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ABSTRACT
As artificial intelligence (AI) systems become more 
widespread, we see increasing attempts to understand 
the social, economic, and political implications of 
these technologies. One significant gap in this work 
is a critical analysis of AI in terms of gender. This 
chapter examines the gendered implications of AI, 
especially in the Global South (focusing on low- and 
middle-income countries in Latin America and the 
Caribbean, Africa, and Asia). We identify the ways 
in which AI shapes gender relationships — and vice 
versa — by exploring examples of AI applications from 
various disciplinary fields. Where examples do not 
yet exist, we focus on anticipating and preventing the 
negative impacts of potentially biased AI applications. 
At a minimum, we need to ensure that AI does not 
exacerbate existing gender inequalities. We therefore 
propose steps that industry, civil society, and policy-
makers can take to achieve this goal.

KEY FINDINGS

• AI development is likely to encode patterns of 
bias and discrimination against women, unless 
intentionally directed otherwise.

• Far from being neutral, AI-based applications are 
gendered from their creation — by the inherent 
bias of their creators, or through bias in the data 
they rely on. 

• AI can actually exacerbate existing gender 
inequalities; the lack of women working in the 
field contributes to inequality and bias. 

o    The training data used for machine 
learning may under-represent women and 
lead to skewed results. 

o    Advertising may reward the targeting 
of men more than women; ride-sharing 
algorithms may pay men more than women. 

o    AI systems typically replicate the way 
their designers view language (usually from a 
male perspective).

• AI can also directly impact women by infringing 
on their rights and liberties. 

o    Machine learning tools are being used to 
create very realistic but computer-generated 
pornographic media, using images of 
women without their consent.

o    The demand for more data (for training 
machine learning models) may ignore the 
need for informed consent. Such data can 
also be used to target women’s groups or 
individual women.

INTRODUCTION

Artificial Intelligence (AI) as a discipline has been 
around for decades, but it nevertheless offers 
tremendous opportunities for social and economic 
change. As AI systems become more widespread, 
there has been a concomitant interest in discerning 
the social, economic, and political implications of 
these technologies. We can consider AI’s implications 
on two interrelated levels: first, how such technologies 
are developed; and second, the kind of impacts AI can 
have on society. 

Drawing on research in the United States and other 
high-income countries, some have pointed to the lack 
of diversity in the development of AI applications as 
well as specific evidence of gender, racial, and other 
biases (Bryson & Narayanan, 2016; Buolamwini & 
Gebru, 2018; Caliskan-Islam et al., 2016; Crawford, 
2016). More broadly, researchers, civil society groups, 
and governments in high-income countries are trying 
to address the socio-economic implications of AI: 
for example, they point to due process and ethical 
concerns in the use of AI by government agencies and 
the approach to developing AI supported systems in 
the private sector (Campolo, Sanfilippo, Whittaker, & 
Crawford, 2017). 

One significant gap in this work is a critical, gendered 
analysis of AI. While feminists have questioned the 
implications of AI for gender for some time now 
(Halberstam, 1991; Haraway, 1985), there is less work 
on the gendered implications of recent applications of 
AI. This is particularly important given the proposed 
and actual use-cases of AI across sectors. This 
chapter attempts to help fill this gap by examining 
the gendered implications of AI with an emphasis 
on countries in the Global South, where there is 
currently only limited research on this topic (e.g., Web 
Foundation, 2017a; IDRC, 2018)80.

Given the potentially broad gendered impacts of AI, 
it is important to take an interdisciplinary approach. 
We first examine research from fields including 
gender studies, innovation studies, sociology, law, 
and information and communications technology 
for development (ICT4D), drawing on literature that 
critiques ICT4D researchers and practitioners from a 
gender perspective. We identify the ways in which AI 
shapes gender relationships, and vice versa, based on 
examples in the literature as well as on examples of 
AI applications reported from a few countries in the 
Global South. In cases where real-world examples do 
not yet exist, our arguments focus on preventing the 
potentially negative impacts of biased AI applications. 
There is a responsibility to ensure that, at a minimum, 
AI does not exacerbate existing gender inequalities. 
We therefore propose steps that industry, civil society, 
and policy-makers can take to achieve this goal. 
 

80 The Global South is defined here as low and middle-income 
countries in Latin America and the Caribbean, Africa, and Asia.



