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1. Introduction

1.1. Objective of the Assessment
The German Development Cooperation (GIZ) FAIR Forward initiative “strives for a more open, inclusive and sustainable 
approach to Artificial Intelligence (AI) on an international level”. To achieve this, the organization has been working 
together with several partner countries across Africa and Southeast Asia, in order to pursue three main goals: first, 
to strengthen local technical know-how on AI; second, to remove entry barriers to AI; and third, to develop effective 
political and regulatory frameworks on AI (please see Figure 1).

Figure 1. “FAIR Forward – Artificial Intelligence” for All three goals

Source: Made by the authors with information extracted from FAIR Forward webpage.

Discussions regarding  the inclusion of gender perspectives within the field of artificial intelligence and the automation 
of data analysis systems have increasingly gained the attention of researchers and policy makers, as automating 
systems that reflect human reasoning may also contribute to the continuation of deep-rooted discriminations in 
post-modern societies. In this sense, the objective of this assessment is to provide a detailed and thorough analysis 
of the gender sensitivity in GIZ’ “FAIR Forward — Artificial Intelligence for All” initiative by delving into the FAIR 
Forward partner system, their respective projects, and any AI dataset or model developed under this umbrella. 
This evaluation seeks to identify how both partner organizations, as well as the GIZ FAIR Forward initiative as a 
whole, integrate gender perspectives and indicators into the design, monitoring and evaluation of their projects. The 
assessment focuses on evaluating whether there is a gender bias in the available AI training datasets created by the 
partner organizations, as well as whether the capacity building activities and trainings funded and supported by the 
GIZ FAIR Forward initiative adopt indicators that allow the identification of gender differentiated impacts in the design, 
scope and outputs of the programmes.

For this purpose, this report is divided into four sections. First, this introduction is followed by the methodology utilized 
to conduct the gender assessment. The methodology subsection is  accompanied by an overview of the definitions 
of gender-sensitive and gender responsive indicators and other related concepts that are key to understanding 
the intersection between artificial intelligence (AI), gender equality, and gender statistics. A brief analysis of the 
relationship between AI and gender equality —in order to contextualize the importance of adopting gender indicators 
within these development initiatives— is also included. The second section thoroughly explores the organizations that 
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make up the GIZ FAIR Forward partner system to assess the extent to which a general gender perspective is taken 
into account in their work. This analysis specifically delves into the AI training datasets, models, and capacity building 
activities highlighted as the main focus of this assessment by the GIZ FAIR Forward initiative. The third section of 
the report provides an analysis of the results matrix used by GIZ to monitor the progress of the projects developed 
within the FAIR Forward initiative by disaggregating and pinpointing the strengths and shortcomings with regards to 
gender perspective in the general M&E approach. Finally, the concluding section of the gender assessment outlines a 
series of recommendations on gender-responsive and gender-transformative activities that we suggest should be 
incorporated by the FAIR Forward initiative in order to improve and advance gender knowledge and gender provisions 
in their system. 

1.2. Methodology
The methodology adopted in this assessment is based on a mixed-methods approach. In order to explore and 
document the level of integration of a gender perspective into the partner system, a substantial document review 
and analysis of key literature was employed. Regarding the literature review, consolidated studies discussing the 
use and adoption of gender indicators, as well as the relationship between AI and gender equality, were summarized 
and referenced throughout the assessment. Also, internal administrative documents including (but not limited to) 
concept notes, training curriculums, gender action plans (GAPs), presentations, and terms of references (TORs) that 
explained the organizational structure and objectives of the projects led by the partner organizations were accessed 
and analysed. Furthermore, Data-Pop Alliance (DPA) carried out a total of 10 semi-structured interviews with country 
focal points of the GIZ (two) and high-ranking individuals of the partner organizations (eight) referred by the GIZ 
FAIR Forward team. The data collected from the interviews was properly coded (and anonymized upon request) and 
explored using a system of analysis integrated by gender indicators.

Finally, an analysis of the available AI training datasets —in terms of processes for collection, analysis, and storage— 
was carried out by the data science team at DPA. This evaluation allowed for the identification of the gender 
dimensions (or lack thereof) embedded in such training datasets and the models applied on them, which in turn led to 
the recognition of potential bias and discrimination in the data. This analysis was then combined with the information 
collected through the semi-structured interviews. 

1.3. Gender-sensitive Indicators: Definition and Relevance
Indicators are often described as a reference point through which changes over time can be assessed. They take 
the form of different perceptions used to signify these changes in specific conditions or progress towards particular 
objectives (CIDA, 1997).1 Indicators are generally used for advocacy purposes to incentivize action on key issues that 
can be backed up with strong evidence and statistics.

A particularly important set of indicators are those labelled gender indicators2, which are vital  political tools that enable 
better planning and execution of development projects. There are different ways in which development organizations 
refer to gender indicators; put simply, gender indicators are criteria or measures used to assess the differentiated status 
of women and men in a particular context, or of women in different contexts —e.g. maternal mortality or access to 
antenatal services in countries X and Y (European Institute for Gender Equality, n.d.).3 When policies or programmes 
have the primary goal of investigating or improving this differentiated status — referred to as gender-focused or gender-
sensitive programmes — gender indicators can be used to evaluate the outcomes of such policies and programmes. 
Likewise, gender indicators may also help to hold institutions accountable  for their past and present commitments to 
gender equality, and to measure gender mainstreaming within their own internal structure (OECD, 2007).4 In sum, these 
indicators are strategic tools for understanding the inequalities within the unique social spheres in which men and women 

1	 Canadian International Development Agency (CIDA), 1997. Guide to Gender-Sensitive Indicators.
2  In this report, the authors utilized the conceptualization of gender indicators as those that refer to a binary system of gender and sex categorization. 

However, it is important to note that gender indicators span more than the binary system of gender/sex.
3	 European Institute for Gender Equality (EIGE), n.d. Gender statistics and indicators.
4	 Organisation for Economic Co-operation and Development (OECD), 2007. Gender Indicators: What, Why and How?.
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inhabit and the different barriers and adversities they face in achieving their goals; while also providing key information on 
program adjustments and activities needed to overcome these barriers and achieve greater gender equality.

1.3.1. Sex-disaggregated data
Sex-disaggregated data is the data that is broken down by sex. Its collection and analysis allows for a better 
understanding of the implementation and commitment made by governments (and other institutions) to advance gender 
equality by assessing the situation of women and men, and developing appropriate, evidence-based responses and 
policies. At the same time, it serves to address gaps in policy making, contributes to raising awareness about missing 
information, and encourages data collection processes precisely to integrate gender perspectives into mainstream 
indicators. Although sex-disaggregated data provides the basis for measuring the differences between women and 
men in a descriptive way in various political, social and economic dimensions, it relies on the oversimplified binary 
view of the sexes. Hence, sex-disaggregated data alone is not sufficient for the creation of accurate gender indicators.

1.3.2. Gender-related measurements: quantitative and qualitative approaches
Depending on the type of gender analysis being undertaken, indicators can be measured through quantitative or 
qualitative approaches. Quantitative methods of data collection produce statistical results, focusing on issues that 
can be numerically analysed, such as percentages of political participation by gender; men and women wage rates; 
or school enrolment rates for girls and boys. Hence, gender-sensitive quantitative indicators refer to the numbers and 
percentages of women and men involved in, or affected by, any particular activity, usually based on sex-disaggregated 
data systems and records (DANIDA, 2006).5 Although this set of indicators may reveal differences between women 
and men as a whole, they are not capable of revealing the nature of gendered power relations behind and between 
the sexes. For this purpose, qualitative data is used to support and provide a deeper and more contextualized 
understanding of what numbers, on their own, cannot explain.

Qualitative methods aim to capture people’s experiences, perceptions, attitudes and feelings — e.g.  women’s 
experiences of the constraints or advantages of working in the informal sector; or men’s and women’s experiences and 
perceptions on the use of violence in the domestic setting. Participatory methods, such as focus group discussions, 
interviews, and social mapping tools are often used to collect data for qualitative analysis. Opinion surveys are 
another powerful tool to capture qualitative data..

1.3.3. Gender-sensitive and gender-responsive indicators
Aside from qualitative or quantitative measurements, within the realm of gender data, (and perhaps most importantly) 
indicators can be classified as gender-sensitive or gender-responsive. Gender-sensitive indicators track gender-
related changes in the status and roles of women and men in society over time, and therefore measure whether any 
progress towards gender equality has been accomplished (ibid). For example, they can provide clarification on the 
gender division of labor; that is,  the percentage of women’s participation in activities that ‘mainstream’ indicators 
usually do not disaggregate by sex, such as the percentage of women engaged in unpaid housework and childcare, 
as well as women’s participation in the informal economy. 

On the other hand, complementing gender-sensitive indicators, there are gender-responsive indicators, which are 
used “to reflect on an understanding of gender roles and inequalities”.6 These indicators specifically measure equal 
participation and the fair distribution of benefits with regards to gender and thus go a step further than just describing 
the state of gender relevant variables. For example, if a project aims to increase the use of sustainable practices 
in agricultural production with smallholder farmers as a means to mitigate and adapt to climate change, instead of 
simply measuring “number of districts practicing conservation agriculture” or “percentage of women applying CA 
practices learnt in project-sponsored workshops”, the project could measure “perceptions of conservation agriculture 
effectiveness and the benefits accrued from its adoption, disaggregated by gender”; or “number of dedicated hours 
participating in training activities to scale up modified community-based conservation agriculture” (ibid). In this sense, 

5	  Danish International Development Agency (DANIDA), 2006. Gender-sensitive Monitoring and Indicators.
6	  United Nations Development Programme (UNDP), 2019. Gender Responsive Indicators: gender and NDC planning for implementation
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this set of indicators are more related to “perceptions” and “attitudes”, rather than simply describing the percentage 
of women undertaking a specific activity. Therefore, when a project undertakes activities seeking to generate gender 
impact, it is necessary that it questions whether these activities will foster changes that address gender inequalities 
and transform unequal gender relations in terms of access to opportunities, control of resources, decision making, 
equal pay, fair labour representation, and balance of power. 

Primary questions posed by gender-sensitive indicators, which organizations and project leaders should reflect on 
before implementing programmes and initiatives, are: 
•	 Is this activity the most appropriate and effective way to achieve an improvement in gender equality, considering 

the focus of the sector in which my intervention is taking place?
•	 Will the activity result in a reduction in inequalities between women and men in the sector in terms of access, 

income, labour or power?
•	 How gender-sensitive are the partner(s) who shall help implement this initiative?
•	 Do these partners have an effective gender equality policy in place?

Although gender indicators are essential in supporting the reduction of unequal gender relations, there have been 
challenges in their development. Limited capacity to collect sex-disaggregated data, variables not entirely capturing the 
impact of gender-responsive indicators, baseline data being inadequately produced (and not sufficiently disaggregated), 
and indicators calling for a deeper level of analysis are some of the roadblocks that still hold several development processes 
back. It is important to understand these challenges and how they affect the different indicators presented. Table 1 
presents a summary of the different terminologies and definitions provided by the literature to refer to gender indicators.

Table 1. Different terminologies adopted by the literature to refer to gender indicators

Name Definition / Implication Field of Application

Gender-sensitive 
Indicators

Gender-sensitive indicators highlight how far and in 
what ways development programmes and projects 
have met their gender objectives and achieved 
results related to gender equity. Gender-sensitive 
indicators measure gender-related changes in 
society over time and are needed to measure 
progress towards targets (which themselves need to 
be gender-sensitive).

Used when identifying the changes in the status and 
roles of each gender to be achieved. Using gender-
sensitive indicators can also help to understand 
how changes in gender relations happen, therefore 
enabling more effective planning and delivery of 
future work.

Gender-responsive 
Indicators

Gender responsiveness refers to outcomes that 
reflect an understanding of gender roles and 
inequalities and encourage equal participation, 
including equal and fair distribution of benefits. 
Gender responsiveness is accomplished through 
gender analysis that informs inclusiveness.

Used when examining the objectives for the project 
or initiative to address changes in the relations 
between men and women, the outcomes of a 
particular policy, programme or activity for women 
and men, or
changes in the status or situation of men and 
women. 

Gender-
differentiated 
Indicators

Monitors changes among both sexes. Change is 
explicitly intended among/between women and men 
and its measurement is disaggregated by sex.

Used if:  a change is meant to occur among men 
and women; an intervention is meant to lead to the 
same outcome for men and women; the male/female 
ratio is supposed to change

Gender-specific 
Indicators

Only measures the intended change among women 
or men.

Used if: changes are only to be promoted and 
monitored for one sex.   Used as a qualifying 
additive to activities or results.

Gender-neutral 
Indicators

Changes are intended and measured among 
individuals. The hypothesis measured is not 
primarily related to gender. Measurement can be 
differentiated by sex, but this is not mandatory.

Used if: people in a specific job/position (e.g politicians, 
civil servants, service providers) are enabled to 
recognise the gender dimension and gender relevance 
of the tasks entrusted to them and to design and 
implement these in a gender-sensitive manner.

