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Improving Biomedical Question Answering by
Data Augmentation and Model Weighting

Yongping Du,Jingya Yan,Yuxuan Lu,Yiliang Zhao, and Xingnan Jin

Abstract—Biomedical Question Answering aims to extract an answer to the given question from a biomedical context. Due to the strong
professionalism of specific domain, it's more difficult to build large-scale datasets for specific domain question answering. Existing
methods are limited by the lack of training data, and the performance is not as good as in open-domain settings, especially degrading
when facing to the adversarial sample. We try to resolve the above issues. Firstly, effective data augmentation strategies are adopted to
improve the model training, including slide window, summarization and round-trip translation. Secondly, we propose a model weighting
strategy for the final answer prediction in biomedical domain, which combines the advantage of two models, open-domain model QANet
and BioBERT pre-trained in biomedical domain data. Finally, we give adversarial training to reinforce the robustness of the model. The
public biomedical dataset collected from PubMed provided by BioASQ challenge is used to evaluate our approach. The results show
that the model performance has been improved significantly compared to the single model and other models participated in BioASQ
challenge. It can learn richer semantic expression from data augmentation and adversarial samples, which is beneficial to solve more

complex question answering problems in biomedical domain.

Index Terms—biomedical question answering, data augmentation, deep learning, model weighting

1 INTRODUCTION

UESTION Answering aims to make the machine has the
ability to understand natural language. For each given
question, it is needed to extract or generate the answer from
the related context. The research on this task can help us
extract useful information from a massive number of litera-
tures efficiently. Question answering task can be categorized
into four types: cloze test, span extraction, multiple choice
and free answering. Cloze test task requires the model to
fill in the gap according to the context. Span extraction task
needs to find the answer span from the context. Multiple
choice task selects the correct choice in the candidate list
and free answering task further generates the answer that
doesn’t appear directly in the original context. In recent
years, many question answering datasets have been pub-
lished, such as CNN/Daily Mail dataset [1], SQuAD dataset
[2] and so on. Driven by these high-quality large-scale
datasets, models based on deep neural network have been
proposed, such as BiDAF [3], QANet [4] and AoA [5].
Existing question answering models have achieved ex-
cellent performance and surpassed human performance in
open domain such as SQuAD challenge. However, the ex-
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isted models do not perform well and still have limitations
in specific domains. The main reason is that building a
large-scale dataset in specific domain is difficult as it needs
enough professional knowledge and domain experts are
required to label the data, so the limited available training
data restricts the performance of the model.

We conduct experiments on BioASQ [6], the public
biomedical dataset collected from PubMed. In this paper,
we put forward the weighting strategies based on two mod-
els, QANet which performs well in open-domain question
answering and BioBERT [7] which has been pre-trained
in large-scale biomedical texts. We aim to give full play
to the advantages of the two models, and to improve the
generalization ability of the model and the performance of
biomedical domain question answering. The answers given
by two models, BioBERT and QANet, will be considered
comprehensively for the final answer prediction. We aim to
further improve the performance of BioBERT by fusing the
QANet model which performs well in open domain, so that
the model can fully mine the biomedical context information
and further improve the generalization ability. This method
brings significant improvements compared with the original
two models. Especially, several data augmentation strategies
are adopted to support the model for better performance.

The main contributions of this paper are as follows:

e The proposed model weighting strategy can fully
play the respective advantages of two models, in-
cluding open-domain model and pre-trained model
in biomedical domain data. It improves both the
model’s generalization ability and the understanding
of biomedical context.

o The effective data augmentation strategies are de-
signed to further improve the performance on
biomedical domain question answering, aiming to
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make full use of the limited domain training data.
The performance is improved significantly on the
specific domain task.

e Adversarial training is utilized to further improve
the robustness of the model. The experimental result
shows that adversarial training has the potential abil-
ity to inspire the model to answer complex questions.

2 RELATED WORK

Question Answering has achieved rapid development re-
cently, which benefits from the publication of several large-
scale and high-quality datasets. The expansion of dataset
supports the training of large-scale neural network models.
Seo et al. propose BiDAF [3], which represents context at
different levels and uses bidirectional attention mechanism
to obtain a query-aware context representation. Yu et al. pro-
pose QANet [4], whose encoder consists exclusively of con-
volution which models local interactions, and self-attention
which models global interactions. Devlin et al. propose a
new pre-training model BERT [8], which makes machine
reading comprehension model surpass human performance
for the first time on the SQuAD 1.1 dataset [2]. Seonwoo
et al. [9] regard context prediction as an auxiliary task in
multi-task learning manner, and propose block attention
method for context prediction, aiming to let model predict
the correct answer from the context relevant to the question.

