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Abstract

Processing Field (NLP). Women have long been
underrepresented in NLP research. This fact leads
to the question of whether the pandemic affects
female NLP researchers more. We focus on testing
the following hypothesis:

This study sheds light on the effects of
COVID-19 in the particular field of Computational Linguistics and Natural Language Processing within Artificial Intelligence. We provide an inter-sectional study on gender, contribution, and experience that considers one
school year (from August 2019 to August
2020) as a pandemic year. August is included
twice for the purpose of an inter-annual comparison.

1. Although the pandemic was a stressful period,
it has increased the scientific production, since
distance-based working favours writing.
2. As first authors, production has decreased
among the senior women, considering that
they are more susceptible to doing housework
and taking care of children (or elder people)
at home.

While there has been an increasing trend in
publications during the crisis, the results show
that the ratio between female authors’ publications and male authors’ publications decreased.
This only reduces the importance of the female
role in the scientific contributions of computational linguistics (it is now far below its peak
of 0.24). The pandemic has a significantly negative effect on female senior researchers’ production in the first position of authors (maximum work), followed by the female junior researchers in the last position of authors (supervision or collaborative work).
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3. In a collaborative work, while working remotely, the contributions of junior women
seems to be disregarded and they are not included unless their contribution is predominant. This decreased of scientific production
of the junior women as last authors.
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Introduction

Impact Statement

This work is doing a binary gender study. In that
sense, we are simplifying the real gender spectrum
(D’Ignazio and Klein, 2018). Our motivation is
because we want to study the effect of COVID-19
in women, in the line of previous works (Schluter,
2018).
By highlighting the role of women in scientific
contributions, we emphasize the importance of
strengthening the educational programs, scientific
grants and support that motivate woman in NLP
and in STEM (science, technology, engineering
and mathematics) in general.

The pandemic situation is a burden for everyone.
Given the uncertainty and pressure of the situation, it is expected to have a significant impact on
the lives of researchers. However, it appears that
women are bearing considerable burdens due to
the social impact of the virus. According to the
Scientist article 1 , the pandemic exacerbates existing inequalities, with female researchers’ output
increasing less during the pandemic. This is due
to several factors: housework, children staying at
home, and many other factors. In our paper, we
aim to investigate the effects on the productivity of
female researchers during the pandemic in Natural
1
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We select a source of papers, extract them, and classify the authors according to gender and experience.
The contribution is measured according to the criteria of the first author and the last author: The first
authors are the maximum contributors and the last
authors are the collaborators or supervisors. We
show a block diagram of the entire data extraction
process in Figure 1 and explain the details in the
following sections.

Figure 1: Data diagram
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Related work

Several studies that show the imbalance between
females/males emerge with different objectives in
NLP. We can assume three main categories that
show imbalances: in our data, in the automatic
representations from our systems and in the professional level. Our study falls into this third category.

4.1

We have decided to get a source of publications
that can be easily updated daily and overall months.
Therefore, Arxiv3 , an open access archive for scientific articles, was chosen as a source with such
criteria. We have extracted from the Arxiv NLP
publications of the years 2019 and 2020 from August 2019 to August 2020. In order to extract those
of the NLP category, we specified the category
cs.cl, which corresponds to the field of Computer
Science and Computation and Language. This category corresponds to the category ACM i.2.7 (Natural Language Processing). We found about 6760
unique articles, starting in August 2019. Given this
data, we now have to infer gender and experience
to the authors of the papers. The following sections
describe how to infer the gender of the names and
how to classify them on the experience level.

Data. Similar to the study of the number of video
frames in computer vision, e.g., (Madaan et al.,
2018b), which analyses the number of dedicated
frames for women and men, there is a study in NLP
that examines the gender-specific references in the
literature (Madaan et al., 2018a). This study shows
a higher disproportion in mentioning men more
than women. More than the disproportion, it is
the role that men are usually associated with ”highlevel” occupations compared to women who are
associated with more ”care-giving” occupations.
Automatic Representations. Our systems have
shown that they perpetuate and amplify biases
(Bolukbasi et al., 2016; Caliskan et al., 2017) as
examples in word representation. We have also
seen biases in applications such as machine translation (Prates et al., 2020), sentiment analysis (Kiritchenko and Mohammad, 2018) and others.

4.2

Data

In this section, we describe the procedure for extracting the data that allows us to discuss the impact
of COVID-19 on the scientific production of NLP
papers in terms of gender, contribution and experience. This data is available to other researchers2 .
2

Inferring gender of names

The study (Mohammad, 2020b) examines the citations and authors of the publications of the ACL
anthology. In this dataset, called NLP-scholar, we
can find the gender of the first and last authors.
Thus, this was the first direction to find out the
gender of the authors. To investigate the gender
of authors, not available in this dataset, we used
two APIs4,5 , which allow extracting the gender of
the name to ensure that the gender of the name is
correctly recognized. We use the former to predict
the names. However, if the name is predicted with
less accuracy, we use the latter for verification. It
is a difficult task to guess the gender from Chinese
names (van de Weijer et al., 2020). While there are
open tools that can make this guess6 , we are not
aware of any tools for the case of Chinese names
written in English. Therefore, we have decided to

