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Encoded Bias in Recruitment Algorithms – A practical, intersectional  


approach to fairness in Machine Learning Algorithms 
 


Abstract 


As hiring decisions become more automated and recruitment algorithms are increasingly 
deciding our professional futures, we need to analyze their training sets, working mechanisms, 
and impact on future workforces. Under the lens of Feminist STS and using the example of 
Amazon’s recruitment AI, this paper explores how recruitment algorithms can be assessed and 
improved. Therefor a six-step inductive method is proposed with which the analysis of 
candidates and decision-making processes as well as their impact on both organizations and 
applicants can be analyzed. As the last step, a three-step method of how we can reduce ‘encoded 
bias’ in future hiring decisions is introduced. In this, I draw upon the theory of Open Innovation 
and the method of Design Thinking. For further accessibility, a short glossary is provided at the 
end of the paper.  
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Introduction – Recruitment algorithms in practice 
 


Algorithms are an essential part of today’s lives. They suggest which music we might like, 


which products we might be interested in, or even help us in trying to search for something with 


google autocomplete. As our workplaces and recruitment practices grow more digital by the 


second, algorithms have been promoted for recruitment purposes across the spectrum. In fact, 


software systems already screen resumes, evaluate personality tests and weed out 72% of 


resumes before a human eye ever looks at them (Mann/O’Neil 2016). The vision behind these 


processes is to use the power of technology to cut recruitment time and reduce subjective 


decisions during the hiring process (Iriondo 2018).  In this “techno-euphoric climate of 


innovation” (Mager 2012:2), hiring choices will become more and more automated, inevitably 


raising the question of algorithmic bias and fairness.  


In fact, in October 2018 Amazon came forth with news of a scrapped AI recruiting engine that 


persistently excluded female sounding profiles from its recruitment suggestions (Hamilton 


2018). This news fueled the debate on encoded bias in recruitment algorithms anew, exploring 


how bias can be embedded in algorithms and how we can find ways to make them fairer. It also 


showed us that recruitment algorithms are an innovation to stay and will continue to deeply 


influence both our private and our work lives. They will decide who will get hired and who will 


have to write more applications. Precisely because of their profound impact, we have to take a 


step back and ask us how they actually influence us and, even more precisely, why.  


In this paper, I will take Amazon’s recruitment algorithm as a basis to investigate what role 


privileges play while designing technological innovations. Using the theoretical framework of 


Social Technology Studies combined with an intersectional approach based on D'Ignazio & 


Klein data visualization method (D'Ignazio/Klein 2016), I will work along the questions of 


power and participation. Based on this I want to examine the research question: 
 


What role does ‘encoded bias’ play when designing recruitment algorithms? 
 


This will be achieved by explaining the relevant literature and methodology, investigating what 


algorithms are and how recruitment algorithms were used by Amazon. Based on this foundation, 


the paper will furthermore explore who is part of algorithmic ‘training sets’, how this design 


excludes people and how exactly we can decrease ‘encoded bias’ in recruitment algorithms. 
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The last part will particularly focus on how we can design and use technology in a responsible 


way.  


 


Literature Review  
 


This paper can be aligned in the tradition of Science and Technology Studies (STS) and is, more 


specifically, located within the branch of Feminist STS. Feminist STS is inherently 


intersectional and therefore “[…] looks to the perspectives of those marginalized by current 


power configurations (including and especially those marginalized because of gender, sexuality, 


race, and/or ethnicity) as a way of exposing how their perspectives are not included in what is 


considered “objective” truth” (D'Ignazio/Klein 2016:1). In our case, this aforementioned 


‘objective truth’ can be interpreted as the recruitment algorithm that confronts us with 


‘objective data’ about the best hires for a position. In fact, throughout this paper it will be argued 


that ‘objectivity’ itself is the very myth that allows the recruitment process to implement 


recruitment algorithms in the first place.  


D. Haraway is one of the most prominent scholars arguing against this view of ‘objectivity’, 


this “view from nowhere” or “God trick” (Haraway 1988:134) that is devoid of all bias. 


Technology in particular is nothing that is inherently separate from the social (ibid:587) and 


thus cannot be the source of ‘neutrality’. Instead, Haraway argues for an understanding of 


knowledge as situated (not universal), multiple (not binary), dynamic, and structured by power-


relations (ibid:589). It is situated because both knowledge and technology can only be 


understood within their context; it is multiple since there are always several approaches and 


perspectives; and it is structured by power-relations since technologies are made by specific 


people for specific people. We will explore later on who these people are. 


Bias is the very opposite of objectivity. It is the unconscious way of experiencing and 


interpreting the world based on one’s upbringing, absorbed values, media preferences, and 


socio-cultural environment (Agarwal 2018). The Cambridge dictionary defines bias as “the 


action of supporting or opposing a particular person or thing in an unfair way, because of 


allowing personal opinions to influence your judgement” (Cambridge Dictionary 2018). There 


are dozens of different categorizations for biases spanning from confirmation biases or status 


quo biases, over the halo and horn effect to biases rooted in sexist, ableist, racist or classist 


concepts. These implicit or unconscious biases all happen because our brains are biologically 


wired to assess people or situations as quickly as possible (Agarwal 2018). It has to be 
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highlighted here that bias is not the kind of ‘subjectivity’ Haraway advocates for. No one can 


ever be completely bias-free. The point is rather to understand our own biases and evaluate our 


decisions based on them.  


 


Method 
 


In order to answer our initial question about the role of ‘encoded bias’ in recruitment algorithms, 


we have to find a way to work along these questions of power and participation. Usually, the 


analysis of Information Design Processes is rooted in data, but this paper will follow D’Ignazio 


& Klein’s approach of working backwards “to surface the actors (both individual and 


institutional) that have labored to generate a particular dataset” (D'Ignazio/Klein 2016:3). 


Thus, the focus is on the exploration of dominant and marginalized perspectives within the 


production of recruitment algorithms.  


D'Ignazio & Klein’s approach is following six core principle that aim to embrace pluralism, 


rethink binaries, consider context, make labor visible and examining power relations while 


aspiring empowerment. Inspired by their framework, this paper will methodically work along 


the following questions: 


1. Who is part of recruitment algorithms ‘training sets’?  


2. How is the design of recruitment algorithms excluding people? 


3. How can we decrease ‘encoded bias’ in recruitment algorithms? 
 


 


Before we go into detail with these questions, we first have to shortly talk about the question of 


power. As we have seen, in Haraway’s standpoint theory she argues that knowledge is situated 


and mediated through our individual selves with all the privileges and categories that were laid 


upon us in “webs of differential positioning” (Haraway 1988:590). This means that in order to 


analyze socio-technological hybrids such as recruitment algorithms, we first have to situate 


ourselves as analysists and authors. With what Bardzell has framed “self-disclosure” (Bardzell 


2011) and I would like to call “unboxing the author”, I will situate my analysis in the categories 


of intersectional Feminism (Crenshaw 1989) in order to battle the “view from nowhere”.  
 


As the author of this paper, I identify as a white, queer, cis-woman from a working-class 


background that was born in the GDR in Germany right before Berlin Wall fell. I took my 


education in Sociology, specifically focusing on Gender & Queer studies and I am now studying 


IT & Business at a technical university. Furthermore, I have worked with Diversity & Inclusion 
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for many years, spanning from teaching in public schools to the start-up scene in Denmark. 


Based on my experiences and education, I aspire to write in a way that is both accessible and 


empowering. This means choosing to write this paper in a simple language that forgoes overly 


complicated expressions. Inspired by Earle, Moral and Ward-Perkin’s work of “The 


Econocracy” the goal is nothing less than to democratize the discourse on Tech through writing 


in a simple, yet not simplified, way (Earle/Moral/Ward-Perkin 2016:5).  


Otherwise, “the voices of those who don’t have that knowledge are often devalued and 


disempowered […]” (Earle/Moral/Ward-Perkin 2016:18).  


