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s Introduction 

Today, AI systems are used in a variety of domains and, 
from a high-level view, these technologies function as 
systems of discrimination: they differentiate, rank, and 
categorize and therefore, in some specific cases, discrim-
inate and create inequalities in society. As the current 
facial recognition systems are miscategorizing people of 
color, women are consistently underpaid, and automatic 
recruitment systems are excluding female candidates for 
technical and leadership positions, society faces the chal-
lenge of being “categorized,” “discriminated” and “unfairly 
judged” by intelligent systems.1,2,3,4 

As stated by the AI Now Institute report, there is a 
crisis of diversity5 in the AI sector across gender and 
race.6 Authors of leading AI conferences, decision-makers, 
workers, and research staff of “tech giants” such as Google, 
Facebook and Microsoft are predominantly white and male. 
Also, there is no public data on trans workers or other gen-
der minorities, as stated in the same report. Even though 
there is a growing concern and social focus on “fixing” 
diversity problems of the AI industry by approaching data 
quality, fair models, and inclusive design, many argue that 
there should be a deeper analysis of workplace cultures, 
power asymmetries, harassment, exclusionary hiring prac-
tices and unfair compensation that are causing people to 
leave or avoid working in the AI sector altogether.7 

Therefore, it seems that the inequality problem of AI is 
not just a technical problem, but an issue that needs to be 
addressed from the interdisciplinary perspective involving 
different stakeholders, decision-makers, and, most impor-
tantly, civil society.

AI-based technologies are increasingly positioned in 
the center of our lives, developing new horizons for society. 
This buzzword “AI” is used to generalize technologies and 
systems which “imitate” human intelligence using a vari-
ety of techniques such as automatic speech recognition, 
image recognition, natural language processing, speech 
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generation and so on. Machine learning is a subset of AI 
and focuses on the ability of machines to receive a huge 
amount of data and learn from it without being explicitly 
programmed. However, expert systems, which are also 
included under this “AI” umbrella, can operate with gen-
eral programming techniques with or without machine 
learning algorithms. Therefore, it is important to differen-
tiate between AI, machine learning, and other terms with 
regards to the scope and impact they have on the diversity 
and discrimination problem. In our article we focus on all 
these techniques and the discrimination problems caused 
by their implementation in a variety of domains. 

Debates are ongoing on whether AI-based systems 
improve the quality of human life or, in contrast, increase 
inequalities and exclusion in society. Large-scale machine 
learning and deep learning techniques which enable 
computers to process and analyze vast amounts of data 
are widely used in domains such as insurance (specifically 
in credit scoring), loan applications, healthcare including 
healthcare analytics, healthcare robotics and illness 
diagnostics, in public safety and security (specifically in 
predictive policing and crime applications), in human 
workforce replacement and human resource management, 
in social media applications, games, digital entertainment 
services and in theeducational domain for teacher robots, 

Fig. 9. Which AI-based technologies are experienceing a diversity crisis? 
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s children-robot interaction, intelligent tutoring systems, 
online learning and learning analytics.9,10,11,12 

In specific use-cases, however, these socio-technical 
systems bring unfair, unethical, and discriminating results. 
Report by the AI Now Institute states that “Systems that 
use physical appearance as a proxy for character or interior 
states are deeply suspect, including AI tools that claim to 
detect sexuality based on a picture of someone’s head, pre-
dict ‘criminality’ based on facial features, or assess worker 
competence via ‘micro-expressions.’ Such systems are rep-
licating patterns of racial and gender bias in ways that can 
deepen and justify historical inequality. The commercial 
deployment of these tools is a cause for deep concern.”13

The scandal involving Amazon’s “sexist” AI-based 
recruitment tool which “learned” to eliminate female can-
didates was brought to public attention and the company 
itself in 2018. The reason behind the unfair judgements 
made by the system was its use of historical data that 
captured decisions made by human recruiters in the 
past 10 years. During that period very few women were 
hired to leadership and technical positions; therefore, the 
system trained on that data learned to imitate the biased 
decisions made by human workers at the company. After 
the scandal went viral, the company decided to edit the 
program in order to neutralize gender features; however, 
there is still no guarantee that the recruitment systems 
would not correlate other features with the candidates’ 
gender attributes. 