In recent years, researchers have focused on the auto-
matic construction of new pre-training corpora, the effi-
ciency of the model and the processing of long contexts. De-
riu et al. [10] propose a new method to construct QA dataset
from structured data, which introduces middle representa-
tion operation tree, and a new corpus OTTA is created. Cao
et al. [11] improve the speed of model processing by decom-
posing pre-trained transformers. Liu et al. propose RikiNet
[12], which contains a dynamic paragraph dual-attention
reader and a multi-level cascaded answer predictor and
reads Wikipedia pages for natural question answering. In
addition, new tasks of question answering are appearing,
such as multi-hop question answering based on knowledge
graph. Saxena et al. propose EmbedKGQA [13], which is
particularly effective in performing multi-hop knowledge
graph question answering over sparse knowledge graphs.
For conversation QA, Kundu et al. [14] introduce a new
follow-up question identification task, and propose a three-
way attentive pooling network to capture pair-wise inter-
actions between the associated passage, the conversation
history, and a candidate follow-up question.

The existing neural network models often need large-
scale training data to achieve better performance. But for
the specific domain, the lack of training data makes it
difficult to play the advantages of the above models, and the
performance of the model declines significantly compared
with the open-domain QA task. In order to resolve the issue,
Lee et al. propose BioBERT [7], which is pre-trained on
large-scale biomedical corpora to learn the characteristics of
biomedical texts, and achieves better performance in several
biomedical NLP tasks. Chen et al. [15] introduce knowl-
edge abstraction matching method for medical question an-
swering which contains frequent segment N-gram mining,
medical knowledge abstraction, medical segment matching
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and answer re-retrieval. Kommaraju et al. [16] explore the
suitability of unsupervised representation learning methods
on biomedical text, and introduce a new pre-training task
from unlabeled data designed to reason about biomedical
entities in the context. Jeong et al. [17] focus on transferring
the knowledge of natural language inference to biomedical
QA, presenting a sequential transfer learning method based
on BioBERT.

Data augmentation technology is widely used in natural
language processing, so that the model can make full use
of limited data resources and mine semantic information
deeply. Yang et al. [18] use cross-attention supervised data
augmentation to improve their retrieval model for question
answering and the performance has been significantly im-
proved. Xu et al. [19] propose a novel data augmentation
approach that combines a self-trained neural retrieval model
with a few-shot learned natural language understanding
model for natural language generation, and this method
outperforms the state-of-the-art methods. These methods
inspire the model to mine richer semantic information with
the help of a new model, so as to achieve the effect of
data augmentation. Xu et al. [20] utilize a series of data-
augmentation approaches on information-seeking dialogue
systems to enable the model obtaining better representa-
tions, and achieve excellent performance. The multi-task
learning strategy is adopted to make more datasets partic-
ipate in the training process for data augmentation. These
methods adopt the data augmentation technology on NLP
tasks by utilizing the enhanced data or optimizing the
model to obtain richer information. This paper adopts the
data augmentation strategy on biomedical question answer-
ing task, making the limited data resource expanded and
the model has a better understanding of question answering
task and domain knowledge. Lichtarge et al. [21] use round-
trip translations strategy for data generation on grammatical
error correction task and achieve the best performance on
CoNLL-2014 evaluation. We adopt this method in our work
to enrich the limited training data and further improve the
performance on biomedical question answering.

Adversarial attack is introduced to reveal the statistical
bias in machine reading comprehension models. Kaushik
et al. [22] conduct a large-scale controlled study focused
on question answering, and find that models trained on
adversarial data usually perform better on other adversarial
datasets but worse on a diverse collection of out-of-domain
evaluation datasets. To deal with this problem, adversarial
training is proposed to improve the robustness of the model.
Lin et al. [23] demonstrate a simple yet effective method
to attack MRC models and reveal the statistical biases in
these models, and find that when interfered by the irrele-
vant options, the performance of MRC models is degraded
significantly. In our work, we adopt adversarial training
strategy to investigate the robustness of our method and
further explore the potential ability of the model to give
answer correctly.

3 METHOD

We put forward the weighting strategy based on biomedical
pre-training model BioBERT and open domain QA model
QANet to get the final answer of the question. Especially,
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Fig. 1. Model structure based on Dual Model Weighting Strategy and Data Augmentation. After completing the training of QANet and BioBERT,
dual model weighting strategy is adopted to predict the final answer to the question.

different embeddings and data augmentation strategies are
used during the training process. Fig 1 shows the full
structure of our model, including three main components.
At first, the two models of QANet and BioBERT are trained
separately. Here, three different data augmentation strate-
gies are adopted on the SQUAD and BioASQ datasets during
the model training, including round-trip translation, slide
window and TextRank for summarization. And then in
order to make the final prediction, model weighting strategy
is adopted based on the given answers from the above two
models comprehensively.

