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Abstract. Algorithms often reinforce societal biases and stereotypes. This is es-
pecially concerning for minorities, who are disproportionately impacted by it, 
thereby threatening their further marginalization. Data fundamentalists frame this 
issue of algorithmic bias as stemming from data bias, indicated by the underrepre-
sentation of some groups (minorities) in the datasets. Consequently, measures 
adopted to address algorithmic bias have been data-focused. A relatively recent 
data-focused measure adopted to address this issue is the deployment of what I 
term artificially generated minorities (AGMs)—synthetic data used to increase 
the representation of underrepresented groups (minorities) in algorithms’ training 
datasets. Data fundamentalists make two central claims about AGMs, which I 
term the representation claim, which holds that AGMs are representative of mi-
norities, and the normative intervention claim, which holds that the deployment 
of AGMs addresses algorithmic bias. In this paper, I argue that AGMs do not 
meet these claims, particularly in the context of algorithmic recruitment. First, I 
demonstrate that AGMs do not capture the experience of historic and systemic 
oppression, which defines minority status. Hence, I contend that they do not 
meaningfully represent minorities. Second, I demonstrate that while AGMs fa-
cilitate the realization of the futuristic component of an adequate normative in-
tervention, they undermine the reparative component. Thus, I contend that AGMs 
do not adequately address algorithmic bias. Finally, I briefly highlight that the 
failure of AGMs to meet these claims indicates that a data-focused framing of 
algorithmic bias is overly simplistic and does not account for all the complexities 
involved in the issue of algorithmic bias and its correction, particularly in the 
context of algorithmic recruitment. 
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1 Introduction 

Algorithms are known to replicate and reinforce existing societal biases and stereo-
types. This is especially concerning for minorities, who disproportionately bear the 
brunt of algorithmic bias [1]. To exemplify, the now-disbanded Amazon hiring tool was 
found to be biased against women in its recommendation of candidates for technical 
roles. Additionally, an investigation into the correctional offender management profil-
ing for alternative sanctions (COMPAS) revealed that the software assigns higher risk 
scores to Black offenders compared to white offenders with similar profiles [2]. Mo-
reso, facial recognition systems tend to perform poorly on darker-skinned people. As 
these systems become mainstream, there is the risk of further marginalization of minor-
ities.  

Data fundamentalists frame this issue of algorithmic bias as stemming from data 
bias, indicated by the underrepresentation of some groups (minorities) in datasets [3, 4, 
5].1 Following this popular framing, most measures proposed and implemented to re-
solve the issue of algorithmic bias have focused on data, in an attempt to circumvent its 
unrepresentativeness [60]. Buolamwini and Gebru’s [5] study showed that facial recog-
nition systems perform poorly on individuals with darker skin tones due to their un-
derrepresentation in the datasets used for training the systems. In their study, they over-
sampled individuals with darker skin tones in the datasets and reported that this led to 
improved model performance. The results of this study are used to support data funda-
mentalism [26].2 

A relatively recent data-focused approach adopted to address algorithmic bias is the 
deployment of what I term artificially generated minorities (AGMs). By AGMs, I mean 
synthetic data generated through computational processes deployed to increase the rep-
resentation of underrepresented (minority) groups in algorithms’ training datasets 
[6,7,8,9]. Data fundamentalists claim that the deployment of AGMs improves the rep-
resentation of minority groups in datasets and, consequently, addresses the issue of al-
gorithmic bias that disproportionately affects minorities [10,11].  

This paper aims to show that AGMs do not meet this claim, particularly in the con-
text of algorithmic recruitment. To this end, I analyze the claim, which I split into two 
parts: the representation claim, which holds that AGMs are representative of minorities, 
and the normative intervention claim, which builds on the representation claim and, 
thus, holds that AGMs address algorithmic bias. Concerning the representation claim, 
I begin by demonstrating that AGMs embody a superficial understanding of what con-

 
1  The term data fundamentalist was coined by Crawford, Miltner & Gray [41] to describe schol-

ars who are of the view that sufficient big data is the solution to algorithmic bias. 
2   As a reviewer helpfully pointed out, Buolamwini and Gebru emphasize additional remedies    

for algorithmic bias, such as mechanisms for consent and structural redress. However, as I 
note, the findings of their study have often been taken up as evidence of the importance of 
balanced datasets in addressing algorithmic bias. 