Source: Made by the authors with information provided by Deutsche Gesellschaft für Internationale Zusammenar-
beit (GIZ) GmbH and United Nations Development Programme (UNDP).
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1.3.4. Impact, outcome, output and input indicators
When creating a program, there is usually a set of indicators that measure the design and impact of the project at 
hand. These indicators are crucial to understanding where gender indicators can be embedded to account for gender 
provisions in the intervention. Following the UNDP’s (2019)7 ‘project cycle’ framework there are four types of indicators. 
The first type are impact indicators, which focus on the overall change the initiative or policy promotes. They are 
measured after an initiative is completed or after a policy is implemented, and they show the diverse consequences 
of the intervention, such as changes in attitudes, confidence, and a sense of empowerment. Outcome indicators, 
on the other hand, relate to the overall purpose and long-term results of the initiative. For example, an indicator of 
this type focused on gender might measure the increase of girls’ enrollment in secondary education; the provision of 
more technical vocational and educational training programmes focused on developing STEM skills amongst young 
females; etc. Output indicators concern the more immediate results of activities (often during the implementation 
period) and input indicators focus on the services and activities of the agency involved in initiating or implementing 
such initiative/project. For example, in the case of a gender analysis, they must ensure the provision of resources, or 
implementing activities in a gender-responsive manner.

1.4. The Relationship between Artificial Intelligence and Gender Equality: Putting 
the “FAIR Forward” Initiative Into Perspective

Artificial Intelligence (AI) has become an essential part of the global digital revolution. From devices performing 
everyday functions, such as turning on house’s lights, to supercomputers capable of predicting future events, AI 
affects every aspect of our high-tech, modern societies. As AI has come to dominate the field of technology, much 
has been discussed regarding its possible contributions to achieving sustainable development. After the launch of the 
17 Sustainable Development Goals (SDGs) in 2015 (marking the beginning of a new  sustainable development agenda) 
AI has also rapidly opened up a new frontier in the fields of data for governmental policy (Vinuesa et al., 2020).8 
Deep learning capabilities of computerized machines have proven effective in solving cognitive problems associated 
with human capacity and thus assisting in overcoming barriers to achieve sustainable development (Goralski and 
Tan, 2020).9 For example, AI-powered apps are being used to support local farmers in Tunisia and India to detect 
agricultural-related diseases in real time (GIZ FAIR Forward, n.d.).10 

The academic literature around the matter has already presented a diversity of studies on how  artificial intelligence 
could contribute to the advancement of the SDGs. In Vinuesa et al. (2020)11, the authors specifically assessed how AI 
can either enable (or inhibit) the delivery of  the 17 goals and 169 targets outlined in the 2030 Agenda for Sustainable 
Development. Nonetheless, according to their results, although AI may facilitate the achievement of 134 targets (79%) 
across all SDGs through technological improvement, 59 targets (35%) may actually be negatively impacted by AI. 
One of the targets that could experience the most negative impact is SDG 5, which focuses on the advancement of 
gender equality. Vinuesa et al. (2020) state that machine-learning algorithms will inadvertently learn and reproduce 
societal biases against women and girls, because these biases are embedded in current language processing, which 
has been found to exacerbate existing gender stereotypes.

In 2020, UNESCO released a report12 containing surprising findings from a global dialogue on the intersection between 
AI and gender equality. Experts in the field acknowledged that the majority of the studies assessing gender biases in AI 
conducted to date showed prevalent biases against women and girls in AI training datasets. Additionally, ML algorithms 
not only reproduce the already existing discrimination against women and girls, but have the potential to spread and 
reinforce harmful gender stereotypes (Leavy, 2018).13 Recent research has also found that women are at greater risk of 

7	 Ibid.
8	 VINUESA, Ricardo et al., 2020. The role of artificial intelligence in achieving the Sustainable Development Goals.
9	 GORALSKI, Margaret; TAN, Tay Keong. 2020. Artificial intelligence and sustainable development.
10	  GIZ Fair Forward, n.d.
11	  VINUESA, Ricardo et al., 2020.
12	 United Nations Educational, Scientific and Cultural Organization (UNESCO), 2020. ARTIFICIAL INTELLIGENCE AND GENDER EQUALITY: Key 

findings of UNESCO’s Global Dialogue.
13	 LEAVY, Susan. 2018. Gender Bias in Artificial Intelligence: The Need for Diversity and Gender Theory in Machine Learning.
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suffering displacement and job losses due to employment automation. (Brussevich, Dabla-Norris and Khalid, 2019;14  
Hegewisch, Childers and Hartmann, 2019).15 Finally, according to UNESCO (2020, p. 8)16, the gap between men and 
women’s contribution to the development and use of AI, as well as the gender digital divide, is actually increasing.

The incorporation of gender perspectives into AI project design and impact is scarce. Normative AI instruments that 
successfully address gender equality are either nonexistent or have proven to be inadequate (UNESCO, 2020). For 
instance, Sareeta Amrute, Associate Professor of Anthropology at the University of Washington, who also participated in 
UNESCO’s global dialogue, stated that designers of AI systems and initiatives “begin with a standard user [in mind], and 
in doing so, set into motion patterns of discrimination that are hidden by the assumption of system neutrality” (UNESCO, 
2020, p. 11). In other words, when one assumes that the system being designed through ML techniques is gender neutral, 
it is possible that individual prejudices and biases are embedded in this system, as the socialization of human beings into 
society is not entirely free of discriminatory patterns. Furthermore, AI codes of ethics that reflect norms with a gender 
perspective, or more generally the principle of “do no harm”, usually do not account for the diversity that the concept of 
gender implies. Gender is a fluid concept and cannot be classified into a simple binary. In this sense, feminist theory also 
advocates for the inclusion of intersectional awareness when designing AI sociotechnical systems (ibid).

In short, there is a need to increase awareness regarding gender biases in AI system’s design and impact, and how this 
can have positive and/or negative implications for women, girls and non-binary gender groups. As elucidated above, 
there are many remaining challenges in making AI a force for the advancement of gender equality. These challenges 
range from  the inadequate inclusion of gender perspectives in AI design systems to the lack of implementation of these 
programmes. Subsequently, this gender assessment serves as an instrument to address the potential challenges that 
may exist regarding gender knowledge and gender provisions in the GIZ FAIR Forward partner system. The goal 
of this report is to provide recommendations on gender-responsive solutions, which may help to overcome these 
obstacles and in this way contribute to a more inclusive and equitable AI ecosystem.

2. Assessment of GIZ FAIR Forward Partner System

2.1. Organizations and Gender Knowledge
In light of the explanation provided in the previous section, and given the importance of embedding a gender 
perspective into design systems and possible gendered impacts of development initiatives, Data-Pop Alliance 
developed a set of 14 indicators that were combined under four thematic groups, in order to assess the general 
knowledge and the inclusion of gender provisions in the GIZ FAIR Forward partner system. These four thematic 
groups are: 1) The inclusion of gender-sensitive indicators or gender-related criteria; 2) Consultations with gender 
experts; 3) Provision of ethical reviews focused on gender discrimination; and 4) Encouraging female friendly tech 
cultures. This analysis focused primarily on identifying what gender provisions and specific knowledge have been 
included by these organizations, as well as mapping shortcomings in their gender strategies. The partner system 
consists of eight organizations with which the GIZ has partnered with to develop AI datasets, models, and capacity-
building activities17. The following sections are divided into the three aspects analyzed for the gender assessment: 
general knowledge and inclusion of gender provisions; AI datasets; and capacity building activities. 

14	 BRUSSEVICH, Mariya; DABLA-NORRIS, Era; KHALID, Salma. 2019. Is Technology Widening the Gender Gap? Automation and the Future of 
Female Employment.

15	  CHILDERS, Chandra; HARTMANN, Heidi; HEGEWISCH, Ariane. 2019. Women, Automation, and the Future of Work
16	  UNESCO, 2020.
17	 To see the partner organizations and a description of the respective projects developed in collaboration with GIZ FAIR Forward, please view the 

Annex section.
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2.1.1. Gender as a strategic principle: The inclusion of gender-sensitive indicators, action plans 
and/or gender-related criteria 

The adoption of gender-differentiated approaches, the inclusion and measurement of gender-sensitive indicators, 
and the embracement of gender diverse teams are all necessary first steps to identify the inclusion of a gender 
perspective in the general knowledge and inner workings of an institution. From the eight partner organizations 
interviewed, only one institution reported the development and inclusion of a Gender Action Plan, and only two 
other institutions acknowledged the adoption of a gender perspective into their scope of work. For example, 
organizations such as NEMISA and the African Institute for Mathematical Sciences (AIMS) revealed they have adopted 
a gender-ratio target indicator in order to provide a fairer gender selection and enrollment of participants into their 
programmes. The Hacklab Foundation also reported the provision of travel grants for women participants to attend 
their annual hackathon events. However, these indicators are still preliminary and insufficient versions of gender-
sensitive indicators, considering they simply describe participation rates or women’s level of engagement with the 
activities. Gender-responsive indicators that effectively measure a fair distribution of benefits and consequences 
of these interventions, such as women’s perception of knowledge and skills gained after attending trainings, or 
even measuring the number of women who found a job in the STEM field after attending the trainings, are yet to be 
incorporated in their system. The other organizations did not report the adoption of gender-sensitive indicators.

In other words, the indicators adopted by these organizations have not resulted in a reflection of the actual differentiated 
impact these projects have had on women participants. It is noteworthy to point out that these measurements 
included by a few organizations are not a result from a requirement expressed by the FAIR Forward initiative, but 
rather as an individual decision from the organizations to include these types of appraisals, or a requirement by other 
funding partners. Furthermore, virtually all organizations interviewed mentioned that no specific requirement was 
established by the FAIR Forward initiative regarding the inclusion of a gender-sensitive approach or consideration in 
the Terms of Reference. Except for the organizations previously mentioned, the general takeaway is that the level of 
gender perspective as a whole and gender-differentiated measurements in the partner system is low. Another 
particularly concerning finding from the interviews is the fact that organizations which are focused on collecting data 
for AI models or lead the development of their own AI models understand the concept of gender perspective in 
their work as the mere gender balancing of samples in the AI datasets (a more detailed gender assessment of the AI 
training datasets will be provided in the following section).

Table 2. Key findings from KII: The inclusion of a gender perspective

Organization Finding

NEMISA The organization collects basic demographic information to support the selection of participants for their 
projects and collaborations. They have a stated preference to select African women from rural areas to 
empower them with their activities.

The Indian Institute of 
Science (IIS) 

IIS stated that gender balance is a technological requirement concerning the construction of their dataset 
and as such, a gender perspective is included in their work. According to the ISS focal point, it would not 
be possible to have a representative sample of the population if female voices were not included in the 
process of voice recording from different languages. 

KNUST KNUST focal point explicitly informed that there was no requirement for the organization to have 
experience and/or background in gender within AI, particularly by GIZ. In the "AI Ethics in Higher 
Education" book being developed under the GIZ FF umbrella, KNUST revealed that no instructions were 
given with regards to the inclusion of a chapter on gender equality (and bias) in AI. Yet, KNUST focal 
point recognized that the importance of including a chapter fully dedicated to gender is paramount.

Mozilla Distinguishing from the majority of the other organizations, Mozilla has a diverse set of gender indicators 
concerning community, data collection, model creation, and use case development. The organization 
is the only interviewed partner that developed a Gender Action Plan (GAP), which they have created 
upon the  request filled by another funding organization. Mozilla's GAP includes measures, actions, and 
indicators that consider heterogeneity and diversity of gender within the Kiswahili community, taking into 
consideration elements such as age, rural and urban dichotomy, and educational background.

Source: Elaborated by the authors
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2.1.2. Consultations with gender experts and standard users considered by GIZ FF partner 
organizations

During a project’s design phase, consultations with experts on topics that may touch upon sensitive subjects —such as 
gender— is an important practice in the development community, especially when the project may have differentiated 
impacts on vulnerable groups. Such consultations are usually highly recommended by ethical guidelines and best 
practices. Embedding and reflecting specialized gender knowledge in initiatives intersecting with gender-sensitive 
areas is a fundamental process to account for possible gender discriminations that may otherwise be overlooked 
by the project’s designer(s).  Consultations with experts guarantee the integration of know-how, contextualized and 
in-depth information, into project design (and thus) impact. In terms of consultations with gender experts, the results 
gathered from the interviews and documentation are mixed. Indeed, half of the organizations interviewed revealed 
they hold consultations with gender experts or women’s groups. For example, Mozilla conducted a series of 
conversations with feminist civil society organizations and women’s groups working with agriculture and finance in 
order to mitigate potential biases and discrimination in the construction of their AI datasets, as well as to address 
the challenges around gender in voice systems. NEMISA and GIZ FAIR Forward also included inputs collected from 
several workshops where the “user persona” of the AI skills training was  discussed and established. The discussions 
included the participation of women stakeholders that encompassed government officials, grassroot organizations, 
community leaders, academia, and the private sector. 

