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Abstract 

The technology industry is under pressure to diversify their processes and outcomes at a time 
where decisions are increasingly being made by computing systems in almost all aspects of 
our lives. Algorithms are of specific interest, given they adjudicate and automate a large array 
of decisions. In recent years, a number of scholars have pushed for a conceptual shift from 
platforms as ‘neutral’ intermediaries to those that are driven by specific ideologies. A growing 
body of research has embarked on imagining, and suggesting ways in which we can embed 
socially progressive values into technological design as a corrective for discriminatory 
practices. However, as the field stands, these ideologies are dispersed and often do not make 
explicit their operationalization, their value judgments and trade-offs that may ensue if 
instrumentalized. Therefore, this paper identifies and evaluates three interventionist 
strategies to tackle the issue of diversity in the context of algorithms, namely: Universalism, 
Social Justice and Utilitarian driven algorithms.  It argues that the notion of diversity can serve 
as a unifying ontology to unpack these approaches. Bringing together two discourses and 
fields of study that have not sufficiently intersected – sociology of diversity and internet 
studies – to arrive at new understandings of the challenges we face in the embedding of 
diversity as a value in the design of socio-technical systems. As we play these specific diversity 
imaginaries out, we present possible outcomes, begging the question of the kind of digital 
future that awaits with each of these ideological turns.  
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Introduction 

‘Diversity’ is a global and historical concern, with an increasing demand to re-examine the 

boundary-making in representation and participation in knowledge and policy making that 

shape society. It has become the go to answer to mitigate inequality and injustice. 

Boardrooms, universities, and political parties are working at restructuring their 

organizational cultures and systems given their abysmal record on diversity (Abbott et al., 

2016; Ferreira, 2015). A 2018 Deloitte Report covering nearly 7,000 companies in 44 

countries and more than 72,000 directorships revealed that only 15 percent of all board 

seats globally are taken up by women (Deloitte, 2013).   

Universities worldwide continue to be under pressure to increase the number of 

diverse faculty, staff, and students on campus that best represents their contemporary social 

demographic (Chen, 2017). While there is a wide agreement that some form of diversity is 

desirable, the tension lies in specific measures to arrive at this point and decide on what 

constitutes as “fair” practices in achieving this goal. Also, on a closer look, the exact goal 

itself is often neither clear nor consensual among all parties involved. 

In parallel, the technology industry is experiencing the diversity movement in specific 

forms as decisions are increasingly made within or even by computing systems in almost all 

aspects of our lives. Silicon Valley is under fire for their homogenous programming teams 

inscribing their biases into the algorithms that influence our behaviour (Crawford, 2016). 

Amazon’s software recently wrongly identified 28 members of Congress, disproportionately 

people of colour, as police suspects (Wakefield 2018). The increasing awareness of 

mislabelling and falsely tagging people has compelled a top Google executive to 

acknowledge that facial recognition technology does not have "the diversity it needs” and 

has “inherent biases” (Wakefield, 2018).  
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Algorithms are of specific interest, given they adjudicate a large array of decisions 

and allow for their automation. In recent years, a number of scholars have pushed for a 

conceptual shift from platforms as ‘neutral’ intermediaries to those that are driven by 

specific ideologies (Arora, 2016; Diakopoulos, 2015; Helmond, 2015; Mager, 2012; Noble, 

2018). There is a backlash to the positivist view of algorithms, and instead, a rising call to 

recognize them as “profoundly perfomative” and subjective in their functioning; in other 

words, a code is “not purely abstract and mathematical; it has significant social, political, and 

aesthetic dimensions” (Kitchin, 2017: 17). A growing body of research has embarked on 

imagining, and suggesting ways in which we can embed socially progressive values into 

technological design as a corrective for the pervasive discrimination in our everyday lives 

(Costanza-Chock, 2018; Milan and Ten Oever, 2016; Taylor, 2017; Van den Hoven et al., 

2015).  

While these efforts are thoughtfully articulated and compellingly argued, they are 

fragmented and at times conflict with one another, in spite of their drive for diversity for a 

just and/or harmonious and innovative society. Partly, this is due to the fact that ‘diversity’ is 

differently construed and moreover, their goals are often not clearly defined; what is 

perceived as ‘just’ is a complex question and is often rendered implicit or vague.  Hence, 

there is a need to be transparent about the kind of ideologies being recommended as an 