 



  

 

stitutes minority status, mainly reducing minority status to physical traits often associ-
ated with minorities. In contrast, I show that it is the experience of historic and systemic 
oppression that constitutes minority status. Thus, I assert that AGMs are not meaning-
fully representative of minorities. Regarding the normative intervention claim, I begin 
by stressing that an adequate normative intervention must include a futuristic compo-
nent that focuses on preventing algorithms from replicating biases against minority 
groups and a reparative component that focuses on enabling algorithms to redress his-
torical and systemic biases and injustices that minorities endure. I then show that while 
AGMs enable the futuristic component, they undermine the reparative component. 
This, as I explain, results in the insidious reinforcement of algorithmic bias and the 
attendant inequalities that disproportionately affect minorities. As I point out, AGMs 
create the illusion of equal footing as they fail to capture the experience of historic and 
systemic oppression that shapes minorities and sets them apart from dominant groups. 
Consequently, algorithms trained with AGMs will misinterpret disparities exhibited by 
minorities as personal shortcomings rather than as outcomes of systemic oppression 
needing redress. I, therefore, assert that AGMs do not adequately address algorithmic 
bias. 

Furthermore, I briefly highlight that the failure of AGMs to meet these claims indi-
cates that a data-focused framing of algorithmic bias is overly simplistic and does not 
account for all the complexities involved in algorithmic bias. I contend that there is a 
need for a more robust framing of algorithmic bias that accounts for all the complexities 
involved in the issue. However, I do not make any specific suggestions for the sake of 
scope.  

This paper will be divided as follows: In §2, I explore what AGMs are in greater 
detail. In §3, I analyze the representation claim. In §4, I analyze the normative inter-
vention claim. In §5, I make further comments about the implications of my argument. 
In §6, I conclude. 

 

2 Artificially Generated Minorities (AGMs) 

2.1 What are AGMs? 

Data fundamentalists view unrepresentative data as the cause of bias and stereotypes in 
AI systems [12,13,14,15]. In datasets drawn from real-world contexts, privileged social 
groups are overrepresented, while minority groups, such as women and racial or ethnic 
minorities, are often underrepresented [16,1,17]. According to data fundamentalists, 
when this skewed dataset is used to train algorithms, the systems replicate patterns in 
the dataset, overfitting to dominant groups, thus reproducing bias and stereotypes re-
flected in the data [14,18]. For example, the bias that the now-disbanded Amazon hiring 



 

tool exhibited towards women was diagnosed as stemming from the unrepresentative-
ness of data, specifically the underrepresentation of women in the training datasets used 
to train the system.3 

AGMs are deployed to circumvent this unrepresentativeness of natural datasets. 
They are artificially generated datasets or synthetic datasets created using methods such 
as generative models, agent-based modeling, neural networks, and the synthetic minor-
ity oversampling Technique (SMOTE)4 and deployed to improve the representation of 
minorities underrepresented in datasets to make datasets more representative and bal-
anced [19, 20] 

AGMs are deployed to make datasets representative in two ways. First, through data 
augmentation. AGMs are used to augment natural datasets where datapoints of minor-
ities are scarce [21,22]. The aim here is to rebalance training datasets without neces-
sarily discarding existing natural data. For instance, in recruitment, artificially gener-
ated resumes have been used to improve the representation of gender and racial minor-
ities in natural datasets. Second, AGMs are used to replace natural data. This involves 
the entire substitution of natural datasets with artificially generated data. While not yet 
a popular practice, this is seemingly a futuristic move in AI development. Sam Altman, 
OpenAI’s CEO, has predicted that “soon all data will be synthetic,” suggesting that 
artificially generated data will eventually become the primary source for training future 
models.5 Besides enhancing the representativeness of datasets, this shift toward the re-
placement of natural datasets with artificially generated data is motivated by concerns 
over the privacy risks associated with the collection and processing of natural datasets 
[23, 24]. 

2.2 AGMs: The claims 

There are two key claims made about AGMs, which I refer to as: (1) the representation 
claim and (2) the normative intervention claim. I explain them in subsequent para-
graphs.  