The importance of these consultations stems precisely from the consideration of how these programmes, although 
not specifically designed to be flagships for gender equality, can contribute to the advancement of women’s 
rights and other marginalized groups and serve as key entry opportunities for these individuals into the tech 
field. As an example, during the workshop sessions carried out by NEMISA and GIZ, both organizations reached 
a consensus that the primary target group of the AI Skills Network/Training Program should be low-income, Black 
female youth, who are amongst the most marginalized and discriminated groups in South Africa. The discussions 
held in regards to the user persona also brought to the fore the idea that the training should be offered during non-
traditional educational periods, such as evenings and weekends, to account for interested participants (especially 
females) who might have jobs or extra unpaid responsibilities, such as domestic housework, childrearing and 
childbearing. In sum, both NEMISA and GIZ exhibited important efforts to understand what were the factors that 
might be holding back women’s participation in the development of digital skills —a clear and crucial result from 
gender expert consultations. 

On the other hand, in terms of standard users, the results are more pessimistic. Almost all organizations admitted 
that they did not take gender into account as a key aspect in the consideration of who would be the standard 
user —or more specifically— the participants and beneficiaries of their programmes and work. Even NEMISA, which 
had targeted Black  female youths as their core participants, exhibited no explicit mention in their ToRs on how this 
target group would be reached and/or included. This is important to highlight given the apparent increase in female 
interest and number of women researchers in STEM careers in African countries such as South Africa, Egypt, Morocco, 
Senegal , Nigeria, Rwanda, Cameroon, and Ethiopia.18 In a similar vein, the focal point for AIMS shared that although 
there is still a large gender gap in the STEM field, every year the institution has not only met its established gender quota 
(the inclusion of at least one-third women participants), but has also received more applications from women than men. 
Consciously reflecting on the final user or beneficiary of a programme may unlock the potential of girls and women that 
are often discriminated against and whose exclusion from development interventions is a direct result of the underlying 
assumption that programmes will finally reach its intended target groups in equally accessible ways.   

18  The African Academy of Sciences, 2021, p.11.
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Table 3. Key findings from KII: standard users and consultations with gender experts19 

Organization Finding

The Indian Institute of 
Science (IIS) 

The organization did not consult gender experts on voice systems — nor were they required to conduct 
such consultations. According to ISS focal point, the need for a gender diversification in the recording 
for the voice system is a “technological requirement”, considering that the system would not have a 
representative sample of the population if female voices are not included. Therefore, the inclusion of 
women end users is not considered from the lenses of gender equality, but rather because the technology 
requires the inclusion of female voices for more accurate and effective automation. 

KNUST For the development of the book on AI ethics in higher education across Africa, no consultations have 
been carried out with gender experts. This is a particularly striking finding, taking into consideration 
that the book aims to introduce the discussion of AI ethics in African universities to increase ethical 
awareness and consideration among the next generation of AI developers. Potential gender bias and 
discrimination is one of the main topics addressed by ethics boards working at the intersection between 
AI and development.

Source: Elaborated by the authors

2.1.3. Ethical reviews 
According to UNESCO20, “gender equality and women’s empowerment in existing AI and ethics principles are 
scarce.” The organization recommends that five foundational values should be thoroughly considered in ethics design 
and review of AI initiatives, particularly from a gender perspective: human dignity; human rights and fundamental 
freedoms; leaving no one behind; living in harmony; trustworthiness; and the protection of the environment. Although 
these principles should be at the cornerstone of any AI ethics principles, the interviews revealed that only two out of 
the eight organizations conduct ethical reviews to account for possible gender discrimination in their work, and only 
one provides training/classes on AI ethical design and its intersection with gender equality. In this sense, although AI 
code of ethics should be seen “as part of the solution, rather than part of the problem” (ibid), particularly in regards 
to women who risk being further stigmatized and marginalized through these systems on a global scale, its inclusion 
is rarely considered among the partner organizations.

Table 4. Key findings from KII: Ethical reviews and training

Organization Finding

NEMISA Although the organization has considered "Ethics and Bias in AI" a fundamental module that shall be 
included in the training curriculum of the AI Skills Network/Training Program, the focal point admitted that 
no particular focus on gender bias has been adopted. 

Hacklab Foundation According to the focal point, the organization’s principal focus at this moment is to lecture about the 
foundations and basic principles of AI — therefore, a dedicated module to unfold ethical considerations 
is yet to be included in their work. They expect to have a more “advanced” AI literate community before 
providing training material on AI and its intersection with gender frameworks. In this sense, gender and AI is 
not thought about as base knowledge in AI training. 

Regarding the annual Hackathon, although no panel discussions examining the intersection between AI, 
ethics and gender have been held, their panels were mostly moderated by females. 

African Institute 
of Mathematical 
Science (AIMS)

No information regarding the provision of ethics courses was made available by the organization. Nevertheless, 
the focal point revealed that the institution conducts sexual harassment prevention trainings for the students 
they receive at the beginning of every academic year. AIMS also provides lectures and round tables with 
women leaders within STEM to encourage other women to pursue careers in this same field. 

 Source: Elaborated by the authors

19  Analysis on the consultations with gender experts for NEMISA and Radiant Earth are provided in section 2.2. Training and Capacity Building 
Activities.

20	 UNESCO, 2020, p. 9.
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In AIMS, for example, the activities carried out by the executive and administrative boards seek to promote a more 
inclusive and less gender imbalanced environment. As a research-oriented institution, they understand that women 
scientists do not have equal opportunities to build their career as in comparison to men. An example of this is a 2018 
report released by the United States National Science Board, where it was revealed that although American women 
accounted for half of the total university-educated workforce in 2015, only 28% of the total science and engineering 
workforce was made up of women.21 

2.1.4. A female-friendly tech culture
Considering that AI is a field intrinsically connected with professionals educated using STEM curricula, it is worthwhile 
to draw connections between practitioners and the inequalities that have persisted within this field overtime. For 
example, according to a 2018 study conducted by LivePerson22,nearly 92% of respondents —of a representative 
sample of 1,000 American consumers— acknowledged that they could not name a famous woman leader in the 
tech industry. All the more worrisome, from the 8.3% of the respondents who said they could name a famous woman 
tech leader, one-quarter named “Siri” and “Alexa” as their references.23 

Long-established stereotypes and traditional cultural norms have inhibited women and girls’ interest in STEM. Women 
in STEM are also more likely to leave these field-related careers over the course of their lives precisely because they are 
often discriminated against, marginalized, harassed and not paid equally.24 In order to shift the paradigm that science-
related fields are male-only territory, it is necessary not only to address deep-rooted gender gaps, such as giving women 
equal opportunities to pursue STEM careers and closing gender pay gaps, but also to increase women’s visibility and 
representation within the field, as well as making tech cultures more inclusive and female-friendly. In this sense, the 
gender assessment also gauged how well partner organizations are pursuing and pushing for a more female friendly 
environment — a key feature that should be taken into account when procuring implementing partners by the GIZ. 

When the organizations were asked whether they provide any kind of mentoring or coaching opportunities to make 
their internal tech culture more female friendly, almost all of the organizations (except for KNUST and AIMS) 
stated that they did not include such provisions in the development of their work. Notably, KNUST provides 
different kinds of support through the institution’s management office to encourage young females to pursue STEM-
related careers, including the endorsement of groups such as Women in Engineering and Women in Mathematics; 
and the provision of workshops and lectures with women leaders in the industry, in order to provide “role models’’ 
for female students and encourage them to pursue such careers. The management’s office also offers mentoring 
opportunities for these young college women with which they seek to bridge the gap between these students and 
other women who are already key players in the tech industry. In the same vein, AIMS has developed initiatives such 
as outreach programmes with high schools in Rwanda with the hopes of building a pipeline to encourage female 
students to pursue STEM programmes when they graduate. 

Another important aspect to improve the tech culture and shed the limelight on women in the sector is to increase the 
representation of women in the organization’s internal workforce. The majority of institutions analyzed stressed 
their continuous efforts to increase the participation of women in their teams, including the conscious 
effort to select women in positions of authority. For example, two organizations revealed that nearly half of their 
researchers’ bodies were formed by women. Hacklab Foundation has four women out of eleven in the executive 
leadership, and three women are part of their directive board. In AIMS, the senior management of the institution 
is led by a woman, who in addition to taking care of the gender aspects (or gender-sensitiveness) of their training 
programmes, holds the same level of decision-making power as the President of the university. In this sense, most 
organizations have some level of gender recognition and inclusion in their organizational structure, even if, in some 
cases, this is not a result of the eagerness to fight against gender inequality in the tech industry. 

21	 National Science Board, 2018. “U.S. S&E Workforce: Trends and Composition.” Retrieved from: https://nsf.gov/statistics/2018/nsb20181/
digest/sections/u-s-s-e-workforce-trends-and-composition

22	 LivePerson is a global technology company that develops AI software. The company is best known as the developer of the Conversational Cloud, 
a software platform that allows consumers to message with brands.

23	 Zara, 2018. “People were asked to name women tech leaders. They said Alexa and Siri.” Retrieved from: https://www.fastcompany.
com/40547212/people-were-asked-to-name-women-tech-leaders-they-said-alexa-and-siri

24	  Cech and Blair-Loy, 2019. “The changing career trajectories of new parents in STEM”. Retrieved from: https://www.pnas.org/content/116/10/4182
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Table 4. Key findings from KII: Provision of mentoring/coaching opportunities

Organization Finding

The Indian 
Institute of 
Science (IIS) 

Against the backdrop of most organizations, not only does IIS not include any kind of mentoring or coaching 
opportunities, but it has also revealed that the institution's hiring process is based on a "gender-neutral" approach; 
that is, their hiring process is based on a merit basis for the capacities or resources needed for their project. The 
focal point emphasized that there was no reason to adopt other kinds of criteria than merit. However, considering 
that from the outset less women have access to such opportunities in the field, hiring by "merit" is also hiring by 
a biased pool of participants. 

Hacklab 
Foundation 

Although the principle of driving "inclusion and bridging the digital skills divide in STEM education and digital 
skills development" is one of Hacklab’s missions, the focal point did not mention the provision of mentoring and/
or coaching opportunities to make the internal tech culture more female friendly as of yet. They expect to create 
the "HackLab Women's Division" and launch its first event in October 2021. The event intends to be a series of 
roundtable discussions to design the "value" framework the organization aims to bear for the next 10 years

African 
Institute of 
Mathematical 
Science (AIMS)

The institution has developed a well-thought-out outreach program, whose main objective is to contribute to the 
increased interest in STEM-related careers among girls from an early age. They support the manufacturing of 
pedagogical products for girls in high school, with a gender-sensitive approach; that is, to increase the understanding 
about STEM and encourage young girls to pursue these careers as they graduate from high school. The focal point 
revealed this program is present in 14 districts not only in Kigali, but all throughout the country.

Source: Elaborated by the authors

2.2. Training and Capacity Building Activities
Capacity-building is a central strategy to develop skills and increase literacy in AI. These trainings are needed to 
form skillful citizens, organizations, and societies that can increasingly promote innovative AI products which can 
help address local problems. Indeed, AI is one of the greatest promises to boost development solutions. One of the 
main goals of GIZ FAIR Forward is precisely to support digital learning and training for the development and use of 
AI, seeking to promote sustainable development in the Global South. In this assessment, the authors had access to 
information and documentation regarding six capacity building activities currently supported by the FAIR Forward 
initiative (see Table 5). Similarly to section 2.1, Data-Pop Alliance developed a set of 11 indicators that were combined 
under three thematic groups, in order to assess the level of gender mainstreaming, awareness, and consideration 
in each of the capacity-building activities. These thematic groups are: 1) Pre-deployment and design phase (that is, 
addressing gender dynamics before the launch of the training program); 2) Accessibility and inclusion of women in the 
programmes; and 3) Post-training assessments (that is, whether the organizations developed evaluations on lessons 
learned after the training was completed, and whether they used these lessons to improve their programmes with 
regard to gender equality).

Table 5. Capacity-building activities supported by GIZ FAIR Forward

Name of the 
organization

Name of the 
activity Description Geographical  

coverage
Makerere 
University & 
Atingi 

Atingi E-Learning 
Course

Hosted in the Atingi E-Learning Platform, the Makerere University in 
partnership with GIZ FAIR Forward developed five different courses 
under the umbrella of "Artificial Intelligence for All". These courses 
are self-paced, independent from each other, and provide training 
on different subjects at the intersection of artificial intelligence and 
development. E.g. In the course Artificial Intelligence for All: Open AI 
Training Data for African Languages, participants have the opportunity 
to learn on addressing practical challenges to AI training data in 
African countries as a way of strengthening local actors in the field of 
AI through locally developed learning content. 