3.1 Training of BioBERT

BioBERT [24] model is adopted for training, which has
been pre-trained on PubMed corpus on BERT model. The
PubMed corpus contains millions of biomedical literatures
from MEDLINE, life science journals, and online books. Pre-
training on PubMed corpus aims at obtaining the semantic
information of biomedical text. The weights pre-trained on
SQuAD v1.1 dataset on top of BioBERT v1.1 are chosen to
let the model better apply to the task of question answering.
Based on these weights, the training samples of factoid type
question in BioASQ training dataset are used for fine-tuning.
Here, batch size is set to 5.

3.2 Training of QANet

In order to make QANet achieve better performance after
training, and further perform well in model weighting with
BioBERT, we adopt different word embeddings and data
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augmentation strategies during the training on the large-
scale open-domain dataset SQUAD and biomedical dataset
BioASQ. The training process is shown in Fig 2.

3.2.1 Word embedding

QANet model uses GloVe [25] as word embedding, where
most biomedical vocabularies do not appear. At the same
time, some words used in open domain may have different
meaning in biomedical field. To deal with this problem,
the tool “bert-as-service” [26] is used to generate new 768-
dimensional word embedding (denoted as BioBERT 768
embedding) for each word in GloVe and the new words
appeared in BioASQ dataset. The weights used by “bert-as-
service” are the same as the pre-training weights used by
BioBERT. For the given sentence, the tokenized tool spaCy
is used to get the output and the length will not be changed
in the following step. And then the word embedding is
achieved by GloVe and the tool "bert-as-service”. Both
GloVe and BioBERT 768 embedding will be used as the
word-level embedding in our following experiments.

3.2.2 Data Augmentation
e Round-trip Translation Method

Round-trip translation method is used to enrich SQuAD
dataset [27], choosing French as the bridge language to
create more training samples. The original text in English is
translated into French which will be translated into English
in turn as the context of the new sample illustrated in Fig 3.
The publicly available codebase! provided by Gehring [28]

1. https:/ / github.com /facebookresearch/fairseq
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Fig. 2. Training process of QANet based on different word embeddings and data augmentation strategies, including round-trip translation, slide

window and TextRank methods.

is utilized. To find the answer to the original question in
the new context, character-level 2-gram method is used to
get the start/end position of the new answer by comparing
the first two characters of the start/end word of the original
answer span with the first two characters of each word in
the new context.

Input: Over the years the city has been home to people
' of various ethnicities, resulting in a range of different
' traditions and cultural practices.

' Au fil des ans, la ville a accueilli des habitants de différentes !
' ethnies, ce qui a donné lieu a diverses traditions et
' pratiques culturelles.

Output: Over the years, the city has welcomed people of !
different ethnicities, which has given rise to various cultural
traditions and practices. 1

Fig. 3. Round-trip Translation Method with French as the Bridge Lan-
guage.

e Slide Window Method

QANet model cannot deal with long context, which
will be discarded when it exceeds the default length limit.
However, there are many long contexts in BioASQ dataset,
and nearly 40% of the training data will be discarded due
to the length limitation by QANet training. Therefore, slide
window method, which is illustrated in Fig 4, is used to
shorten the context, and it will expand the number of
training samples, so as to make full use of the training
data. This procedure is divided into two phases: answer
positioning and new context generation.

Answer Positioning: The exact index of the answer span
is not given in BioASQ dataset, while the answer span may
appear many times in the context of training samples. Most
of these sentences containing the answer span are irrelevant
to the question. It will bring interference for model training.
To find the correct answer sentence, “bert-as-service” with
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500 tokens

| - | —
\
Answer span

200 tokens
Fig. 4. Slide Window Method for shortening the context.

Context:

BioBERT pre-training parameters is used to get the semantic
vectors of question sentence and each sentence in the con-
text. The sentence that contains the answer span and has the
highest cosine similarity with the question sentence will be
regarded as the final answer sentence, and also the position
of the answer span is recorded.

New Context Generation: The sample whose context
length is less than the length limit will be used for training
directly. For the sample whose context length exceeds the
length limit, slide window method is used to extract the con-
text segments with the window size of 500 tokens, and the
stride of 200 tokens. According to the position of the answer
span obtained in the previous step, if the current segment
contains the answer, a new sample with the segment as the
context will be generated. Otherwise, the current segment
will be discarded and the next segment will be investigated
iteratively.

o TextRank for Summarization

In order to shorten the length of the context in BioASQ
dataset and make full use of training data, inspired by the
task of text summarization, TextRank method [29] is used to
inspire the model to extract important information from the
long context, as shown in Fig 5.

