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Abstract 

This deliverable provides a comprehensive review of the state-of-the-art regarding social biases emerging             
through intelligent systems in general. The deliverable documents in a methodical way the impact of stereotypes                
and biases, which are created during the crowdsourcing process in the datasets developed for intelligent systems.                
Through this deliverable the different parameters of the crowdsourcing process involved in the creation or               
propagation of stereotypes and biases are identified. In this respect, this deliverable relates to deliverable D3.2,                
the Conceptual Framework Description.  
 
 

Keyword(s): Literature Review, Bias, Stereotypes, Intelligent Systems, Artificial Intelligence (AI), Machine          
Learning (ML), crowdsourcing, datasets. 
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1. About this Deliverable 
 

This deliverable reviews a number of academic and scientific resources from the various 
disciplines involved in the project, thus paving the way and setting the (theoretical) foundations 
for the development of each WP in the project, and in particular, WP4. All the scientific resources 
gathered throughout the bibliographical study that took place during WP3 are collected and 
presented in the Zotero reference management system: 
https://www.zotero.org/groups/2441143/descant/library/  

In this deliverable, we lay down the background for the DESCANT project, reviewing initially 
what motivated this work. Furthermore, we review all the components upon which this work is 
based on. We give particular emphasis to the crowdsourcing component, reviewing the works 
referring to the possible parameters affecting the creation and propagation of biases through the 
crowdsourcing process.  

 

2. Background of the Study  

2.1  Motivation  
 

There is a strong tendency for people to believe that decision-making facilitated by algorithms is               
relatively objective -- free from the social bias that often plagues human decision-making. For              
instance, it has been suggested that algorithmic decision-making in hiring can help to promote              
diversity in the workplace, mitigating the subconscious biases of human decision-makers (Houser            
2019). The justice system is another context in which algorithmic decision-making is increasingly             
used. In particular, algorithmic support has been applied to decisions on whether or not a               
defendant can make bail or will be detained (Kleinberg, et al. 2018). In this setting, a                
machine-learned algorithm can make use of a huge volume of historical data to make the optimal                
predictions of defendant outcomes based on a variety of factors. Judges' unassisted decisions, on              
the other hand, may be inadvertently sensitive to particular factors such as the nature of the crime                 
and/or the defendant's race. 

Even in “everyday'' matters (e.g., online shopping or news consumption) algorithmic judgements            
are delegated a good deal of authority to take decisions on our behalf, operating in a largely                 
autonomous fashion and without human oversight (Willson 2017). Scholars have long noted that             
once such mediating technologies have worked their way into our routines, they tend to become a                
“transparent” part of our lives; we often forget that they are there (Van Den Eede 2011, Verbeek                 
2005). Another issue is that algorithms are seen as not having agency, being technical artifacts               
(Klinger and Svensson 2018). Thus, as Artificial Intelligence (AI) increasingly takes over            
traditional processes and everyday tasks, we may become less likely to challenge their outputs.              
However, it is important to recognize that human judgement and agency are still a part of the                 
equation, at least in the form of data. 

 
 

https://www.zotero.org/groups/2441143/descant/library/
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Fortunately, researchers and practitioners are increasingly questioning the perception of          
objectivity in AI applications and systems. Different forms of algorithmic bias have been             
documented in applications used across domains of society, including the fields of education             
(Boratto, Fenu and Marras 2019), health (Kadija and Pitcan 2018), social services (Chouldechova,             
et al. 2018), and, as previously mentioned, the justice system (Dressel and Farid 2018). One of the                 
most widely-discussed examples of algorithmic racial bias is found in the U.S. justice system,              
where the COMPAS risk assessment tool is extensively used during sentencing. In 2016, a group               
of data journalists demonstrated the system's tendency to discriminate against African-American           
defendants, exhibiting nearly twice the error rate in recidivism prediction for this group, as              
compared to their white counterparts (Angwin, et al. 2016). 