‘alternative’ to the dominant positivist approach, and their challenges and trade-offs that 

would ensue if they were to be instrumentalized. Therefore, this paper maps out the 

different approaches proposed to reshape algorithmic design and argues that the notion of 

diversity can serve as a unifying ontology to guide in the unpacking of challenges to reify 

such systems to fruition.  
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This work moves beyond the dichotomist understanding of the online-offline 

inhabitation of social behaviour as our lives become increasingly mediatized by digital 

technologies (Arora, 2014). We bring together two discourses and fields of study that have 

not sufficiently intersected – sociology of diversity and internet studies to arrive at new 

understandings of the challenges we face in the embedding of diversity as a value in the 

design of social systems. Overall, as we play these specific diversity imaginaries out, we 

present possible outcomes, begging the question of the kind of digital future that awaits 

with each of these ideological turns. We do by first examining existing efforts to 

conceptualize and measure diversity, followed by a discussion of algorithms and their role in 

representing and shaping ideology. Finally, we identify and evaluate three interventionist 

strategies to tackle the issue of diversity in the context of algorithms.   

Quantifying an ideology: Measuring diversity 

Diversity has been defined as “the distribution of differences among the members of a unit 

with respect to a common attribute, such as tenure, ethnicity, conscientiousness, task 

attitude, or pay” (Harrison and Klein, 2007: 1200). The struggle for diversity has a long 

history. Publics never stay generic and abstract. To govern them, they are segmented and 

dissected based on interests, identities, injustices and investments in human capital. Group 

and individual identification of people have facilitated empowering functions such as 

dissemination of social benefits and security as well as disempowering systems such as 

apartheid of people to even genocide enabled through targeted search.  

Information systems will always have to grapple with this two-edged sword of 

visibility and vulnerability, through the traditional surveys and metrics to nowadays 

sophisticated software-enabled tracking apparatuses. While algorithms becomes the key 
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factors today in mediating groups and knowledge, we need to recognize that they are not 

built in a vacuum. There are already pervasive ideologies that shape social systems, 

architecting and curating human behaviour. Diversity is one of the most persistent ideologies 

that have found its way worldwide to ‘right’ past ‘wrongs.’ Quota systems in education, 

government positions, corporate boards, and political organizations have existed for 

decades as a corrective measure for past wrongdoings. This entails devising specific criteria 

and measures to quantify diversity and justify dissemination of privileges based on group 

affiliation. 

Marginalized groups are incentivized to self-identify so as to benefit from diversity-

oriented social systems. Examples include affirmative action in the education system in the 

United States (Antman and Duncan, 2015) to quota systems for Scheduled Castes (SC) and 

Tribes (ST) in India (SCs and STs, have been historically discriminated as the ‘lowest’ groups 

in the caste system) to guarantee representation of underrepresented groups (Jensenius, 

2015). China has had a point system for rural and urban citizens called the Hukou system to 

mediate access to healthcare, housing and education as part of their long running national 

development strategy (Afridi et al., 2015). 

In recent years, diversity has become coupled with innovation and competitiveness in 

the corporate sector, with a correlation made between diversity and talent in the workplace 

(Hewlett et al., 2013). While most corporations generally accept that they would benefit 

from a diverse workforce, it has been hard to prove or quantify the effect of diversity on the 

firm’s ability to innovate. Management studies have identified two kinds of diversity: 

inherent and acquired. According to them, inherent diversity involves traits you are born 
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with, such as gender, ethnicity, and sexual orientation. Acquired diversity involves traits you 

gain from experience. 

There is some backlash against these categorizations: ‘gender’ is looked upon as a 

more fluid category and ‘intelligence’ is a contentious category as scholars continue to argue 

whether it falls closer to an inherent or an acquired category (Conte, 2005; Costanza-Chock, 

2018). That being said, recent scholarship has highlighted the advantage of ‘neurodiversity,’ 

cognitive differences in the workplace and its competitive advantage in this information 

economy (Austin and Pisano, 2017). 

In essence, diversity has been measured through two main categories, demographic 

and non-demographic (Harrison and Klein, 2007). Demographic diversity covers six main 

areas: gender, age, race and ethnicity, sexual orientation, religion and beliefs, and 

(dis)ability, while non-demographic diversity includes various aspects such as information 

systems, policies, organizational cultures and governance practices. Alternatively, these 

scholars propose three indexes to unpack diversity, namely, separation (differences in 

position or opinions), variety (differences in kind or categories), and disparity (differences in 

concentration of social assets or resources).  