It constructs a network by using the adjacent relationship
between sentences, using PageRank method to calculate the
weight of each sentence iteratively. Finally, the sentence with
the highest weight is selected to form a summary. For the
sample whose text length exceeds the limit, the summary
will be generated using TextRank according to the summary
ratio of 0.9 until the text length is less than 500 tokens. The
sample whose context length is less than the limit will be
kept directly.
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TABLE 1
Example of the adversarial sample of BioASQ generated by ADDSENT
methods.

Context: Multimodal approaches seem to be the

treatment of choice in fibromyalgia. .. .... Prega-

balin is, therefore, a valuable option in the first-
Original sample 1 line treatment of patients with fibromyalgia.

Question: Which drug is considered as the first
line treatment of fibromyalgia?

Answer: pregabalin

New Context
in Adversarial
Sample 1

Multimodal approaches seem to be the treatment
of choice in fibromyalgia. ...... Pregabalin is,
therefore, a valuable option in the first-line treat-
ment of patients with fibromyalgia. The drug of
hamster is considered as the last line treatment
of migraines.

Context: The major phytoalexin in alfalfa is
the isoflavonoid (-)-medicarpin (or 6aR, 11aR)-
medicarpin. ...... Medicarpin, the major phy-
toalexin in alfalfa, is synthesized by way of

Original sample 2 the isoflavonoid branch of phenylpropanoid
metabolism.

Question: Which is the major phytoalexin in al-
falfa (medicago sativa 1.)?

Answer: medicarpin

New Context The major phytoalexin in alfalfa is the
in Adversarial isoflavonoid (-)-medicarpin (or 6aR, 1laR)-
Sample 2 medicarpin. ...... Medicarpin, the major phy-

toalexin in alfalfa, is synthesized by way of
the isoflavonoid branch of phenylpropanoid
metabolism. Hamster is the minor phytoalexin
in alfalfa (medicago sativa 1.).

3.2.3 Model Weighting Strategy

After completing the training of QANet and BioBERT, dual
model weighting strategy is adopted to predict the final an-
swer to the question. BioBERT performs well in biomedical
QA, but as the pre-training corpora are mainly unlabeled
data, it’s still hard for BioBERT to answer all of the questions
correctly. To deal with this problem, an open-domain model
QANet with rich labeled data for training is needed to refine
the predicted results of BioBERT. The process of model
weighting strategy is shown in Fig 6.

BioBERT gives the top k£ candidate answers,
and each answer carries the prediction prob-
ability p, denoted as answersetpioBERT =
{(aB,,p1),(aBy,p2) -+ s (@B, pr)}sp1 > p2 > -+ > P

We set k& to 20 in our experiments. On the other hand,
QANet gives the unique prediction answer ag. The tool
"bert-as-service” with the parameter of BioBERT is used to
get the semantic vector of each candidate answer, and the
cosine similarity r; between answer ag predicted by QANet
and each candidate answer ap, predicted by BioBERT is
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calculated. We use p; and r; to calculate new score for every
candidate answer predicted by BioBERT. They will be used
to re-rank ks answers and the top one is regarded as the
final answer.

answer = ap;,j = argmax (score;) (1)

It is noticed that the higher p; value indicates that
BioBERT has stronger certainty of the current answer as the
final answer, and it is more likely to be correct. While the
lower p; value shows that BioBERT is not sure about it and
needs to refer to the answer given by QANet to adjust. The
value of cosine similarity r; is concentrated in the range
of [0.7,1]. On the other hand, the value of p; represents
the prediction probability of BioBERT, and it has a larger
variation range. In order to make the new score reflects the
importance of p; and r; at the same time, we consider the
combination of the product item and linear addition, the
new score formula of the ith candidate answer predicted by
BioBERT is as follows:

score; = (1 —a) pfr! + arl ()
(,y,n>0,0<a<1l,1l<=i<=k)

Here, a,z,y,n are the parameters which need to be
determined later. The item p?r? considers the influence of
p; value and also gives the adjustment by the value r;
appropriately. The item 7" is used to increase the influence
of r; and further fine-tune the result. The value of « is used
to adjust and balance the proportion of the two items.

3.2.4 Adversarial Training

Current question answering models often tend to rely on
the shallow level textual information and lack deep under-
standing of semantics. Some researchers have introduced
adversarial samples by inserting interference fragments to
the context, in order to test the robustness of the model. The
results show that the performance of most models degrades
significantly after adding adversarial samples into training
set and test set. It can be seen that there is still a gap between
the existing model and human understanding ability. In
addition, how to generate effective adversarial samples and
improve the robustness of the model by adversarial training
becomes the focus of current research.