Taking Stock: Data and Evidence on Gender Digital Equality PART TWO

332

In the next section we discuss what we mean by AI and 
gender and how patriarchy mediates the relationship 
between the two. We then review possible impacts, 
by first reviewing the potential for AI to reduce gender 
inequalities, and then addressing the ways in which 
it might exacerbate such inequalities. Finally, we 
conclude with policy and other recommendations.

KEY CONCEPTS – HOW 
DO GENDER AND AI 
INTERSECT?
Like most social science researchers on this topic, 
we take a broad view of AI. Nilsson (2009) posits 
that AI is about making machines intelligent — or 
designing them to have the ability to develop the right 

decisions in a given environment, with foresight. As 
Stone et al. (2016) note, there is a broad spectrum of 
systems, differentiated by scale, speed, and degree 
of autonomy. Another way to classify AI is in terms of 
the scope of the tasks undertaken, including machine 
learning and deep learning (Figure 12.1).

AI is not simply a novel technology with interesting 
applications. It can be defined as an emerging 
technology, particularly as a field in the Global 
South. Emerging technologies embody a process 
that updates existing techniques, tools, professions, 
organisational structures, and industries with new 
capabilities and rearranges them in new ways. 
Crucially, however, these technologies co-evolve with 
existing inequalities (Cozzens & Thakur, 2014). In fact, 
some inequalities are sustained over time and even 
worsen — such as the gender wage gap (WEF, 2018) 
— as reinforcing an entrenched form of power. 

Figure 12.1
Relationship between AI, machine learning, 
and deep learning

Source: Web Foundation, 2017a.
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In this chapter, we view gender as a range of 
characteristics defined by society to differentiate men 
from women81. Based on this gender differentiation, 
a patriarchal system creates and maintains social and 
economic structures that reserve most power to men 
in society, institutionalising gender inequality. As 
emerging technologies, such as AI, evolve, we argue 
that they will replicate existing patterns of bias and 
discrimination against women, unless intentionally 
directed otherwise. 

Many people assume that technology has no clear link 
to gender, and that the application of technologies 
such as AI will therefore be gender-neutral. Far from 
being neutral, however, AI-based applications are 
gendered from the context of their creation. One 
example is the almost universal use of female voices, 
by default, for such AI-powered digital assistants 
as Google Assistant, Apple’s Siri, and Microsoft’s 
Cortana (Adrienne, 2016). The few existing examples 
in the Global South are also feminised: in Lagos, 
Nigeria, lara.ng82 provides public transportation 
information using a chatbot with a female identity; and 
when Micromax in India launched the mobile voice 
assistant AISHA in 2012, it also had a female identity. 
(We note the explicit sexual reference in the TV ad: a 
man in a swimming pool tells a bikini-clad AISHA, “I 
can sleep with you, but I can’t marry you.” To which 
she responds, “that’s OK, I can find you a girl in the 
matrimonials”83.) A range of less obvious, but more 
consequential, gender implications is discussed in the 
following sections. 

The discourse around AI is also shaped by gender. For 
example, in Western countries, much of the male-
dominated focus around the impact of AI is on job 
losses (Crawford, 2016). In some African countries 
it is often about how to improve socio-economic 
outcomes (Brandusescu, Ortiz, & Thakur, 2017), but 
for marginalised groups (including women) it will focus 
on issues of bias and discrimination (Buolamwini & 
Gebru, 2018). This chapter examines how emerging 
technology, such as AI, can serve to reinforce gender 
inequality, and what measures are needed to mitigate 
these trends.

THE PROMISES AND 
POTENTIAL FOR AI AND 
GENDER EQUALITY
One area of concern is the gender imbalance in 
technology fields such as AI, where men dominate 

81 This socially dictated, binary definition of gender as female and 
male unfortunately precludes other types of gender in this analysis. This 
simplified view also excludes analysis based on intersectionality, such 
as women and men of different income groups, race, ethnicities, class, 
caste, etc. 