Case: Amazon’s Recruitment Algorithm 
 
Before we go into the analysis of how algorithms relate to power and participation, we first 


need to find a common understanding of what algorithms are in the first place. Simply put, 


algorithms are processes or a defined set of rules that want to solve a specific problem, like 


sorting a large guest list, calculating averages or finding a specific spot on a map. The term 


‘algorithm’ is predominantly associated with computer-based problem-solving. However, in 


recent years more and more focus has been placed on the ‘social’ aspect of algorithms, going 


as far as stating that “Algorithms, we can say, are culture—another name for a collection of 


human choices and practices” (Seaver 2017).  
Recruitment algorithms as a specific application field of algorithms, are a set of operations that 


are used for quickly assessing large number of potential applicants for a posted job position. 


These algorithms handle huge amounts of data for their complex statistical analysis and aim to 


correlate existing employee performances with data from the potential candidates (McNulty 


2018). To make better use of these massive data sets, recruitment algorithms are often 


supplemented with Machine Learning algorithms which can ‘learn’ from the existing hiring 


behavior of a company or organization (Higginbottom 2018). On the prominent hiring platform 


‘Monster’ they explain their hiring algorithm like this:  
 


“In evaluating candidates, data types can include resumes, publicly available 
information, as well as responses to candidate assessments that delve into personality, 


temperament, aptitude for skills such as problem solving and more. The rules and 
operations of this calculation might be as simple as a spreadsheet that consolidates 


multiple ratings of a candidate’s potential or as complex as state-of-the-art predictive 
analytics or for that matter, machine learning.” (Rossheim 2018) 


 
In this machine learning process, candidates will be labeled and given scores. A high score 


equals high chances of being hired while a low score will most likely filter out undesired 
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candidates (McNulty 2018). Companies have digitalized their assessment of candidates over 


years, based on electronic CVs, Cover Letters and final hiring decisions as the ‘training data’ 


or ‘corpus’. All of this amassed information can then neatly be ‘fed’ to a machine learning 


algorithm in order to teach it how to make ‘good hiring decisions’ (Mustafaraj 2018).  


Machine learning is becoming more and more popular as a “process of training a computer to 


make decisions that you want help making” (Bhargava 2018). In thus, they are used as a means 


to improve an organization’s internal and external operations and help it remain competitive as 


it saves money and time comparing to methods of individual recruiters going through dozens, 


if not hundreds of job applications (Baer 2017). Recruitment algorithms can therefore be seen 


as a process innovation since they revolutionized the status-quo of recruitment processes 


(Rouse/Pratt 2015). That is why, today a lot of companies base their recruitment strategies on 


them. Amazon was until recently one of them. 


Amazon recently received a dubious fame when it came forth with news of a failed machine 


learning recruitment algorithm that showed explicit bias against female applicants. Since 2014 


Amazon’s research team had been working on a way to automate the resume reviewing process 


and quickly realized that their new system was not rating candidates for Tech jobs in a gender-


neutral way (Iriondo 2018). The researchers created 500 models focusing on specific job 


functions and locations and trained them to recognize over 50,000 parameters that showed up 


on applicants’ resumes over a 10-year period (ibid). Based on these datasets, the algorithm 


learned that words commonly found in resumes of male engineers such as “executed” and 


“captured” correlate with success. Meanwhile, it also “learned” that the presence of a phrase 


like “women’s” (as in “women’s chess captain”) correlates with rejection, and so the 


corresponding resume was downgraded (Mustafaraj 2018). In effect, the tool taught itself that 


male applicants were the most ideal hires.  


Even after ongoing modification and tweaking of the parameters, biased ratings could not be 


avoided, leading to the project ultimately being scrapped in late 2018. In part, these unfavorable 


results can be explained as a reflection of the tech industry being mostly populated by men. 


However, interestingly enough, the algorithm also assigned very little significance to actual 


programming skills and languages on CVs (CNBC Retail Oct 11 2018). In fact: 
 


”Gender bias was not the only issue. Problems with the data that underpinned the 
models’ judgments meant that unqualified candidates were often recommended for all 


manner of jobs, the people said. With the technology returning results almost at 
random, Amazon shut down the project, they said.” (ibid) 
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Amazon’s wish of applying “algorithmic management” (O’Connor 2016) to reduce their 


overall hiring time is a shared dream of many big companies today. This vision of ‘objective’ 


“scientific management” can be traced back to early Taylorism and its goals of boosting work 


efficiency by sequencing work processes through step-by-step instructions. As such 


“algorithms are providing a degree of control and oversight even the most hardened Taylorists 


could never dreamt of” (ibid). It is true that recruitment algorithms are a great asset in 


forecasting future hiring decisions based on existing hiring data as well as coordinating 


administrative recruitment practices. The question is, however, to what extent recruitment 


strategies should be based on algorithmic management.  


    Analysis & Discussion – Algorithmic bias 
 
In order to work along our three methodical questions, we will first have a look into algorithmic 


“training sets” and the recruitment procedures that precede them. In that we will focus on job 


ads, resume screening CVs and recommendation letters and the barriers they present. Secondly, 


we will investigate how the design of recruitment algorithms is excluding potential candidates, 


especially with regard to gender, age and ethnicity. In our last and largest part, we will thus 


explore ways to decrease ‘encoded bias’ in recruitment algorithms in a six-step inductive 


method. 
 


1. Who is part of recruitment algorithms’ “training sets”? 
 


The problem of algorithmic bias has been raised again and again over the last years. There have 


been multiple cases of racially-warped face recognition software that either refused to recognize 


Black people’s faces (Buolamwini 2016) or, even worse, grouped them as “gorillas” (Lohr 


2018). This becomes especially painful when algorithms are used to predict future criminals 


and have a strong bias against Black people simply because black US-American neighborhoods 


are more policed than white ones (Angwin/Larson/Mattu/Kirchner 2016, Chammah/Hansen 


2016). Most often, however, algorithmic bias is even more unconscious than that, for example 


when google translate incorporated gender stereotypes into their translation services through 


translating the gender-neutral Turkish “they are a doctor” into “he is a doctor” while “they are 


a nurse” was directly translated into “she is a nurse” (Morse 2017).  


Before possible candidates apply for a job position, and can thus feed algorithms with data, a 


first hurdle has to be taken. The candidates have to feel encouraged to apply for a position. 


There is a growing corpus of research showing that wording in recruitment documents is 
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particularly prone to prolonging existing inequalities since it may unintentionally reflect meta-


stereotypes related to gender (Gaucher/Friesen/Kay 2011, Wille/Derous 2017a), age 


(Derous/Decoster 2017) or ethnicity (Wille/Derous 2017b, Derous/Pepermans/Ryan 2017). 


This is especially relevant, since the US-based non-profit organization ProPublica had recently 


found that dozens of companies had used Facebook, Google and other advertisement-funded 


platforms to target job ads at particular genders and age-groups, especially when ads were 


posted for higher-paying positions (Moore 2018).  


Job ads within male-dominated industries generally contain more masculine wording such as 


‘lead’, ‘challenge’ or ‘active’, causing women to find them less appealing because they don’t 


feel that they belong into these jobs or working environments (Gaucher/Friesen/Kay 2011:113, 


Wille/Dereous 2017a:7). The same can be said for ethnic minority job seekers trigged by the 


words of “integrity”, “sincerity” or “modesty” (Wille/Dereous 2017b:2/7/8). Both groups felt 


thus discouraged to apply for positions they were qualified for because “people are more likely 


to apply to jobs for which they think they have the skills than for ones for which they do not” 


(Gaucher/Friesen/Kay 2011:112). This has a severe effect on the homogeneity of workforces, 


affecting the machine learning model built on previous hiring decisions as well.  


Wordings in job ads are the first hurdle to create fair training datasets. The second one is resume 


screening processes, no matter whether they are done manually or in an automated way. In this 


recruitment step as well, unconscious biases can tremendously affect hiring decisions. Gender 


wordings such as the examples mentioned above play a role, but also more subtle age biases 


related to age. In fact, “when explicit age markers are present in resumes, recruiters seem to 


prefer younger applicants over older ones” with older women receiving ever fewer reactions 


than comparably younger women (Dereous/Decoster 2017:2).  