To further investigate the robustness of our model
weighting strategy and data augmentation in biomedical
question answering, we use ADDSENT method [30] to
generate adversarial samples on BioASQ dataset and these
samples are used for training, then the performance are
evaluated on the original test batches. ADDSENT method
generates adversarial samples by inserting interference sen-
tence into the context, as shown in Table 1. The process is
described as follows: firstly, apply semantics-altering pertur-
bations to the question, replace nouns and adjectives with
antonyms and change named entities and numbers to the
nearest word in GloVe word vector space with the same part
of speech; secondly, create a fake answer that has the same
“type” as the original answer; finally, combine the altered
question and fake answer into declarative form, using a
set of roughly 50 manually-defined rules over Stanford
CoreNLP constituency parses.
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4 EXPERIMENT

We conduct the experiments on BioASQ dataset to verify the
effect of data augmentation and model weighting strategy.
The comparison with other related models is demonstrated.
Further, we give the detail analysis on the performance
impact by weighting strategy and data augmentation.

4.1

The statistics of the datasets used in our experiment are
shown in Table 2.

Datasets

TABLE 2
The statistics of SQUAD and BioASQ datasets.

Dataset SQuAD BioASQ 6B BioASQ 7B BioASQ 8B
Context 18896 901 1084 1295
Question 87599 901 1084 1295
Source Wikipedia PubMed PubMed PubMed
Answer Type Textspan Textspan  Textspan  Text span

SQuAD (Stanford Question Answering Dataset) is a
large-scale span-based machine reading comprehension
dataset, containing 87599 question-answer pairs on 18896
contexts for training. After data augmentation by round-trip
translation, it contains 173642 question-answer pairs.

BioASQ is a challenge providing training data for
biomedical semantic indexing(Task A) and question answer-
ing task(Task B), and Task B takes place in two phases: Phase
A (annotate questions, retrieve relevant articles, snippets,
triples) and Phase B (find and report ‘exact’ and ‘ideal” an-
swers). The training sets of BioASQ 2018 (6B phase B), 2019
(7B phase B) and 2020 (8B phase B) are utilized in this paper.
The contexts in each sample are extracted from PubMed
corpus, and the answers to the questions are denoted by
biomedical experts. In our experiments, factoid questions
are used for fine-tuning BioBERT, and both factoid and list
questions are used for QANet’s training. Our method is
evaluated on factoid questions. Since it is found that around
70% of the factoid questions have at least one extractable
answer, we view this problem as a span extraction task.

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

4.2 Experiment settings

Our experiments are carried out on the machine whose
CPU is Intel(R) Core(TM) i7-7800X CPU @ 3.50GHz, GPU
is GeForce GTX 1080 Ti 11G, memory is Apacer 2666MHz
8Gx8, using Tensorflow-gpu(version 1.10) as the deep learn-
ing framework.

During the process of fine-tuning BioBERT, the batch size
is set to 5 and other parameters remain unchanged.

During the training of QANet, the model is firstly trained
on SQuAD training set with the learning rate of 0.001, and
the number of max training step is 60000. The current model
will be saved every 1000 steps. The best model will be
chosen to train on BioASQ dataset with the learning rate
of 0.001 continually, the number of max training step is set
to 4000, and the current model will be saved every 1000
steps also. Finally, the best QANet model will be chosen by
the following steps.

The model is evaluated on the 5 batches of each year’s
BioASQ challenge dataset using the same evaluation metrics
as SQuAD: Exact Match (denoted by EM below) and F1.
These metrics regard each token as an evaluation unit, the
number of tokens in the predicted answer appearing in the
correct answer span is measured. EM value indicates the
proportion of the words in the predicted answer appearing
in the ground truth answer. Recall is calculated as the pro-
portion of the words in the ground truth answer appearing
in the predicted answer. The F1 value is calculated by the
above EM and recall. The experimental results below will
show the average results on the 5 batches.

4.3 Results
4.3.1 Performance Impacted by Model Weighting Strategy

The model weighting strategy is used to achieve the final
predicted answer based on BioBERT and QANet. The selec-
tion of parameters has a great influence on the performance.
Therefore, we conduct k-fold cross validation experiment
on the original datasets, and for the combination of dif-
ferent data augmentation strategies, 12 groups of hyper-
parameters which perform well are selected and applied
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in the following model weighting process. Experiments on
different parameter settings are carried out on BioASQ 6B,
7B and 8B datasets, and the results are shown in Table 3.

TABLE 3
EM and F1 score on BioASQ after using model weighting strategy with
different parameters. Here, QANet uses BioBERT 768 embedding, and
different data augmentation methods are used in the experiments.