82 See https://lara.ng/. Accessed March 2018.

83 https://www.youtube.com/watch?v=lHQMJ-1KV00. Accessed March 
2018.

in both the Global North (EU, 2018) and Global 
South (WEF, 2018; Brandusescu et al., 2017). Some 
developers believe that AI can improve some forms 
of human decision-making that are distorted by, 
for example, discrimination against women that 
perpetuates gender gaps in the workplace. For 
example, Google has used AI to identify reasons for 
higher female staff turnover in its workforce (Bohnet, 
2016, p. 105). Other developers focus on reducing 
discrimination in the recruitment process, including in 
technology firms (Shah, 2016). These tools examine the 
wording of job postings and use internal staff surveys 
to identify prejudices against women. Other machine 
learning tools examine salary comparisons between 
men and women, as well as perceived differences in 
workplace opportunities and benefits, to highlight 
gender gaps (Captain, 2015). 

Some have expressed optimism about these 
applications of AI (for example, Singh, 2017). But 
technological solutions by themselves cannot resolve 
issues that reflect an underlying power dynamic of 
gender inequality. This caveat is often repeated (but 
not always heeded) in the field of information and 
communications technology for development (ICT4D). 
Hafkin and Huyer (2006) argue that, in relation to 
ICT4D and gender, the focus should be on ways to 
improve women’s lives with the aid of technology; 
we cannot assume that technology is a necessary or 
effective means to achieve this end. Most simply, to 
what extent can technology support women’s self-
determination and agency (Web Foundation, 2015)?

It is especially important to examine patterns in 
ICT4D, as a related discipline, because of the potential 
applications of AI in the Global South. Within a 
few years, we expect that ICT4D researchers and 
practitioners will routinely focus on AI in their work (in 
the form of AI for Development, or AI4D). In Africa, 
much of the focus is already on solutions to address 
local and national development challenges, such as 
improving health outcomes, public transportation, 
agricultural productivity, and access to financial 
services (Brandusescu et al., 2017). In the Global South 
more generally, potential developmental impacts of 
AI include creating new business opportunities for 
small and medium enterprises, preventing disease, 
deploying emergency services more efficiently, 
reducing illegal wildlife poaching, and improving 
mechanisms for public consultation and decision-
making (IDRC, 2018; Web Foundation, 2017a). 

As Buskens and Webb (2009) note, these uses of 
technologies can help individual women transform 
their situations, but they do not address social 
systems of inequity. Truly comprehensive AI-based 
interventions, that aim to solve development 
challenges while improving outcomes for women 
more broadly, must begin by considering the inherent 
gender inequalities that underpin the social and 
political context in which these technologies will be 
used. A starting point for this mission is to understand 
how AI, if it is not strategically deployed, can in fact 
exacerbate existing gender inequalities.
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HOW AI CHALLENGES 
GENDER EQUALITY

One of the major challenges is the low level of 
women’s participation in the field of AI. The resulting 
lack of diversity in design can produce AI applications 
that (a) fail to meet the needs of all, and (b) magnify 
existing inequalities, through uneven access and use 
of the application. For countries in the Global South 
this means not only that local AI applications are 
mainly designed and produced by men (Brandusescu 
et al., 2017; Web Foundation, 2017a), but also that — 
given the global dominance of U.S.-based technology 
companies — the imported AI applications (from firms 
such as Google) are most likely produced by “affluent 
white men” (Crawford, 2016). 

One of the consequences of this exclusion of women is 
various forms of discrimination (Buolamwini & Gebru, 
2018). The fact that, in almost all the cases described 
below, these forms of discrimination are not overt 
further complicates the discussion.  

It is useful to distinguish between overt and implicit 
discrimination. In some countries, overt and legally 
sanctioned discrimination against women does exist. 
For example, a World Bank study that examined 189 
countries found that in 37 countries it was harder for 
a woman to legally apply for a passport than a man, 
and 104 countries had restrictions on the kinds of 
jobs women can take (World Bank, 2018). Implicit 
forms of bias and discrimination against women are 
much more difficult to document, but their effect 
can be pervasive. They are built into interpersonal 
relationships as well as within institutional structures 
(rules and norms), and they are prevalent almost 
everywhere. Nevertheless, many in the field argue that 
such discrimination does not exist — or, if it does, it 
is not intentional. It is important to understand that 
systemic and institutional bias can operate regardless 
of individuals’ intention; the important feature of bias 
is its impact, not its motivation. 

