word2vec embedding of the label (sum of

embeddings if more than one word) and the word2vec embeddings
of all 𝑛-grams (sum of embeddings when 𝑛 > 1) of the document
for 1 ≤ 𝑛 ≤ 𝑐max, where 𝑐max is a second parameter of the method.
For the seen labels, the binary relevance approach is used.

If there is some kind of structured relation between the labels (for
example if the labels are part of a graph like the labels in MeSH) a
technique from [29] can be used for zero-shot classification. In their
research they use Convolutional Neural Networks (CNN) with label-
wise attention to obtain document feature vectors for each example.
The output layer of their CNN tries to match each document with
its corresponding label vectors using the label relations for those
labels that are not present in the training set.

3.2 Dataless Classification Protocol
Humans unlike machines don’t need labeled data in order to cor-
rectly classify examples. That is because humans can capture the
semantic information from the examples and the labels. Dataless
classification is a technique based on the concept of learning the
semantic relationships between the features and the labels, mak-
ing it possible to correctly classify instances without the need of
training data.

An algorithm called Seed-guided Topic Model (STM) from [18]
is an example of the above technique. Given a collection of unla-
beled documents and a few seed words for each category (label)
it is able to classify documents based on topic influence. It does
that by splitting topics in two sets category-topics and general-
topics. Category-topics are associated with one category each and
represent the meaning of that category while general-topics cover
the general semantics of the documents. The prediction is made
by selecting the category-topic with the highest probability based
on the distribution of topics in each document. STM assumes that
each document is associated with only one category so it’s used for
multi-class single-label classification (SLC).

As we stated before semantic relationships between documents
and labels are really important for Dataless classification, this can
be seen in the work from [6]. In their paper they research how
different vector representations of text data help with the above
problem. Specifically, they use the Nearest Neighbors (NN) algo-
rithm for on the fly classification in conjunction with two different
representations for the documents and labels, Bag of Words (BOW)
which represents the text as a vector in the space of words and
Explicit Semantic Analysis (ESA) which represents the text as a
vector in the space of concepts. The results of their research show
that using the ESA representation gives better scores overall be-
cause it is able to catch the semantic relationships between the
words. They also tested an extension of their approach with the
use of unlabeled data achieving results comparable to those of fully
supervised algorithms.

An extension of the Latent Dirichlet Allocation (LDA) commonly
used in Natural Language Processing (NLP) called Descriptive LDA
(DescLDA) from [7] can be used for Dataless Text Classification.
Their technique uses a describing device to infer priors from cate-
gory descriptions, and then use these priors in the standard LDA
algorithm. The describing device used to obtain those priors is also
an LDA model. The goal of this approach is to drive the LDA model
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to induce category aware topics thus decreasing classification er-
ror. The results of this research are comparable to those of fully
supervised algorithms.

A technique for dealing with datasets where there are no labeled
data was proposed by [21]. In their research they tried a novel
approach of labeling words instead of labeling entire documents.
Specifically they find the words with the most information gain
from clusters of unlabeled documents and rank them based on that
criterion. Then, they ask human experts to label these words with
the class that seems more representative. Using these labeled words
they build an initial dataset from the unlabeled documents which
is then used to train a Naive-Bayes based classifier. This technique,
unlike most Dataless classification approaches, requires knowledge
injection by human experts in order to label a few words, operating
under an Active Learning fashion, violating thus the initially strict
Dataless Protocol.