The representation claim holds that AGMs are representative of the real-world mi-
nority groups. This claim underpins the practice of deploying AGMs in datasets to in-
crease the representation of minorities. For instance, in recruitment, where minorities, 
particularly women, are often underrepresented in technical and leadership roles, arti-
ficially generated profiles of women (AGMs) are deployed to improve the representa-
tion of women in the datasets. Implicit in this practice is the assumption that AGMs are 
representative of minorities. More explicitly, AI developers and deployers of AGMs 
have committed to the representation claim.6 To exemplify, Kjell Carlsson, Vice Pres-
ident and analyst at Gartner, specializing in AI, data science, and advanced analytics, 
voiced this claim as he says: 

 
3  See [55] 
4  See [42, 22, 43, 44] for further discussions. 
5  See [56] 
6  See [45, 46, 47] 

https://www.reddit.com/r/ArtificialInteligence/comments/153wgc4/microsoft_and_openai_test_synthetic_data_to_train/?utm_


  

 

You can create synthetic, additional versions with variations of underrepre-
sented groups in your data. In my clinical trial, I don’t have enough people 
who are a certain ethnicity, age, or gender. Increasing representation with suf-
ficient variety rebalances the dataset. I can create synthetic versions of these 
individuals with additional variations around them.7 

The assertions by AGM deployers, as well as the practice of deploying AGMs to im-
prove the representation of minorities in datasets, purport the idea that AGMs are rep-
resentative of minorities. 

The normative intervention claim holds that AGMs address algorithmic bias. This 
claim builds on the representation claim. It thus holds that by making datasets more 
representative or balanced, AGMs address the issue of algorithmic bias [21,20]. In other 
words, the deployment of AGMs is viewed as a normative intervention in the issue of 
algorithmic bias. Several AI researchers and developers/deployers commit to the nor-
mative intervention claim. For instance, Lee, Jaiswal, and Byrne [11] declare that the 
use of AGMs mitigates bias in hiring models. In their study, they deployed AGMs—
artificially generated data to represent gender minorities. After retraining the model 
with the datasets supplemented with AGMs, they reported hiring rates of 61.54% for 
males and 58.82% for females, with an adverse impact ratio of 95.59%, indicating no 
statistically significant gender bias. Based on this result, they concluded that artificially 
generated data could be effectively deployed across real-world contexts to address bias. 
Upwage, a recruitment firm, drew a similar conclusion after deploying AGMs—artifi-
cially generated data to tackle gender bias in its hiring algorithm. First, they generated 
artificial profiles of women to supplement the datasets of roles where women were un-
derrepresented. These datasets, augmented with AGMs, were then used to retrain the 
algorithm. Following this measure, the company boasted of having resolved the issue 
of algorithmic bias in hiring.8 

In this section, I have explored what AGMs are, their purposes, and the various 
claims made about them. In the subsequent sections, I will turn to analyze these claims. 
 

3 Are AGMs Representative of Minorities? 

As discussed in the previous section, there is an implicit and explicit claim that AGMs 
are representative of minorities. Thus, the question posed as the title of this section is a 
probe into the representation claim. This question, however, is a layered one, and as 
such, I will unpack it in steps.  

 
7  See [57] 
8  See [58] 



 

3.1 Defining Minority Status: Between What AGMs Purport and What 
It Is  

The understanding of what constitutes minority status that AGMs purport is primarily 
physical. In other words, AGMs embody the understanding that having certain physical 
traits, such as being Black, female, etc., is what makes one a minority and distinguishes 
them from the dominant group [25]. This understanding of what constitutes a minority 
status is evident in the way AGMs are generated. Typically, AGMs are constructed by 
modifying existing data points to reflect physical traits such as being a woman or a 
person of color, etc., associated with minorities [6, 26].9 To exemplify, Datagen, a syn-
thetic data company, provides a list of characteristics, such as age, gender, and ethnic-
ity, which its patrons can select from to generate artificial data [25]. In this way, a 
patron of Datagen could simply select “female,” and artificial profiles with physical 
female traits (AGMs) would be generated. Upwage, a recruitment firm, adopted a sim-
ilar method. The firm generated AGMs simply by mirroring the qualifications in the 
natural datasets and tweaking traits like gender and color. Let’s say from the resume of 
a real candidate—Robert Paul, an AGM—Gloria Robert with the same qualifications 
but a different gender is generated. This process of generating AGMs suggests that 
AGMs embody the understanding that minority status is defined by physical attributes 
associated with minorities.  