Uganda
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Name of the 
organization

Name of the 
activity Description Geographical  

coverage
Radiant Earth ML4EO Bootcamp: 

Training of Trainers 
Bootcamp 
on Machine 
Learning for Earth 
Observation 

This Machine Learning for Earth Observation (ML4EO) Training sought 
to identify and develop a community of African regional experts that 
can collaborate on solutions to the continent’s needs and problems, 
particularly focusing on developing data science specialized skills in 
ML for Earth Observation. The most crucial aspect of the bootcamp 
is the focus on “Training of Trainers”; that is, to build a sustainable 
community of trainers who can help expand this expertise across the 
continent. This bootcamp sought to strengthen practitioners’ local 
capacity and skills, leading to diversifying ML applications.  

Ghana, Rwanda, 
South Africa or 
Uganda

LEAPR and 
IBS(a)

Artificial 
Intelligence 
Fellowship 
Program 2021

The AI Lab will introduce the use of AI technologies and techniques 
for anyone to start in the world of AI or empower already practicing 
professionals on how to apply the technology efficiently, in order to 
build an AI conscious community.

Rwanda

AI Association 
of Ghana, The 
Institute of ICT 
Professionals 
Ghana (IIPGH) 
and Runmilla AI 
Institute

AI Meetup The AI Meetup consists of an informal semi-structured monthly meeting 
in which GIZ, together with the partner organizations (listed on the left), 
select an entry level topic related to AI and invite an expert on the field 
of this topic to conduct a presentation sharing their knowledge with the 
participants. The principal goal of the AI Meetup is to yield knowledge 
and boost capacity in the Ghanian AI ecosystem. The meetups should 
also serve the purpose of networking among stakeholders in the AI 
ecosystem; however, due to the COVID-19 pandemic, this purpose 
has not been accomplished.

Ghana

TBC AI Fellowship 
Program in Ghana 
(b)

The Ghana AI Fellowship Programme aims to provide recent graduates 
with a background in Computer Science, Engineering, Mathematics, 
Statistics and related fields with the skills required to start a career in 
Artificial Intelligence and Data Science and to provide them with the 
opportunity to apply these skills through real-world industry projects, 
internship and employment opportunities. This will help in bridging 
from academic knowledge acquired in school to the skills required for 
a professional career in AI. 

Ghana

NEMISA ML4EO Training 
Program & AI Skills 
Network

The ML4EO capacity building program aims to augment Machine 
Learning (ML) capacity building for Earth observation (EO) practitioners, 
in order to strengthen local dataset development; build 
local and international networks for ML4EO practitioners; and 
support digital entrepreneurship in the field of ML4EO. The basis of 
this ML4EO programme has been derived from extensive research 
and engagements with the South African Department of Science and 
Innovation (DSI), the South African National Space Agency (SANSA), 
the South African Earth Observation Network (SAEON), academia , as 
well as with the private sector. A gap analysis reveals that enhancing 
EO skills using ML will advance the national 4IR strategy, develop 
competitive specialised skills for practitioners in the EO sector within 
South Africa, and position South Africa to become globally competitive 
in the field.

South Africa

Source: Elaborated by the authors

Note: (a) Data-Pop Alliance did not collect qualitative data nor conducted semi-structured interviews with focal 
points of the LEAPR & IBS AI Fellowship. Therefore, no analysis in this regard has been included in this report. 

(b) The collection of information regarding the AI Meetup and the AI Fellowship Program in Ghana were conduc-
ted with the GIZ focal point for both capacity-building activities in the country. In the case of the AI Fellowship 
Program, the focal point could not confirm which organization(s) would be involved in the development and im-
plementation of such training as the tendering process was underway at the time of the interview.
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2.2.1. Pre-deployment and design phase: Addressing gender dynamics in the training curriculum 
and gender-sensitive advertising campaigns

The results from the assessment reveal that gender mainstreaming in the training curriculum of the AI capacity-
building programmes is scarce in most cases. From all the organizations interviewed for this report, only one 
organization confirmed the inclusion of a gender-related module in the training curriculum. Among the five courses 
developed by Makerere University and made available by Atingi on its E-Learning platform, one of them, called Artificial 
Intelligence for All: How to eliminate or mitigate biases in Artificial Intelligence training data, included an overview of how 
gender biases can be traced and reproduced within AI systems, as well as instructions on how to mitigate such biases. 
However, among the several different courses available on the platform, this is the only course that addresses one aspect 
of the relationship (and possible risks) between gender and AI. Interestingly, at the time of registration, the platform also 
allows the participant to select the gender he/she/they identifies with, including the option “Diverse” and “Do not want 
to disclose”. Furthermore, prior to the opening and launch of the E-learning platform, Atingi also included women as 
test users of the courses. However, they did not have specific discussions with women end-users on how the courses 
and the platform itself could be more accessible to young girls who aspire to understand more about the universe of AI. 

One key approach to making training activities more attractive and accessible to women is through marketing, 
advertising, and publicity campaigns. During the interviews, only Atingi and Radiant Earth acknowledged the use of 
gender-sensitive advertisements for their projects. Radiant Earth, for example, has published the call for applications in 
groups and websites that specifically focus on supporting and promoting women’s and gender minorities participation 
in ML and data science. However, from all the groups, links or sources they published the call for applications (40 in 
total), only 0.05% (2) are women-focused groups (Women in Data Science and Women In Machine Learning).

Table 6. Key findings from the KII: Training curriculum and gender-sensitive marketing campaigns

Training 
/Organization Finding

AI Fellowship 
Program in Ghana 
(organization TBC)

Although there are close linkages between the ML4EO Bootcamp’s goal (“to identify and develop a community 
of African regional experts that can collaborate on solutions to the continent’s needs and problems”) and 
the achievement of the SDGs (using EO to address/understand issues such as poverty alleviation, climate 
change adaptation to sustainable resource management, and humanitarian response), the Bootcamp does 
not include specific modules/lectures targeting the use of gender-responsive data (or gender bias) in EO. 
Furthermore, in the application form for the Bootcamp, the gender of the applicant is not asked nor recorded 
by Radiant Earth, providing an added difficulty in the gender evaluation of the bootcamp.

ML4EO Training 
Program (NEMISA)

The ToRs of the AI  fellowship programme state that the curriculum of the training program should include 
content on “ethical aspects in machine learning and AI including gender and other bias.” Furthermore, among 
the specific requirements to enter the program, it is stressed that “the selection process must consider the issue 
of gender equality. It must also ensure that persons living with a disability are also not excluded.” However, 
exactly how the issue of gender equality shall be considered and measured is not explained or specified. 

ML4EO Training 
Program (NEMISA)

In the ToRs, it is mentioned that the organization shall carry out an “advertising [of] the training programme 
on at least 3 (three) different media platforms, including social media”. However, there is no specification if 
this campaign will have a gender-sensitive approach. Furthermore, after the completion of the interviews, the 
GIZ focal point added to the ML4EO’s ToRs specific gender criteria for the inclusion of such perspective into 
the program, such as: “The [target] group will include a mix of employed professionals and academics with 
equal gender ratio of participants, to the highest extent possible, and practitioners from marginalised or 
previously disadvantaged backgrounds.”

AI Meetup (AI 
Association of 
Ghana, The Institute 
of ICT Professionals 
Ghana and Runmilla 
AI Institute)

There is no gender-disaggregated information nor gender provision regarding the participants joining the 
meetups, although the focal point revealed that it is likely that more men participate. Furthermore no topics 
touching upon gender equality and AI, or gender bias in AI have been included in the discussions and 
seminars to date. When asked why these topics were never included, it was revealed that the meetings are 
supposed to discuss “easy” and “intuitive” topics, a statement which portrays gender topics as something 
“complex” and “unintuitive” to discuss among experts, stakeholders and interested parties in the AI field.

Source: Elaborated by the authors
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2.2.2. Accessibility, inclusion and equal benefits
Improving the accessibility of these trainings so that women and men can enjoy equal benefits in terms of knowledge 
and the development of technical skills is the first step in breaking down barriers of gender discrimination and 
exclusion in AI trainings. In terms of accessibility, only one organization put forward strategies in order to increase 
the accessibility of the programmes. Atingi has sought to increase the courses’ portfolio in the platform by including 
courses on women and tech. The platform now provides courses targeted specifically at girls who have not finished high 
school, but aim to enter into the digital sector. The platform also focuses on providing courses that are not bandwidth 
intensive, so it can be easily downloaded. Furthermore, the focal point revealed that GIZ has also established a 
gender-ratio target, in which 40% of the participants must identify as a woman (although they acknowledged that the 
actual baseline is between 20 and 30%). The focal point also revealed that 20% of the participants subscribing to the 
platform do not want to disclose their gender. However, the organization was unable to respond if women and 
men have equally benefited from their courses. 

Radiant Earth, on the other hand, revealed that the Bootcamp was designed to be equally accessible for both 
women and men, and the organizers tried to market it to be equally accessible (see the previous analysis), but that 
the attendance and participation was not necessarily equally achieved. The organization deployed a post-training 
survey, in order to assess the experience, strengths and weaknesses of the course. From the 39 participants of the 
Bootcamp, 37 responded to the post-survey and seven of them identified themselves as females (19%). Likewise, the 
organization was unable to respond if women and men have equally benefited from their courses. Furthermore, 
the Bootcamp did not include any strategies to address gender-equal share participation in the program. Finally, 
another important factor showing the gender gap in accessibility and engagement with ML for EO is that the Slack 
channel for the ML4EO Bootcamp discussion, the organizers have not seen many women joining or participating. 

In the case of the other organizations, considering that their trainings have not yet been deployed, they were not 
able to identify whether their courses were equally accessible or if women and men have equally benefited from 
the training. However, as previously mentioned, most of the partner organizations analyzed do not present gender-
sensitive advertising campaigns to increase women’s participation in their capacity building activities.

2.2.3. Post-training assessments: the capacity of translating training outcomes into the 
development of gender-responsive programmes

One important strength for the partner organizations to have is the capacity of learning from past experiences and 
translating shortcomings into new opportunities. Therefore, although the majority of the capacity-building activities 
analysed in this report have not shown a significant inclusion of gender-sensitive approaches into their training 
programmes, it is essential to consider how these organizations might reflect on these gaps, and understand how 
they can improve their programmes in the future to become more gender-balanced, and to contribute to overall gender 
equality in the AI ecosystem. Considering that the ML4EO Training Program (NEMISA) and the AI Fellowship Program 
in Ghana (TBC) have not started yet, the authors only analysed the post-training assessments provided by Atingi 
(Makerere University) and ML4EO Bootcamp (Radiant Earth). The focal points revealed that both organizations 
carried out evaluations after completing the programmes. As explained before, Radiant Earth deployed a survey 
to the participants after the Bootcamp was completed. The survey revealed a low number of women participating 
in the program, which was acknowledged by the organization as an indicator of the lack of gender-sensitiveness 
of their training activities. In the case of Atingi, Makerere’s focal point revealed that the platform verifies enrollment 
and course completion reports to understand whether it is necessary to increase engagement and advertisement to 
incentivize greater female participation. However, future plans or strategies on how to address such gender gaps 
were not provided during or after the interviews.

2.3. AI Training Datasets
Just as with general gender knowledge in the partner system or in the capacity building programmes (maybe even 
more so), the creation and development of AI training datasets or AI models runs the risk of being gender-biased. 
As part of this gender assessment, Data-Pop Alliance was tasked with evaluating the gender dimension provisions 
and potential discriminations of the relevant AI training datasets which FAIR Forward supports.  Of the 5 datasets 
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analyzed three fall under Mozilla’s Common Voice Initiative (i.e. Luganda CV, Kinyarwanda CV and  Swahili CV), one 
is a geospatial dataset created by the Radiant Earth Foundation, and one is a text to speech dataset planned to be 
collected by the Indian Institute of Science (IIS).  The datasets were assessed according to the risk that was identified 
in three spheres: the data itself, the model it is used for, and the bias it may entail. 

2.3.1. Common Voice Datasets

A. Data
The AI datasets developed by Mozilla are focused on the creation of open source, multi-language voice datasets that 
anyone can use to train speech-enabled applications. A community of contributors to the Common Voice initiative 
keeps these datasets alive and helps establish a trusted foundation for ongoing engagement and data collection. As 
stated in the project description, the diversity of the community along axes of gender, age, regional origin, accent, and 
vernacular usage is paramount to ensure that the datasets developed under the Common Voice umbrella accurately 
represent the populations they are sampled from.

Nonetheless, at the outset, the interviews with Mozilla’s focal points and the analysis of the voice datasets on their 
own evidenced a potential risk with data collection. Sampling bias, understood as the “non-random sampling of 
subgroups” in data collection, is widely recognized as a fundamental risk in machine learning applications.25 
Particularly, in the case of Mozilla, this risk may arise with the devices used to collect the recordings as they can differ 
between hardware models and type (i.e. PCs v.s. cellphones). This situation can present itself as a source of sampling 
bias as distinct classes of devices could capture voices differently than others. This is particularly troublesome when 
considering not only the differences in women’s and men’s tone of voice, accents and ways of speech, but also 
when taking into account that the Common Voice data collection process is community-based, in which participants 
read and record phrases into the online platform where Mozilla stores their data. To address these issues, mitigation 
measures such as the addition of a metadata variable that covers which device/hardware is used for voice recording 
or sampling are required. 