3.3 Emerging labels
Two relevant works are recorded in this category. The first regards
MUENL [41], an approach which deals with a similar problem to
ours. They propose an algorithm for dealing with emerging new
labels in the multi-label data-stream setting. This algorithm has
three key components (i) a multi-label classifier for the known
labels, (ii) a detector for the new labels and (iii) a procedure to update
the previous two components. The detector in this case, similarly
to [31], considers the new labels as outliers, and the algorithm
proposed for the detection is called MuENLForest. Each tree in
the forest has a ball constructed around its leaf nodes. This ball is
constructed during training based on the data that fall on that leaf.
If during testing a new instance falls outside of that ball then it
is predicted to have a new label. For the final prediction, majority
voting is used. The results of this approach seem very promising
and it is worth looking into further. The Second is the approach of Y.
Zhu et al. [37] which was recently demonstrated has been actually
inspired by the previous work. A Gaussian distribution was used
for detecting instances that could be theorized that belong to a new
class, whose features are first exported by a sparse Auto-Encoder
algorithm. The main defect of their approach is the fact that only
one new label is considered each time, but its innovation could be
really helpful as a method of detection.

4 PROPOSED METHODS
In order to deal with the constantly evolving MeSH data as well
as the new labels added each year, we propose two methods: an
instance-based that needs no training stage covering the more
complex case of online learning [25, 32], thus eliminating the time-
consuming task of finding ground truth data for these new labels,
and a batch-based framework that applies the same mechanism
over the collected training data for obtaining class predictions and
assigning the most confident label, before providing them to the
selected base classifier. We use the term framework, because the
manipulation of the training data remains on our choice, thus we
have applied two different approaches: i) use of the tf-idf model, ii)
use of bioBERT embeddings. The instance-based method is called

ZSLbioSentMax, and is actually based on the fact that the embed-
dings of abstracts related to a specific label will have a high similar-
ity matching relationship with the embedding of the later. For that
reason, we use the well-known metric of Cosine Similarity as it is
defined in Eq. (1) in order to calculate the similarity scores between
labels and the sentences per instance’s abstract, assuming that each
instance is expressed as 𝑥𝑖 = {𝑠𝑒𝑛𝑡1, 𝑠𝑒𝑛𝑡2, ..., 𝑠𝑒𝑛𝑡 r}, 0 ≤ 𝑖 ≤ 𝑛test,
where the ntest denotes the number of test instances. The final sim-
ilarity matching score is the maximum one from the similarities
of each sentence. If that score is higher than a pre-defined thresh-
old (th) for a label-abstract pair then the abstract is considered as
relevant to that label.

𝐶𝑜𝑠𝑖𝑛𝑒 𝑆𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 (𝐴, 𝐵) = 𝐴 ∗ 𝐵
| |𝐴| | ∗ | |𝐵 | | (1)

The use of embeddings under the scenario of ZSL for predicting
never-before-seen labels is a typical approach. The main difference
of our proposed method is the treatment of each abstract as a bag of
sentences, calculating the similarity between the label embeddings
and each one of these entities. The final similarity per instance is the
maximum score among the computed. The embeddings for the ab-
stracts and labels are obtained using the BioBert pre-trained model
[17] which is a biomedical language representation model fine-
tuned using data from the PubMed database. The main idea behind
our method is that if an abstract is indeed related to a query label,
then we can find at least a sentence in it that is semantically close to
that label. We decided to use the maximum similarity between the
sentences and the query label to trigger our labeling stage, instead
of a more common measure like the average of all the r similarity
scores per instance. In that scenario, the chance of miss-labeling an
instance xi increases, because the average similarity gets lowered
by one or more completely unrelated sentences. For the sake of
completeness, we present visually through favorable density plots
the distinguishing ability that is acquired through the strategy of
keeping the maximum similarity score per instance (abstract), in-
stead of keeping all of them in case of BiomineralizationMeSH term
(Figure 1). This is one of the three MeSH terms that are described
better into the next Section, while the rest cases are also included
in our repository. In Algorithm 1 we present ZSLbioSentMax in a
proper pseudo-code format as it acts per test instance.

The previous method completely bypasses the time consuming
and difficult task of training a classifier in order to obtain suitable
decisions per test instance. Instead, it executes an on-the-fly classi-
fication of any provided text segment that consists of at least one
sentence. As a result, ZSLbioSentMax can be quite time efficient
making it suitable for problems where the amount of data is large
and manually annotating them can result in major time loss. It also
depends only on the choice of the th variable.