I, however, argue that what constitutes minority status is the experience of historical 
and systemic oppression. It is the lived experience of exclusion and marginalization 
that minorities have in common, and that which distinguishes them from dominant 
groups [27, 28]. While physical attributes such as color or gender may be used to iden-
tify minorities, they are not, in themselves, the defining or distinguishing feature of 
minority groups [29, 28]. To illustrate, White women and Black men share no physical 
traits, such as color and sex, in common, yet both demographics are considered minor-
ities. Conversely, a black man and a white man share the attribute of being male, but 
only the former holds minority status. The first instance demonstrates that individuals 
can share minority status without sharing physical traits, while the second shows that 
individuals can share physical traits without necessarily sharing minority status. It is 
gender-based oppression that makes white women minorities, and racialized oppression 
that makes Black men minorities. For Black women, it is both gender and race-based, 
leading scholars to describe Black women as double minorities.10 This points to the fact 
that physical traits are not the defining feature of minority status, but rather the experi-
ence of systemic oppression. Put differently, gender alone does not make women mi-
norities; it is gendered oppression that does. Likewise, race alone does not make Black 
people minorities; it is racialized oppression that does.11 

 
 

 
9  As a reviewer helpfully observes, the creation of AGMs includes the modification of non-

physical features, such as names or addresses. However, I focus on cases where it involves 
the modification of physical features for the sake of my argument. 

10  See [48, 49, 50] for more detailed discussions on the notion of double minority. 
11  I thank a reviewer for urging me to clarify this point. 



  

 

3.2 AGMS and the Illusion of Representation 

AGMs are not meaningfully representative of minorities. While AGMs exhibit physical 
traits typically associated with minorities, they are bereft of the experience of historical 
and systemic oppression, which constitutes minority status. Jacobsen [25] argues in 
these lines, as he notes that artificially generated data embodies a claim to representa-
tiveness that is ultimately shallow. He characterizes AGMs in light of Zizek’s notion 
of “the Other deprived of Otherness,” positing that the synthetic subject mimics the 
superficial features of an identity but is stripped of the substantive complexity that con-
stitutes the identity. With AGMs, the features mimicked are being female or Black, etc., 
while what is stripped off is the lived experience of oppression [30].  

I argue that AGMs are, in fact, more akin to privileged groups. They are not just the 
Other deprived of their Otherness, as Zizek and Jacobsen describe. They are an inten-
tional substitution of the Other with their very opposite. This is so because they embody 
experiences of dominant groups marked by inclusion and access [31]. To illustrate, 
Upwage, the recruitment firm, embedded the AGMs it generated and deployed with 
qualifications and experiences that signal inclusion and access, typical of dominant 
groups. The outcome of such a process is a figure who, despite exhibiting physical traits 
associated with minorities, is more representative of privileged groups. This becomes 
clear when we recall that minority status is defined by the experience of systemic op-
pression, and groups that experience inclusion and access are designated as privileged 
groups. Therefore, AGMs, which do not embody the experience of minorities but rather 
that of dominant groups, despite exhibiting physical traits associated with minorities, 
align more closely with privileged groups. 

Nevertheless, inadequate representation has been a point of critique of data repre-
sentation. Scholars have long argued that data (natural datasets) fail to fully capture 
those they represent, as they flatten or oversimplify the complexities of individuals’ 
lives.12 This raises an important question: if both natural datasets and AGMs fall short 
in representing their subject of representation, what, then, sets AGMs apart in this re-
gard?  