The fact is that in spite of decades of research on diversity, there continues to be 

debates on which approach is the most effective way to create a just and/or competitive 

society. The task in this paper is to map key diversity approaches, concerns, and strategies 

onto the discourses on ‘fair’ algorithms. This expands our repertoire of tactics in designing 

technical systems of governance that pays heed to historical and cross-cultural experiences 

in embedding diversity into social apparatuses.   
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Algorithms and Ideologies 

Algorithms are sets of defined steps structured to process instructions/data to produce an 

output (Kitchin, 2017). They enable extensive and complex tasks that would otherwise be 

impossible to handle by human or analogue machines, minimizing human error. In 

contemporary life, algorithms are increasingly automating decision-making, serving as the 

new “power brokers of society” (ibid.: 16). Their widespread influence can be witnessed 

across different arenas including that of education, politics, finance, commerce, banking, 

social welfare systems, policing, romance and entertainment. 

However, the making of algorithms is not a static or dry a process but instead, entails 

an ongoing engagement with larger historical, socio-cultural and political contexts. They are 

continuously being edited, revised, deleted, restarted, and shared over time and space 

(Kushner, 2013) . Algorithms are not just driven by programmers but also by users, markets, 

politics and culture, making their outcomes often unpredictable. While they can and do 

replace and/or reduce traditional intermediaries of power, their “computation often 

deepens and accelerates processes of sorting, classifying and differentially treating, and 

reifying traditional pathologies, rather than reforming them” (Pasquale, 2015: 5). 

Van Dijck argues that the dominant model that dictates our digital experience, the 

“platform economy,” is driven by an ideology of “dataism” that reflects the overarching 

belief in the “objective quantification and potential tracking of all kinds of human behaviour 

and sociality through online media technologies” (Van Dijck, 2014: 199). This ideology 

reduces people to consumers, their data into a product and their privacy into a currency 

which they trade in exchange for access to social media services. This ideology is entrenched 

in a capitalist mode of production which influences the logic of the algorithms that serve this 

political economy. Similarly, Mager identified an “algorithmic ideology”, a capitalist spirit 
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that “gets inscribed in the fabric of search algorithms by way of social practices” (2012: 782). 

It has also been found that machine learning may skew towards the white, male and western 

(Caliskan-Islam et al., 2016; Crawford, 2016).  

Hence, to hold algorithms accountable and reveal their underlying ideologies, we 

need to first understand what they do. Diakopoulos suggests four types of algorithmic 

decision-making namely, prioritization, classification, association, and filtering (Diakopoulos, 

2015). 

• Prioritization emphasizes certain content over that of others, for instance through 

ranking in search results. This function is also enormously helpful to accelerate and 

target search in massive data systems for immigration enforcement, policing, welfare 

management to fire-coding inspections. However, it is based on trust that the risk is 

being assigned fairly as programmers embed choices and value propositions in their 

sorting procedure to push certain results on top.  

• Classification categorizes content to a certain class based on their specific features. 

For example, music is classified in Spotify playlists and videos on YouTube are flagged 

for its contentious content. This rests on machine-learning where training data is 

used to ‘teach’ the algorithm. Human bias enters this process as algorithms learn 

how to classify based on human criteria and definitions of these varied classes. 

• Association looks for relationships between entities through both semantics and 

connotative ability. For example, state identification systems use this technique to 

build context around people. Decisions are automated based on citizen’s social 

behaviour, their networks, and other criteria that the states find valuable. An 

example here is China’s social credit score where citizens have been denied visas for 

travel and bank loans based on their ‘citizen rating’ (Hatton, 2015). This is extracted 
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from their cumulative social behaviour and even their network’s ratings, showcasing 

how this technique comes to play in this context.  

• Lastly, filtering involves excluding information according to various rules or criteria. 

This process may take into account the prioritizing, classification, or association 

decisions. An example here is Facebook’s ‘filter bubble’ of exposing people to a 

certain kind of ideological political newsfeed, or deciding what constitutes as 

‘unwanted’ content like ‘hate speech’ and ‘fake news’ to block or filter out.  

Biases may occur in each of these steps, even if they are not explicitly programmed into the 

algorithm. For example, an algorithm may be blind to race or gender but it can still pick up 

proxy signals that allow indirectly for discrimination, e.g. using location and credit card 

purchases among other criteria (Caliskan-Islam, Bryson, & Narayanan, 2016).  

In order to understand the impact of algorithms and to find suitable strategies to 

govern them, we need to complicate the picture even further. The discourse has a 

somewhat techno-deterministic leaning, singling out algorithms as the core issue of larger 

problems: “There […] is a striking similarity between algorithms and the language of politics, 

which tends to privilege the figure of the lone decision maker at the expense of more 

complex realities.” (Ziewitz, 2016: 6; cf. Star, 1991). As Friedman and Nissenbaum have 

already noted in the 1990s, bias in computer systems may in fact have at least three 

different causes: pre-existing bias (on the individual or societal level), technical bias (e.g. 

specific limitations that are disadvantageous to certain groups) or emergent bias which 

manifest themselves “sometime after a design is completed, as a result of changing societal 

knowledge, population, or cultural values.” (Friedman and Nissenbaum, 1996: 335). 