Parameters Results
Dataset
X y z o EM F1
2 1 2 005 57756 74.164
BioASQ 6B 2 1 2 0.1 57.756  73.995
2 1 2 015 57.756 73.260
3 2 2 005 58556 74.062
2 1 2 005 49523 65.760
BioASQ 7B 2 1 2 0.1 50.213 64.819
2 1 2 015 49261 63.894
3 2 3 0.1 49.261 62.884
2 1 2 0.1 43976  60.878
BioASQ 8B 2 1 2 015 43235 60.011
3 2 3 015 46881 62.058
3 2 3 0.2 46.967 61473

According to the above results, the parameters with the
best performance are diverse on different datasets. This is
due to the use of different embedding and data augmen-
tation methods on these three datasets to achieve the best
results.

After selecting the best parameters for each experiment,
the comparison results with two single models are shown in
Table 4. It can be seen that EM and F1 score of our model
weighting strategy are generally improved than the original
single model. Especially, EM and F1 score are significantly
improved by more than 4% and 3% over BioBERT model
on BioASQ 6B and 8B. These results indicate that the model
weighting strategy can really integrate the advantages of
the two models, even if the performance of QANet is not as
good as BioBERT, the prediction of QANet can still inspire
BioBERT to choose a better answer.

4.3.2 Performance Impacted by Data Augmentation Strat-
egy

Round-trip translation method: In order to explore the in-
fluence of Round-trip translation method for data augmen-
tation, we design experiments on BioASQ 8B for compari-
son. The QANet model is trained with the original SQuUAD
dataset and the augmentation SQUAD dataset (denoted as
"SQuAD_aug”) respectively. In addition, after training on
the original BioASQ dataset, the model weighting strategy
is used and its performance is evaluated. It can be seen in
Table 5 that with the two groups of parameters settings, the
results of model weighting strategy are both improved by
using the SQUAD_aug dataset, which further proves that
the Round-trip translation method plays a certain role in
the final answer prediction.

Slide window method: The experiments are conducted
to explore the influence of using the slide window method.
Table 6 and 7 show the results of QANet and our model
weighting strategy before and after using data augmen-
tation of the slide window method on BioASQ 6B. Table
6 shows the results of using SQuUAD dataset for QANet
training, and Table 7 shows the results of using SQUAD_aug
dataset for QANet training. The original number of training
samples which QANet model can actually deal with is
544 due to the length limit, while there are 901 samples
in BioASQ 6B training set in total. After using the slide
window method, the exact number of available training
samples reaches 1715. The experimental results show that
using the slide window method can also bring the perfor-
mance improvement. Here, QANet uses BioBERT 768 em-
bedding, and BioASQ_slide represents the BioASQ dataset
after data augmentation using the slide window method.
The parameters used in the model weighting strategy are
z =2,y = 1,n =2, a = 0.1. In addition, the results of
BioBERT are 53.777 of EM score and 70.928 of F1 score.

TextRank method: Two groups of experiments are de-
signed to verify the effect of using TextRank method for
data augmentation on BioASQ 6B and 7B. For BioASQ
6B dataset, the number of training samples which QANet

TABLE 4
EM and F1 score of BioBERT, QANet and model weighting strategy on BioASQ. Here, QANet uses BioBERT 768 embedding, and three
experiments use different data augmentation methods and model weighting parameters which are chosen from Table 3.

Model BioASQ 6B BioASQ 7B BioASQ 8B
EM F1 EM F1 EM F1
BioBERT 53.777 70.928 49.523 65.247 41.071 58.956
QANet 37.889 55.035 35.571 52.057 39.917 53.940
Dual Model Weighting (Outs) 57.756 74.164 49.523 65.760 46.881 62.058
TABLE 5

The results of QANet model and our model weighting strategy before and after data augmentation on BioASQ 8B. Here, QANet uses BioBERT
768 embedding.

QANet Results Parameters Dual Model Weighting Results
Datasets
EM F1 X y z a EM F1
SQuAD+BioASQ 34.118  48.484 2 12 0l 39.895 °8.968
2 1 2 015 39.154 58.010
SQuAD_aug+BioASQ 36.835  50.280 2 1 20l 42.038 60.847
2 1 2 015 41.297 59.340
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TABLE 6
The results of QANet and our model weighting strategy before and
after using data augmentation of slide window method on SQUAD and

BioASQ 6B.
QANet Results Dual Model Weighting
Datasets Results
EM F1 EM F1
SQuAD+ | 0951 55183 | 56.089 73.208
BioASQ
SQuAD* 55889 55085 | 57.756 73.995
BioASQ_slide
Improvement 12.94% 11.08%
TABLE 7

The results of BioBERT, QANet and our model weighting strategy
before and after using data augmentation of slide window method on
SQuUAD_aug and BioASQ 6B.