The same can be said for the dimension of ethnicity or race. Specifically, in the early candidate 


screening phases like the resume screening, “findings showed that equally qualified applicants 


with a dark skin tone received lower job suitability ratings than applicants with a light skin 


tone” (Dereous/Pepermans/Ryan 2017:860). This held particularly true for applicants with 


Arabic sounding names (Carlsson/Rooth 2008; Widner/Chicoine 2011), going as far as 


applicants only getting a job interview when changing their name into a more local-sounding 


one (Bertrand/Mullainathan 2003, Tieleman 2016). It has to be said at this point in time, that 


these studies were conducted in Western countries such as Belgium, the Netherlands and the 


USA.  
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Biases in recruitment documents can even spread to recommendation letters which were shown 


to differ significantly between men and women in terms of wording and length. Research has 


shown that “recommendation letters written for men tend to be longer than those written for 


women. Longer letters are perceived to reflect a better candidate than are shorter ones, even 


though in actuality the men are no more qualified than the women” (Hebl/Nittrouer/ 


Corrington/Madera 2018). Wording as well played a pivotal part as they reinforced gender 


stereotypes when male job applicants were more likely to be described as “superb,” 


“outstanding,” “remarkable,” and “exceptional”, resulting in generally more negative 


evaluations of female applicants (ibid). Unfortunately, this holds true for CVs as well where 


language proficiency, education as well as socio-economic status will most likely affect the 


machine learning algorithm and its models (Higginbottom 2018).  


All of the aforementioned aspects such as gendered wordings, length of recommendation letters 


and ratio of applicant diversity factor into the training data of recruiting algorithms.  
 


2. How is the design of recruitment algorithms excluding people? 
 


One of the major problems as of why recruitment algorithms have such devastating 


discriminatory effect is because of our blind trust in them (Eder 2018). Algorithms are most 


often than not presented to us as ‘pure math’, as ‘objectivity’ in its purest form that cannot be 


tainted by human biases because they are ‘simply statistics’. As we look deeper into examples 


such as Amazon’s failed project with its undeniable sexist hiring suggestions, we get a step 


closer to an explanation of why algorithms cannot be neutral. This is because algorithms, at 


their core, “mimic human decision making” (Mann/O’Neil: 2016). How do humans make 


decisions? Especially in recruitment, decisions are based on all sorts of biases, past experiences, 


good intentions and outdated information. In that, “algorithms are, in part, our opinions 


embedded in code. They reflect human biases and prejudices that lead to machine learning 


mistakes and misinterpretations” (ibid).  


This means, it does not matter whether you intended your recruitment algorithm to be 


discriminating or not, since it will inevitably carry your biases with it. Moreover, since machine 


learning models are black boxes, it is almost impossible to trace how they learn and even more 


difficult to train it out (Eder 2018). It is important to acknowledge here that data is not objective. 


That data is situated in context and “reflective of pre-existing social and cultural biases” 


(Chowdhury/Mulani 2018). Machines only learn from what we show them. Algorithms are 


designed in a way, that if we put biased data in our machine learning algorithms, biased outputs 
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will follow (Bhargava 2018). Or if we want to phrase it in the ancient-old wisdom of Computer 


Science: Garbage in, garbage out.  


Interestingly, the case of Amazon’s failed AI tool is teaching us a lot. The blame cannot simply 


be placed on Amazon as a company that wanted to innovate their hiring processes. Neither can 


the managers, recruiters or engineers alone be blamed for its failure. Rather, we have to 


understand that “all that data is about us” (Bhargava 2018). In truth, algorithms are “mirrors”, 


showing us both how we perceive the world and the future we want (ibid). The predictions of 


recruitment algorithms will be based on past hiring decisions of a company or organization. 


When using hiring algorithms, we can find patterns of which kind of people were hired so far, 


and what kind of people were not, which then allows us to reflect on the why.  
 


Recruitment algorithms are an innovation born to stay. So rather than resisting this change, we 


can take this opportunity to open a discussion about what went wrong and why. A long overdue 


discussion about the social part in technology. Because “the choice isn't between a flawed 


algorithm and some imaginary perfect system. The only fair comparison to make is between the 


algorithm and what we'd be left with in its absence” (Fry 2018). We should take Amazon’s 


example as a starting point to find solutions on how to make technology less biased.  
 


3. How can we decrease ‘encoded bias’ in recruitment algorithms? 
 


The example of Amazon’s scrapped recruitment tool shows us that more and more focus is 


being put on making algorithms fairer and less biased. I would argue that “being fair means 


uncovering as many of the societal prejudices and biases that can pervade our selection systems” 


(Hebl/Nittrouer/Corrington/Madera 2018). In order to capture the logic of existing hiring 


decisions and make algorithmic recruitment fairer, I therefor propose a six-step inductive 


method: 
 


1. What do the successful candidates have in common? 


2. What do the rejected candidates have in common? 


3. What does the hiring decision mean for the organization? 


4. What does it mean for the applicants? 


5. Why was the hiring decision made? 


6. How can we reduce ‘encoded bias’ in the future? 
 


 


With this method, recruitment algorithms can be assessed and improved. Let us play it out 


taking Amazon’s example.  
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What do the successful candidates in common? 
 


When an algorithm makes a model out of the training data of your previous hires, you can get 


a good idea about which kind of employees are in your organization and what they have in 


common. In Amazon’s case they had a specific gender in common, making most software 


developers and engineers male (Dastin 2018). Most likely, employees can have a few other 


categories in common such as age, ethnicity, skin color, university degrees, socio-cultural 


background, working experience and much more. More often than not, the successful 


candidates have privileges in common. For example, studying at a highly regarded university 


is deeply connected with several privileges such as financial situation, social background, 


language proficiency, relevant passport and visa permissions and many more. This brings us 


directly to our next question: 


What do the rejected candidates have in common? 
 


In Amazon’s case we could see that the women were systematically filtered out of the 


suggestion system. Drawing on all of the dimensions we have analyzed so far, it is not a stretch 


to presume other factors played a role as well such as ethnicity, age, or reputation of university 


degree. In fact, we can find that the reputation of applicant’s universities highly influences 


hiring decisions, excluding equally qualified candidates of other universities (Rieke 2014). This 


could be as simple as not finding your university, study program or degree system in a 


dropdown menu when applying for jobs. If you are not in the system, your chances of being 


filtered out through the recruitment algorithm are staggering. This means that ”algorithms 


deployed on the front line of HR decision making may cut costs and streamline vetting in busy 


departments or companies with large hiring needs, but the risk is that they end up excluding 


applicants based on gender, race, age, disability, or military service”  (Mann/O’Neil 2016).  
 


What does the hiring decision mean for the organization? 
 


We have seen that biased recruitment algorithms will give us a certain type of applicants and 


exclude another kind of applicants based on their gender, ethnicity, age, education, university, 


disability, military service and more. This, in turn, means that organizations will consist of a 


workforce that is largely homogenic. Or to put it differently: if you, as in Amazon’s example, 


choose to base your future hiring decisions on your past hiring decisions, you will inevitably 


get the same kind of people. And if only the same kind of people will be employed, then your 


organization will be able to accommodate change less and less (Schiller 2018). Especially for 


companies this is a dangerous path since fast changing markets and economies require a large 
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portion of innovation. Having a less diverse company culture and workforce will ultimately 


make them less innovative (ibid).  
 


What does it mean for the applicants? 
 


There are many compelling arguments and business cases for diversity and inclusion in the 


workplace today (Noland/Moran 2016, Kim 2018, Schiller 2018). Most of them focus on the 


financial, competitive and organizational gains for companies. Unfortunately, “in this whole 


optimization process, people, stories, actual experiences, are all but forgotten” (Wang 2013:3). 


Hiring processes have always been deeply interwoven with questions about power and privilege. 


They are, however, also entwined with topics such as integration into job markets, national 


economies and societies. In capitalist societies, not having a job or having a low-paying 


occupation correlates with monetary and social exclusion, as well as financial implications for 


pension systems. Anyone who had to find a job over an extended period of time will be able to 


relate to this fact. With less privilege, the rejection rates grow significantly, as shown by the 


Amazon example or studies about ‘Whitening’ job resumes for ethnic minorities (Gerdeman 


2017). “Candidates might feel disempowered, particularly if they find themselves continually 


being screened out, despite their qualifications” (Ghosh 2017).  
 


Why was the hiring decision made? 
 