Accordingly, when talk about algorithms and strategies to govern them in the following 
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sections, we do not only refer to algorithms in the narrow sense as biases might need to be 

addressed on other levels. 

Interventionist approaches for diversity-friendly algorithms 

Given the criticisms of existing algorithmic regimes, much energy has been expended on 

proposing alternative ideologies that can steer the learning of algorithms towards fostering 

diversity. Specific focus has gone into critiquing the encoding of identity (individual/group 

representation and actualization) and knowledge construction and variation, with new 

imaginings as well as challenges in the pursuit of diversity driven systems. Concretely, we 

identify three main design interventions for diversity-friendly algorithms that we will discuss 

in detail below:  

a. Universalism-driven algorithms work towards the globalizing of algorithmic systems in 

sync with universal human rights. This demands moving away from identity to rights, with 

the intended outcome of a globally applied set of rules.  

b. Social justice-driven algorithms with the starting point that current algorithms are 

discriminatory and biased which demands re-programming for an equal society. Diversity is 

akin to identity politics playing out in policy such as affirmative action and tribal, caste and 

gender quotas in global contexts. The goal is equality of outcome. 

c. Utilitarian-driven algorithms which work to instrumentalize diversity as difference in 

perspectives and behaviours, with a belief that it will foster innovation and social inclusion. 

The intended outcome is increased competitiveness, efficiency and social harmony. 

a.  Universalism-driven algorithms  

A now almost ‘traditional’ answer to the issue of diversity is to grant equal rights to 

everyone. This universalistic and egalitarian approach typically focuses on a limited number 

of basic rights which all parties involved can agree on (e.g. the United Nation’s Universal 
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Declaration of Human Rights). While this is a rather minimalist approach, its power and 

appeal lies in the high inclusiveness and its absolution: the given rights may be limited in 

number but increases the importance of each of them and makes them largely 

unquestionable. Diversity here is reached by inclusion beyond difference. 

The Universalist approach is reflected in the libertarian Internet culture. In the early 

visions of the Internet there was a hope that the emerging ‘cyberspace’ could become a 

‘global village’ which transcends the constraints of the physical world. For example, Barlow 

declared the ‘Independence of Cyberspace’ in which existing institutions are denied power 

and a new unified ‘us’ is imagined: 

Governments of the Industrial World, you weary giants of flesh and steel, I come 

from Cyberspace, the new home of Mind. On behalf of the future, I ask you of the 

past to leave us alone. You are not welcome among us. You have no sovereignty 

where we gather. (Barlow, 2013) 

Along with this line of thought comes the emphasis of openness, which was put into practice 

through platforms such as Wikipedia. Although the actual inclusiveness of such platforms 

can be questioned (König, 2013) the new participatory opportunities have been widely 

welcomed with expectations of democratizing effects (e.g. Shirky, 2008). 

Similarly, when algorithms became increasingly important as decision-makers, hopes 

were expressed that such ‘rational’ computer-based systems might actually be less 

discriminatory than their irrational and imperfect human counterparts. This line of thought 

became particularly popular with the emergence of Big Data and its inherent promise of 

being all-encompassing, “[…] striving to capture entire populations or systems (n=all)” 

(Kitchin, 2014: 1) while making theorizing obsolete (Anderson, 2008). 
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At the same time, globally operating platforms had to develop systems that were 

unified enough to function effectively across their immensely diverse settings. From this 

perspective, diversity through Universalism fits well to the utopian ideas associated with the 

‘cyberspace’ but also aligns with the more efficiency-driven Utilitarian approach discussed 

below. 

Universalism faces certain challenges in the context of algorithmic decision-making 

that are typical and arguably structurally inscribed into this ideology, namely:  

Context-blindness: The goal of achieving diversity through a universal set of principles tends 

to result in the lack of adaptability to specific situations and contexts. The rights might be 

the same, but not everybody has the same opportunities to take advantage of them. Such 

power asymmetries can already be at play when the principles are formulated, making them 

less universal than they might claim. This is particularly problematized by the proponents of 

the social justice approach (see below).    