As far as the WSL framework is concerned, we propose the use
of the same procedure with the presented one, to obtain weakly
labeled examples yweakly for the unseen labels, this time into the
collected training set. Assuming that its decisions are trustworthy,
we proceed towards training a typical ML classifier through them,
after having transformed the raw data from their textual-structure
into any selected representation, and finally produce the necessary
predictions for the corresponding query labels into new unknown
instances. Therefore, a variant of Support Vector Machines (SVMs)
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Figure 1: Density plots of similarity scores in case of
Biomineralization. (Upper) Themaximum sentence similar-
ity value per instance. (Lower) All the sentences’s similari-
ties per instance.

Algorithm 1: ZSLbioSentMax
Input:

xtest: Text instance,
L: query label
th: threshold (0,1)

Main Body
Split xtest to sentences: 𝑥 test = {𝑠𝑒𝑛𝑡1, 𝑠𝑒𝑛𝑡2, ..., 𝑠𝑒𝑛𝑡 r}
label_embed← 𝑏𝑖𝑜𝐵𝑒𝑟𝑡 (𝐿)
𝑚𝑎𝑥 ← 0
𝑗 ← 0
while 𝑗 ≤ 𝑟 do

𝑠𝑒𝑛_𝑒𝑚𝑏𝑒𝑑 ← 𝑏𝑖𝑜𝐵𝑒𝑟𝑡 (𝑥 test ( 𝑗))
𝑠𝑖𝑚 ← 𝑐𝑜𝑠𝑖𝑛𝑒_𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 (𝑙𝑎𝑏𝑒𝑙_𝑒𝑚𝑏𝑒𝑑, 𝑠𝑒𝑛_𝑒𝑚𝑏𝑒𝑑)
if 𝑠𝑖𝑚 ≥ 𝑚𝑎𝑥 then

𝑚𝑎𝑥 ← 𝑠𝑖𝑚

end
𝑗 ← 𝑗 + 1

end
Output:

if (max > th) then export 1, otherwise 0

algorithm that exploits linear kernel has been combined with the
proposed WSL algorithm, hoping to obtain accurate predictions
without consumingmany computational resources and based on the
wide applicability that SVMs have presented. In general, this classi-
fier is a popular algorithm of parametric discriminant approaches
that optimizes its assigned loss function trying to separate the in-
stances from binary problems into a new projected space that is
formatted based on the original feature space [5]. Its successful be-
havior over several ML problems, especially text-classification ones,
enforces its application here as a trustworthy enough algorithm
[3, 28].

This approach even though it requires training, acting as a batch-
based approach, thus making on-the-fly classification impossible,
could provide robust predictions over detecting those unseen labels
in several cases making it more suitable for occasions when time
expenditure is not the main concern but the quality of predictions
actually is. Its interaction also with the final transformation mode
of the textual data might highlight some valuable insights about
the compatibility of each such mode per occasion. In contrast with
the instance-based approach, here, each selected classifier inserts
its own hyper-parameters that need to be tuned, apart from the
similarity threshold which is necessary into ZSLbioSentMax. The
choice of these additional parameters as well as their fine-tuning is
an optimization problem separate from ours, so we will not provide
further details about this stage here. Adoption of suitable tuning
stages could be examined as a future direction [16]. Algorithm 2
describes the above approach in pseudo-code format exploiting
internally the Algorithm 1 for acquiring the labels of the training
data.

Algorithm 2:WSLbioSentMax(transform_mode)
Input:

Xtrain: Text Database of ntrain instances,
L: query label
th: threshold (0,1)
transform_mode: Representation Model
Base_Learner: Linear_SVM

Main Body
𝑗 ← 0
𝑦weakly ← 𝑧𝑒𝑟𝑜𝑠 (𝑛train)
while 𝑗 ≤ 𝑛train do

𝑦weakly ( 𝑗) ← ZSLbioSentMax(Xtrain(j) L, th)
𝑗 ← 𝑗 + 1

end
Transform Xtrain based on transform_mode
Fit Base_Learner(𝑋 train, 𝑦weakly)
Output:
For any provided test instance, export decisions of trained
Base_Learner.