Furthermore, the analysis of the voice datasets pointed out that many of them had missing information in the metadata 
(e.g. gender, accent, and age of speaker) most likely as a result of demographic information being optional to register.  
In project documentation reviewed by Data-Pop Alliance, such as was the case for the Kiswahili project, Mozilla 
states that a “key activity” involves tagging the recordings with this information so it can later be used to test for bias 
in gender, accent, and age of speaker. As a result, this situation may cause biased measurements, incorrect voice 
identification, and misleading bias assessments with the tools Mozilla uses for this purpose, such as the ARTIE bias 
corpus.  Additionally, it would be ideal that voice datasets, models or data assessments can measure and identify 
— at least partially — gender bias even without the missing demographic variables mentioned.  Including geospatial 
variables that are correlated to some extent with the missing demographic information can be an adequate solution 
to actually pinpointing gender bias in language datasets (e.g. requesting postal code as well as location, for example).

Finally, the Common Voice initiative relies on data integration protocols (i.e. aggregation of data) performed only by 
humans. These protocols need to be complemented and strengthened with data integration and validation protocols 
based on automatized systems, such as software engineer techniques and/or machine learning algorithms. Relying 
only on individuals can lead to labelling bias which in turn can affect the quality of the dataset constructed. In this 
case, Mozilla uses human validators to determine if a voice data point added to one of their datasets is kept or 
discarded. The labelling bias risk associated with this procedure is high as humans are not consistent when it comes 
to classifying even against standardized benchmarks.  What this means for AI language training datasets is that 
two or more voice registers, that in reality could be similar, may be misclassified as valid or invalid with one of them 
being kept in the database while the other register is discarded. Models developed using AI training data with this 
type of bias can cause the algorithm to learn and identify certain speech patterns incorrectly, ultimately excluding 
or misrepresenting subsamples of the target population (e.g. women). In sum, the analysis of the datasets showed 
that there are no automatized technical protocols in place to guarantee the adequate handling of noisy data or the 

25	  MEHRABI, N. et al. 2021.  A survey on bias and fairness in machine learning.
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accidental inclusion of typos in the metadata. Adding these data integration protocols could help identify exceptions 
when wrong categories or typos are introduced by users and block them from introducing incorrect data. 

B. Model
The risks related to the Common Voice models involve assessing model bias with possible missing metadata or other 
variables absent from the datasets, which, again, can represent problems for the precision of the models proposed 
and misidentify traditionally underrepresented populations such as women. The mitigation measure recommended 
by Data-Pop Alliance is to include a detailed plan of action on how models that use CV training datasets can actually 
be capable of assessing bias (specifically gender) even with missing information or with the exclusion of other risk 
factors that may have not been considered in the datasets yet. 

C. Bias
Although the Swahili and Luganda Common Voice documentation analyzed stated that “many” biases would be 
addressed by Mozilla (including stereotype bias, sample bias, and racial bias) no clear strategy was presented 
for overcoming other types of biases, the most relevant omission being gender bias. Although the GAP suggests 
indicators such as “A gender bias AI checklist established to guide AI programmers to audit gender biases in their 
algorithms and data sets” as a measure to assess gender bias in model creation, no explanation of how this is to come 
about in a technical sense is provided. The lack of details pertaining to the methodologies and specific steps used to 
solve biases is not only present for gender, but also for exclusion and measurement bias. 

Under this light, it may be interesting to solicit from Mozilla a clear strategy for how they expect to handle,  for 
example,  exclusion bias which refers to the exclusion of relevant information or features for the phenomenon to 
be studied using the dataset. In Mozilla’s case, as has been previously pointed out, this implies assessing if some 
relevant metadata is being excluded from the data collection process that can significantly  influence the performance 
of the model in terms of gender. As an example, excluding the race of the persons registered may ignore the fact 
that people from the same gender have different tonality and accents given their race. A discussion on who these 
biases may affect is needed, and once the problems are identified, it should inspire a strategy to specifically collect or 
account for the missing variables, which should be embedded and elucidated in the project documentation. 

Table 7. General comments regarding the Common Voice Datasets

Training 
/Organization Finding

Swahili Common 
Voice

It is important that the detailed data collection plan does not stay just in the paper, but that it is also properly 
executed. Some points such as Data Integration protocols, or exploration of the recordings are vaguely 
mentioned in the documents shared for the assessment. Also, it is important to take into account the use of 
“humans in the loop” techniques to decrease potential biases. 

Mozilla When Data-Pop Alliance conducted the semi-structured interview, Mozilla's team could not answer the gender 
bias-related questions posed because no data scientist from the team (with the proper technical capacity of 
answering such questions) joined the interview.  Questions were then submitted via e-mail and later replied to by 
Mozilla. It is necessary to reflect, in this case, that the answers later provided to those questions may be biased, 
considering the team had extra time to think (and plan) the correct answers. Furthermore, it was also not clear 
from the interview if some of the 'bias evaluation protocols' were followed for the previous collection of  data.

2.3.2. Radiant Earth Geospatial datasets

A. Data
Radiant Earth worked with the GIZ FAIR Forward initiative and the Western Cape  government to publish and publicize 
crop classification AI training datasets of this South African province. This project is a result of the realization that although 
the Department of Agriculture of Western Cape has developed a census of all their agricultural fields in the province, 
the data collection process involved is highly resource-intensive (both in human and economic terms) when it comes to 
things such as the digitalization of field boundaries, the collection and registration of  crop types, and the execution of 
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aerial surveys. As a result, these types of censuses can’t be carried out consistently ( censuses are normally undertaken 
10 years apart) and the opportunity to use satellite imagery and AI to collect this insightful information arises. With the 
support of the GIZ FAIR Forward Initiative,  Radiant Earth helped standardize and open source a sample of the crop data 
available from the Western Cape government and published it as an open AI training dataset in Sentinel- 2, one of the 
European Space Agency’s satellites. Based on this database, Radiant Earth implements an ML4EO data competition 
on Zindi – a data science competition platform. The competition builds on the training dataset and participants are 
challenged to build an ML model for reliable automatic crop classification (spectral & SAR imagery).

The main issues identified in the Radiant Earth dataset are related to the omission of  external variables — particularly 
demographic variables — that are or can be gender-sensitive and which can help view geospatial data in a new light. 
Although geospatial datasets do not necessarily focus on individuals or socio-demographic variables at first (an argument 
that was rightfully brought up by the Radiant Earth focal point), variables that include gender and that can be coupled 
with the AI training datasets developed by Radiant Earth must be discussed and taken into account. An example of how 
geographical or environmental data can be influenced by socio-demographic variables is seen in the field of agricultural 
insurance. Agricultural insurance has recently turned to remote satellite imagery to determine crop insurance premiums 
and the authenticity of farmer’s claims when they suffer a particular climate shock.26 With satellite images and AI models, 
insurance firms can identify whether a parcel of land has been damaged by a natural disaster without the need for an 
on-field visit. Nonetheless, the lack of socio-demographic data used in the determination of insurance compensation at 
a first stage can conceal potential gender bias. For example, although firms ( or governments) could potentially identify, 
with a high level of precision, which crops have been affected by flood damage and are entitled to compensation, they 
could simultaneously ignore that the crops that are frequently being destroyed belong to women as satellite image 
AI training datasets are without a “gender dimension”. In this scenario, premium payout would largely be focused on 
women and what insurance companies could interpret as natural disasters could actually be masking a weakness in 
agricultural technology, tools, and resources provided to women farmers in a determined country.27 Recognizing that 
Radiant Earth does not develop these types of models, it is still worth pointing out that geospatial datasets lacking 
socio-demographic information can foster gender biases.

In this regard, the analysis of the dataset also highlighted that it would be beneficial to work with people who know 
what demographics variables may be relevant for each geographical dataset, as the Radiant Earth team has not 
considered their data as a source of information in need of a gender assessment.  These additional sets of information 
are of great importance if the datasets created by Radiant Earth are cross referenced and used to analyse individual 
behaviors. The organization could add a disclaimer/recommendation on their website to encourage its users to be 
mindful of additional variables that may have a gender dimension and that, coupled with satellite imagery, could have 
a gender differentiated effect in the analysis performed with the data.

B. Model
The AI models that can be developed from Radiant Earth geospatial data can be curtailed even before development 
and deployment given that the organization does not specifically identify or share the potential limitations its datasets 
can bring about. The Radiant Earth focal point characterized the organization as “not a last mile organization”, in the 
sense that its main goal  does not focus on developing applications using training data, but rather creating an ecosystem 
for sharing and publishing data that can help fill in the gaps in specialized AI training data. However, models that are 
created using the datasets Radiant Earth helped bring out of data silos should be provided with certain guidelines on 
the potential risk and limitations geospatial datasets have. In this sense, the organization and the GIZ must require that 
every data or project created from these dataset (even though they are only geospatial and used for crop classification 
in the specific case analyzed) come with a description of its potential limitations. Google Cloud has recently provided 
insights into how these types of provisions might look like with their Model Cards framework28. Model Cards are a class 

26	 https://eos.com/blog/efficient-crop-insurance-with-eos-crop-monitoring/; https://www.geospatialworld.net/article/satellite-imagery-
crop-insurance-smallholder-farmers-gain/

27  This simplified example is based on DPA’s data scientist’s previous experience in the agricultural insurance sector and it is intended to clarify 
how gender can affect geospatial datasets. However it is important to state that research on this particular topic is still nascent and thus 
understandably not considered by Radiant Earth.

28	  https://modelcards.withgoogle.com/about



20

of documentation that seeks to detail an AI model’s characteristics with a special emphasis on: input, output, where the 
model should be used, performance indicators, disparities in performance (i.e. bias against a diverse range of people), 
main limitations in identification/classification, among others. Although Radiant Earth does not develop models as such, 
documentation like Model Cards for AI training datasets that focuses on describing what models can be created from 
them, as well as its main strengths and weaknesses can certainly come in handy and help avoid unintended uses and 
biases in geospatial and environmental data. 

D. Bias
The main bias risks identified for this dataset are that people from potentially marginalized discriminated groups, such 
as farmers or women that work in agriculture, are not included or consulted by the team. In this sense Radiant Earth 
may be failing when it comes to actually identifying potential biases under the assumption that their geospatial dataset 
is not focused on individuals and, as such, not susceptible to gender differentiation both in data collection as well as in 
data analysis. Given this situation, including people from diverse backgrounds in projects, data collection processes, 
data cleaning activities, etc., is extremely relevant and needed. In the same vein, there are no initiatives or gender related 
provisions stemming from the organization to raise awareness amongst the users of their dataset on the potential biases 
present in geospatial datasets, even beyond the dimension of gender, which is the focus of this report. The Radiant 
Earth data should be accompanied by a primer on how to identify and tackle these diverse groups of biases.

Table 8. Summary of gender assessment for AI training datasets

Dataset Risk of gender bias/ 
discrimination? Findings Mitigation measures

Common 
Voice- Mozilla

Yes -	 Missing metadata information  as a result 
of demographic data being optional to 
register. Bias assessment tools could 
underperform without this data.

-	 Lack of machine based data integration 
protocols. As a result, data quality could 
hang in the balance and affect learning 
processes of algorithms developed 
from data. AI models could exclude 
or misrepresent subsamples of target 
population (e.g. women)

-	 Non random sampling of devices used 
to collect the recordings. Assessment of 
device efficiency is not touched upon.

-	 Missing explanation on how to 
specifically handle and  overcome 
gender bias in language datasets.

-	 Collect more metadata variables 
that correlate with potential missing 
variables that help identify biases.

-	 Work together with a data engineer 
or software developer to add  data 
integration  protocols based on 
software to avoid labelling bias and 
thus model performance detriment.

-	 Add a metadata variable that shows 
the device used and make sure to 
sample voices with more diverse 
devices.

Mozilla -	 Lack of gender consideration in 
publishing earth observation training 
datasets under the belief that these 
types of datasets are without a “gender 
dimension”.

-	 Exclusion of relevant socio- demographic 
variables that can be coupled with 
geospatial datasets.

-	 Absence of documentation that explains 
limitations and risks of training dataset 
use and application.

-	 Inform potential users of what 
socio-demographic variables could 
be relevant (and potentially needed) 
when using earth observation data. 
Provide guidance on what institutions/
repositories publish these variables by 
datasets.

-	 AI training dataset “cards” that explain  
strengths, risks and limitations of 
geospatial data published.

Source: Elaborated by the authors
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3. GIZ FAIR Forward Matrix Analysis
In order to monitor the progress of the projects developed in partnership with FAIR Forward, GIZ has established a 
monitoring system which includes success indicators and target values that the initiatives at hand aim to achieve per 
goal and/or indicator. The monitoring system —labeled  by the GIZ as “Result Matrix”— takes the form of an excel 
sheet and contributes to the reflection of the achievements of the established goals/indicators. This system follows 
the GIZ Monitoring and Evaluation (M&E) approach, which focuses on measuring —and achieving— outcomes related 
to positive societal change and the SDGs. As part of this assessment, Data-Pop Alliance reviewed the evaluation 
matrix to determine if it included an adequate set of gender indicators. 