Ambiguity: The wide consensus of Universalist principles often comes at the price of 

vagueness. A classic example is the American Declaration of Independence which claims that 

“all men are created equal […] with certain unalienable rights” while “men” did not 

necessarily include women and certainly not people of colour. In algorithmic decision-

making, rights may be precisely defined and operationalized mathematically, turning code 

into law (Lessig, 2006). However, in practice the inscribed principles are actually not as clear 

as their translation into numbers may suggest and their context-blindness needs to be 

corrected by putting a “human in the loop.” For example, under European law there is now 

the ‘right to be forgotten' which requires Google to balance personal rights with the 

freedom of information on a case by case basis. At the same time, the opacity of current 

algorithmic decision-making systems let them appear as black boxes to the average user and 
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society in general (Pasquale, 2015). For instance, why a ranking algorithm determines an 

item as ‘relevant’ usually remains vague or even mysterious.  

Therefore, while at a first glance the global approach of the Universalism-oriented 

algorithm appears like a feasible solution to push for diversity, a closer look complicates this 

narrative, leaving a lot of room for criticism, especially from the perspective of social justice. 

b. Social justice-driven algorithms  

The starting premise of this perspective is that certain groups have achieved their privileges 

at the cost of systemic discrimination against other groups, and thereby, to provide justice, 

corrective measures are required to combat this past injustice. In other words, this position 

calls for redistributive justice instead of simply an equal treatment for everyone. Diversity is 

conceptualized as a more inclusive and less discriminatory society aimed at the equality of 

outcome. Typically, the first step here is to identify an injustice, e.g. a bias within a ranking 

algorithm or a dataset. The concept of data justice aims to bridge the “‘disconnect’ between 

those concerned with technology issues and those concerned with social justice issues” 

(Dencik et al., 2016: 10).  

Proponents of the social justice perspective often criticize the Universalist approach 

as insufficient and point out its flaws. For example, the Universalist’s contextual blindness is 

addressed by making the context explicit. Taylor has shown that universal rights may in 

practice not be universal, e.g. within migration surveillance systems, in which “rights that are 

supposed to be fundamental – including the rights to privacy and autonomy, to effective 

remedy for harms, and many others relating to the uses of data in a migration-prediction 

system – are in fact not treated as fundamental because they do not extend across borders” 

(Taylor, 2017: 6). 
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Scholars and activists arguing for ‘intersectionality’ attend to “intersecting 

inequalities” which they believe “manifest at all levels of the design process” (Costanza-

Chock, 2018). Instead of tackling individual factors (e.g. ethnicity or gender), intersectionality 

develops a more encompassing understanding of inequality by considering multiple possible 

forms of discrimination. From this perspective, universalism is not only insufficient, it tends 

to “erase certain groups of people” (ibid.). For example, body surveillance machines have 

the binary gender encoded into the very ontology of their databases; thereby training these 

systems to recognise transgender bodies is impossible. 

To improve the situation, Constanza-Chock proposes “design justice” which aims at 

creating more diversity along the entire design process, e.g. by making it more participatory. 

Although it is claimed that “design processes that operate according to these ideals can 

produce products, processes, and systems that work better for all of us, in the long run” 

(ibid.), the efficiency of this approach, i.e. the compatibility with the Utilitarian perspective 

below, remains to be proven. It unavoidably comes with increased efforts to incorporate the 

participatory procedures and at least in the short run leads to higher costs which is in 

particular challenging to Small and Medium Enterprises (SME) and less wealthy countries. At 

the same time, such procedures raise further questions, e.g. who gets represented and how. 

In general, this ‘positive discrimination’ approach may actually be perceived as unfair as it 

favours certain groups over others. The justification for this is of course, that these groups 

have been disadvantaged and therefore need and deserve this kind of additional support. 

However, this relies on an accurate and constantly updated understanding of who is 

disadvantaged and to what degree. If we are to believe that society is evolving and 

progressing in its social policies, those belonging to marginalized groups should in fact be 

attributed with some mobility. 
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While the jury is out regarding this algorithmic intervention proposition, we have 

already amassed much empirical evidence from social policies that took on this approach to 

‘equalize’ society. For example, quota systems intended to promote equality through 

diversity, are deeply contested on whether they are the most effective ways to push this 

agenda forward (Antman and Duncan, 2015; Svensson, 2014). This literature explores the 

empirical consequences of such policies, resulting in measuring whether, and under what 

circumstances, group inclusion results in socioeconomic changes that benefit the 

represented group and/or hurt others. 

For instance, in India, electoral quotas for women, Scheduled Castes (SC) and Tribes 

(ST), the most underrepresented and chronically discriminated groups, have resulted in 

some political abuse and fostered perverse incentives to polarize publics (Jensenius, 2015). 