Beyond sentencing, predictive policing -- a set of techniques used to identify potential criminal              
activity -- is another area in which algorithmic bias can result in significant harm (Richardson,               
Schultz and Crawford 2019). These systems are usually composed of various algorithms spanning             
in the fields of computer vision, natural language processing (NLP), speech recognition and             
expert systems. Consider for example a system used for predictive policing employing some face              
recognition algorithm and thus spanning in the field of computer vision. Recently it was made               
apparent that face recognition algorithms can exhibit a discriminatory behavior towards certain            
races due to racial characteristics such as the tone of the skin (Buolamwini and Gebru 2018). Face                 
recognition algorithms employing machine learning techniques are trained based on image data            
categorized manually either in house or through a crowdsourcing process (Deng, et al. 2009).              
Data such as this one, originating from human annotators suffer from stereotypes and efforts to               
make them more balanced and consequently fair are in action (Kaiyu, et al. 2020). 

 

2.2  Algorithmic stereotyping and crowdsourcing  
 

Even in more "everyday" contexts, algorithmic bias can affect multiple aspects of a person's life,               
online and offline; extending from advertising (Speicher, et al. 2018), to hiring            
(Sánchez-Monedero, Dencik and Edwards 2020, Raghavan, et al. 2020), even to dating (Hutson,             
et al. 2018).  

Furthermore, AI systems aiming at exhibiting human-like behaviors tend to perpetuate social            
stereotypes. On the one hand, this is arguably expected, given the important role that social               
stereotypes play in human cognition (e.g., serving as heuristics to judge others when ample              
information is not available (Bodenhausen 1993)). However, in an AI, this can have the effect of                
sustaining and sometimes amplifying inequalities. For example, AI virtual assistants, like Siri and             
Alexa have a woman's name, voice, and personality (to some extent) as a way to give users a                  
more pleasant experience according to opinion polling studies. Similarly, a UNESCO white paper             
report contrasted the “unmistakably male” voice of the antagonist HAL in 2001: A Space              
Odyssey, to the pleasant female voices of modern digital assistants, questioning the proliferation             

 
 

Acknowledging that AI and consequently “intelligent systems” are not free from human bias is the only                
way to guarantee that progress against algorithmic social bias – including discrimination and unfair              
treatment – will continue to happen.  
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of feminization of their speech and other features (pp. 89--92) (West, Kraut and Chew. 2019). It is                 
noteworthy how this gender stereotype, that women are ideal assistants, found its way into these               
AI systems and from there, back to society enriching a biased belief and perpetuating inequalities. 

Artificial intelligence (AI) systems are used to achieve specific goals and they are characterized              
by their ability to adapt by quickly and correctly interpreting external data and learning from such                
data. An AI system can demonstrate biased behavior by systematically discriminating against a             
social group that is characterized by a distinguishable characteristic such as race, gender, age,              
economic status among others, leading to an unfair or harmful outcome. Furthermore, an AI              
system can perpetuate social stereotypes amplifying inequalities aiding at the prolong of unfair             
treatment of social groups in the society. 

Tracing the reasons for these biased behaviors by AI systems is an active topic of discussion and                 
it has its root in the technical characteristics of some of the AI algorithms, like optimization                
functions and criteria choices; however, for many AI systems the data upon which these              
algorithms are trained is fundamental. A vast amount of these data represent our perceptions of               
the world, the society and in general, our surrounding environment, thus they are inevitably              
biased. It is understood that many of these data arrive from expert communities or “big data”                
(typically collected from Web and social media) but when classification is the main objective of               
the algorithm, then these sources of data many times can fail to comply (Deng, et al. 2009).                 
Expert communities might fail to provide the required amount of data or the necessary              
heterogeneity, while big data are collected in such a fashion that they might be missing many of                 
the required attributes for the process of classification. A straightforward solution for obtaining a              
massive amount of data capturing a human's intelligence is the act of crowdsourcing (Howe              
2006).  