Now, this is possibly one of the trickiest and least transparent questions. Due to several kind of 


biases, candidates could have been preferred over others (Burton 2017). Additionally, the legal 


situation of recruitment algorithms is blurry. More often than not, companies do not disclose 


their use of algorithms in their hiring processes. There are currently no laws in place obligating 


organizations to make their hiring processes transparent in detail, meaning that “job candidates 


might never know it was being used”, making it exceedingly difficult in result to sue employers 


over automated hiring processes (CNBC Retail Oct 11 2018). With the new GDPR regulations 


in place since May 2018, the data rights of employees and candidates get even more 


complicated raising the questions whether they agreed to the use of their data or not.  
 


How can we reduce ‘encoded bias’ in the future? 
 


More and more focus has been placed on how we can make algorithms fairer. IBM has 


published a practical guide called “Everyday Ethics of Artificial Intelligence” together with a 


tool for detecting bias in code (IBM 2018), Accenture Applied Intelligence has developed a 


fairness tool to discuss bias in data and algorithmic models (Chowdhury/Mulani 2018) and 
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now-famous programmer Joy Buolamwini has initiated an “Algorithmic Justice League” to 


battle bias in technology (Buolamwini 2016).  


I will suggest three concrete ways in which we can reduce ‘encoded bias’ in our recruitment 


algorithms:  


1. Critical application of algorithms 
2. Transparency 
3. Embracing Diversity – Reassembling Innovation  


 


Critical application of algorithms 


First of all, we need to move away from trusting data as an absolute form of truth and recognize 


that technology is not separate from the societies in which it is developed and applied. We have 


to accept that “determining a decision with an algorithm doesn’t automatically make it reliable 


and trustworthy; just like quantifying something with data doesn’t automatically make it true” 


(Bhargava 2018). Instead, we should be open to see our own reflections and biases embedded 


in algorithms and take this as a chance to do something about it. This is the opportunity for us 


to modify and review algorithms as well as to advocate a more controlled use of technology in 


hiring processes. Continuous education and bias training are the most important keywords here. 


“One way to avoid algorithmic bias is to stop making hard screening decisions based 
solely on an algorithm. Encourage a human review that will ask experienced people who 


have been through bias training to oversee selection and evaluation. Let decisions be 
guided by an algorithm-informed individual, rather than by an algorithm alone” 


(Mann/O’Neil 2016). 
 


This can be furthermore achieved by using multiple algorithms, letting outside professionals 


check the training data and feature selection, describing the testing methodology in detail as 


well as random spot-checks on the model (Mann/O’Neil 2016). In general, we have to focus on 


checking our inherited data for biases and retrain models on bigger, cleansed and more diverse 


datasets. As we have explored before, finding out which applicants are suggested and why, will 


be able to uncover some of the deepest biases in the process. 


Transparency 


In this, transparency is the key requirement in creating trust in recruitment algorithms. 


Algorithmic supported hiring decisions need to be explainable and traceable. The technological 


solutions should be designed in a way that makes it easy to comprehend decision processes and 
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designs (IBM 2018). Additionally, we have to enable feedback mechanism throughout the 


whole design and implementation process, so that problems can quickly be assessed, 


documented and worked on. Most of all, we need to start talking about technology in an 


accessible way, that provides easy to understand explanations of recommendations, data, 


algorithms and models. This is of utmost importance if we want to design algorithms in order 


to minimize bias and promote inclusive representation.   


Furthermore, since there are unclear legal regulations for algorithmic recruitment right now, we 


need to be transparent about user data and its use in technological innovations. It is highly 


unlikely that we can completely eliminate bias from all of our hiring decisions. However, we 


need to make them as fair as we can, working on their improvement continuously.  


Embracing Diversity - Reassembling Innovation 


The last way we can reduce ‘encoded bias’ in our recruitment algorithms is connected to the 


question of responsibility and accountability. Innovation is not achieved by “lone creators” 


(Darcy/Potts 2016:1037), but rather in a long, dynamic collaborative team-effort 


(Garud/Gehman/Kumaraswamvy 2016). In what Mejer calls “distributed heroism” (Meijer 


2014:241) we have to look for bottom-up solutions. Being innovative should not be limited to 


management or the R&D department of a company. It should come from the base, from the 


employees, and users. The concept of Design Thinking is a great first step to involve more 


voices in the innovation process and integrate end users’ voice into the design process 


(D'Ignazio/Klein 2016:3). In this process, we can empower employees to take ownership for 


the technology they develop and use (Tjørnehøj/Nicolajsen 2018:7), ultimately creating the 


groundwork to rework recruitment algorithms from the core.  


In this process, we have to open the borders of our organizations in order to solve these 


problems together. The concept of “Open Innovation” (Chesbrough/Bogers 2014) could help 


us to make recruitment algorithms fairer. The key ideas of Open Innovation are open networks 


with multiple authorship, distributed agency and dispersed leadership. The ambition then is no 


longer a competitive race for innovation, but a concept of shared knowledge, research and co-


creation (ibid). The goal should be to include as many diverse people into innovation processes 


as possible. Inclusion is the key.  


 


When we ask us, who is responsible for creating fairer technology, the answer has to be 


everyone. It cannot be reduced to managers, customers, designers and developers. We need to 
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incorporate sociologists, anthropologists, linguists, Diversity & Inclusion experts and many 


more into the design of technology. We need to educate ourselves, our colleagues, managers 


and employees through continuous and well conceptualized diversity and bias trainings (Eder 


2018, Lindsey/King/Membere/Cheung 2017). We also need to apply an intersectional 


understanding of diversity and include more diverse voices in the design process. While it might 


make a good starting point to focus on gender bias in technological designs, we eventually need 


to commit to minimize biases on the basis of race and ethnicity, age, dis/ability or sexuality and 


sexual identity. 
 


In short, what we have to do is to reassemble the innovation of recruitment algorithms.  


 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


Conclusion  
 
Machine learning based recruitment algorithms are still in their infancy and are thus prone to 


biases and exclusion of qualified applicants. We have seen how different dimensions such as 


gender, age and ethnicity play into the design of recruitment algorithms and explored the 


different ways they factor into algorithmic ‘training sets’, namely via pre-filtering applicant 


profiles through job ads, biased resumes, recommendation letters and CVs. The myth of 


‘objectivity’, as we have seen applying Haraway’s lenses, is an initial part of recruitment 


algorithmic designs and mirrors existing privileges and gender imbalances. As we have worked 


along the questions of power and participation through a six-step inductive method, we asked 


ourselves how recruitment algorithms can be made fairer and more inclusive. We found that a 


critical application of algorithms as well as transparency in their design and use are of utmost 
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importance. Furthermore, we saw that embracing diversity is a key factor if we want to 


reassemble the innovation of recruitment algorithms.  


Algorithms deliver what they think we want to see. When recruitment algorithms learn from 


our past hiring decisions, they will, in essence, suggest the same kind of people as future 


employees. However, in order for companies and organizations to remain competitive, they 


need to be innovative. Diverse sets of applicants have been proven to increase innovation 


throughout the spectrum. But recruitment algorithms are, due to their nature, not interested in 


diversity. If truly all applicants were equal, recruitment algorithms could work. However, as 


categories of privilege are largely unnoticed throughout the design and recruitment process, 


algorithms will “simply automating bias, rather than getting rid of it” (Higginbottom 2018). 


 


Being faced with our unconscious biases through algorithmic models, we have the chance to 


intervene. We can take this opportunity to acknowledge the tremendous role ‘encoded bias’ 


plays when designing and implementing recruitment algorithms and work on ways to make 


them better and fairer. Maybe one solution could be the redefinition of the problem. Maybe we 


should forfeit the impossible search for ‘the best’ employees and open the black box of 


recruitment to make conscious hiring decisions. Maybe we really do not need to find the ‘best’ 


employees. Maybe we need the ones we did not even know we were looking for.  
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Glossary 
 


Algorithm is a step-by-step guide to solve a problem. 


Design Thinking is a design methodology that provides a solution-based approach by incorporating 


users and other stakeholders into e.g. software design. 


Feature selection [Machine learning] determines which parts of the training data are relevant to 


consider (Rieke 2014). 
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Intersectionality is a theory that recognizes that people can be privileged in some ways and not 


privileged in others, such as race, class, sex, gender identity, sexuality, citizenship, dis/ability 


and more.  


