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Abstract

We report here the participation of the VIGI-
COVID project Question Answering system to
the Epidemic Question Answering track (EPIC-
QA) Task A (Expert QA). The system receives a
set of questions asked by experts about the dis-
ease COVID-19 and its causal virus SARS-CoV-
2, and provides a ranked list of expert-level an-
swers to each question.

1 Introduction

Many biosanitary researchers around the world are
directing their efforts towards the study of COVID-
19. This effort generates a large volume of scientific
publications and at a speed that makes the effective
acquisition of new knowledge difficult. Information
Systems are needed to assist biosanitary experts in ac-
cessing, consulting and analyzing these publications.
This is precisely the general objective of the VIGI-
COVID project1, that motivated our participation in
the Epidemic Question Answering track (EPIC-QA)
Task A (Expert QA).

In this task, systems receive a set of questions
asked by experts about the disease COVID-19 and
its causal virus SARS-CoV-2, and systems in return
must provide a ranked list of expert-level answers to
each question, extracted from CORD-19 document
collection (Wang et al., 2020).

CORD-19 is a resource of over 400,000 scholarly
articles, including over 150,000 with full text, about
COVID-19, SARS-CoV-2, and related coronaviruses.

1http://nlp.uned.es/vigicovid-project

The CORD-19 dataset represents the most extensive
machine-readable coronavirus literature collection.

In the following sections we describe the VIGI-
COVID Question Answering system presented to
EPIC-QA Task A (Expert QA).

2 System overview

VIGICOVID QA system has an architecture in three
steps: Document retrieval; document scanning and
answer extraction; and ranking of answers.

2.1 Information Retrieval
Our Information Retrieval module follows three
steps: Filtering and indexing, preliminary retrieval,
and re-reanking.

1. Filtering and Indexing. A keyword-based fil-
ter is applied to select covid related documents.
Keywords are different variants of the "COVID-
19" term. The indexing has been performed only
at the whole document level.

2. Preliminary retrieval. From the collection of full
texts of the scientific articles, we obtain a prelim-
inary ranking for the query. We use a language
modeling based information retrieval approach
(Ponte and Croft, 1998) including pseudo rel-
evance feedback. For that purpose, we used
the Indri search engine (Strohman et al., 2005),
which combines Bayesian networks with lan-
guage models. We construct a complex query,
assigning different weights to the query, ques-
tion and narrative (background) fields. Our final
configuration uses the following query setting:

http://nlp.uned.es/vigicovid-project


Q = 0.8 ∗ (query + question)+

0.2 ∗ background

All fields have been tokenized and stemmed
using Krovetz stemmer (Krovetz, 1993). We
recover up to 5,000 documents per query.

3. Re-ranking. The preliminary ranking obtained
in the previous step is re-ranked using a BERT-
based relevance classifier, following a strategy
similar to the one proposed by (Nogueira and
Cho, 2019). For each candidate document given
by the preliminary ranking, its abstract and the
corresponding query are processed through a
BERT-based relevance classifier, which returns
a probability of an abstract to be relevant with
respect to the given query.

For this purpose, we fine-tuned the Clinical
BERT pretrained model (Alsentzer et al., 2019)
on the task of identifying relevant abstracts with
respect to queries. The training dataset was
compiled using the qrels provided in the TREC-
COVID task, and also pseudo qrels generated
by using titles and abstracts from the CORD-19
dataset.

As mentioned, the classifier returns a relevance
probability of an abstract with respect to a given
query. This probability is linearly combined
with the score of the first ranking according to
a coefficient k, and the ranking is rearranged
based on that new value. For our submissions
using neural reranking k was optimized with
the EPIC-QA primary round collection (k =
0.1). Our Final reranking combination uses the
following setting:

scored = k ∗ (RerankerScored)+

(1− k) ∗ (IndriScored)
where k = 0.1

After the re-ranking process we select the top 400
documents to be scanned by the answer extraction
module.

2.2 Document Scanning and Answer
Extraction

The answer extraction module is based on neural
network techniques. More specifically, we have used
the SciBERT language representation model, which
is a pretrained language model based on BERT, but
trained on a large corpus of scientific text, including
text from biomedical domain (Beltagy et al., 2019).
This model has shown strong performance on several
downstream NLP tasks in the scientific domain.

We fined-tuned SciBERT for QA using the fol-
lowing two datasets: SQuAD2.0 (Rajpurkar et al.,
2018), which is a reading comprehension dataset
widely used in the QA research community, and
QuAC (Choi et al., 2018), which is a conversational
QA dataset containing a higher rate of non-factoid
questions than SQuAD.

Following the usual answer extraction method we
used the fined-tuned SciBERT model as a pointer
network, which selects an answer start and end index
given a question and a context. According to the
EPIC-QA guidelines, the answers returned by the
QA system must be a sentence or several contiguous
sentences. In our case, we select those sentences
which contain the answer span delimited by the start
and end indexes given by the neural network.

Since the documents are too long to feed the net-
work with them, (they exceed the maximum input
sequence length) we follow the sliding window ap-
proach where the documents are splitted into overlap-
ping passages. As query we just use the text in the
"question" field.

For the maximum sequence length, stride parame-
ters and other parameters we used the default values
of the implementation (Wolf et al., 2020).

After scanning the whole document, we keep the
10 most probable answers to the question for each
given document. Each of these answers have a score
given by the neural network. However, since each
candidate document has also a relevance score given
by the search engine, we produce the final ranking
of answers after the combination of both scores. Af-
ter trying several combinations over the preliminary
datasets, we submitted two options: the joint prob-
ability (implemented as the simple product of both
scores), and a equiprobable linear combination of
both scores (implemented as the sum of both scores).



Run ID Description NDNS-Partial NDNS-Relaxed NDNS-Exact
1 IR without reranking, ir*qa 0.3148 0.3152 0.3587
2 IR with reranking, ir*qa 0.3290 0.3295 0.3741
3 IR with reranking, ir+qa 0.3437 0.3442 0.3907

Median 0.3377 0.3387 0.3802
Max 0.3699 0.3709 0.4207

Table 1: Results of VIGICOVID runs compared with the median of participants and the best system.

At this point, we have a ranking of around 4,000
answers per question. After filtering out the repeated
answers and sentences we finally submit the top
1,000 answers following the organization guidelines.

3 Results

We submitted three runs:

1. IR results without neural re-ranking, product
combination of IR and answer extraction scores.

2. IR results with neural re-ranking, product com-
bination of IR and answer extraction scores.

3. IR results with neural re-ranking, sum combina-
tion of IR and answer extraction scores.

Table 1 shows the results of each run submitted
by VIGICOVID. Comparing run 1 and run 2 we can
observe the positive effect of the neural reranking
of retrieved results. Comparing run 2 and run 3 we
can observe also how sensitive the combination of
retrieval weights and answer extraction weights can
be. In our case, the linear combination of both scores
perform better than the joint probability (computed
as the product).
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