0 T Weiehti
QANet Results Dual Model Weighting
Datasets Results
EM Fl1 EM Fl
SQuAD-aug | 4,006 55201 | 53777 70.324
+BioASQ
SQuAD_aug | oo seeos | 56.923 72.162
+BioASQ_slide
Improvement 15.85% 12.61%

model can actually deal with is 544, only 60% of the orig-
inal training dataset. After using TextRank to summarize
the contexts in the original samples, QANet model can
deal with 801 samples, and it reaches 89% of the total
training dataset. The SQUAD_aug dataset is used in the
experiments, and BioBERT 768 embedding is used as the
word embedding by QANet model on BioASQ 6B, while
the experiment on BioASQ 7B uses GloVe word embedding.
The parameters used during model weighting strategy are
r =2,y = 1,n = 2,a = 0.05. The experimental results
are shown in Table 8. It indicates that TextRank method
also brings the performance improvement with the model
weighting strategy.

Fig 7 shows the results of our model weighting strategy
using the above different data augmentation strategies on
BioASQ 8B.

It can be seen that the introduction of these data aug-
mentation strategies improves the performance by varying
degrees. Especially, the slide window method has more
obvious effect than the TextRank method. In our opinion,

65
60.011

55
50
45 43.235
40
35
30
25
F1

Exach Match

SQUAD + BioASQ
W SQUAD_aug + BioASQ_TextRank

Value

SQUAD_aug + BioASQ
M SQUAD_aug + BioASQ_slide

Fig. 7. The EM and F1 score of our model weighting strategy on BioASQ
8B, using different data augmentation meth ods for training on QANet
model. Here, QANet uses BioBERT 768 embedding. The parameters
used during model weighting strategy arex = 2,y = 1,n = 2, = 0.15.

the main reason is that the slide window method retains the
order and coherence of the original context, and it can better
reflect the contextual information. Further, the slide window
method obviously expands the number of training samples,
which also has a positive impact on training.

TABLE 9
Results of four baseline models and our model weighting strategy on
BioASQ 6B, using the same evaluation measures with BioASQ

Challenge.
Results

Model i i

ode Strict  Lenient MRR
Acc Acc
LabZhu, FDU 0.2141 0.3113 0.2539
AUTH-QA 0.2015 0.402 0.2713
BioASQ_Baseline  0.1296 0.2321 0.1659
OAQA 0.1629 0.2783 0.2116
Dual Model oo 07544 0.6436
Weighting(ours)

4.3.3 Performance Compared with other BioASQ partici-
pants

To compare our result with the models which participate in
BioASQ challenge, we use the same metrics for evaluation:
Strict Acc, Lenient Acc and MRR. Here, Table 9, Table 10 and
Table 11 show the average results of 5 test batches in BioASQ

TABLE 8
The results of BioBERT, QANet and our model weighting strategy before and after using TextRank method for data augmentation on BioASQ 6B
and 7B.
. BioBERT Results QANet Results Dual Model
Test Batch Embedding Datasets Weighting Results
EM F1 EM F1 EM F1
6B BioBERT 768 embedding | 53.777 70.928 SQuAD_aug + BioASQ 40.006 55.291 | 53.777 70.338
SQuAD_aug + BioASQ_TextRank | 37.055 55.395 | 55.256 71.574
7B CloVe 49.503 65.247 SQuAD_aug + BioASQ 34.564 50.557 | 49.523 65.247
SQuAD_aug + BioASQ_TextRank | 31.659 49.799 | 49.523 65.668

© 2022 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.
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TABLE 10
Results of four baseline models and our model weighting strategy on
BioASQ 7B, using the same evaluation measures with BioASQ

Challenge.
Results
Mod i i
odel Strict  Lenient MRR
Acc Acc
KU-DMIS 0.4367 0.6274 0.5116
Google-gold-input  0.3900  0.5775  0.4562
AUTH-QA 0.2363 0.3710 0.2898
LabZhu, FDU 0.1443 02472  0.1867
Dual Model 04884 0.6711 05579
Weighting(ours)
TABLE 11

Results of four baseline models and our model weighting strategy on
BioASQ 8B, using the same evaluation measures with BioASQ

Challenge.
Results

Mod i i
odel Strict Lenient MRR

Acc Acc
KoreaUniv-DMIS  0.4071 0.5967 0.4817
Umass_czi 0.3758 0.5366 0.4394
LabZhu, FDU 0.4070 0.5967 0.4766
Bio-answerfinder  0.3109 0.4014 0.3476
Dual Model 120 06017  0.5386

Weighting(ours)

6B, 7B and 8B respectively. The results of other models are
from BioASQ official website?. The results indicate that our
model weighting strategy outperform the models partici-
pated in BioASQ challenge significantly on solving factoid
questions.