I argue that AGMs add another layer to the issue of inadequate representation 
through data. While natural datasets oversimplify, they are collected from the real world 
and reflect some real-world contexts. AGMs, on the other hand, are not based on actual 
experiences and reflect an idealized version of the world. To illustrate this distinction, 
let us consider datasets in recruitment. Women are often underrepresented in natural 
datasets for managerial roles. These datasets oversimplify the experience of women by 
capturing the outcome and not the factors that contribute to these outcomes. The out-
come captured by the datasets here is women’s absence in managerial roles, and the 
contributing factor that is not explicitly captured is the systemic exclusion that keeps 
women from those roles. Nonetheless, the scarcity of women in the natural dataset in 
managerial roles signals the lived social reality of systemic exclusion that women en-
dure. However, in datasets of managerial roles supplemented or replaced with AGMs, 
women will be well represented. These AGMs create an idealized world where women 
amply occupy managerial roles, effectively obscuring the systemic oppression that 

 
12  See [51, 52, 53, 41] 



 

women endure in reality. Consequently, this creates the illusion of equal footing—the 
faux appearance or narrative that all demographics have equal opportunities. Thus, 
while both natural datasets and AGMs do not adequately represent their subject of rep-
resentation, AGMs more radically depart from their subject of representation. 

In this section, I have argued that AGMs are not meaningfully representative of mi-
norities as they do not embody the lived experience of oppression, which I contend 
constitutes minority status. As I will show in the subsequent section, this has significant 
implications. 

4 Are AGMs tools for normative intervention? 

In this section, I will analyze the claim that AGMs address the issue of algorithmic bias 
and the attendant social inequality that disproportionately affects minorities.  

4.1 Normative Intervention: The Holistic Approach 

The normative intervention claim is valid only if AGMs holistically address algorithmic 
bias. A holistic approach to addressing algorithmic bias must involve two key compo-
nents: the futuristic component, which is about preventing algorithms from replicating 
bias, and the reparative component, which is about acknowledging and redressing his-
toric and systemic injustices that minorities endure [32]. These components are com-
plementary and necessary to ensure that algorithmic bias is adequately addressed. Ful-
filling the futuristic component while neglecting the reparative component risks en-
trenching the existing disadvantages that minorities face (This will be made clear 
shortly). While reparative measures can certainly be implemented by humans, algorith-
mic reparations are important given the mainstream deployment of algorithms in bot-
tom-up processes. In recruitment, for instance, applicant tracking systems (ATS) filter 
out candidates who do not meet predetermined standards before any human review 
takes place, and in some cases, algorithms are even used to conduct preliminary inter-
views. If reparative considerations are not built into these stages of the process carried 
out by algorithms, large numbers of candidates from minority groups risk being ex-
cluded by the algorithm before they ever reach a human decision-maker.13 Therefore, I 
argue that the claim that AGMs address the issue of algorithmic bias is valid only if the 
deployment of AGMs prevents algorithms from replicating existing biases and also en-
ables algorithmic redress of historic and systemic injustices. To determine the validity 
of the normative intervention claim, in what follows, I will assess whether and to what 
extent AGMs facilitate the realization of the futuristic and reparative components.  

 
 
 

 
13 I thank a reviewer for urging me to expand on this point. See [32] for further discussions. 



  

 

4.2 AGMs and the Futuristic Component  

AGMs facilitate the algorithms’ realization of the futuristic component. That is to say, 
they prevent algorithms from replicating biases. To support my claim here, I will first 
briefly explain how algorithms replicate societal bias and then show how the deploy-
ment of AGMs prevents algorithms from replicating bias.  

Algorithms tend to replicate the bias reflected by the natural datasets that they are 
trained with. This is because algorithms, particularly machine learning systems, make 
predictions based on the training datasets. First, algorithms detect patterns in the da-
tasets used for their training, then replicate those patterns in their predictions. Algo-
rithms trained on natural datasets where privileged groups are typically overrepresented 
and minorities underrepresented tend to prioritize members of privileged groups in their 
recommendations. To put it differently, algorithms overfit to the characteristics of the 
overrepresented (privileged) group [5, 16]. Essentially, algorithms misinterpret the un-
derrepresentation of minorities in the dataset as a signal of their unfitness or unsuitabil-
ity for those roles. The system thus tends to favor members of privileged groups in their 
recommendations, replicating or even amplifying existing societal biases reflected in 
the data. 

AGMs prevent algorithms from replicating bias. AGMs are deployed to balance da-
tasets that are originally skewed toward privileged groups. In this way, they introduce 
diversity into the training datasets. This allows algorithms to associate competence with 
a wider range of groups, including minority groups. In effect, this makes the algorithm 
less likely to prioritize any groups in its recommendations.  