Machine Learning is the ability for computers to learn and act without being explicitly 


programmed.  


Recruitment Algorithms are tools that help recruiters and managers to automate the hiring process 


and present them with a low number of ‘best candidates’ for the job. 


Training set [Machine learning] data set from which the machine learning “learns” from. 
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Introduction – Recruitment algorithms in practice 
 

Algorithms are an essential part of today’s lives. They suggest which music we might like, 

which products we might be interested in, or even help us in trying to search for something with 

google autocomplete. As our workplaces and recruitment practices grow more digital by the 

second, algorithms have been promoted for recruitment purposes across the spectrum. In fact, 

software systems already screen resumes, evaluate personality tests and weed out 72% of 

resumes before a human eye ever looks at them (Mann/O’Neil 2016). The vision behind these 

processes is to use the power of technology to cut recruitment time and reduce subjective 

decisions during the hiring process (Iriondo 2018).  In this “techno-euphoric climate of 

innovation” (Mager 2012:2), hiring choices will become more and more automated, inevitably 

raising the question of algorithmic bias and fairness.  

In fact, in October 2018 Amazon came forth with news of a scrapped AI recruiting engine that 

persistently excluded female sounding profiles from its recruitment suggestions (Hamilton 

2018). This news fueled the debate on encoded bias in recruitment algorithms anew, exploring 

how bias can be embedded in algorithms and how we can find ways to make them fairer. It also 

showed us that recruitment algorithms are an innovation to stay and will continue to deeply 

influence both our private and our work lives. They will decide who will get hired and who will 

have to write more applications. Precisely because of their profound impact, we have to take a 

step back and ask us how they actually influence us and, even more precisely, why.  

In this paper, I will take Amazon’s recruitment algorithm as a basis to investigate what role 

privileges play while designing technological innovations. Using the theoretical framework of 

Social Technology Studies combined with an intersectional approach based on D'Ignazio & 

Klein data visualization method (D'Ignazio/Klein 2016), I will work along the questions of 

power and participation. Based on this I want to examine the research question: 
 

What role does ‘encoded bias’ play when designing recruitment algorithms? 
 

This will be achieved by explaining the relevant literature and methodology, investigating what 

algorithms are and how recruitment algorithms were used by Amazon. Based on this foundation, 

the paper will furthermore explore who is part of algorithmic ‘training sets’, how this design 

excludes people and how exactly we can decrease ‘encoded bias’ in recruitment algorithms. 
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The last part will particularly focus on how we can design and use technology in a responsible 

way.  

 

Literature Review  
 

This paper can be aligned in the tradition of Science and Technology Studies (STS) and is, more 

specifically, located within the branch of Feminist STS. Feminist STS is inherently 

intersectional and therefore “[…] looks to the perspectives of those marginalized by current 

power configurations (including and especially those marginalized because of gender, sexuality, 

race, and/or ethnicity) as a way of exposing how their perspectives are not included in what is 

considered “objective” truth” (D'Ignazio/Klein 2016:1). In our case, this aforementioned 

‘objective truth’ can be interpreted as the recruitment algorithm that confronts us with 

‘objective data’ about the best hires for a position. In fact, throughout this paper it will be argued 

that ‘objectivity’ itself is the very myth that allows the recruitment process to implement 

recruitment algorithms in the first place.  

D. Haraway is one of the most prominent scholars arguing against this view of ‘objectivity’, 

this “view from nowhere” or “God trick” (Haraway 1988:134) that is devoid of all bias. 

Technology in particular is nothing that is inherently separate from the social (ibid:587) and 

thus cannot be the source of ‘neutrality’. Instead, Haraway argues for an understanding of 

knowledge as situated (not universal), multiple (not binary), dynamic, and structured by power-

relations (ibid:589). It is situated because both knowledge and technology can only be 

understood within their context; it is multiple since there are always several approaches and 

perspectives; and it is structured by power-relations since technologies are made by specific 

people for specific people. We will explore later on who these people are. 

Bias is the very opposite of objectivity. It is the unconscious way of experiencing and 

interpreting the world based on one’s upbringing, absorbed values, media preferences, and 

socio-cultural environment (Agarwal 2018). The Cambridge dictionary defines bias as “the 

action of supporting or opposing a particular person or thing in an unfair way, because of 

allowing personal opinions to influence your judgement” (Cambridge Dictionary 2018). There 

are dozens of different categorizations for biases spanning from confirmation biases or status 

quo biases, over the halo and horn effect to biases rooted in sexist, ableist, racist or classist 

concepts. These implicit or unconscious biases all happen because our brains are biologically 

wired to assess people or situations as quickly as possible (Agarwal 2018). It has to be 
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highlighted here that bias is not the kind of ‘subjectivity’ Haraway advocates for. No one can 

ever be completely bias-free. The point is rather to understand our own biases and evaluate our 

decisions based on them.  

 

Method 
 

In order to answer our initial question about the role of ‘encoded bias’ in recruitment algorithms, 

we have to find a way to work along these questions of power and participation. Usually, the 

analysis of Information Design Processes is rooted in data, but this paper will follow D’Ignazio 

& Klein’s approach of working backwards “to surface the actors (both individual and 

institutional) that have labored to generate a particular dataset” (D'Ignazio/Klein 2016:3). 

Thus, the focus is on the exploration of dominant and marginalized perspectives within the 

production of recruitment algorithms.  

D'Ignazio & Klein’s approach is following six core principle that aim to embrace pluralism, 

rethink binaries, consider context, make labor visible and examining power relations while 

aspiring empowerment. Inspired by their framework, this paper will methodically work along 

the following questions: 

1. Who is part of recruitment algorithms ‘training sets’?  

2. How is the design of recruitment algorithms excluding people? 

3. How can we decrease ‘encoded bias’ in recruitment algorithms? 
 

 

Before we go into detail with these questions, we first have to shortly talk about the question of 

power. As we have seen, in Haraway’s standpoint theory she argues that knowledge is situated 

and mediated through our individual selves with all the privileges and categories that were laid 

upon us in “webs of differential positioning” (Haraway 1988:590). This means that in order to 

analyze socio-technological hybrids such as recruitment algorithms, we first have to situate 

ourselves as analysists and authors. With what Bardzell has framed “self-disclosure” (Bardzell 

2011) and I would like to call “unboxing the author”, I will situate my analysis in the categories 

of intersectional Feminism (Crenshaw 1989) in order to battle the “view from nowhere”.  
 

As the author of this paper, I identify as a white, queer, cis-woman from a working-class 

background that was born in the GDR in Germany right before Berlin Wall fell. I took my 

education in Sociology, specifically focusing on Gender & Queer studies and I am now studying 

IT & Business at a technical university. Furthermore, I have worked with Diversity & Inclusion 
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for many years, spanning from teaching in public schools to the start-up scene in Denmark. 

Based on my experiences and education, I aspire to write in a way that is both accessible and 

empowering. This means choosing to write this paper in a simple language that forgoes overly 

complicated expressions. Inspired by Earle, Moral and Ward-Perkin’s work of “The 

Econocracy” the goal is nothing less than to democratize the discourse on Tech through writing 

in a simple, yet not simplified, way (Earle/Moral/Ward-Perkin 2016:5).  

Otherwise, “the voices of those who don’t have that knowledge are often devalued and 

disempowered […]” (Earle/Moral/Ward-Perkin 2016:18).  

Case: Amazon’s Recruitment Algorithm 
 
Before we go into the analysis of how algorithms relate to power and participation, we first 

need to find a common understanding of what algorithms are in the first place. Simply put, 

algorithms are processes or a defined set of rules that want to solve a specific problem, like 

sorting a large guest list, calculating averages or finding a specific spot on a map. The term 

‘algorithm’ is predominantly associated with computer-based problem-solving. However, in 

recent years more and more focus has been placed on the ‘social’ aspect of algorithms, going 

as far as stating that “Algorithms, we can say, are culture—another name for a collection of 

human choices and practices” (Seaver 2017).  
Recruitment algorithms as a specific application field of algorithms, are a set of operations that 

are used for quickly assessing large number of potential applicants for a posted job position. 