The rise of caste based politics, pandering to one group’s interests at the cost of others 

continues to threaten social cohesion. At the same time, there is evidence that the 

mandated quota system has broken social boundaries by “bringing marginalized groups into 

positions of power” while it has “lifted a small segment of that community into the social 

elite” (ibid., p. 197). They have also significantly altered the perception of SC in society and 

have made voters more positive to SC as politicians. Moreover, the socioeconomic gap 

between SC and non SC has been shrinking rapidly over the past decades. 

Finally, the key argument against group quotas in India and across the world is that it 

reduces overall political efficacy by voting in inexperienced or weak politicians, which has 

been found to be exaggerated (Jensenius, 2015). That being said, discrimination based on 

group identities varies over time and the challenge continues on how to cater to a dynamic 

category of injustice. After all, if quota systems are to succeed, then their focused 
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constituents should become less eligible to these benefits as they gain upward social 

mobility. 

A concern with this social justice approach is whether the egalitarian and 

meritocratic view that acknowledges difference is compatible with the diversity ideology of 

favouring certain groups over others based on past injustice. The meritocratic ideology is 

close to the neoliberal approach of placing the success or failure primarily on the shoulders 

of the individual. Research has shown that the so called meritocratic systems are more ideals 

than facts: 

What is commonly seen as success, talent, leadership and excellence is not neutral, 

but is primarily based on masculine, Western and middle-class socio-economic 

characteristics. In addition, people tend to favour those who are similar to 

themselves, and with whom they feel a connection, which affects selection 

procedures and evaluations. Furthermore, not everybody enjoys equally favourable 

conditions regarding economic, social and human capital. Is and should everyone 

then be treated the same? This view needs to be challenged. (Wekker et al., 2016) 

This approach questions the premise of meritocracy as independent from power structures 

produced in geo-political and historical contexts. In this view, social justice demands being 

conscious of ones’ ‘positionality’ to gauge the implications of these systems on equality. 

Regarding the challenge of inscribing intersectionality into social reform, Norway and 

Sweden have incorporated this multi-dimensional inequality into their Anti-discrimination 

Reform policy documents (Reisel, 2014). They however differ in their framing regarding 

equality and “harmonization.” Whereas the Norwegian committee starts from the value 

premise of universal dignity, the Swedish committee is more utilitarian in its approach. 
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Regarding legal harmonization, the Norwegian committee argues for equal measures unless 

there are exceptional reasons for variation. The Swedish proposal emphasizes difference 

between grounds to a larger extent than the Norwegian. 

Given that the Swedish committee was less concerned with legal harmonization than 

their Norwegian counterpart, they defined the costs of a unified law quite differently: 

Among possible disadvantages can be mentioned that the necessary variation in 

regulation for different discrimination grounds and areas of social life makes a unified 

law at risk of being ‘cluttered’ and difficult to oversee. (Reisel, 2014: 232)  

Hence, while these two reform processes have attempted to incorporate intersectional 

approaches, they operate in some fundamentally different ways. While they both deliberate 

on the issue of unifying existing anti-discrimination laws, they diverge on the general scope 

of harmonization. This has led to a backlash by special interest groups, each seeking their 

own interests within this so called unified framework. The goal premise for both committees 

was to create a unified law. It was “not primarily articulated as finding the optimal 

protection against discrimination in the respective societies” (p. 227). Equality measures 

thereby are encumbered by the inherent and continual tension within the “politics of 

recognition,” between the “politics of universal dignity” that emphasizes equal worth and 

equal rights and the “politics of difference,” that demands recognition of “the unique 

identity of this individual or group, their distinctness from everyone else” (Taylor, 1997: 38). 

c.  Utilitarian-driven algorithms  

Utilitarian-driven algorithms start with the premise that diversity is beneficial for specific 

forms of betterment, such as innovation, efficiency, competitiveness and social 

harmonization. For example, personalization of newsfeeds or search engine results can be 
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minimized to ensure that users are not ‘trapped’ in a filter bubble of like-minded 

information, assuming this leads to a more sophisticated picture of reality while also 

fostering social cohesion. A more diverse developer team could be more efficient as they 

have wider problem-solving capacities due to the multiple perspectives involved. They may 

also be able to avoid blind-spots in comparison to a more homogenous team. On a broader 

and more abstract level, proponents of the Utilitarian approach might also advocate for 

diversity from a social justice perspective but mainly to build a stable and sustainable society 

and to a lesser degree to help marginalized groups. Thus, this perspective is not as much 

concerned with the equal representation of demographics and rather emphasizes non-

demographic aspects. For example, the Heterodox Academy initiative stresses the 

importance of what they label “viewpoint diversity” to achieve the “best” possible outcome: 