To illustrate this, I will use the popular case of the now-defunct Amazon hiring al-
gorithm. Amazon’s hiring algorithm was trained on historical resume data collected 
over a ten-year period. Since technical roles have been historically male-dominated at 
Amazon, the majority of resumes in the training set came from men. Resultantly, the 
algorithm learnt to associate competence for technical roles with being male or male-
dominant markers. This, in turn, led the system to prioritize male candidates in its rec-
ommendations for technical roles. The deployment of AGMs could improve the algo-
rithm’s performance. AGMs—synthetic profiles of female candidates with qualifica-
tions and experience in technical roles could be generated and deployed to balance the 
training datasets. In this way, the algorithm would be exposed to more diversity and 
learnt to also associate competence in technical roles with women. This, in turn, would 
prevent the algorithm from replicating bias against women in technical roles.  

Additionally, both the study by Lee et al. [11] and Upwage’s deployment of AGMs, 
detailed in section 2.2, highlight that AGMs can mitigate the replication of biases by 
algorithms.14  

In sum, AGMs provide a safeguard against algorithms’ replication of biases against 
minority groups. By doing so, they ensure that competent members are not unfairly 
disqualified by algorithms due to their identity. Let us now turn to assess whether 
AGMs facilitate the realization of the reparative component. 

 
 

14  See section 2.2 for detailed discussions of the study by Lee et al. [11] and real-world imple-
mentation of AGMs by Upwage. 



 

4.3 AGMs and the Reparative Component 

Reparations are necessary to disrupt the vicious circle of bias and inequality [33]. With-
out deliberate, effective reparation, bias and the attendant inequality resurface in new 
forms (This will become clearer shortly). Calls for reparations are grounded in the well-
established understanding that historical and systemic oppression have ripple effects. 
Put simply, demands for reparations are justified by the widely recognized fact that 
exclusion in one sphere can hinder access and inclusion in others, thereby compounding 
disadvantage. For example, women’s exclusion from science, technology, engineering, 
and mathematics (STEM) courses hinders their employment in technical roles.15 His-
toric and systemic oppression thus provides the evidentiary basis for demands for rep-
arations [34, 35]. 

Absent such evidence, the disparities between minorities and dominant groups may 
be construed as neutral outcomes, rather than the lingering effects of historic and sys-
temic oppression. For example, if there is no evidence or recognition of women’s ex-
clusion from technical roles or the pathways leading to those roles (e.g., admission to 
STEM courses), their underrepresentation in technical roles will be interpreted as a 
neutral outcome rather than the product of systemic barriers, requiring redress.  

AGMs undermine the capacity of algorithms to meet the reparative component. As 
I discussed previously, AGMs obscure evidence of historic and systemic oppression 
that minorities endure and create the illusion of equal footing.16 Given this, algorithms 
will strictly interpret the disparity that members of minority groups may exhibit as a 
personal shortcoming rather than the outcome of historic and systemic oppression need-
ing redress. 

To illustrate this, consider a hiring algorithm trained with AGMs. The AGMs de-
ployed, let’s say, are synthetic profiles of women with exemplary managerial creden-
tials, including prestigious educational qualifications and extensive managerial experi-
ence. The deployment of these AGMs will create the illusion of equal footing, from 
which the algorithm bases its recommendations. Consequently, any female candidate 
with a less-than-perfect resume, including gaps in employment or a less prestigious 
educational background, possibly due to historical and systemic oppression, will be 
classified by the algorithm as particularly unqualified. This female candidate will there-
fore not be recommended for the role. 

Consequently, the deployment of AGMs further entrenches algorithmic bias and the 
attendant inequality insidiously. AGMs shift the exclusion of minorities as a result of 
group-based bias to their exclusion at an individualized level [36]. As can be gleaned 
from the illustration, disparities exhibited by minorities, stemming possibly from sys-
temic barriers, will be interpreted by AI systems as signals that the individual (member 
of a minority group) is simply not good enough. In this way, bias and inequalities that 
disproportionately affect minorities remain, but are masked as neutral decisions about 
individual suitability [37, 32, 38, 39, 40]. This appearance of neutrality that AGMs 
portray may make the bias and inequality that minorities endure much harder to chal-
lenge. 