In reviewing evidence of AI-based bias and 
discrimination, we find three distinct categories: 

• technical — how AI applications are designed and 
constructed 

• economic contexts — realities that influence 
outcomes 

• social norms and language — interactions that 
lead to discriminatory outcomes 

IMPLICIT SOURCES OF 
DISCRIMINATION: TECHNICAL

The issue of implicit bias and discrimination in 
computer systems has long been recognised. Over 
20 years ago, Friedman and Nissenbaum (1996) noted 
that this concern was not new; the most serious 
types of discrimination were systematic (not random), 
leading to unfair outcomes. Technical discrimination 
is based on the structural constraints of a system. For 
example, since AI is meant to mimic the appearance 
of human intelligence, it is therefore based on how its 
designers think, and their outlook on the world (Adam, 
2006). Machine learning algorithms rely on training 
data in order to develop “appropriate” solutions. 
In a review of different kinds of facial recognition 
algorithms, Buolamwini and Gebru (2018) found 
that those algorithms were more likely to accurately 
identify “lighter-skinned” people, especially men, 
and were much less likely to identify “darker-skinned” 
persons, particularly women. They argue that part of 
the problem is the lack of demographic diversity and 
representation in the many of the datasets used to 
train these algorithms84. Discrimination in this case, 
though unintended, may be a reflection of datasets 
that lack representation of certain groups of people. 

Disconcertingly, as Lohr (2018) notes, these kinds of 
facial recognition systems are already being used in 
multiple sectors across several countries. This points 
to the challenges that people in the Global South 
(particularly women) will face, as new datasets are 
collated — still encoding these existing inequalities. 
For example, men are much more likely to use 
the internet than women in these countries (ITU, 
2017; Web Foundation, 2015); therefore, collating 
photos using online sources may offer far greater 
representation of men. 

IMPLICIT SOURCES OF 
DISCRIMINATION: 
ECONOMIC CONTEXTS

A second source of discrimination is the economic 
environment in which the AI application is meant to 
operate, even where no explicit rules underly the 
discriminatory treatment of women. In one study, 
experiments were conducted using the Times of 
India website to identify differences in how Google 
ads were presented to users. The authors found 
that women users were less likely than men to see 
advertisements for high-paying jobs, for no discernible 
reason (Datta, Tschantz, & Datta, 2015). In a related 
study, Lambrecht and Tucker (2018) found that 
algorithms designed to show online ads to both men 
and women (in over 191 countries) ended up showing 
the ads to more men than women, even though 
women were in fact more likely than men to click on 

84 See also “AI, Ain’t I A Woman?” https://www.youtube.com/
watch?v=QxuyfWoVV98 Accessed July 2018.
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the advertisements. The underlying problem was not 
algorithmic discrimination. Instead, it was a business 
model that, ironically, placed a premium on targeting 
women (young women in particular); as a result, it was 
less expensive and more economical to show the ad 
to men.

In many countries, the companies deploying AI 
applications operate in a non-competitive context, 
and in some cases amount to a near-monopoly. In such 
contexts, algorithms increasingly act as gatekeepers 
of knowledge, essentially determining what kinds of 
information and news people receive (Tufekci, 2015). 
Survey data from six African countries found that on 
average 86% of those who use the internet regularly 
(at least a few times per month) also regularly use 
social media as a source of news85. With few choices 
for the consumer, these monopolistic platforms and 
their algorithms can have a significant impact on 
sources of information for many people, and may have 
significant implications for gender equality. Whether 
or not these gatekeeper algorithms intentionally 
diffuse discriminatory content against women 
(although this happens), the lack of gender awareness 
or gender-critical content can propagate distortions, 
replicating patriarchal norms and undermining 
women’s agency.  

IMPLICIT SOURCES OF 
DISCRIMINATION: 
SOCIAL NORMS AND LANGUAGE

Prevailing social norms and language usage tend 
to replicate the pre-existing biases that humans 
inevitably have. Feminists have long argued that 
language is a means by which women’s inferior 
position is enforced (Adam, 2006). AI systems typically 
replicate the way their designers view language (i.e., 
from a male perspective), both in how these systems 
are designed to interact with humans and in their 
subsequent “learning” based on the analysis of written 
texts (Caliskan-Islam et al., 2016). As Sonnad (2017) 
notes, tools such as Google Translate often interpret 
gender-neutral pronouns to default to the male form 
in English. 