Timnit Gebru, who studies algorithmic bias at Micro-
soft, emphasizes14 concerns about how deep learning 
could reshape the insurance market; minority and under-
represented groups may be discriminated against due 
to a higher volume of traffic collisions in more densely 
populated zones where they are more likely to live. A 
deep-learning program could “learn” that there is a corre-
lation between belonging to a minority group and a higher 
volume of traffic collisions and use this to build a model 
with prejudices against people of color, for instance. In 
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racial bias. 
Machine-learning algorithms in AI-based systems are 

currently applied in the healthcare industry to analyze 
high volumes of data to improve decision-making, guide 
treatment decisions and improve efficiency. Such data, 
collected over several years, can reflect historical biases 
against vulnerable populations. It leads to potential pro-
motion of further bias, leading to disparity in the health-
care industry. 

Predictive policing algorithms are becoming 
immensely popular in cities across the US, as well as in 
other countries. Many researchers and privacy scholars 
are concerned about critical consequences of decisions 
made by such systems, since they have the potential to 
reinforce racial and cultural biases. “Police in America 
is systematically biased against communities of color,” 
according to New York Civil Liberties Union legal director 
Christopher Dunn told Fast Company. “Any predictive 
policing platform runs the risks of perpetuating disparities 
because of the over-policing of communities of color that 
will inform their inputs. To ensure fairness, NYPD should be 
transparent about the technologies it deploys and allow 
independent researchers to audit these systems before 
they are tested on New Yorkers.”15

With the boom of smart technologies, social media 
platforms have become trusted spaces to share personal 
information, photos, activities, and discussions of topics 
such as politics, religious views, and other sensitive sub-
jects. In order to operate at a larger scale, these platforms 
are applying AI-based techniques in filtering and targeting 
methods in recommendation systems for movies, music, 
and news channels, as well as news feed generation 
on social media platforms. They are manipulated with 
respect to the users’ demographic information, gender, 
age and browsing history, thus providing information 
which fits within their existing “bubble” world view and 
explicit interaction with those who share that view. Over 
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s time, the biases and prejudices of those filter bubbles are 
reinforced and distributed within these communities. The 
issue is the same for non-traditional interfaces including 
Amazon Alexa and Microsoft Cortana. Growing numbers 
of users are experiencing these interactions manipulated 
by smart algorithms and there is a danger of these tech-
nologies limiting our choices and interactions without us 
even realizing it. 

Considering the fast-paced evaluation of algorithmic 
decision processes it is likely that they will be increasingly 
affecting society in the coming years. It is vital that civil 
society speaks up about issues such as bias and discrimi-
nation in AI-based systems, as well as strategy, vision, and 
action plans to overcome these issues. 

Possible development directions  
and desirable future 

First we must consider how this can be done. What devel-
opments could society face with the exponential growth of 
data and implementation of AI-based systems in different 
domains, in particular socio-technical systems?

The first step towards solving the discrimination 
problem in AI requires the application of gender- and 
cultural-sensitive guidelines for fair data collection, data 
handling, design, and implementation layers of the 
AI-pipeline. Moreover, it is vital for each level of society, 
including governmental organizations, businesses, NGOs 
and educational institutions, to follow these guidelines 
and apply them in their own specific domains. 

The other direction of development is in solving the 
inequality problem by applying emerging technologies 
for the needs of civil society. Data-driven applications 
trained on incomplete datasets, which only capture lim-
ited cultural or geographic groups, may produce results 
biased against other groups that were not captured in 
these datasets. This happens due to a lack of availability 
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in the dataset presented by UK Biobank which aimed to 
genotype 500,000 individuals, ethnic minorities were sig-
nificantly underrepresented, including Black (by a third), 
Chinese (by more than a third) and Indian and Pakistani 
(by more than half). White British participants make up 
94.6% of Biobank samples, compared to 91.3% of the 
general population. This sample has a dramatic impact on 
medical diagnostics, creates a bias and increases the risk 
of wrong diagnoses in the underrepresented groups.16 AI 
developers are targeting European and US populations 
due to the lack of quality data representing other popu-
lations.17 Therefore, open data initiatives in marginalized 
communities may provide a unique opportunity to include 
underrepresented groups in the agenda of technological 
solutions aimed at solving cultural diversity problems. 