Viewpoint diversity refers to the state of a community or group in which members 

approach questions or problems from multiple perspectives. When a community is 

marked by intellectual humility, empathy, trust, and curiosity, viewpoint diversity 

gives rise to engaged and civil debate, constructive disagreement, and shared 

progress towards truth. Viewpoint diversity enables colleges and universities to 

realize their twin goals of producing the best research and providing the best 

education.1 

While we cannot offer a general evaluation of the effectiveness of diversity here, it is safe to 

say that there are occasions in which the stated goals of diversity are not met. For example, 

an experimental study found that a diverse information diet does not necessarily help to 

counter polarization: 

 
1 https://heterodoxacademy.org/the-problem/ (retrieved July 31st, 2018). 

https://heterodoxacademy.org/the-problem/
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Our experiment provides strong causal evidence that the combination of the 

modern high-choice, ideologically diverse media environment, and exposure to 

negative political ads, can significantly increase affective polarization among the 

public. (Lau et al., 2017: 249) 

Moreover, the goals themselves may differ significantly from the ones of the other two 

approaches as here diversity is not an end goal in itself. Instead, it is tied to a particular 

function which will usually evolve around the ideology of those who apply it.  

Again, in looking for more empirical evidence on the instrumentalization of diversity 

for specific outcomes, we can find this in the numerous studies done in the field of business 

and management. For example, board diversity has been gaining attention in the last two 

decades, with a number of European countries passing gender quotas to improve board 

performance (Adams et al., 2015). Many studies have argued that decision-making is 

enhanced in organizations due to innate differences between men and women and may 

even improve the board’s functioning (Hillman, 2015). Involving more women is viewed as a 

way to increase creativity, problem-solving and accountability, especially given they are 

more likely to be ‘outsiders’ and will thereby come to the table with fresh perspectives. 

Others have suggested that there are differences in ethical behavior between women and 

men (Dawson, 1997). It has also been claimed that women are more risk-averse and may 

protect the organization from “risk-loving” (Adams et al., 2015: 78) males. 

In recent years, there has been some contradictory evidence, where it was concluded 

that diversity may cause higher decision-making costs in boards, and increase the likelihood 

of conflicts and factions in teams (Adams et al., 2015). This brings to question whether 

diversity does improve the board’s performance and the firm’s bottom line: 
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[T]here are too many problems with the ‘causal’ evidence on the effect of quotas on 

performance. It’s fair to say that we don’t really know whether and how quotas 

affect the financial performance of firms. (Ferreira, 2015: 110)  

The mixed findings in the literature on the relationship between diversity and firm 

performance can be attributed to “differences across studies in measures of performance, 

methodologies, time horizons, omitted variable biases, and other contextual issues” (Adams 

et al., 2015: 78). Social psychologists have tried to rationalize the potential negative effects 

of demographic diversity by drawing on the notion of faultlines, defined as hypothetical 

dividing lines that split a group into relatively homogeneous subgroups based on group 

members’ alignment along their multiple attributes, such as gender, age, or race (Lau and 

Murnighan, 1998: 327). These faultlines increase the likelihood of conflict through this 

subgroup splintering of who is the ‘in group’ and ‘out group,’ which may reduce the board’s 

effectiveness. The point here is to not resolve this debate but to showcase the provisional 

nature of diversity and how that would demand a re-configuring of the criteria that best 

suits larger capitalist interests. 

Another example that illuminates the complex challenges this model faces is that of 

paying heed to ‘neurodiversity’, the idea that neurological differences like autism and ADHD 

are the result of normal natural variation in the human genome, as a way of broadening the 

employee diversity demographic (Austin and Pisano, 2017). This is a growing momentum, 

particularly in Silicon Valley, where they have found that people with dyslexia, ADHD, social 

anxiety disorders, and dyspraxia have higher-than-average abilities for certain tasks: 

Research has shown that some conditions, including autism and dyslexia, can bestow special 

skills in pattern recognition, memory, or mathematics that is highly desirable for technology 

industries. 
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This has yielded ‘positive discrimination’ in Silicon Valley towards such a 

demographic, in line with the social justice ideology. Several prominent companies have 

reformed their Human Resource (HR) processes in order to access neurodiverse talent; 

among them are SAP, Hewlett Packard Enterprise (HPE), Microsoft, Willis, Towers Watson, 

Ford, and EY while many others including Caterpillar, Dell Technologies, Deloitte, IBM, 

JPMorgan Chase, and UBS, have start-up or exploratory efforts under way (Austin and Pisano 

2017). In some sense, this kind of diversity has given a way out for these companies who 

have been criticized for their lack of diversity in their programming teams, alluding to other 

inherent categories such as gender and ethnicity. 