The Results Matrix features one leading goal (named “outcome”) and three outcome-related outputs for each module. 
The outcome aims to evaluate if “conditions have improved in selected partner countries for the development of local 
AI solutions that serve sustainable development.”29 The three-related outputs are described in Table 9. Each output is 
accompanied by a set of “success indicators”, which are measured by using units of target value (e.g. percentage, 
number of participants, number of AI trainers with updated knowledge, etc.).

Table 9. Result Matrix of the leading outcome and three outcome-related outputs

Goal of Module  [Outcome]:
To improve conditions in the selected partner countries for the development of local AI solutions that serve sustainable 

development

Output Description

Output A The basis for building knowledge for provider-neutral artificial intelligence approaches has been put in 
place in selected partner countries.

Output B Access to training data, models, technologies and procedures for developing local AI innovations in 
selected partner countries has improved.

Output C There is a drive to develop policy and regulatory framework conditions for value-based AI in selected 
partner countries.

Source: Elaborated by the authors

In total, there are 16 (success) indicators, measuring both the leading outcome and each of the three outputs. From 
all the 16 indicators, only three are gender-related; that is, they make at least one reference to possible impacts on/
or in relation to women and/or girls (specifically, two “outcome indicators” and one “Output B.1” indicator). Of these 
three indicators, only one (“Outcome indicator 2”) relates to the AI solutions (i.e. models, datasets, capacity building 
activities) that were examined as the main focus of this gender assessment. The description of these indicators is 
presented in Table 10. Please note that although there are three gender-related indicators, they are not necessarily 
gender-sensitive, -responsive, -differentiated, or -specific indicators.

29	  Description extracted from GIZ FAIR Forward Results Matrix, sheet B4.
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Table 10. Description of gender-related indicators in GIZ’ FAIR Forward Result Matrix

Outcome 
or output

Number of 
indicator Description Reported 

to BMZ

Unit of  
target 
value

Classification of 
the indicator

Outcome

Outcome 
indicator 2

Five models, procedures and technologies 
for developing local AI and 9 training 
datasets have been made accessible; 
90% of the training datasets take into 
account possible discrimination against 
women and girls.

Yes Models, 
procedures 
and 
technologies

Gender-responsive 
indicator

Outcome 
indicator 3

75% of 60 societal decision makers from 
civil society, business and politics, 40% 
of whom are women, confirm using 
case studies that the approaches taken 
reflected the opportunities and risks of 
AI in the national discourse in selected 
partner countries.

Yes Number 
of societal 
decision-
makers

Gender-neutral 
indicator

Output C

Output 
indicator B.1

Two innovative data governance models 
for the provision of training data (data 
marketplaces, data trusts and data 
commons) in the partner countries are 
being piloted, particular attention being 
paid to any possible discrimination (e.g. 
gender bias). 

Yes Innovative 
data 
governance 
models

Gender-responsive 
indicator

Source: Elaborated by the authors

Outcome Indicator 2 is a general first approach to assessing if partners are considering discrimination against women 
and girls in the development of their datasets. However, this indicator lacks specificity and does not take into account 
the fact that AI training datasets are not only differentiated thematically, but in terms of data collection and bias 
assessment. Against this backdrop, a more nuanced set of indicators is required which can potentially be applied 
across topics. Table 11 provides a guide on how to measure if AI training datasets funded by the FAIR Forward 
initiative take into account possible discrimination against women and girls.  

Before delving deeper into the proposed measurements it should be emphasized that, according to the principle of 
external validity30, applying the findings of this study in other contexts should be done carefully and in light of the 
datasets at hand. In other words, although the suggested indicators proposed below serve as a proxy measurement 
for the technical consideration of discrimination against women and girls in the construction and use of AI training 
datasets, these indicators are based on the two types of datasets analysed in this assessment: language datasets 
and earth observation datasets. In the future, when using these indicators, the GIZ FAIR Forward M&E team must 
consider if the data assessed falls into one of these two categories and is intended to serve similar purposes (e.g. 
voice recordings for voice recognition v.s. voice recordings for other aims such as text applications). If they do not, 
the following indicators should only be used as examples to develop similar measurements for the dataset analyzed 
and those measurements that do not apply should be carefully disregarded. In order to support this rationale, DPA 
additionally provides a list of key questions to consider before guaging gender discrimination provisions within AI 
training datasets. It should be noted that each AI data endeavour will present its own particularities and solutions, 
especially when dealing with gender bias. 

30	 Findley, M. G., Kikuta, K., & Denly, M, 2021. External Validity. Retrieved from:https://www.annualreviews.org/doi/full/10.1146/annurev-
polisci-041719-102556



23

Table 11.  Proposed measurement of GIZ FAIR Forward Outcome Indicator 2  
for language and satellite imagery datasets

Key questions to take into account when thinking about gender indicators for AI training datasets
●	 Does the dataset include representative gender demographics?
●	 Is the correct metadata being collected to validate gender equity?  
●	 Has the partner included metadata variables that could be used to examine gender bias if some other variables to assess bias 

are missing?
●	 Does the collection data process allow gender diverse responses in gender identification?
●	 Have the potential gender differentiated impacts of the use and development of datasets been identified and accounted for?

Language Datasets

Indicator
Unit 
of 

Value 
Description

Measurement Execu-
tion (How to mea-

sure)
Example

Proposed 
frequency of  

measurement

Gender 
representativeness %

Data should have 
similar gender 
(and non-binary) 
proportions as the 
population studied

Number of observations 
per gender, divided by 
the total

If the population of a certain 
country in your data has an 
estimated distribution of 
60% female and 40% male, 
then your sample should  
be approximately  60% 
female and 40% male

Each time the 
data is updated

Completeness of 
data 1/0

Assesses if the 
variables in the 
dataset are equally 
complete (i.e. 
without missing 
variables) by 
gender;

1 if completeness 
is present in the 
dataset, 0 otherwise

Assuming independence 
of your variables, measure 
if the quantity of missing 
data in each variable is 
proportional  by gender. 
If the variables are 
dependent, consider 
variable interactions 
(i.e. all the possible 
combinations of 
categories between 
variables) to measure  
proportion of missing data

Assuming voice data sets 
have a variety of metadata, 
try to ensure that those 
variables are equally 
registered for all genders. 
In other words, corroborate 
that the datasets do not 
present less information for 
women voice recordings 
(after removing missing 
variables)

Each time a 
significant 
change is 
carried out on 
the dataset. 
If the dataset 
is updated 
daily, then a 
weekly or daily 
assessment 
of data 
completeness 
should be 
carried out

Assessment of 
voice quality 
recorded by gender

1/0

Establishes if 
the quality of the 
voice dataset is 
equivalent and/or 
similar by gender;

1 if voice  quality 
measurements 
carried out by 
the data holder 
are equivalent by 
gender , 0 otherwise

The percentage of quality 
voice recordings (after 
filtering the noisy or 
incomplete data points) 
should keep a similar 
distribution than before 
removing the lower 
quality recordings.

If the data processed 
has 60% men and 
40% women, then after 
deleting unuseable data, 
the proportions should 
remain approximately the 
same. Preferably, without 
removing valid observations 
(this can be achieved by 
counting good recordings 
instead of the total of 
observations captured)

Each time  a 
significant 
change is 
carried out on 
the dataset

Efficacy of model 
by gender 1/0

Performance of 
algorithms is tested 
by gender;

1 if model 
performance 
is statistically 
equivalent by 
gender , 0 otherwise

The measurement of 
model performance (i.e. 
through mean squared 
error, cross entropy loss, 
etc.) evaluated by gender 
should be statistically 
equivalent (for example, 
the confidence/probability 
intervals of a model’s 
performance, of least 
90% confidence, must 
intersect)

Suppose your model has 
85% of classification 
efficacy (out of 100 
observations, your model 
will correctly predict 85). 
Then, if you divide your 
data by gender (suppose 
50 women and 50 men) 
the efficacy of the model 
must remain approximately 
the same (around 42 of the 
male observations and 42 
of the female should be 
correctly predicted)

Each time a 
new model is 
developed with 
the AI training 
data
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Satellite Imagery

Indicator
Unit 
of 

Value 
Description

Measurement Execu-
tion (How to mea-

sure)
Example

Proposed 
frequency of  

measurement

Inclusion of socio-
demographic 
variables

Yes /
No

Uses socio- 
demographic 
indicators in 
conjunction with 
satellite imagery

Review if the project/
dataset considers the use 
of socio- demographic 
variables. Ideally, the 
publishing institution 
provides guidance 
and/or information on 
demographic variables 
that can be coupled 
with the satellite imagery 
database

Includes percentage of 
female population by 
country (geolocated)

Each time an 
EO dataset is 
published

Quality of 
demographic 
variables

% 

Measures if the 
demographic 
variables collected 
(if they are collected 
at all) are complete, 
understandable 
and do not capture 
mistakes. If they 
are incomplete 
to a certain % 
(which depends 
on the dataset at 
hand) then they 
do not present the 
quality required 
and thus will not 
be able to aid in 
the assessment of 
gender bias.

Assuming independence 
of your variables, measure 
if the quantity of missing 
data in each variable is 
proportional  by gender. 
If the variables are 
dependent, consider 
variable interactions 
(i.e. all the possible 
combinations of 
categories between 
variables) to measure  
proportion of missing data

Assuming voice data sets 
have a variety of metadata, 
try to ensure that those 
variables are equally 
registered for all genders. 
In other words, corroborate 
that the datasets do not 
present less information for 
women voice recordings 
(after removing missing 
variables)

Each time a 
significant 
change is 
carried out on 
the dataset. 
If the dataset 
is updated 
daily, then a 
weekly or daily 
assessment 
of data 
completeness 
should be 
carried out

Previous 
assessment of 
possible gender 
biases derived from 
earth observation 
dataset 

1/0

Identifies if the 
organization 
publishing 
the dataset or 
creating the 
model consciously 
developed an 
assessment of 
possible gender 
biases and gender 
differentiated 
impacts that could 
result from the use 
of the dataset;

The percentage of quality 
voice recordings (after 
filtering the noisy or 
incomplete data points) 
should keep a similar 
distribution than before 
removing the lower 
quality recordings.

If the data processed 
has 60% men and 
40% women, then after 
deleting unuseable data, 
the proportions should 
remain approximately the 
same. Preferably, without 
removing valid observations 
(this can be achieved by 
counting good recordings 
instead of the total of 
observations captured)

Each time  a 
significant 
change is 
carried out on 
the dataset

Source: Elaborated by the authors

Taken together, these indicators can shed some light on how partners are viewing gender discrimination in AI and 
serve as a proxy benchmark measurement for gender bias. AI training datasets of each type of data (language 
and satellite image) that comply with 60%-70% of the indicators presented for each case should be considered as 
adequately addressing gender (and subsequently gender discrimination) in the construction of the training dataset. 
The proposed level of 60%-70% comes in stark contrast to the 90% rate originally proposed by Outcome 
Indicator 2. However, practically speaking, this aspirational boundary is still a long way from being achieved 
in both types of datasets. For example, as has been explained above, earth observation training datasets analyzed 
do not even consider gender as a dimension relevant for AI training dataset assessment. It should be noted that 
these indicators are supposed to help the FAIR Forward initiative gauge the consideration of gender in its projects 
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as a whole and they are not intended to replace fairness and robustness assessments, nor the testing of AI models 
in a controlled environment, so potential biases and discrimination flaws can be promptly identified. These technical 
safeguards are data-specific evaluations that must be carried out by partners according to best practices in each 
field.

Apart from these suggestions relating to Outcome Indicator 2 specifically, another important feature to take note of 
in the Results Matrix is the frequency of measurement of each indicator. According to the Result Matrix, Outcome 
Indicator 2 has been reported on a quarterly basis, whereas Indicator 3 has been reported only “once”. For “Output 
indicator B.1”, the Matrix states its measurement should be reported on a biannual basis. In this sense, there is no 
exact guideline on the frequency of when these indicators should be evaluated, which is extremely important in 
order to keep an accurate assessment of the evolution and consequent achievement of such indicators. 

Although these indicators are interesting and important (despite being insufficient) when analysing if FAIR Forward-
supported AI data models could be potentially gender biased, it is important to also point out that there is a 
lack of indicators to assess whether the AI capacity building programmes/trainings developed by partner 
organizations have also considered and embedded a gender perspective into their system’s design. Similarly, 
it is crucial to identify whether the FAIR Forward initiative itself and the projects it supports are being evaluated at 
the outset from a gender-responsive perspective; that is, if FAIR Forward has preliminary assessment guidelines to 
identify whether organizations, initiatives, and capacity-building activities that could potentially be funded by GIZ 
adopt a gender perspective (e.g. by requiring documentation or other materials that answer questions such as: 
does your organization aim for gender parity in team positions? Do your capacity-building activities benefit men 
and women equally? Does your organization have a strategy to decrease gender inequality in the fields of AI and 
ML? If yes, which ones?). By adopting measures and actions  such as these, GIZ could increase accountability and 
accelerate the implementation of commitments to gender equality throughout AI programmes and organizations.

