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Abstract—In this report we present the results of our exper-
iments for the BioCreative VII Track 5 challenge organized by
the US NIH / National Library of Medicine. The task, based on a
sample from a manually curated database of COVID-19 studies
[3], is to automatically assign one or more out of 8 topic labels
(such as Diagnosis, Treatment, Transmission) based on an article’s
abstract, title and metadata. We have evaluated several machine
learning methods and the best result was obtained by combining
a bag-of-words approach based on Support Vector Machines and
a BERT based model pre-trained in the biomedical domain.

Index Terms—COQOVID-19, BioCreative, indexing, text catego-
rization, machine learning

I. INTRODUCTION

In this report we present the results of our experiments
for the BioCreative VII Track 5 challenge (Multi-label topic
classification for COVID-19 literature annotation) organized
by the US NIH / National Library of Medicine [2]. The
task, based on a sample from a manually curated database
of COVID-19 studies [3], is to automatically assign one or
more out of 8 topic labels (such as Diagnosis, Treatment,
Transmission) based on an article’s abstract, title and metadata.

II. METHODS

We evaluated several methods based on machine learn-
ing, which included bag-of-words methods and the Trans-
former [11] based ones. The development set provided by the
challenge organizers was used to compare the performance of
the methods that we evaluated.

In addition to the provided training and development sets,
we extended the training set recovering citations from Lit-
Covid', which were already categorized according to the
challenge categories. We ensured that our data set did not
include any of the PMIDs of the test set. We used the following
fields as the input for all models: keywords, title, and abstract.

A. MTI ML

Support Vector Machines (SVM) have been very popular
in text categorization. We have evaluated a method that im-
plements the training of a linear SVM using gradient descent
and the modified Huber loss [12], [13]. Another characteristic
is that features are binary, either a word appears in the
document or not, which showed to be effective for MEDLINE
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citations [8]. The implementation of the SVM algorithm
using gradient descent is based on the MTI ML package?
provided by the US NIH/National Library of Medicine. This
implementation is fast and can scale up to a large number of
documents. We used our own revised version of MTI ML?.

We combined unigrams and bigrams, removing stopwords
and numbers, and we trained the system using the default
parameters for 10 epochs. We trained and run MTI ML using
commodity hardware. Results on the development set are
available in table I. Here and in the tables below the best
results across models are marked in bold.

TABLE 1
MTI ML RESULTS PER CATEGORY ON THE DEVELOPMENT SET.

Category Precision | Recall F1

Case Report 0.9136 0.8776 | 0.8952
Diagnosis 0.8489 0.8687 | 0.8587
Epidemic Forecasting 0.7949 0.6458 | 0.7126
Mechanism 0.8882 0.8444 | 0.8657
Prevention 0.9473 0.9222 | 0.9346
Transmission 0.6857 0.6563 | 0.6707
Treatment 0.8967 0.8854 | 0.8910

B. FastText

FastText [9] learns a representation from the input docu-
ments, which intends to improve on classifiers such as SVM
but being faster than neural networks. This tool is fast and can
be trained using commodity hardware.

In our experiments, we trained one model per category
for 10 epochs. We configured it to combine unigrams and
bigrams as features with a learning rate of 0.1. Results on the
development set are available in table II.

C. SciBERT

We used SciBERT [1], which is a pre-trained BERT [5]
system on biomedical literature. We used the pre-trained
model allenai/scibert_scivocab_uncased available from Hug-
gingFace* using the BertForSequenceClassification class. We
trained one model per category for 30 epochs, using the
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TABLE II
FASTTEXT RESULTS PER CATEGORY ON THE DEVELOPMENT SET.

Category Precision | Recall F1

Case Report 0.9127 0.8672 | 0.8894
Diagnosis 0.8562 | 0.8629 | 0.8595
Epidemic Forecasting 0.7905 0.6094 | 0.6882
Mechanism 0.8903 0.8397 | 0.8643
Prevention 0.9469 0.9204 | 0.9334
Transmission 0.6920 0.6055 | 0.6458
Treatment 0.8804 0.8872 | 0.8838

development set as reference to keep the trained model after
each epoch. We used Adam with a learning rate of 2e-5 (which
was decreased after each epoch). Results on the development
set are available in table III. Result are better than the bag-of-
words methods.

TABLE III
SCIBERT RESULTS PER CATEGORY ON THE DEVELOPMENT SET.

Category Precision | Recall F1

Case Report 0.8982 0.9149 | 0.9065
Diagnosis 0.8745 0.8972 | 0.8857
Epidemic Forecasting | 0.8084 | 0.7031 | 0.7521
Mechanism 0.9019 0.8826 | 0.8921
Prevention 0.9458 0.9513 | 0.9485
Transmission 0.6128 0.7852 | 0.6884
Treatment 0.8986 0.9311 | 0.9146

D. Spectre

Specter [4] is a representation model for scientific doc-
uments, which uses citations to incorporate inter-document
relations into document embeddings. As Specter has shown
promising results for the classification of MeSH headings, we
use it here to capture the inter-class similarity of articles. We
used the pre-trained model allenai/specter from HuggingFace®
to embed the documents, and then used the resulting embed-
dings as an input layer for a 3-layer classification FFN which
we trained for 10 epochs. We used the same optimization and
learning rate parameters as for SciBERT. The results on the
development set are presented in table IV.

TABLE IV
SPECTER RESULTS PER CATEGORY ON THE DEVELOPMENT SET.