These algorithms handle huge amounts of data for their complex statistical analysis and aim to 

correlate existing employee performances with data from the potential candidates (McNulty 

2018). To make better use of these massive data sets, recruitment algorithms are often 

supplemented with Machine Learning algorithms which can ‘learn’ from the existing hiring 

behavior of a company or organization (Higginbottom 2018). On the prominent hiring platform 

‘Monster’ they explain their hiring algorithm like this:  
 

“In evaluating candidates, data types can include resumes, publicly available 
information, as well as responses to candidate assessments that delve into personality, 

temperament, aptitude for skills such as problem solving and more. The rules and 
operations of this calculation might be as simple as a spreadsheet that consolidates 

multiple ratings of a candidate’s potential or as complex as state-of-the-art predictive 
analytics or for that matter, machine learning.” (Rossheim 2018) 

 
In this machine learning process, candidates will be labeled and given scores. A high score 

equals high chances of being hired while a low score will most likely filter out undesired 
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candidates (McNulty 2018). Companies have digitalized their assessment of candidates over 

years, based on electronic CVs, Cover Letters and final hiring decisions as the ‘training data’ 

or ‘corpus’. All of this amassed information can then neatly be ‘fed’ to a machine learning 

algorithm in order to teach it how to make ‘good hiring decisions’ (Mustafaraj 2018).  

Machine learning is becoming more and more popular as a “process of training a computer to 

make decisions that you want help making” (Bhargava 2018). In thus, they are used as a means 

to improve an organization’s internal and external operations and help it remain competitive as 

it saves money and time comparing to methods of individual recruiters going through dozens, 

if not hundreds of job applications (Baer 2017). Recruitment algorithms can therefore be seen 

as a process innovation since they revolutionized the status-quo of recruitment processes 

(Rouse/Pratt 2015). That is why, today a lot of companies base their recruitment strategies on 

them. Amazon was until recently one of them. 

Amazon recently received a dubious fame when it came forth with news of a failed machine 

learning recruitment algorithm that showed explicit bias against female applicants. Since 2014 

Amazon’s research team had been working on a way to automate the resume reviewing process 

and quickly realized that their new system was not rating candidates for Tech jobs in a gender-

neutral way (Iriondo 2018). The researchers created 500 models focusing on specific job 

functions and locations and trained them to recognize over 50,000 parameters that showed up 

on applicants’ resumes over a 10-year period (ibid). Based on these datasets, the algorithm 

learned that words commonly found in resumes of male engineers such as “executed” and 

“captured” correlate with success. Meanwhile, it also “learned” that the presence of a phrase 

like “women’s” (as in “women’s chess captain”) correlates with rejection, and so the 

corresponding resume was downgraded (Mustafaraj 2018). In effect, the tool taught itself that 

male applicants were the most ideal hires.  

Even after ongoing modification and tweaking of the parameters, biased ratings could not be 

avoided, leading to the project ultimately being scrapped in late 2018. In part, these unfavorable 

results can be explained as a reflection of the tech industry being mostly populated by men. 

However, interestingly enough, the algorithm also assigned very little significance to actual 

programming skills and languages on CVs (CNBC Retail Oct 11 2018). In fact: 
 

”Gender bias was not the only issue. Problems with the data that underpinned the 
models’ judgments meant that unqualified candidates were often recommended for all 

manner of jobs, the people said. With the technology returning results almost at 
random, Amazon shut down the project, they said.” (ibid) 

 



 6 

Amazon’s wish of applying “algorithmic management” (O’Connor 2016) to reduce their 

overall hiring time is a shared dream of many big companies today. This vision of ‘objective’ 

“scientific management” can be traced back to early Taylorism and its goals of boosting work 

efficiency by sequencing work processes through step-by-step instructions. As such 

“algorithms are providing a degree of control and oversight even the most hardened Taylorists 

could never dreamt of” (ibid). It is true that recruitment algorithms are a great asset in 

forecasting future hiring decisions based on existing hiring data as well as coordinating 

administrative recruitment practices. The question is, however, to what extent recruitment 

strategies should be based on algorithmic management.  

    Analysis & Discussion – Algorithmic bias 
 
In order to work along our three methodical questions, we will first have a look into algorithmic 

“training sets” and the recruitment procedures that precede them. In that we will focus on job 

ads, resume screening CVs and recommendation letters and the barriers they present. Secondly, 

we will investigate how the design of recruitment algorithms is excluding potential candidates, 

especially with regard to gender, age and ethnicity. In our last and largest part, we will thus 

explore ways to decrease ‘encoded bias’ in recruitment algorithms in a six-step inductive 

method. 
 

1. Who is part of recruitment algorithms’ “training sets”? 
 

The problem of algorithmic bias has been raised again and again over the last years. There have 

been multiple cases of racially-warped face recognition software that either refused to recognize 

Black people’s faces (Buolamwini 2016) or, even worse, grouped them as “gorillas” (Lohr 

2018). This becomes especially painful when algorithms are used to predict future criminals 

and have a strong bias against Black people simply because black US-American neighborhoods 

are more policed than white ones (Angwin/Larson/Mattu/Kirchner 2016, Chammah/Hansen 

2016). Most often, however, algorithmic bias is even more unconscious than that, for example 

when google translate incorporated gender stereotypes into their translation services through 

translating the gender-neutral Turkish “they are a doctor” into “he is a doctor” while “they are 

a nurse” was directly translated into “she is a nurse” (Morse 2017).  

Before possible candidates apply for a job position, and can thus feed algorithms with data, a 

first hurdle has to be taken. The candidates have to feel encouraged to apply for a position. 

There is a growing corpus of research showing that wording in recruitment documents is 
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particularly prone to prolonging existing inequalities since it may unintentionally reflect meta-

stereotypes related to gender (Gaucher/Friesen/Kay 2011, Wille/Derous 2017a), age 

(Derous/Decoster 2017) or ethnicity (Wille/Derous 2017b, Derous/Pepermans/Ryan 2017). 

This is especially relevant, since the US-based non-profit organization ProPublica had recently 

found that dozens of companies had used Facebook, Google and other advertisement-funded 

platforms to target job ads at particular genders and age-groups, especially when ads were 

posted for higher-paying positions (Moore 2018).  

Job ads within male-dominated industries generally contain more masculine wording such as 

‘lead’, ‘challenge’ or ‘active’, causing women to find them less appealing because they don’t 

feel that they belong into these jobs or working environments (Gaucher/Friesen/Kay 2011:113, 

Wille/Dereous 2017a:7). The same can be said for ethnic minority job seekers trigged by the 

words of “integrity”, “sincerity” or “modesty” (Wille/Dereous 2017b:2/7/8). Both groups felt 

thus discouraged to apply for positions they were qualified for because “people are more likely 

to apply to jobs for which they think they have the skills than for ones for which they do not” 

(Gaucher/Friesen/Kay 2011:112). This has a severe effect on the homogeneity of workforces, 

affecting the machine learning model built on previous hiring decisions as well.  

Wordings in job ads are the first hurdle to create fair training datasets. The second one is resume 

screening processes, no matter whether they are done manually or in an automated way. In this 

recruitment step as well, unconscious biases can tremendously affect hiring decisions. Gender 

wordings such as the examples mentioned above play a role, but also more subtle age biases 

related to age. In fact, “when explicit age markers are present in resumes, recruiters seem to 

prefer younger applicants over older ones” with older women receiving ever fewer reactions 

than comparably younger women (Dereous/Decoster 2017:2).  