Overall, the use and adoption of gender-sensitive indicators in the Results Matrix is scarce, which also undermines 
the ability of the FAIR Forward initiative to monitor and evaluate whether the partner organizations, their AI training 
datasets and models, and/or the capacity-building programmes include gender perspectives within their systems. 
For an adequate inclusion of a gender perspective within the initiative as a whole, more indicators beyond those 
disaggregated by sex need to be constructed, embedded and required by the FAIR Forward M&E system.

4. Ways Forward: Recommendations For the Inclusion 
of Measures and Gender Provisions in the GIZ FAIR 
Forward Partner System and Project Design
As discussed at the beginning of this report, the adoption of gender-sensitive approaches to monitor and evaluate the 
extent to which AI initiatives and programmes mainstream gender in their core system, values, and actions is pivotal 
to achieving meaningful and long-lasting gender equality. During the semi-structured interviews carried out for this 
assessment, virtually all partner organizations stated that the FAIR Forward initiative did not require the inclusion 
of gender-related criteria (nor the provision of a GAP) in the ToRs of the projects developed in collaboration with 
GIZ. Also, there was no demand from the GIZ FAIR Forward initiative to  include measurements and actions to ensure 
a gender balanced pool of applicants in the trainings that were funded, besides a few isolated mentions in the ToRs 
of considerations such as “equal gender ratio of participants” or “gender equitable participation”. Provision of training 
or courses on gender-responsive monitoring and evaluation systems (and their respective implementation) by the GIZ 
FAIR Forward initiative was also not reported by the partner organizations. Mentoring and coaching opportunities to 
make the partner system’s tech culture more female-friendly were also missing.  Finally, the organizations reported 
that GIZ FAIR Forward did not require them to undertake consultations with gender experts or women’s 
groups to understand the possible gender impacts and shortcomings from their projects/programmes, as well as the 
development of strategic solutions to use their own initiatives to advance gender equality.
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Against this backdrop, this section presents key recommendations for integrating a gender perspective within the 
areas of intervention of the GIZ FAIR Forward initiative through the development of gender-responsive and gender-
transformative actions. For this purpose, the first section of this chapter presents what gender-responsive and 
gender-transformative actions entail, followed by a set of concrete recommendations on actions that should be taken 
by GIZ FAIR Forward, as well as the partner organizations. 

4.1. Gender-responsive and gender-transformative actions
Gender-responsiveness refers to the practice of critically reflecting on gender roles, expectations, and biases, 
which contribute not only to the perpetuation of inequalities between men and women, but that also further contribute 
to women’s marginalization and subordinate positioning in society. In this sense, gender-responsive indicators 
(GRI) require “that activities are first designed to reflect an understanding of inequalities and gender roles, 
before organizations can measure equal and fair distribution of benefits.”31 GRI directly corresponds with gender-
transformative actions in the sense that by reflecting on gender discriminatory dynamics, these indicators support 
efforts and provide the groundwork to transform unequal gender relations. Gender-transformative approaches 
(GTAs), therefore, are those concepts, methods, attitudes, and actions that actively challenge traditional gender 
norms and values and seek to positively affect the underlying causes of gender inequality. programmes and 
interventions oriented towards gender-transformative approaches create opportunities for the empowerment of 
marginalized groups in political, economic and social spheres, at national and community-levels, addressing power 
inequities between individuals of different genders.32 In this sense, GTAs go beyond the assumption that to achieve 
gender equality the inclusion of women participants in projects is enough.  GTAs “are part of a continuum of gender 
integration, or the integration of gender issues into all aspects of program and policy conceptualization, development, 
implementation and evaluation.”33 

4.2. Areas of Intervention-Based Recommendations

4.2.1. Strengthening Local Knowledge on AI and Machine Learning
Based on the differences between GRI and GTAs that have been explained above, key recommendations for the FAIR 
Forward initiative to integrate gender provisions and thus improve general gender knowledge and project execution 
in the partner system are summarized in Table 10.

Table 10. Recommendations for Strengthening Local Knowledge on AI and Machine Learning

Action Description

Gender-responsive recommendations

(1) Establish a robust system for 
“gender monitoring and evaluation” 
of core values, goals, and activities 
spawned by current and new partner 
organizations consorting with GIZ 
FAIR Forward, in order to guarantee 
that benefits and potential perils of 
their programmes are duly reflected 
and addressed.

Definition: This robust system should be integrated by a set of gender-sensitive, 
-differentiated and -responsive indicators  in order to assess the level of gender 
mainstreaming into the knowledge and perspective adhered to by the organization. A 
minimum cut-off of gender indicators (i.e. 30-40%) should also be included in this system.

Logic (problem to be resolved): Lack of gender sensitivity, as well as bias and 
discrimination against women and girls( and other genders) in AI programmes and 
interventions.

Expected Result: Addressing gender equality in practice by creating gender sensitive 
and gender responsive indicators tailored to the specific project.

31	  UNDP, 2020, p. 4.
32	 Health Communication Capacity Collaborative, n.d. Retrieved from: https://www.healthcommcapacity.org/wp-content/uploads/2014/08/

Gender-Transformative-Approaches-An-HC3-Research-Primer.pdf
33	  Ibid, p. 1.
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Action Description

(2) Establish an “AI Ethical Board” 
within GIZ FAIR Forward to critically 
review ethical principles and 
guidelines embedded in the partner 
system, as well as in GIZ’s internal 
processes. An alternative to an ethics 
committee could be the hiring of 
expert consultants in ethics and AI to 
periodically (e.g. biannually) evaluate 
these principles and state of affairs 
within the partner system.

If either option is difficult to develop, 
GIZ FAIR Forward could create a set 
of aspirational ethical principles in AI 
(operationalized through a manifesto) 
and ensure that all tendering 
parties subscribe and abide by it 
during project development and 
implementation. 

Definition: The ethical committee shall review the ethical guidelines and principles adopted 
by the FAIR Forward partner organizations, with a particular focus on possible gender 
issues that may arise from their respective interventions and that may not be covered in 
these guidelines. These committees could use the results from these evaluations to build an 
“anticipation and risk management” system, to inform the organizations, as well as GIZ, on 
the possible hazards the interventions may cause (e.g. furthering pre-existing gender bias), 
and propose for the organizations mitigation plans to tackle and redress these risks

Logic (Problem to be resolved): Lack of ethical considerations and the perpetuation of 
gender stereotypes and discrimination in AI programmes and interventions.

Expected Result: To increase awareness about the existence of
ethical hazards in project design, activities and results, and contribute to the creation 
of ethical best practices among key actors, stakeholders and practitioners in the AI 
ecosystem.

Gender-responsive recommendations

(1) Require the development of a 
Gender Action Plan for the projects 
endorsed and financed by GIZ FAIR 
Forward, or a tender that complies 
with gender guidelines.

Definition: A “Gender Action Plan” (GAP) is the roadmap for making institutions more 
gender accountable, responsive, and transformative. It establishes and identifies clear 
definitions, guidelines, indicators , and mitigation strategies with regards to gender in  
the activities that the institution is going to implement/develop. GAPs should include:

1)	 Objective
2)	 Definitions of how the organization understands gender -relevant concepts
3)	 Preliminary gender analysis of the field of intervention
4)	 Identification of possible gender risks of intervention
5)	 Actions to overcome the identified gender risks [or challenges]
6)	 Targets and indicators to measure the level of success in addressing the identified 

gender risks [or challenges]
7)	 Challenges
8)	 Mitigation strategies

If a GAP is not feasible, GIZ should require that the organization  selected for a tender 
complies with the following gender guidelines:

1)	 Inclusion of a preliminary gender analysis of the field of intervention
2)	 Targets and indicators (i.e. gender-ratio target for participation and enrollment)
3)	 Identification of considerable gender risks in the intervention

When possible, GIZ should also encourage the organizations to pursue a gender-
balanced team.

Logic (Problem to be resolved): Lack of gender sensitivity, as well as bias and 
discrimination against women and girls (and other genders) in AI programmes and 
interventions. This is particularly relevant as illustrated by the Mozilla case, in which 
another donor partner solicited from Mozilla a GAP that ended up benefiting the 
construction of an AI dataset that GIZ FAIR Forward also supports.

Expected Result: To tackle existing gender inequalities in AI programmes, as well as 
challenging deep-rooted gender stereotypes in AI roles and the overall ecosystem.

(2) Provide mentoring and/or 
coaching opportunities to make 
the internal culture of partner 
organizations more female friendly, 
as well as to create adequate spaces 
for women’s active contribution and 
involvement in AI decision-making 
processes.

Definition: Invite experts, CEOs or other stakeholders to provide bi-monthly training 
activities, seminars, and lectures on how to operate (and transform) environments that are 
generally male-dominated (and seen as essentially masculinized environments). (a)

Logic (Problem to be resolved): Combat gender stereotypes within the field of artificial 
intelligence.

Expected Result: Increased female participation and engagement in the technology 
sector; make tech culture more female-friendly; and decrease of exacerbated 
discrimination against women in AI decision-making roles and activities.

Note: (a) Frequency to be determined by GIZ.
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4.2.2. Collection of training data and development of AI models
Based on the differences between GRI and GTA  explained above, key recommendations for the FAIR Forward 
initiative to integrate gender provisions into the collection of AI training data and the development of AI models are 
summarized in Table 11.

Table 11. Recommendations for the Collection of AI Training Data and the Development of AI Models

Action Comments
Request  a tangible and well-structured feedback loop 
for risk-management from the organization, in case some 
discriminatory (specifically gender) bias is identified in the 
dataset/model.

Consider evaluating different types of bias (measurement bias, 
confirmation bias, exclusion bias, etc.) before and after the creation 
and development of a project with a set of clear and detailed 
methodologies. 

Encourage the organization collecting data or developing 
AI models to review and present relevant literature that 
identifies and discusses how gender biases can arise in 
their specific approach/methodologies.

For example, insights from the interview with the Radiant Earth focal 
point revealed that there are limited studies on potential gender biases 
in Machine Learning for Earth Observation. The presentation and 
recognition of state-of-the-art literature in an understudied subject 
related to AI should be a mandatory requirement.

Solicit from the organizations that are developing models 
and/or collecting datasets a list of potential limitations 
and gaps to their data.

The mapping of potential obstacles can help partners to be more 
attentive and responsive when limitations in the data arise. 

Request bias measurement on the results of the 
algorithms, as well as on the type of device where this 
application shows their results. 

It is also encouraged to evaluate the devices with which the 
databases are  created and maintained. 

Contemplate that missing data may arise and prepare 
the organization's models and bias metrics to manage 
this issue, particularly when the missing data is present in 
variables that are used to contrarest bias.

Consider asking the recollection of additional metadata variables that 
could serve as proxies for bias assessment when data gaps in AI 
training datasets arise.

Develop frameworks or protocols for data integration, in 
order  to avoid capturing noisy or incorrect information.

Request that data integration protocols be partially evaluated with 
automatized systems to avoid data mislabelling and reduce human error.

Communicate with the end-users of the AI datasets or 
models the possible applications and limitations of the 
resources created and shared. Develop a list of best 
practices regarding their usage (i.e. where/how the user 
should use the and where/how not)

The lack of awareness of possible limitations of datasets or AI models 
made available to the public may result in the perpetuation of gender 
biases.

4.2.3. Capacity-building activities
Based on the differences between GRI and GTA that have been explained above, key recommendations to integrate 
gender provisions into the capacity-building activities supported and or funded by GIZ FAIR Forward are summarized 
in Table 12.

Table 12. Recommendations for Capacity-Building Activities

Action Description
Gender-responsive recommendations

(1) Include well-structured and 
measurable benchmarks for the 
selection of a gender balanced 
pool of  participants.

Definition: There should be a well-defined criteria behind the selection of a gender balanced 
group of participants in the courses funded or supported by the GIZ. For example, the AI 
courses developed by Makerere University and hosted in Atingi E-Learning platform did not 
have an established selection of participants other than “looking at studies how current ratios 
are used in other projects and using common sense”.  In other words, GIZ and the partner 
organizations must establish a robust enrollment process with clear, feasible, and measurable 
benchmarks with gender-target ratios (i.e. open enrollment, selected enrollment, targeted 
enrollment). These systems cannot (and should not) be based only on “common sense”.

Logic (problem to be resolved):Unbalanced participation of women and men in AI capacity-
building activities. 

Expected Result: Increase women’s participation as well as greater gender parity, enrollment, 
and attendance in AI training. 
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Action Description

(2) Establish gender as a cross-
cutting issue in the AI capacity-
building curriculum; including 
consultations with gender 
experts on how to address 
gender equality through AI 
training and programmes.