Interestingly, as HR processes are being automated, there are striking dilemmas 

coming to the fore in the design of their algorithms (Marshall, 2016). Neurodiverse people 

are found to earn lower scores than neurotypical candidates in team work, emotional 

intelligence, the ability to network, the ability to conform to standard practices, 

persuasiveness, and communication skills. These criteria, fundamental in HR processes, are 

transferred to the ‘smart’ hiring systems, and thereby will systematically screen out such 

neurodiverse people. In other words, as smart systems scale, their standardized approaches 

may not be in sync with ‘positive discrimination’ nor with contemporary diversity-oriented 

policies within the organizations themselves. 

In conclusion, the main controversy around the Utilitarian approach is that it 

conceptualizes diversity as conditional. The empirical effectiveness according to the stated 

goals becomes the sine qua non: If diversity is not effective, it is not desirable. Thus, the 

Utilitarian approach may collide with the Universalist and the social justice perspectives as 

they frame diversity as an absolute goal. 
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Conclusion 

There is a broad consensus that social inequality is problematic and diversity is regarded as 

its – at least partial – cure. It is also widely agreed that this issue becomes even more 

pressing as decisions get increasingly automatized through algorithms, with the risk of 

automatizing inequality along with them (Eubanks, 2018). Hence it is understood that we 

need to design ‘diversity-friendly’ algorithms. As identified in this paper, there are at least 

three distinctly different approaches to this problem. They vary in their goals as well as in 

their methods and to some extent they may be incompatible with each other. Therefore, it is 

crucial that these differences are made explicit instead of implicitly relying on a shared 

understanding of diversity. 

These main approaches have all been put into practice in other contexts, partly with 

decades of experience, including elaborate empirical evaluations and in-depth theoretical 

reflections. A look into these past experiments reveals a number of typical structural 

problems that can inform the current endeavour of creating diversity-friendly algorithms. 

This appears particularly important as a number of these problems intensify when they are 

mathematized and scaled up through automatization. But in times of heated and polarized 

political discourse and a growing power asymmetry in favour for a rather mono-cultural 

oligarchy of a few Internet players (Dolata, 2018), patience and careful reflection is not a 

popular strategy. Social activists demand instant change and there is no doubt that their 

expressed urgency is justified. 

However, the severe structural difference between the approaches will not only 

likely create tensions between their followers, they will also lead to unproductive if not 

dysfunctional interventions. For example, a well-intentioned regulation from the social 
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justice perspective may result in an increased effort which could particularly target already 

marginalized actors. In other words, good goals may not lead to good outcomes. In many 

cases, we will need experiments to find out which goals and methods lead to the desired 

result. There is surely space for immediate action. 

We argue that many mistakes can be avoided by learning from past interventions in 

traditional social systems. Our paper is a step into that direction but is clearly limited in this 

scope. We have not delved into the detailed challenges and measures that sprung from 

numerous diversity policies and practices across cultures and contexts, from affirmative 

action, electoral quotas, to quotas in boards and other positions of power. Further work is 

needed to assist with developing concrete diversity-friendly algorithms, paying special 

attention to the broader social and historical context of the field/issue in focus. 

It is important that we not only become conscious of the differences between the 

approaches, but we also need to acknowledge that they all have their strengths and 

weaknesses. Although they might be incompatible to some extent, they usually do not exist 

in ‘pure’ forms, i.e. compromises can be achieved and mutual learning is possible. In our 

polarized time, it is also crucial to respect the underlying ideological differences instead of 

glorifying ones favoured approach while discounting others as illegitimate. 

Finally, we have to stress that we only focused on interventionist strategies. Thereby 

we omitted a perspective that has lost credibility in the recent years: neutrality. Platforms – 

from Wikipedia to Google and Facebook – have attempted for the longest time to frame 

themselves as ‘neutral’. As our look into the literature on algorithms and ideologies has 

illustrated, there is solid evidence that neutrality can hardly be claimed for most algorithms. 

In fact, one could argue that algorithms cannot possibly be neutral as they always aim at 
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discrimination in the original Latin sense of the word (discriminationem, i.e. “the making of 

distinctions”). 

That being said, ‘neutrality’ may still be seen as a goal to strive for as an ideal even if 

it can never be truly reached. Perhaps what we frame as a reflexive neutrality could serve as 

a guiding principle that helps to question ones positionality of identity and perspective, 

making oneself conscious of inherent biases. A rehabilitation of this concept goes beyond 

the scope of this paper but it might be worth to pursue, especially for any algorithm that will 

work cross-culturally on a global scale.      
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