4.3.4 Performance Impacted by Adversarial Training

There are about 24% of the samples in BioASQ training
set can be used to generate new adversarial sample by
ADDSENT method. We add these samples into the original
training set to train BioBERT and QANet. As shown in
Table 12, in BioASQ 6B, compared with the result before
using adversarial samples, the performance degrades and it
indicates that adversarial samples generally interfere with
the model. At the same time, model weighting strategy still
performs better than the single model, which shows our
method has better robustness.

Especially, the result in Table 13 shows the perfor-
mance of the model is generally improved significantly
after adding adversarial samples on BioASQ 8B. It indicates
that the introduction of adversarial samples can make the
model learn richer semantic expression from these samples.
It is beneficial to solve more complex question answering
problems in 8B dataset. This group of experimental result
further proves the effect of adversarial learning. How to
generate better adversarial samples, making the model learn
deep semantic information and own stronger stability, is a
subject that can be studied further.

2. http:/ /participants-area.bioasq.org/results/

TABLE 12
The comparison results of BioBERT, QANet and our model weighting
strategy before and after adding adversarial samples for training on
BioASQ 6B. Here, QANet adopts BioBERT 768 embedding and uses
SQuAD_aug dataset for training, also slide window method is used for
data augmentation on BioASQ.

Results before Results after

Model adding Adv. adding Adv.
EM F1 EM F1
BioBERT 53777 70928 50.168  69.21
QANet 40316 56.624 4012  61.65
Dual Model 56.923 72162 51.801 71.132
Weighting (Ours)
TABLE 13

The results of BioBERT, QANet and our model weighting strategy
before and after adding adversarial samples for training on BioASQ 8B.
Here, QANet adopts BioBERT 768 embedding and uses SQUAD
dataset for training, also the TextRank method is used for data
augmentation on BioASQ.

Results before Results after

Model adding Adwv. adding Adv.
EM F1 EM F1

BioBERT 41.071  58.956 45.055 62908
(19.70%)  (16.70%)

QANet 36.062  49.389 34611 51466
(14.02%)  (14.21%)

Dual Model 41409 61042 45.855 63.477
Weighting (Ours) (110.74%)  (13.94%)

4.3.5 Model Training Analysis

We try to use multiple open domain datasets for training
and the results show that the performance gets worse on
biomedical question answering task as shown in Fig 8.
SQuAD is a classic open domain QA dataset of span extrac-
tion task, and the experiment indicates that the model has
achieved good performance by using SQuAD for training.
Our method aims to further enrich the SQUAD dataset by
using Round-trip Translation(RTT) method for data aug-
mentation.
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Fig. 8. The F1 value on BioASQ 6B with multiple training sets.

In our model architecture, BioBERT and QANet model
are trained separately, and then the model weighting strat-
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egy is adopted to get the final answer. The computational
complexity mainly focuses on the training process of the
above two models.

For BioBERT model, BioASQ dataset is used to fine-tune
the model which has already been pre-trained on PubMed
and SQuAD. As BioASQ training set has just about 1000
samples, the training process takes less than 5 minutes.
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Fig. 9. The training process of QANet on the development dataset.

For QANet, it is trained on SQuAD model for 60000
steps firstly. The current model will be saved every 1000
steps, and the best one will be chosen to continue training
on BioASQ dataset. We give the training process of QANet
on the development dataset. Fig 9(a) and Fig 9(b) represent
the training process of the QANet model on SQUAD and
BioASQ 6B respectively. When it is trained by 56000 steps
on SQuUAD dataset, F1 value reaches the highest and so this
model is selected to continue training on BioASQ.

5 CONCLUSION

In this paper, three effective data augmentation strategies
are adopted to improve the model performance, and a dual
model weighting strategy is proposed to take full advantage
of two models for answer prediction in Biomedical Ques-
tion Answering. They are open-domain model QANet and
BioBERT model pre-trained in biomedical domain data. Ex-
perimental results show that our method achieves the best
performance compared to the single model on BioASQ 6B,
7B, and 8B datasets. Further, we use ADDSENT method to
generate adversarial dataset of BioASQ, and give the adver-
sarial training to the model. The results show the robustness
of our method and the possibility of adversarial training
to enhance model’s understanding ability. In future work,
how to extract the key context with high quality using the
summarization method to inspire the training of the model
is a problem that needs to be further studied. In addition, the
model weighting parameters could be obtained by training
for each group of experiments. The parameters could be
adjusted continuously according to the prediction result, so
as to find a set of parameters with the best performance
using model weighting strategy.
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