While that may be the result of a flawed dataset 
(i.e., the gender bias embedded in written texts), 
machine learning systems may also learn to use 
discriminatory language when interacting with users 
on-line. Microsoft’s short-lived AI chatbot, Tay, after a 
few hours of interaction with users on Twitter started 
to tweet racist comments and engage in harassment 
of women (Neff & Nagy, 2016). (Like many other AI 
entities, Tay was given the personality of a young 
woman.) 

85 See the Afrobarometer Survey (R7 2016/2018) - http://afrobarometer.
org/ (Accessed March 2018). The eight countries are Benin, Côte 
d´Ivoire, Kenya, Malawi, Mali, Uganda, Zambia, and Zimbabwe. Chi-
square test is significant at the 99% level.

EXPLICIT SOURCES OF 
DISCRIMINATION: RIGHTS  

AI applications can have impacts on women’s rights 
and liberties. Online (and offline) gender-based 
violence is a problem for women globally (Gurumurthy 
& Menon, 2009; Web Foundation, 2015)86. A related 
problem is the use of increasingly accessible machine-
learning tools to create realistic, computer-generated 
pornographic media that uses images of identifiable 
women without their consent. This practice initially 
gained notoriety in the U.S., and there are also cases 
of such videos in India (Sharma, 2018).

The increased demand for AI-based solutions drives 
the need to build bigger and more comprehensive 
data sets. Ominously, the effect of collecting this 
data from a range of disparate sources is to solidify 
existing patterns of control; women and other groups 
who lack the privilege or means to opt out are the 
focus of that control (Shephard, 2016). While many 
countries need better data protection frameworks, 
the problem is more acute in the Global South (Web 
Foundation, 2017b). As a result of the increased 
demand, most recently from AI developers, harvesting 
personal data has become more and more lucrative; 
an increasing number of (unregulated) data brokers 
compile and sell data profiles of individuals to various 
organisations (O’Neil, 2017). Such data can be used 
to target women’s groups or individual women, as 
well as marginalised groups, without their consent. 
In addition, there is the potential for accessing these 
user profiles for political or sexual harassment or other 
kinds of online abuse. 

Privacy is relevant also in the use of an AI application, 
as in the case of AI chatbots. One example, to be 
further researched, is SophieBot87, developed by, 
and primarily targeted at, Kenyans. This is a free AI 
chatbot that works on several messaging platforms 
and provides information on sexual and reproductive 
health. It is important to assess the extent to which it 
harvests and utilises user data, an aspect that was not 
made clear in our interaction with the chatbot. 

RECOMMENDATIONS
 
The challenges examined here are immense, but 
strategic interventions by both policy-makers and AI 
researchers can make a difference. We present five key 
recommendations.

Policy formulation. Policies for AI need to recognise 
that no technology, including AI, is gender-neutral 
(Alozie & Akpan-Obong, 2017; Nass et al., 1997; 
Wajcman, 1991). Developing gender-responsive AI 

86 Also see https://www.genderit.org/onlinevaw/ Accessed March 
2018.

87 See http://sophiebot.ml/  Accessed March 2018.
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policy is important to ensure that the impacts of 
AI on both women and men are critically assessed. 
A comprehensive gender-responsive AI policy (as 
with any technology policy) would create a broad 
understanding of how gender-based inequalities 
are maintained in society. Awareness can start with 
conversations about the roles of men and women 
in society and the kinds of inequalities women face, 
particularly through indirect and systemic forms of 
discrimination. The government can initiate these 
discussions in the public sector through consultations, 
workshops, and internal gender audits88.
 
Multi-stakeholder partnerships. Governments 
should coordinate with industry groups and others 
to generate accurate and timely data on the 
participation of women in the field (Campolo et al., 
2017). Governments should also work with industry 
and other partners to fund women-owned firms 
working on AI, and to incentivise firms generally to 
have more diverse staff at all levels (Web Foundation, 
2018). Other public-private investments can support 
interdisciplinary research on career development in 
the field of AI (including gender inequalities), and 
sponsor STEM training and development programmes 
targeting women and girls. It is also important to 
promote networking and mentoring support for 
women and girls through outreach. In Nigeria, 
for example, the Meet-Up for Women in Machine 
Learning and Data Science operates in Lagos and 
Abuja89, providing spaces to promote participation of 
women in AI. 
 