The same can be said for the dimension of ethnicity or race. Specifically, in the early candidate 

screening phases like the resume screening, “findings showed that equally qualified applicants 

with a dark skin tone received lower job suitability ratings than applicants with a light skin 

tone” (Dereous/Pepermans/Ryan 2017:860). This held particularly true for applicants with 

Arabic sounding names (Carlsson/Rooth 2008; Widner/Chicoine 2011), going as far as 

applicants only getting a job interview when changing their name into a more local-sounding 

one (Bertrand/Mullainathan 2003, Tieleman 2016). It has to be said at this point in time, that 

these studies were conducted in Western countries such as Belgium, the Netherlands and the 

USA.  
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Biases in recruitment documents can even spread to recommendation letters which were shown 

to differ significantly between men and women in terms of wording and length. Research has 

shown that “recommendation letters written for men tend to be longer than those written for 

women. Longer letters are perceived to reflect a better candidate than are shorter ones, even 

though in actuality the men are no more qualified than the women” (Hebl/Nittrouer/ 

Corrington/Madera 2018). Wording as well played a pivotal part as they reinforced gender 

stereotypes when male job applicants were more likely to be described as “superb,” 

“outstanding,” “remarkable,” and “exceptional”, resulting in generally more negative 

evaluations of female applicants (ibid). Unfortunately, this holds true for CVs as well where 

language proficiency, education as well as socio-economic status will most likely affect the 

machine learning algorithm and its models (Higginbottom 2018).  

All of the aforementioned aspects such as gendered wordings, length of recommendation letters 

and ratio of applicant diversity factor into the training data of recruiting algorithms.  
 

2. How is the design of recruitment algorithms excluding people? 
 

One of the major problems as of why recruitment algorithms have such devastating 

discriminatory effect is because of our blind trust in them (Eder 2018). Algorithms are most 

often than not presented to us as ‘pure math’, as ‘objectivity’ in its purest form that cannot be 

tainted by human biases because they are ‘simply statistics’. As we look deeper into examples 

such as Amazon’s failed project with its undeniable sexist hiring suggestions, we get a step 

closer to an explanation of why algorithms cannot be neutral. This is because algorithms, at 

their core, “mimic human decision making” (Mann/O’Neil: 2016). How do humans make 

decisions? Especially in recruitment, decisions are based on all sorts of biases, past experiences, 

good intentions and outdated information. In that, “algorithms are, in part, our opinions 

embedded in code. They reflect human biases and prejudices that lead to machine learning 

mistakes and misinterpretations” (ibid).  

This means, it does not matter whether you intended your recruitment algorithm to be 

discriminating or not, since it will inevitably carry your biases with it. Moreover, since machine 

learning models are black boxes, it is almost impossible to trace how they learn and even more 

difficult to train it out (Eder 2018). It is important to acknowledge here that data is not objective. 

That data is situated in context and “reflective of pre-existing social and cultural biases” 

(Chowdhury/Mulani 2018). Machines only learn from what we show them. Algorithms are 

designed in a way, that if we put biased data in our machine learning algorithms, biased outputs 
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will follow (Bhargava 2018). Or if we want to phrase it in the ancient-old wisdom of Computer 

Science: Garbage in, garbage out.  

Interestingly, the case of Amazon’s failed AI tool is teaching us a lot. The blame cannot simply 

be placed on Amazon as a company that wanted to innovate their hiring processes. Neither can 

the managers, recruiters or engineers alone be blamed for its failure. Rather, we have to 

understand that “all that data is about us” (Bhargava 2018). In truth, algorithms are “mirrors”, 

showing us both how we perceive the world and the future we want (ibid). The predictions of 

recruitment algorithms will be based on past hiring decisions of a company or organization. 

When using hiring algorithms, we can find patterns of which kind of people were hired so far, 

and what kind of people were not, which then allows us to reflect on the why.  
 

Recruitment algorithms are an innovation born to stay. So rather than resisting this change, we 

can take this opportunity to open a discussion about what went wrong and why. A long overdue 

discussion about the social part in technology. Because “the choice isn't between a flawed 

algorithm and some imaginary perfect system. The only fair comparison to make is between the 

algorithm and what we'd be left with in its absence” (Fry 2018). We should take Amazon’s 

example as a starting point to find solutions on how to make technology less biased.  
 

3. How can we decrease ‘encoded bias’ in recruitment algorithms? 
 

The example of Amazon’s scrapped recruitment tool shows us that more and more focus is 

being put on making algorithms fairer and less biased. I would argue that “being fair means 

uncovering as many of the societal prejudices and biases that can pervade our selection systems” 

(Hebl/Nittrouer/Corrington/Madera 2018). In order to capture the logic of existing hiring 

decisions and make algorithmic recruitment fairer, I therefor propose a six-step inductive 

method: 
 

1. What do the successful candidates have in common? 

2. What do the rejected candidates have in common? 

3. What does the hiring decision mean for the organization? 

4. What does it mean for the applicants? 

5. Why was the hiring decision made? 

6. How can we reduce ‘encoded bias’ in the future? 
 

 

With this method, recruitment algorithms can be assessed and improved. Let us play it out 

taking Amazon’s example.  
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What do the successful candidates in common? 
 

When an algorithm makes a model out of the training data of your previous hires, you can get 

a good idea about which kind of employees are in your organization and what they have in 

common. In Amazon’s case they had a specific gender in common, making most software 

developers and engineers male (Dastin 2018). Most likely, employees can have a few other 

categories in common such as age, ethnicity, skin color, university degrees, socio-cultural 

background, working experience and much more. More often than not, the successful 

candidates have privileges in common. For example, studying at a highly regarded university 

is deeply connected with several privileges such as financial situation, social background, 

language proficiency, relevant passport and visa permissions and many more. This brings us 

directly to our next question: 

What do the rejected candidates have in common? 
 

In Amazon’s case we could see that the women were systematically filtered out of the 

suggestion system. Drawing on all of the dimensions we have analyzed so far, it is not a stretch 

to presume other factors played a role as well such as ethnicity, age, or reputation of university 

degree. In fact, we can find that the reputation of applicant’s universities highly influences 

hiring decisions, excluding equally qualified candidates of other universities (Rieke 2014). This 

could be as simple as not finding your university, study program or degree system in a 

dropdown menu when applying for jobs. If you are not in the system, your chances of being 

filtered out through the recruitment algorithm are staggering. This means that ”algorithms 

deployed on the front line of HR decision making may cut costs and streamline vetting in busy 

departments or companies with large hiring needs, but the risk is that they end up excluding 

applicants based on gender, race, age, disability, or military service”  (Mann/O’Neil 2016).  
 

What does the hiring decision mean for the organization? 
 

We have seen that biased recruitment algorithms will give us a certain type of applicants and 

exclude another kind of applicants based on their gender, ethnicity, age, education, university, 

disability, military service and more. This, in turn, means that organizations will consist of a 

workforce that is largely homogenic. Or to put it differently: if you, as in Amazon’s example, 

choose to base your future hiring decisions on your past hiring decisions, you will inevitably 

get the same kind of people. And if only the same kind of people will be employed, then your 

organization will be able to accommodate change less and less (Schiller 2018). Especially for 

companies this is a dangerous path since fast changing markets and economies require a large 
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portion of innovation. Having a less diverse company culture and workforce will ultimately 

make them less innovative (ibid).  
 

What does it mean for the applicants? 
 

There are many compelling arguments and business cases for diversity and inclusion in the 

workplace today (Noland/Moran 2016, Kim 2018, Schiller 2018). Most of them focus on the 

financial, competitive and organizational gains for companies. Unfortunately, “in this whole 

optimization process, people, stories, actual experiences, are all but forgotten” (Wang 2013:3). 

Hiring processes have always been deeply interwoven with questions about power and privilege. 

They are, however, also entwined with topics such as integration into job markets, national 

economies and societies. In capitalist societies, not having a job or having a low-paying 

occupation correlates with monetary and social exclusion, as well as financial implications for 

pension systems. Anyone who had to find a job over an extended period of time will be able to 

relate to this fact. With less privilege, the rejection rates grow significantly, as shown by the 

Amazon example or studies about ‘Whitening’ job resumes for ethnic minorities (Gerdeman 

2017). “Candidates might feel disempowered, particularly if they find themselves continually 

being screened out, despite their qualifications” (Ghosh 2017).  
 

Why was the hiring decision made? 
 

Now, this is possibly one of the trickiest and least transparent questions. Due to several kind of 

biases, candidates could have been preferred over others (Burton 2017). Additionally, the legal 

situation of recruitment algorithms is blurry. More often than not, companies do not disclose 

their use of algorithms in their hiring processes. There are currently no laws in place obligating 

organizations to make their hiring processes transparent in detail, meaning that “job candidates 

might never know it was being used”, making it exceedingly difficult in result to sue employers 

over automated hiring processes (CNBC Retail Oct 11 2018). With the new GDPR regulations 

in place since May 2018, the data rights of employees and candidates get even more 

complicated raising the questions whether they agreed to the use of their data or not.  
 