Definition: Oftentimes capacity-building programmes include ‘Ethics and AI’ modules, 
particularly on how to mitigate biases in AI models and/or datasets. However, these modules 
make little to no mention of ‘gender bias in AI’ as a singular problem. Therefore, program 
designers must address strategic routes on how to include gender as a cross-cutting issue in 
the training curriculum. ‘Gender bias in AI’ should be reinterpreted to provide a well-founded and 
convincing idea that ethical challenges in regards to bias are related to gender as a standalone 
issue, and not as a sub-product of other problems, such as representation bias or measurement 
bias. Furthermore, consultations with gender experts (particularly those with experience in the AI 
field) is necessary to further increase the sensitivity of these curricula to current issues in terms of 
gender and artificial intelligence/machine learning.

Logic (Problem to be resolved): Lack of gender-related material in training curriculums, 
particularly in terms of ethical issues.

Expected Result: (1) Inform students and early AI career-seekers  about gender bias and other 
discriminations that exist in AI models and datasets, as well as provide solutions to address such 
biases.

Gender-transformative approaches

(3) Provide gender-sensitive 
advertising campaigns and 
outreach strategies in order 
to increase female audiences 
and make courses more 
accessible to women and other 
marginalized groups.

Definition: Creating gender-sensitive marketing campaigns targeting female audiences 
is a necessary step, not only to increase women’s participation in the capacity-building 
programmes itself, but to encourage more women to enter the STEM field and pursue 
tech-related careers. For this purpose, GIZ and the partner organizations should join forces 
with women’s advocacy groups, CSOs, grassroot organizations, and academic leaders to 
understand where their target-audience (e.g. low-income Black female youths) are and how to 
encourage them to engage in such courses. The UNDP (2018) established a practical guide 
and informative instrument containing ten principles on how to include a gender perspective 
in communication strategies for development projects. These principles can be found in the 
following link: https://www.undp.org/content/dam/rbec/docs/10%20principles%20of%20
gender-responsive%20communications.pdf

Logic (Problem to be resolved): Unbalanced and unequal representation of women in AI 
capacity-building programmes. 

Expected Result: Contribute to an increase (or greater awareness) of women in the AI field, 
challenging gender stereotypes that women do not belong to technology; as well as to 
spotlight women accomplishing great results in spite of structural gender inequalities, not in 
spite of their gender.

(4) Provide the means to ensure 
that further marginalized and 
minority groups can also 
participate in the courses 
offered by the partner 
organizations, such as young 
single mothers and low-income 
women. 

Definition:Program designers should also incorporate action plans to support women who 
have extra responsibilities that may inhibit their participation, but still would like to attend 
such courses (i.e. taking care of children, or working during business hours). These strategies 
can be: making the course available in self-paced methods, or at flexible times (e.g. during 
evenings or at weekends); making day-care centers available for mothers who would like to 
attend the program, but lack childcare options; scholarships or economic incentives for women 
and girls who do not have the financial resources to attend courses, etc.

Logic (Problem to be resolved): The lack of participation of women in AI trainings as well as 
challenging widely held conceptions that these courses are only of interest to male participants 
(who usually do not have extra responsibilities).

Expected Result: To ensure that women and men, including those experiencing 
marginalization, benefit equally from the training.

4.3. Results Matrix Recommendations
As mentioned in section 3, the results matrix established by GIZ lacks a high-resolution gender perspective. The 
indicators currently established by the matrix are sparse and fall short when trying to capture the level of knowledge 
and perception of gender perspectives among partner organizations in a detailed manner. Therefore, in addition to 
the gender related indicators already included in the matrix and the suggested measurements of Outcome Indicator 2,  
the authors propose the following set of indicators as a starting point to measure the level of gender embeddedness 
in the design and execution (in terms of outcome and output indicators) of the projects developed in partnership with 
FAIR Forward:
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•	 Inclusion of gender-sensitive indicators / gender strategy / gender-specific needs in ToRs (qualitative 
indicator — specify the types of indicators, strategies and needs)

•	 Standard user taken into account by the dataset, program or activity (qualitative indicator — specify the gender 
of the standard user, as well as other socioeconomic characteristics/background)

•	 Discussion / consultation with women end users, gender experts and/or women’s groups [CSO] in the design 
phase or during the implementation of the project (quantitative indicator, 1= yes, 0= no; and qualitative indicator 
— specify the frequency of the consultations; the role/background of the consultant; actionable recommendations 
emerged after the consultation)

•	 Provision of training and/or classes on AI ethical design and its intersection with gender equality or gender 
analysis frameworks (quantitative indicator, 1= yes, 0= no; measure frequency of the training/classes)

•	 Ethical reviews or monitoring and evaluation activities for possible gender bias/discrimination (quantitative 
indicator; 1= yes, 0=no)

•	 Number of women employed in project teams [development and coding activities/roles] (quantitative indicator; 
number)

•	 Provision of mentoring, courses and/or coaching opportunities to make the internal tech culture more female 
friendly (quantitative indicator; 1= yes, 0= no)

•	 [only for capacity building] Application of strategies that address gender in the training curriculum [design 
phase] (qualitative indicator — specify the types of strategies)

•	 [only for capacity building] Provision of gender-sensitive advertising campaigns to increase female audience 
[design phase] (quantitative indicator, 1= yes, 0=no — if yes, please specify)

•	 [only for capacity building] Use of gender-responsive data (quantitative indicator, 1= yes, 0=no)

•	 [only for capacity building] Accessibility of the programme/platform (quantitative indicator, 1= equally accessible, 
0= more accessible for men)

•	 [only for capacity building] Capacity of translating training outcomes (i.e. number of participants, knowledge 
acquired) into the development of gender-responsive programmes, plans or budgets [Post-training assessment] 
(quantitative indicator, 1= yes, 0 = no; qualitative indicator — specify the level of capacity)

•	 [only for capacity building] Production of documentation (i.e. “lessons learned”) to strengthen gender 
perspectives into the training curriculum [Post-training assessment] (qualitative indicator — specify the type of 
documentation/provisions)

•	 [only for capacity building] Inclusion of gender-ratio target for participation/enrollment (quantitative indicator, 
1=yes, 0= no)

•	 [only for capacity building] Number of women participants (trainings/hackathons) (quantitative indicator, number)
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5. Annex
I. Description of partner organizations and their corresponding projects
Table 13. Partner organizations and respective projects

Organization(s) Name of 
Project

Type of 
Activity Description Geographical 

Coverage
Mozilla Luganda 

Common 
Voice

AI Training 
Dataset

The ultimate objective is to provide information on mentions of 
COVID-19 to health experts (doctors, epidemiologists, policy 
makers) for public health planning and response. To achieve this, 
Mozilla will develop a keyword-spotting model for mining local 
broadcast radio data from Uganda radio stations. An adapted 
keyword spotter will detect keywords related to COVID-19 and 
thus help to monitor the spread of the COVID-19 in Uganda. 
The experimental production pipeline will be set up from 
streaming radio broadcast data, identifying the most valuable 
hours of radio broadcast, transcribing the audio content, then 
running keyword spotting, which will score for relevance, and 
finally to context analysis by a human expert - a “human in 
the loop” - who determines whether the radio recordings are 
relevant. This will allow the human experts to report any flagged 
radio recordings for action before the news reaches the national 
media.

Uganda

Mozilla Kiswahili 
Common 
Voice

AI Training 
Dataset

The project aims to build skills and capabilities within the 
Mozilla Foundation and the region, to democratize voice tech 
through community engagement and contribution. It will also 
support use case development within agriculture and finance. 
The project seeks to mitigate AI biases by developing strategies 
for engagement with women who are often missing within such 
innovations, and on equity in data collection and model creation.

Eastern Africa

Radiant Earth 
Foundation

ML4EO 
Bootcamp: 
Training of 
Trainers 
Bootcamp 
on Machine 
Learning 
for Earth 
Observation 

Capacity-
building 

This Machine Learning for Earth Observation (ML4EO) Training 
of Trainers virtual bootcamp was held for professionals from 
Uganda, Rwanda, Ghana, and South Africa. Radiant Earth 
Foundation organized this ML4EO Bootcamp in partnership with 
the Ugandan AI and data science research group at Makerere 
University. The bootcamp covered topics related to use of 
machine learning techniques on Earth observations. There were 
a total of 5 days of training sessions within the two-week period. 
After the training, each participant is then expected to train five 
other individuals within four months after the bootcamp and 
report that back to the organizing team. The follow up training 
is a requirement to receive your certificate of participation in the 
bootcamp.

Ghana, Rwanda, 
South Africa and 
Uganda

Markere University Atingi 
E-Learning

Capacity-
building

The 5-module E-learning course on open training data was 
developed by Makerere University and hosted on an e-learning 
platform called Atingi. The course also has one module on how 
to eliminate or mitigate biases in Artificial Intelligence training 
data. All of the five courses are independent of each other and, 
thus, nonsequential.

Uganda



32

Organization(s) Name of 
Project

Type of 
Activity Description Geographical 

Coverage
African Institute 
for Mathematical 
Sciences (AIMS)

- Other The structure of the partnership of AIMS with GIZ FAIR Forward is 
still being developed. However, the education institution has two 
different types of programmes developed to advance AI among 
the African community. The first programme is the delivery of a 
post-graduate training in mathematical science. The programme 
consists of a one-year training in mathematics, including 
modules on computer and data science, as well as the use and 
application of data analysis softwares (such as Python). The 
second programme is a training focused on developing AI skills. 
It is based on the same approach of the previously described 
training, but focused and targeted on AI. The professors lecturing 
this course usually come from highly renowned universities in the 
African AI ecosystem, as well as from the industry, in order to 
make the training more specific and AI-relevant.

Rwanda

Kwame Nkrumah 
University of 
Science and 
Technology 
(KNUST)

KNUST + 
GIZ  "AI 
ethics in 
Higher 
Education 
in Africa" 
book

Other KNUST is a partner of GIZ FAIR Forward as part of their 
relationship with the Responsible AI Network (RAIN Africa). 
GIZ has invited KNUST to their workshops and the university 
has served as discussant on programmes sponsored by the 
organization. Currently, GIZ and KNUST are collaborating on a 
project to develop a book exploring AI in higher education in 
Africa. 

Africa

HackLab 
Foundation

Hacklab 
Hackathon

Capacity-
building

The Hacklab Foundation is an international nonprofit 
organization headquartered in Ghana with a focus on preparing 
the youth for future digital jobs through technology education 
and skills development. The Foundation is known for its Annual 
Hacklab Hackathon hosted in Ghana which brings together 
1000+ participants; including developers, engineers, designers, 
entrepreneurs, policymakers, development partners, and other 
stakeholders in technology to meet and discuss critical issues 
impacting the Global South, identify opportunities, and develop 
tech-enabled solutions for emerging economies. For the 2021  
Hacklab Hackathon edition, the organization is receiving 
support from GIZ FAIR Forward for both financial aid as well as 
technical guidance for the design process. 

Ghana

NEMISA AI 
Repository 
Platform, 
ML4EO 
Training 
Program 
& AI Skills 
Network

E-learning 
platform 
and 
capacity-
building

In partnership with GIZ and South African Department of 
Communications and Digital Technologies (DCDT), NEMISA has 
created a repository of Artificial Intelligence courses for the public 
in general. Furthermore, the organization is currently developing 
an AI Skills Training's curriculum. When implemented, the 
training should speak directly with the AI Repository Platform. 
NEMISA is trying to differentiate this training from other AI 
courses by contextualizing the AI Skills Training Programme to 
the South African, for example by mixing income inequalities 
(poverty) concepts with AI technical capacity development

South Africa
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Organization(s) Name of 
Project

Type of 
Activity Description Geographical 

Coverage
Indian Institute of 
Science

TTS Dataset AI Training 
Dataset

Text-to-speech synthesizer in nine Indian languages. Create a 
TTS corpus (text and corresponding speech) of 720 hours.

Bhojpuri, 
Maithili, 
Maghadi, Hindi, 
Chhattisgarhi,
Bengali, 
Kannada, Telugu 
and Marathi

AI Association 
of Ghana (AIAG), 
the Institute of 
ICT Professionals 
Ghana (IIPGH) 
and Runmilla AI 
Institute

AI Meetup Other The AI meetup takes place every month in collaboration 
with the AI Association of Ghana(AIAG), the Institute of ICT 
Professionals, Ghana (IIPGH) and Runmilla AI Institute. Each 
month, the GIZ selects, together with these organizations, a 
basic-level topic related to AI and invites a speaker to share 
knowledge and expertise on that  topic. The main objective is to 
build knowledge in the AI ecosystem in Ghana. These meetups 
should also serve as a networking session for the AI community; 
however, because of the COVID-19 pandemic, this has not 
been possible.

Ghana

Source: Made by the authors with information extracted from documentation made available to Data-Pop Alliance 
by GIZ FAIR Forward and partner organizations.
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