Category Precision | Recall F1

Case Report 0.9079 0.8589 | 0.8827
Diagnosis 0.8308 0.8700 | 0.8499
Epidemic Forecasting 0.8165 0.6719 | 0.7371
Mechanism 0.8573 0.8621 | 0.8597
Prevention 0.9481 0.9164 | 0.9320
Transmission 0.6947 0.5156 | 0.5919
Treatment 0.8801 0.9116 | 0.8956

Shttps://huggingface.co/allenai/specter

E. BioELECTRA

We tried ELECTRA [?], which pre-trains text encoders
as discrimintors rather than generators. We used the Bio-
ELECTRA [10] pre-trained model kamalkraj/bioelectra-base-
discriminator-pubmed available from HuggingFace® using the
same implementation and parameters as SciBERT. The results
on the development set are available in table V.

TABLE V
BIOELECTRA RESULTS PER CATEGORY ON THE DEVELOPMENT SET.

Category Precision | Recall F1

Case Report 0.9057 0.8963 | 0.9009
Diagnosis 0.8224 0.8868 | 0.8530
Epidemic Forecasting 0.8079 0.6354 | 0.7114
Mechanism 0.8743 0.8686 | 0.8714
Prevention 0.9486 0.9255 | 0.9369
Transmission 0.5971 0.8047 | 0.6855
Treatment 0.8978 0.8913 | 0.8945

F. Ensemble of classifiers

Combination of classifiers for MEDLINE citations has been
shown to be effective [7]. We propose two methods for
combining the output of the classifiers. One of them is to
average the score of the classifiers, we ensure that the values of
the scores are between 0 and 1. We experimented with several
combinations of classifiers and found out that the combination
of SciBERT, MTI ML and Specter produces more stable
results. We noticed that SciBERT tended to give high scores
to well-represented categories such as Treatment while giving
scores close to zero for weaker classes such Transmission, so
its performance varied greatly depending on the composition
of the development set. On the other hand, such classifier
as Specter and MTI ML were more conservative, assigning
more scores close to 0.5 even for underrepresented categories,
so they were more robust across datasets and had a higher
precision for difficult categories. Thus by averaging their
scores we create a voting system, where a class is likely to be
assigned if at least one of the classifiers gives it a very strong
score, or at least two of the classifiers give scores well over
0.5 but not necessarily close to 1.

In some cases, we observed that the score of the classifiers
are quite polarised and decided to use as well the maximum
score proposed by the combined classifiers. In this case, we
removed the results of Specter, as it was assigning too many
winning scores for the documents in the under-represented
categories (its recall suffered in terms of false positives). Thus
we take the maximum value of the scores from SciBERT
and MTI ML in order to combine the benefits of the strong
performance of the former across well-represented classes
and the relatively high precision of the former for under-
represented categories.
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III. RESULTS

We successfully submitted 4 runs, which combined SciB-
ERT and the MTI ML outputs, which were selected based
on the results on the development set shown in the previous
section and the success in running them on the test set on
time.

o uom_scibert_final: Predictions are based on SciBERT as
explained above.

o uom_mtiml: Predictions are based on the MTI ML
method explained above. The predictions have been pro-
cessed using the sigmoid function to provide a score
between O and 1.

o uom_averaged: predictions from the SciBERT and MTI
ML runs have been averaged. We observed that SciB-
ERT weights are quite polarised, so averaging might not
provide the best performance.

o« uom_max: for this run, the maximum score from SciB-
ERT and MTI ML are selected. This might be a better
strategy compared to doing the average of the scored.

Results on the test set are available in tables VI, VII
and VIII. We also show the results for the baseline method
(ML-Net) based on shallow embeddings [6]. The best preci-
sion, recall and F1 score for each metric are marked in bold.

TABLE VI
RESULTS ON LABEL BASED MICRO AVERAGE FOR THE TEST SET
PROVIDED BY THE CHALLENGE ORGANIZERS.

Submission Precision | Recall F1

uom_scibert_final 0.9210 0.8219 | 0.8686

uom_mtiml 0.9136 0.8595 | 0.8857

uom_averaged 0.9242 0.8332 | 0.8764

uom_max 0.8861 0.9143 | 0.9000

ml-net 0.8756 0.8142 | 0.8437
TABLE VII

RESULTS ON LABEL BASED MACRO AVERAGE FOR THE TEST SET
PROVIDED BY THE CHALLENGE ORGANIZERS.

Submission Precision | Recall F1

uom_scibert_final 0.8111 0.5664 | 0.6027

uom_mtiml 0.8820 0.8398 | 0.8571

uom_averaged 0.9533 0.6318 | 0.6983

uom_max 0.8641 0.8764 | 0.8669

ml-net 0.8364 0.7309 | 0.7655
TABLE VIII

INSTANCE BASED RESULTS ON THE TEST SET PROVIDED BY THE
CHALLENGE ORGANIZERS.

Submission Precision | Recall F1

uom_scibert_final 0.8715 0.8415 | 0.8562
uom_mtiml 0.8976 0.8850 | 0.8913
uom_averaged 0.8874 0.8551 | 0.8710
uom_max 0.9058 0.9316 | 0.9185
ml-net 0.8849 0.8514 | 0.8678

IV. DISCUSSION

MTI ML shows a better performance in the three tables
compared to SciBERT, while the best method overall is the
ensemble based on the maximum value. This performance
might be due to the better performance of SciBERT on the
most common categories, while MTI ML seems to perform
better on the more infrequent ones that may be have a different
distribution compared to the training and development sets.
Opverall, the ensemble based on the maximum value seems to
be an effective strategy for recall, with scores greatly above
the baseline and placing the system in the top quartile of
all submitted results. On the other hand, the ensemble based
on voting (average) of three systems had a high precision,
especially for under-represented and challenging categories,
which led to its very strong result in terms of macro precision.
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