Improving the research agenda and design 
process. The design challenge for AI represents 
an opportunity in “AI for development”, one that is 
driven by actors in the Global South, who will also 
lead in identifying and implementing solutions to local 
challenges including gender inequality (Escobar, 2011). 
Design decisions are critically important to avoid 
repeating the pattern seen in ICT4D, for example, as a 
field that has often excluded gender (Hafkin & Huyer, 
2006). AI developers should start by asking how their 
solution serves to maintain gender inequality — or 
even make it worse. Developers need to employ 
a “discrimination-conscious by-design” approach 
(Hajian, Bonchi, & Castillo, 2016). The members of the 
AI scientific community in a particular country should 
collaborate on developing such an approach (and by 
building on research networks in the Global South and 
elsewhere). Participatory design requires the inclusion 
of diverse groups (including diverse groups of women) 
throughout the design process. 

Address direct potential harm from AI. Data and 
privacy protection can be critical for women’s safety, 
online and offline. Having clear and understandable 
terms of service and privacy policy is important 

88 On gender audits in public sector agencies, see for example http://
webfoundation.org/docs/2018/03/Using-USAFs-to-Close-the-Gender-
Digital-Divide-in-Africa.pdf p. 16. Accessed July 2018.

89 https://www.meetup.com/Lagos-Women-in-Machine-Learning-Data-
Science/ and https://www.meetup.com/Abuja-Women-in-Machine-
Learning-and-Data-Science/ Accessed March 2018.

for all services, including AI-based applications. 
These safeguards will also require adequate data 
protection laws, which are currently lacking in many 
countries in the Global South. In addition, in most of 
those countries, much of the personal data comes 
through mobile internet. Government through 
telecommunications and consumer protection 
regulators should work with mobile network operators 
to promote transparency in data collection and ensure 
they adhere to data protection rules. Another way of 
reducing potential harm is improving the quality of 
training datasets. Where possible, using open data 
— freely accessible and shareable data, in a machine-
readable format (such as a CSV file)90 (Brandusescu 
et al., 2017). Transparent reporting is needed on how 
the training data was created, and the methods of 
aggregation and classification used (Campolo et al., 
2017). 

Grievance redress mechanism. The typical route 
for recourse in situations of harm is via the courts. As 
in the examples mentioned above, there are several 
possible scenarios where a woman may want to bring 
legal action against a party because of gender-based 
discrimination. However, most legal systems require 
evidence of intent to discriminate, in order to rule 
against the discriminating party, and as we already 
noted, many of the effects of AI-based discrimination 
are unintentional (Barocas & Selbst, 2016). 
Recognising the limitations of their legal systems in 
providing recourse for these types of discrimination, 
governments will have to develop alternatives for 
women and others in these situations. This can include 
for example, mandatory bias audits for consequential 
decision-making algorithms.

CONCLUSIONS

Emerging technologies such as AI will co-evolve 
with existing inequalities, particularly for countries in 
the Global South. How might AI improve or worsen 
gender equality? Most of the evidence suggests that 
AI applications are indirectly or directly exacerbating 
existing gender inequalities. Even where there is no 
harm or discrimination created by the application 
itself, its interaction with the wider environment leads 
to disproportionately negative impacts on women.

This points to the importance of acting now, for 
policy-makers, practitioners, and researchers. A 
starting point is to discard the notion that AI is 
gender-neutral, and rather to acknowledge and 
incorporate analysis on gender throughout the AI 
policy process. Research is necessary to build an 
evidence base on the relationships between diffusion 
of AI and gender and other inequalities. The various 
examples highlighted throughout the chapter point 
to a broad range of research needs, both for those 
working in the field of AI and those studying its 
impacts. 

90 See also http://opendefinition.org/od/2.1/en/ Accessed March 2018.
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While recognising the impact that AI is already having 
globally, and more specifically in the Global South, we 
have put forward recommendations in five key areas. 
Much of this impact can be negative, as our examples 
illustrate. However, problems linked to gender 
inequalities may be overlooked in societies where 
dominant narratives focus on those in power, namely 
men. Policy-makers and researchers everywhere must 
recognise, and be prepared to articulate, that no 
country can achieve its national development goals as 
long as gender inequality persists. 
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