How can we reduce ‘encoded bias’ in the future? 
 

More and more focus has been placed on how we can make algorithms fairer. IBM has 

published a practical guide called “Everyday Ethics of Artificial Intelligence” together with a 

tool for detecting bias in code (IBM 2018), Accenture Applied Intelligence has developed a 

fairness tool to discuss bias in data and algorithmic models (Chowdhury/Mulani 2018) and 
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now-famous programmer Joy Buolamwini has initiated an “Algorithmic Justice League” to 

battle bias in technology (Buolamwini 2016).  

I will suggest three concrete ways in which we can reduce ‘encoded bias’ in our recruitment 

algorithms:  

1. Critical application of algorithms 
2. Transparency 
3. Embracing Diversity – Reassembling Innovation  

 

Critical application of algorithms 

First of all, we need to move away from trusting data as an absolute form of truth and recognize 

that technology is not separate from the societies in which it is developed and applied. We have 

to accept that “determining a decision with an algorithm doesn’t automatically make it reliable 

and trustworthy; just like quantifying something with data doesn’t automatically make it true” 

(Bhargava 2018). Instead, we should be open to see our own reflections and biases embedded 

in algorithms and take this as a chance to do something about it. This is the opportunity for us 

to modify and review algorithms as well as to advocate a more controlled use of technology in 

hiring processes. Continuous education and bias training are the most important keywords here. 

“One way to avoid algorithmic bias is to stop making hard screening decisions based 
solely on an algorithm. Encourage a human review that will ask experienced people who 

have been through bias training to oversee selection and evaluation. Let decisions be 
guided by an algorithm-informed individual, rather than by an algorithm alone” 

(Mann/O’Neil 2016). 
 

This can be furthermore achieved by using multiple algorithms, letting outside professionals 

check the training data and feature selection, describing the testing methodology in detail as 

well as random spot-checks on the model (Mann/O’Neil 2016). In general, we have to focus on 

checking our inherited data for biases and retrain models on bigger, cleansed and more diverse 

datasets. As we have explored before, finding out which applicants are suggested and why, will 

be able to uncover some of the deepest biases in the process. 

Transparency 

In this, transparency is the key requirement in creating trust in recruitment algorithms. 

Algorithmic supported hiring decisions need to be explainable and traceable. The technological 

solutions should be designed in a way that makes it easy to comprehend decision processes and 
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designs (IBM 2018). Additionally, we have to enable feedback mechanism throughout the 

whole design and implementation process, so that problems can quickly be assessed, 

documented and worked on. Most of all, we need to start talking about technology in an 

accessible way, that provides easy to understand explanations of recommendations, data, 

algorithms and models. This is of utmost importance if we want to design algorithms in order 

to minimize bias and promote inclusive representation.   

Furthermore, since there are unclear legal regulations for algorithmic recruitment right now, we 

need to be transparent about user data and its use in technological innovations. It is highly 

unlikely that we can completely eliminate bias from all of our hiring decisions. However, we 

need to make them as fair as we can, working on their improvement continuously.  

Embracing Diversity - Reassembling Innovation 

The last way we can reduce ‘encoded bias’ in our recruitment algorithms is connected to the 

question of responsibility and accountability. Innovation is not achieved by “lone creators” 

(Darcy/Potts 2016:1037), but rather in a long, dynamic collaborative team-effort 

(Garud/Gehman/Kumaraswamvy 2016). In what Mejer calls “distributed heroism” (Meijer 

2014:241) we have to look for bottom-up solutions. Being innovative should not be limited to 

management or the R&D department of a company. It should come from the base, from the 

employees, and users. The concept of Design Thinking is a great first step to involve more 

voices in the innovation process and integrate end users’ voice into the design process 

(D'Ignazio/Klein 2016:3). In this process, we can empower employees to take ownership for 

the technology they develop and use (Tjørnehøj/Nicolajsen 2018:7), ultimately creating the 

groundwork to rework recruitment algorithms from the core.  

In this process, we have to open the borders of our organizations in order to solve these 

problems together. The concept of “Open Innovation” (Chesbrough/Bogers 2014) could help 

us to make recruitment algorithms fairer. The key ideas of Open Innovation are open networks 

with multiple authorship, distributed agency and dispersed leadership. The ambition then is no 

longer a competitive race for innovation, but a concept of shared knowledge, research and co-

creation (ibid). The goal should be to include as many diverse people into innovation processes 

as possible. Inclusion is the key.  

 

When we ask us, who is responsible for creating fairer technology, the answer has to be 

everyone. It cannot be reduced to managers, customers, designers and developers. We need to 
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incorporate sociologists, anthropologists, linguists, Diversity & Inclusion experts and many 

more into the design of technology. We need to educate ourselves, our colleagues, managers 

and employees through continuous and well conceptualized diversity and bias trainings (Eder 

2018, Lindsey/King/Membere/Cheung 2017). We also need to apply an intersectional 

understanding of diversity and include more diverse voices in the design process. While it might 

make a good starting point to focus on gender bias in technological designs, we eventually need 

to commit to minimize biases on the basis of race and ethnicity, age, dis/ability or sexuality and 

sexual identity. 
 

In short, what we have to do is to reassemble the innovation of recruitment algorithms.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Conclusion  
 
Machine learning based recruitment algorithms are still in their infancy and are thus prone to 

biases and exclusion of qualified applicants. We have seen how different dimensions such as 

gender, age and ethnicity play into the design of recruitment algorithms and explored the 

different ways they factor into algorithmic ‘training sets’, namely via pre-filtering applicant 

profiles through job ads, biased resumes, recommendation letters and CVs. The myth of 

‘objectivity’, as we have seen applying Haraway’s lenses, is an initial part of recruitment 

algorithmic designs and mirrors existing privileges and gender imbalances. As we have worked 

along the questions of power and participation through a six-step inductive method, we asked 

ourselves how recruitment algorithms can be made fairer and more inclusive. We found that a 

critical application of algorithms as well as transparency in their design and use are of utmost 
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importance. Furthermore, we saw that embracing diversity is a key factor if we want to 

reassemble the innovation of recruitment algorithms.  

Algorithms deliver what they think we want to see. When recruitment algorithms learn from 

our past hiring decisions, they will, in essence, suggest the same kind of people as future 

employees. However, in order for companies and organizations to remain competitive, they 

need to be innovative. Diverse sets of applicants have been proven to increase innovation 

throughout the spectrum. But recruitment algorithms are, due to their nature, not interested in 

diversity. If truly all applicants were equal, recruitment algorithms could work. However, as 

categories of privilege are largely unnoticed throughout the design and recruitment process, 

algorithms will “simply automating bias, rather than getting rid of it” (Higginbottom 2018). 

 

Being faced with our unconscious biases through algorithmic models, we have the chance to 

intervene. We can take this opportunity to acknowledge the tremendous role ‘encoded bias’ 

plays when designing and implementing recruitment algorithms and work on ways to make 

them better and fairer. Maybe one solution could be the redefinition of the problem. Maybe we 

should forfeit the impossible search for ‘the best’ employees and open the black box of 

recruitment to make conscious hiring decisions. Maybe we really do not need to find the ‘best’ 

employees. Maybe we need the ones we did not even know we were looking for.  
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Glossary 
 

Algorithm is a step-by-step guide to solve a problem. 

Design Thinking is a design methodology that provides a solution-based approach by incorporating 

users and other stakeholders into e.g. software design. 

Feature selection [Machine learning] determines which parts of the training data are relevant to 

consider (Rieke 2014). 
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Intersectionality is a theory that recognizes that people can be privileged in some ways and not 

privileged in others, such as race, class, sex, gender identity, sexuality, citizenship, dis/ability 

and more.  

Machine Learning is the ability for computers to learn and act without being explicitly 

programmed.  

Recruitment Algorithms are tools that help recruiters and managers to automate the hiring process 

and present them with a low number of ‘best candidates’ for the job. 

Training set [Machine learning] data set from which the machine learning “learns” from. 
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