Professional level. A deep study of the glass ceiling (Schluter, 2018) shows profound evidence of
the existence of such limitations. It is worth mentioning that while doing our study, there were parallel studies in several fields which have led to similar
conclusions (Büyüm et al., 2020; Coleman et al.,
2021; Ancochea et al., 2020; Ruiz-Frutos et al.,
2021; Spagnolo et al., 2020; Squazzoni et al., 2020;
Sohrabi et al., 2021; King and Frederickson, 2020).
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Paper selection
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neglect them when they do not exist in the NLPscholar dataset.
4.3

What is the ratio of females/males contributions? There is a real gap in the contributions of
females/males in NLP, which varies between 0.16
and 0.24 in monthly terms (figure 3). Within the period under study, this gap gets larger, which brings
us to the next question.

Senior and Junior classification

Google Scholar is a free web search engine for academic literature to access metadata for authors and
publications. Google Scholar does not provide an
official API to extract information about authors,
but we have used scholarly7 to extract citations of
the authors from their Google Scholar profile pages.
A Google Scholar Profile page is the page where
authors can include their papers (citations are included) and their affiliations (Mohammad, 2020a).
Seniors are classified as authors with more than
1000 citations, while juniors are those with less
than 1000 citations. Sometimes the same author
name can have several profile pages. Accordingly,
we have performed a manual inspection to ensure
that the interests of the extracted author include
a related field, e.g. ’computer science’, ’Natural
Language Processing’, etc.
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Figure 3: Ratio of men (blue) and women (dashed-red)
in total authors

What is the effect of the pandemic in the ratio of
females/males contributions? The tendency during
this period is the reduction of the females/males
ratio. We can analyze the effect in this period in
two different ways, but with similar conclusions.
First, if we compare production in August 2019
and 2020, the females/males ratio has decreased
from 0.24 to 0.20 (figure 3). Second, a comparison
of the average production in the months before the
first lockdowns8 (August 2019-February 2020) and
for the months of 2020 with intermittent lockdowns
(April-August). In the former case, the ratio is 0.21,
whereas, in the latter, the ratio is reduced to 0.18.
What is the effect of the pandemic in the ratio of
females/males first and last authors contribution?
The ratio of females/males first authors is stable
(figure 4 (top)), whereas the ratio of females/males
last authors decreases slightly (figure 4 (bottom)).
What is the effect of the pandemic on the ratio
of females/males first authors contribution related
to experience? The ratio of females/males first authors during the studied period increases among
juniors (figure 5 (top)) and decreases significantly
among seniors (figure 5 (bottom)), confirming hypothesis 2. The influence of the pandemic is less
relevant for junior female scientists than for senior
female researchers. This reinforces the hypothesis
that the productivity of senior female researchers
declined. This could be explained due to the combination of ”care-giving”/family and professional re-

Discussion

Our discussion will target solving the hypothesis
raised in section 1 together with additional ones.
What is the effect of pandemic on NLP publications? Our study examines the total production
of NLP research during the year and the gender
distribution. In the figure 2, we observe an increase
in the number of both female and male authors
during the period from March to July 2020, which
confirms hypothesis 1 from section 1. This may
be explained by the fact that scientific work has
gained popularity during the pandemic, together
with the fact that working from a distance tends to
leave more time for writing articles.

Figure 2: Total number of male (blue) and female
(dashed-red) authors per month.
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in the juniors (figure 6 (top)), which confirms hypothesis 3, while in the seniors, the ratio is stable
(figure 6 (bottom)). It is noted that there are opposite effects on junior female scientists, depending
on whether they occupy the last or the first position
in the publication. This is not straightforward to explain, but we can speculate about the following. In
the case of leading the work as first authors (figure
5 (top)), the proportion increases compared to men.
In contrast, the proportion decreases when women
are the last authors. From our point of view, this
could show that female junior researchers are less
likely to be involved if they do not lead the work,
at least during the pandemic. This could be a form
of discrimination against women in the sense that
some of their collaborations could be neglected.
This is pure speculation, as studying the factors
which support this hypothesis is out of the scope
of the paper. In the case of the senior women, their
production is stable as last authors (as opposed to
the decline as first authors), possibly due to the fact
that they supervise the work at a higher level of
detail and this is less demanding in terms of dedication. Therefore, in the case of the last authors
and the experience level, we do not see a decline in
production during the period under study.

Figure 4: First (top) and last (bottom) authors.

sponsibilities (Zimmer, 2020). However, we want
to make clear that there is no proven correlation
between care-giving responsibilities and the level
of seniority based on number of citations provided.

Figure 5: First authors: juniors (top); seniors (bottom)

What is the effect of the pandemic on the ratio
of females/males last authors contribution related
to experience? Here we see an interesting effect,
which is that the ratio females/males ratio decreases

Figure 6: Last authors: juniors (top); seniors (bottom)
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