5 EXPERIMENTS AND RESULTS
In this Section, we first provide a more detailed description of our
data and then describe the executed experiments, to support the
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posed assumptions about the efficacy of retrieving valuable informa-
tion through the embeddings applied on sentence-level. Appropri-
ate comments follow later, we also highlight two specific examples
where the sentence-based and word-based ZSL approaches differ
on their decisions, trying to understand how they are led towards
them. It is worth mentioning that since ZSLbioSentMax deals with
each label separately, this flexibility enables its application over
both SLC and MLC problems adding another advantage to it. Here,
we have applied the first mode, but assuming that the existence of
each label is an independent binary problem, the application of our
methods can easily be generalized into the second mode also.

5.1 Dataset Description
Our source of data coincides with those provided by the BioASQ4

challenge page, facilitating the reproducibility of the experiments,
and at the same time contributing to tasks that are under research
from the corresponding scientific community. The training data
refer to abstracts that have been recorded until 2018, while the test
data come solely from 2019. Since the goal of our research was to
predict emerging new labels, we tried to emulate this by training
on older examples than those we are trying to predict.

We focus on three descriptors that were added in the 2019 ver-
sion of MeSH: Biomineralization, Cytoglobin and Chlorophyceae.
The first two had a MeSH term as previous indexing, meaning
that we can narrow our search for train data on those, while the
third one did not. For the third one, due to the absence of previous
indexing we tried to find suitable training data by exploiting its
relations in the MeSH tree-like architecture. Specifically, we found
training data indexed with the MeSH term that is its parent node
and used them as a base to find some related examples for it. The
above method results in weaker training examples than the former,
and as such, lower classification scores are expected. For Biominer-
alization that term was Minerals, for Cytoglobin it was Globins and
for Chlorophyceae who has no previous indexing we used the term
Chlorophyta which is actually its parent node. Figure 2 presents the
frequency of the above terms in the MeSH-2018 dataset per year.
When the number of appearances is positive but very small to be
legible as bar height, we write it as a number with the color of the
corresponding MeSH term according to the corresponding legend.
We initially tried to find 1000 of those examples when possible, as
was the case with Biomineralization and Chlorophyceae, while this
number was restricted to its half in case of Cytoglobin due to its
more scarce appearance.

Regarding the test set of both ZSL and WSL experiments, we
joined some negative instances per MeSH term mining them from
other unrelated labels randomly in order to reach a ratio equal to
1:3 into them. This means that per each positive instance, three
new negative instances have been selected additionally. However,
due to some technical issues that emerged when trying to compute
the corresponding embeddings (e.g. phrases that contain many
consecutive special characters), we finally rejected a small portion
of the candidate negative instances per MeSH term, biasing slightly
the desired positive:negative ratio.

As it concerns the latter format of experiments, we constructed
two different training sets per label, discriminating them based on

4http://bioasq.org/

Figure 2: Frequency of the examined MeSH terms per year
in MeSH-2018 dataset

Table 1: Size of examined Datasets

Label training set test set
ratio 1:1 ratio 1:3 pos. neg.

Biomineralization 2000 4000 86 252
Chlorophyceae 2000 4000 93 273
Cytoglobin 1000 2000 55 164

Table 2: Data Dimensions for each examined dataset

Label tfidf bioBert
ratio 1:1 ratio 1:3 ratio 1:1 ratio 1:3

Biomineralization 26930 40271 768 768
Chlorophyceae 26692 40207 768 768
Cytoglobin 16744 26138 768 768

the cardinality of the instances that regard each specific query label
and the corresponding quantity of the non-related. The selected
ratios are 1:1 and 1:3, while the test data remain the same. The
formulation of each case is presented in Table 1, where the column
names of "actual" and "others", correspond to positive and negative
instances, respectively, while Table 2 includes the corresponding in-
formation about the transformed datasets for the WSL experiments
regarding the training set.