 
15  See [59, 54] 
16  See section 3.2 for detailed discussions. 



  

 

Ultimately, the normative intervention claim is not valid. This is so because AGMs 
do not adequately address the issue of algorithmic bias. While AGMs facilitate algo-
rithms’ realization of the futuristic component, they compromise the reparative compo-
nent. As is gleanable from our discussion, without the reparative component, algorith-
mic bias and the attendant inequality persist insidiously. 

5 Further Comments  

So far, I have argued that AGMs do not live up to the claims made about them, partic-
ularly in the context of algorithmic recruitment. As I showed, AGMs do not meaning-
fully represent minorities and also do not adequately address algorithmic bias, particu-
larly in the context of algorithmic recruitment. This is so because they do not embody 
the experience of systemic oppression that constitutes minority status. Consequently, 
this undermines the realization of the reparative component of an adequate normative 
intervention. 

Notably, there is a connection between how well minorities are represented and the 
possibility of satisfying the reparative component of a normative intervention. Repre-
sentations of minorities that are bereft of the experience of historic and systemic op-
pression that defines minority status compromise algorithmic reparation and vice versa; 
representations of minorities that reflect these experiences can enable it. This is simply 
because the experience of historic and systemic oppression is the basis for algorithmic 
reparation.  

Interestingly, the so-called bias in the data that Data fundamentalists seek to correct 
is evidence of systemic oppression that constitutes minority status and also the basis for 
algorithmic reparations. As we see with AGMs, artificially increasing the representa-
tion of minorities obscures the experience of historic and systemic oppression that con-
stitutes minority status, and also grounds algorithmic reparations. 

This signals a limitation in the framing of algorithmic bias put forward by Data fun-
damentalists. Their framing of algorithmic bias as an issue of data bias, indicated by 
the unrepresentative data, is overly simplistic and does not account for all the complex-
ities involved. The underrepresentation of minorities in datasets is not merely a statis-
tical anomaly. It is often the evidence of historic and systemic oppression that consti-
tutes minority status and grounds algorithmic reparations. To treat this underrepresen-
tation as merely a statistical anomaly to be corrected through means like AGMs over-



 

looks its origins and significance. It thus follows that Data fundamentalists either dis-
regard this reparative component of addressing algorithmic bias or underestimate the 
implications of their data-focused framing of algorithmic bias.  

There is thus a need for a more robust framing of algorithmic bias that accounts for 
all complexities involved in the issue. Such a framing may require decentering data 
itself, or at the very least, resisting the tendency to view and treat unbalanced data as a 
mere statistical anomaly to be artificially corrected. 

 

6 Conclusion 

In this paper, I have argued and demonstrated that AGMs fall short in meeting the 
claims made about them, particularly in the context of algorithmic recruitment.  

First, I analyzed the representation claim that holds that AGMs represent minority 
groups. I contended that AGMs do not represent minorities meaningfully. This is so 
because, as I showed, AGMs do not capture the experience of historic and systemic 
oppression, which I argue constitutes minority status. 

Second, I analyzed the normative intervention claim that holds that AGMs address 
algorithmic bias, and the attendant inequality that disproportionately affects members 
of minority groups. I argued that AGMs do not adequately address algorithmic bias, 
particularly in the context of recruitment. I first asserted that any meaningful normative 
intervention must include two components: a futuristic component that ensures that al-
gorithms do not replicate biases against minority groups, and a reparative component 
that ensures that algorithms recognize and redress historical and systemic injustices that 
minorities endure. However, as I demonstrated, while AGMs enable algorithms to meet 
the futuristic component, they compromise the reparative component. This, in turn, 
leads to the entrenchment of biases, maintaining the status quo. 

 Next, I turned to offer further reflections. I highlighted that Data fundamen-
talists’ data-focused framing of algorithmic bias is overly simplistic. As I pointed out, 
the underrepresentation of minorities that Data fundamentalists view merely as a sta-
tistical anomaly that is to be corrected is evidence of systemic oppression that consti-
tutes minority status and grounds algorithmic reparation. In light of this, I suggest that 
there is a need for a more robust framing of algorithmic bias that accounts for all the 
complexities. However, I do not make any suggestions for the sake of scope. 
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