The use of machine learning and AI-based technol-
ogies in the educational domain is one of the least dis-
cussed applications with respect to the role of emerging 
technologies in reducing social inequality. However, it 
shows promise in overcoming problems of social inequal-
ity caused by emerging technologies. With the current 
rapid development of technology, decision making, tech-
nology development and data collection are manipulated 
by a small elite. Thus, there is an opportunity to distribute 
this knowledge and power among all layers of the society. 
This is possible by educating the next generation of female 
tech leaders, teaching state-of-the-art technologies such 
as artificial intelligence and machine learning at an early 
age, teaching interdisciplinarity, promoting intercultural 
cooperation and diversity as well as conscious and uncon-
scious human biases reflected on technologies impacting 
the society. 

Civil society should play an essential role in this case 
by understanding and adapting data-driven technologies 
and privacy, and their political and economic influences, 
as well as new opportunities and risks that these technol-
ogies bring. 
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political manipulation and discriminating decision-making 
systems, civil society could serve as a bridge between 
society and policy-makers and technology reinforcers 
in bringing the communities they serve to the table and 
including underrepresented groups in development pro-
cesses. 

The most relevant role of civil society here is in 
understanding the dangers of the biases caused by AI 
systems and how they may affect the issues they imple-
ment and the people and communities they serve. The 
goal of civil society organizations could be set towards 
raising awareness of companies and organizations imple-
menting new algorithms on challenges such as fairness, 
transparency, and accountability; the same applies to 
policymakers, responsible for forming new laws and regu-
lations, designed to govern these technologies, as well as 
monitoring and analyzing the impact and consequences 
of the implemented strategies and standards.

What could go wrong? 

Without proper safeguarding, AI-based systems may bring 
negative consequences to society by creating an author-
itarian and centralized way of manipulating, filtering, 
and discriminating underrepresented groups in society. 
Inequality of access and geographic underrepresenta-
tion could be applied by manipulating training data and 
machine learning models in critical cases such as employ-
ment. This could lead to the use of these technologies for 
distributing uneven power among society, power of distri-
bution and creating “disconnected” bubbles in society.18 
AI technologies may also bring privacy-related issues with 
respect to personal data, fake-news and political manip-
ulation through targeting and filtering on social media; 
these are the ultimate risks of the “divide and conquer” 
approach that threatens democracy.19 



154

G
un

ay
 K

az
im

za
de The centralization or decentralization of power within 

these technologies can have consequences concerning 
societal equity and equality if and when such technolo-
gies are used as a tool to manipulate, govern, and direct 
further development of society. In this sense, for instance, 
China’s social credit system has been compared to the 
Black Mirror TV series, Big Brother reality show, and other 
dystopian future science fiction narratives. “What’s really 
scary is there’s nothing you can do about it. You can 
report to no one. You are stuck in the middle of nowhere,” 
says one of the black-listed journalists from China who 
was “tagged” as “not qualified” to buy a plane ticket and 
banned from travelling by certain train lines, buying prop-
erty, or taking out a loan.20

Unknowns

Extensive discussions on the topics of transparency, fair-
ness and accountability of the algorithms and technolo-
gies used to impact society are ongoing, although they are 
not fully incorporated in the design and implementation 
of these technologies. Not all machine learning and deep 
learning algorithms can explain their decisions, and most 
of the data used to develop data-driven systems is biased 
and does not capture the entire population it is aimed at. 
How will “black box” algorithms be governed? How will AI 
biases impact the people AI is aimed at? Who is responsi-
ble for governing all these technologies? We are yet to find 
answers to these questions. There are, however, ongoing 
initiatives of organizations such as the AI Now Institute, 
Alan Turing Institute and Leverhulme Institute for the Future 
of Intelligence which are raising awareness on approaching 
crucial problems of discrimination and exclusion problems 
in data-driven systems, as well as the implementation of 
new technological solutions for eliminating the negative 
impact of issues concerning AI strategies and policies 
introduced by different decision-makers and commissions. 
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s Weak signals regarding the role  
of emerging technologies 

Although we discuss bias and discrimination caused 
by AI-enabled technologies, it is possible to use such 
technologies to detect biases occurring at the different 
stages of the technology development lifecycle. It is one 
of the directions which has a slow but important impact 
on overcoming inequality problems in society.

For instance, a team of US researchers has developed 
an AI tool for detecting bias based on race and gender of 
job or university applicants. The system is trained on a vast 
volume of data and makes recommendations on hiring 
female candidates, if they have been underrepresented in 
specific positions or faculties for a long time. 

These kinds of technologies can be used and governed 
by civil society organizations, as it is the direct responsibil-
ity and aim of these organizations to measure and mitigate 
biases and discrimination in socio-technical systems. 

doi: 10.24412/cl-35945-2021-1-146-157
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