5.2 Experiment Setup
In this paragraph we describe the rest of the algorithms that have
been implemented in order to perform our comparisons, as well as
provide the appropriate information on our proposed approaches.
First of all, in order to verify the efficacy of the ZSLbioSentMax
approach, we implemented the algorithm in [30], which is referred
to as Label Word Similarity (LWS). It is mainly based on the ap-
plication of a series of sliding windows on words-level and the
computation of the underlying similarities with each demanded
query label. Therefore, its operation depends on two parameters:
a threshold value, similar to our ZSL approach, and the definition
of the windows’ lengths (𝑐𝑚𝑎𝑥 ). The latter one was set equal to 3,
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scanning for all possible unigrams, bigrams, and trigrams inside
any asked abstract before it exports its decision, as was proposed
in the original work. The final decision is of course related to the
overpass of the corresponding threshold value.

Intending to conduct amore fair comparison, we applied bioBERT
embeddings instead of Word2Vec. Otherwise, there would be no
consistency between the default LWS approach and the context of
the Pubmed segments. Furthermore, in maintaining the fairness
of our experiments, we tuned the th value over both the proposed
method and the LWS, making a grid search over the total range of
threshold values, since there is still not any mechanism embedded
into none of these approaches so as to adaptively select the most
suitable threshold value. The criterion for implementing our model
selection choice based on the most proper th value is depicted in
Equation 2, as follows:

𝑀𝑜𝑑𝑒𝑙 𝑆𝑒𝑙𝑒𝑐𝑡𝑖𝑜𝑛 : 𝑡ℎ* = argmax
𝑡ℎ

𝐹 1 (𝑦,𝑦 (𝑡ℎ)) (2)

where y refers to the ground truth vector of the test data, while
𝑦 (𝑡ℎ) denotes the estimated labels on the same subset depending
on the the th parameter. To continue with the experimental proce-
dure, two distinct variants of the proposed WSL framework were
implemented for reaching to safe conclusions about the usefulness
of its internal labeling mechanism when it acts as a mechanism
for acquiring weak labels. Both variants exploit SVMs with linear
kernel over the transformed collected training data. According to
the choice of applied transformation,WSLbioSentMax(bioBERT) and
WSLbioSentMax(tfidf) have been produced, while our selected base-
line approach operates by assigning a true label on train instances
where the query label is present at least once inside their abstract.
This last approach does not differ from other baseline methods
stated at the literature for this kind of problems (label occurrence),
wasting less resources, either computational or human-based, since
this concept is really straightforward, and sets a typical perfor-
mance threshold that should be surpassed by any more sophisti-
cated method.

Our implementation along with the appropriate raw data and the
corresponding results could be found in the next link: https://github.
com/ intelligence-csd-auth-gr/zsl-wsl-sentence-mesh.git. Since we
later report the time response of the examined algorithms, we have
to mention the technical specifications of our computing machine:
64-bit OS (Windows10) embedded with Intel Core i7-9700 (3GHz)
processor and 32GB RAM.

5.3 Results
The produced results between the proposed ZSL approach and
this variant of LWS are presented in Table 3. There, the metrics
of precision (Pr), recall (Re), the binary f1 score related with the
positive labels (𝐹1) and the classification time, measured in seconds,
produced by the best threshold value according to the maximum
𝐹1 metric are placed, respectively. The best performance value per
query label is highlighted in bold format. The results for the range
[0.65, 0.85] with a fixed step equal to 0.01 are included in our repos-
itory, providing a more compact aspect of the total performance
of these approaches. Values outside of that range produced trivial
results. The best specific threshold for each label is also shown in
Table 3. Although this kind of tuning stage cannot be applied in

Table 3: Comparison of Zero-Shot Learning Approaches

Algorithm Pr Re 𝐹1 𝑡ℎ time
Biomineralization

Ours 0.824 0.977 0.894 0.77 168
[30] 0.946 0.814 0.875 0.81 6175

Chlorophyceae
Ours 0.683 0.882 0.77 0.77 183
[30] 0.675 0.785 0.726 0.80 6154

Cytoglobin
Ours 1 0.891 0.942 0.77 114
[30] 0.982 0.982 0.982 0.80 3866

practice, it is interesting that for all the examined MeSH terms the
best threshold values are really close (0.770 for our approach and
around 0.805 for [30]). Table 3 shows that both methods have simi-
lar performance as far as predictive ability goes with our method
being ahead in 6 out of 9 cases.

We also note that our approach is much more time-efficient
than [30]. This is due to the total embedding computations that
are executed per approach. For example, in case of Biomineraliza-
tion as query label, the test data contains 4327 sentences, out of
which 238,542 𝑛-grams are produced for 𝑛 ≤ 3 (or 𝑐𝑚𝑎𝑥 = 3). To
be more precise, during the splitting of abstracts into sentences
we ignored any resulting sentence with up to 10 characters, such
as ’OBJECTIVE:’, ’METHODS:’, ’RESULTS:’, because they typically
carry minimal information. Thus, the final executed computations
for the former case is 3975. Additionally, our method depends only
on the threshold parameter, while the LWS demands the definition
of the maximum window size.

It is also worth noting that our method achieves its peak per-
formance for lower similarity values while LWS for higher ones.
This is due to the fact that whole sentences lead to smoother sim-
ilarities than 𝑛-grams, and as a result, if a sentence has achieved
high similarity with one label, we can be almost certain that they
are related. This property is not present in 𝑛-grams because due to
their smaller size the similarity value may be higher even for two
unrelated words.

Table 4 presents two examples of disagreement between these
two ZSL methods, along with the maximum similarity score they
computed for each one of those two abstracts, depicting the sen-
tence or words, respectively, that were responsible for these values.
Note that positive predictions are obtained when the threshold is
surpassed, otherwise a negative decision is drawn. These examples
highlight the differences that exist between sentence-based and
word-based approaches: our approach, by checkingwhole sentences
instead of smaller 𝑛-grams, is able to better capture the similarity
between label and abstract when the former is not present in the
latter. This can be seen in the first case, where the combination
of words "pancrustaceans", "chitinous exoskeleton" and "cuticular
proteins" is what makes Biomineralization relevant to that abstract.
The smaller 𝑛-grams are not able to completely capture this combi-
nation thus misclassifying that instance. On the other hand, when
the query label is present inside the abstract, the similarity may be
lowered when using sentences due to the presence of many unre-
lated words to the label. In that case, 𝑛-grams are better since they

https://github.com/intelligence-csd-auth-gr/zsl-wsl-sentence-mesh.git
https://github.com/intelligence-csd-auth-gr/zsl-wsl-sentence-mesh.git
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Table 4: Presentation of the maximum similarity scores achieved per online method for two meaningful instances.

Mesh Term Method Prediction - Actual Raw text Similarity
Value

Biomineralization

ZSLbioSentMax Positive - Positive A key feature common to all
pancrustaceans is their chitinous

exoskeleton with a major contribution
by cuticular proteins.

0.771

LWS Negative - Positive

chitin–binding
chitinous exoskeleton

chitinous exoskeleton with

0.769
0.794
0.802

Cytoglobin

ZSLbioSentMax Negative - Positive We demonstrate that p63-iRHOM2
regulates cell survival and response to
oxidative stress via modulation of

SURVIVIN and Cytoglobin respectively.

0.768

LWS Positive - Positive

Cytoglobin
and Cytoglobin

SURVIVIN and Cytoglobin
and Cytoglobin respectively

Cytoglobin respectively. Furthermore

0.869
0.865
0.843
0.810
0.826

only focus on small parts of the abstract eliminating that concern.
This can be seen in the second example, where our method fails
to correctly classify the abstract even though the label exists into
the context. However, this fact could operate inversely in examples
where the query label(s) appear in abstracts for other reasons - such
as a counterexample of a medical description - while the smoother
decision profile and contextual representation of a sentence-based
approach would probably not suffer much on that cases.

The total results regarding the WSL experiments are presented
in Table 5, presenting again the same metrics as in the case of
ZSL, including also the selected baseline apart from our proposed
approaches and examining both train-test spit scenarios: balanced
and non-balanced. In order to facilitate the presentation of Table
5, we mention only the distinct transform_mode that is applied
each time along with the prefix of WSL. We reach to the point
that both of the proposed methods perform much better than the
baseline approach, consuming of course much more computational
resources, a fact that is not as concerning, since the time response
is not the ultimate priority during the off-line methods. A strong
proof of the need of exploiting more sophisticated approaches than
the baseline, is its biased performance in the case of Chlorophyceae,
where it has predicted all the test instances as negative, presenting
tooweak discriminating ability. This is likely due to the fact that this
term is a scientific name for a class of ’green algae’ and therefore is
not always present inside the relevant abstracts.

As far as the proposed methods are concerned, they do not seem
to deteriorate much when more negative training instances are
provided, distorting the ideal balanced scenario, as this behavior
holds on the 3 out of 6 cases. This reveals a robust behavior, since

the larger the size of the training data, the higher the possibility of
noisy examples to be considered as their annotation is based on its
internal mechanism rather than a laborious process of asking one
or more human oracles. Their prevalence against each other is also
not stable, since the dataset of Biomineralization term has better re-
sults using WSLbioSentMax(bioBert), while WSLbioSentMax(tfidf)
achieved better learning rates over the case of Chlorophyceae, pre-
senting similar time complexity. However, it has to be mentioned
that the dataset related to the Cytoglobin term has not favored the
use of training data, since the performance of the instance-based
ZSLbioSentMax approach recorded the best results. The perfor-
mance of the baseline method in this dataset is also pretty high,
this is possibly because the term appears in almost every abstract
related to the query label, favoring the simple and straightforward
approach of abstract occurrence. However, this scenario is very
rarely met.

5.4 Investigation of threshold tuning
Since the definition of the th parameter constitutes a serious is-
sue for generalizing our approach, especially when more labels
have to be adressed, we discuss briefly some ideas over alleviating
this selection stage. First, we could exploit the seed words (simi-
lar words with each MeSH term) or the corresponding description
phrase that are provided by PubMed database and obtain some ini-
tial thresholds which could be tuned periodically after a number of
incoming test instances have arrived, either by human supervision
or via an adaptive weighting process. Hopefully, the majority of
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Table 5: Comparison of WSL Approaches

Algorithm Pr Re 𝐹1 𝑡ℎ time(sec)
1:1

Biomineralization
baseline 1.0 0.1627 0.28 – 1.338

WSL(bioBert) 0.907 0.907 0.907 0.78 1563
WSL(tfidf) 0.930 0.767 0.841 0.78 1072

Chlorophyceae
baseline 0.0 0.0 0.0 – 1.16

WSL(bioBert) 0.632 0.850 0.725 0.77 1585
WSL(tfidf) 0.670 0.957 0.788 0.77 1072

Cytoglobin
baseline 1.0 0.764 0.865 – 0.756

WSL(bioBert) 0.960 0.854 0.904 0.77 846
WSL(tfidf) 0.923 0.873 0.897 0.76 575

1:3
Biomineralization

baseline 1.0 0.174 0.297 – 2.813
WSL(bioBert) 0.938 0.884 0.910 0.78 2927
WSL(tfidf) 0.777 0.849 0.811 0.77 1998

Chlorophyceae
baseline 0.0 0.0 0.0 – 2.263

WSL(bioBert) 0.588 0.968 0.731 0.76 2969
WSL(tfidf) 0.654 0.914 0.762 0.77 2025

Cytoglobin
baseline 1.0 0.764 0.865 – 1.54

WSL(bioBert) 0.957 0.820 0.882 0.77 1547
WSL(tfidf) 0.925 0.891 0.907 0.76 1068

the MeSH terms are accompanied by such information facilitat-
ing this postulation. Second, we may assume that the distribution
of the sentence similarities could reveal useful insights about the
optimum threshold value. To investigate further, we applied an
unsupervised threshold selection process assuming that all the test
instances per examined MeSH term are provided into a batch. Then,
a Gaussian mixture model was fitted, searching for two distinct
components into the original population of sentence similarities,
while the method of Expectation-Maximization takes place for esti-
mating the parameters of the corresponding density functions [4].
Adopting the midpoint value of the mean per component as the
output of this stage, we record the next values: Biomineralization:
0.776, Chlorophyceae: 0.766 and Cytoglobin: 0.767. The fact that in
all cases these values are really close to the optimum threshold is a
promissing indication.

6 CONCLUSIONS
To sum up, in this study, we have tried to apply a variant of the ZSL
protocol in order to predict unseen labels in cases where finding
reliable training data is difficult or even impossible due to their

sparsity. To that end, we proposed a method that needs no train-
ing in order to make predictions as well as a framework that uses
the aforementioned method to create a weakly-labeled dataset for
training a linear variant of SVMs, assuming that the overall predic-
tive ability may be boosted further with the addition of this extra
training step. The fact that the examined data indeed describe a
problem that suffers from the shortage of collected training data
for MeSH terms that appear on upcoming years, mainly because of
the evolutionary nature of the biomedical domain, denotes an inter-
esting field of study for approaches that operate under such kind
of protocols, avoiding the inaccurate process of being based solely
on artificially generated datasets or simulating similar behaviors
into datasets that come from non-suffering fields.

Our research has shown that splitting the textual data into sen-
tences and then calculating the cosine similarity between the labels
and each one of those sentences, generally outperforms similar
methods that use directions mainly based on 𝑛-grams, not only
in performance but in time efficiency as well. The property of ex-
porting smoother decisions according to the underlying similarity
values in case of the proposed sentence-based approach proved
more successful, avoiding misclassifications that the existence of
a familiar with the query label term could potentially trigger on
the word-based approaches. This fact combined with the strategy
to retain only the largest similarity value per instance, seems to
achieve an overall better distinguishing ability, especially on MeSH
terms without previous indexing. Also the use of methods that
make the assumption about the absence of seed or related words to
the query label should be investigated [19].

In theWeak Classification part, the results vary between datasets,
with them improving as the quality of data increases. This leads us to
investigate ways for creating an approach that is more stable in the
future as far as performance is concerned. Possible improvements
could be the proper manipulation of produced features [11, 26] or
the choice of the most consistent training samples, avoiding thus
both redundancy and reducing the chance of over-fitting [9]. Cost-
sensitive methods could offer even more robust learning behaviors,
as it has been demonstrated in related data [13].

In general, some of the next steps that should be considered
during our future research are the use of lightweight models [24],
which may benefit mainly the WSL approaches, as well as applying
techniques that guarantee an improvement of learning rates, by
avoiding the degenerating effects of noisy labels [33]. Moreover,
further examination of mechanisms that could benefit the auto-
mated tuning of the threshold per different MeSH term should take
place for presenting a more generic approach that does not demand
exhaustive grid searches in the most realistic scenario of MLC with
several labels [12, 36]. Adoption of an Active Learning strategy has
also been proven a quite promising method for acquiring further
information through an oracle towards tackling multi-label prob-
lems with large number of unseen labels, as well as considering the
existing dependencies between different labels [34].
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