Crowdsourcing in a systematic, on-demand fashion it is of great importance to developers as they               
can obtain easy access to human intelligence. In this study, we are interested in understanding               
how the stereotypes and prejudices of the humans involved in the crowdsourcing process find              
their way into AI algorithms, resulting in unfair treatment by these systems. An essential element               
of crowdsourcing is that it takes place over the Internet; thus, harnessing the power of the crowd                 
happens either via dedicated platforms1,2,3,4 or through social media sites (Gao, Barbier and             
Goolsby 2011, Sun, Chen and Viboud 2020). In this study, we will focus on crowdsourcing that is                 
facilitated through dedicated platforms where a requesting entity (in this case, the            
developer/owner of the AI system) publishes a task on the platform, which acts as a mediator                
between the requester and a crowd of humans willing to execute the task. These sets of humans                 
are usually referred to as workers when they receive a financial reward for their work while when                 
they provide their services on a volunteer basis, they are usually referred to as volunteer workers.                
In the case of crowdwork for pay, the task posted by the requester often takes the form of a                   
specific and well-defined task such as image tagging, image annotation, text annotation and so on.               
By the end of the task campaign, the requester is left with a set of responses from the workers that                    
will serve as training data. 

1 https://www.mturk.com/ 
2 https://appen.com/ 
3 https://www.worldcommunitygrid.org/discover.action 
4 https://www.zooniverse.org/projects/zookeeper/galaxy-zoo 

 
 

https://appen.com/
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2.3 Structure and Methodology of the Study  
 

Considering the background of the study described above and the goals of the DESCANT project,               
our study will focus on documenting the sources of bias in the produced crowdsourced data and                
the way stereotypes are created and propagated through crowdsourced data. As a first step, we lay                
down the framework of the study reviewing the general setting of crowdsourcing and formally              
define the concepts of bias and stereotypes after surveying the literature.  

Furthermore, we outline the connection of crowdsourcing to intelligent systems and we briefly             
review how bias is propagated from the collected data to the final output of the intelligent system,                 
possibly causing discriminatory phenomena. Once all the parameters of our framework are laid             
down, we use those concepts as a pillar in our search for each of the identified sources of bias in                    
the crowdsourcing process.  

3. Framework  

3.1  Crowdsourcing and Human Intelligence 
 

The term crowdsourcing was first introduced by Jeff Howe, writing in Wired Magazine in 2006               
(Howe 2006). Compared to outsourcing, which involves the delegation of work to a specific              
individual or group, crowdsourcing involves harnessing the resources of a more public, loosely             
defined group of participants. As noted by Howe, while “offline" crowdsourcing existed before             
the digital age, today the term is primarily associated with the use of Internet technologies to                
facilitate the process. Following the definition of Estellés-Arolas and González-          
Ladrón-de-Guevara (Estellés-Arolas and González-Ladrón-de-Guevara 2012) crowdsourcing      
refers to a “type of participative online activity in which an individual, an institution, a non-profit                
organization, or company proposes to a group of individuals of varying knowledge,            
heterogeneity, and number, via a flexible open call, the voluntary undertaking of a task.[...] The               
user will receive the satisfaction of a given type of need, be it economic, social recognition,                
self-esteem, or the development of individual skills, while the crowdsourcer will obtain and utilize              
to their advantage what the user has brought to the venture, whose form will depend on the type                  
of activity undertaken.”  

The above definition encompasses many forms of crowdsourcing; for example, contributing to            
online communities like Wikipedia, producing physical work like TaskRabbit, or developing           
software in an open fashion involving an undefined group (Stol and Fitzgerald 2014). In contrast,               
the current work focuses on a specific category, micro-task crowdsourcing, that can harvest an              
enormous amount of data produced by human, intelligent workers on demand by connecting to              
platforms like Amazon Mechanical Turk, Appen and Microworkers.  

We will formally refer to the micro-task crowdsourcing process, which consists of the following              
components: (1) the crowd, that is the workers, (2) the micro-task, (3) the crowdsourcing              
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platform, (4) the requester of the micro-task and (5) the crowdsourced data harvested and built               
from the workers' replies to the micro-task.  

 

3.2 Bias, Stereotypes and Discrimination 
 

The goal of this study is to explore how the micro-task crowdsourcing process may contribute to                
inflicting an unfair, discriminatory and/or morally wrong decision or behavior on humans on the              
receiving end of the output of an AI algorithm. Data-driven AI systems usually deploy machine               
learning algorithms that can exhibit bias and propagate stereotypes. To this end, like in              
(Friedman and Nissenbaum 1996), we use the term bias in an AI system to describe a systematic                 
treatment of a person or a group that differs from the norm / the treatment that others receive.                  
Furthermore, AI systems are considered biased when the above mentioned systematic           
discrimination is accompanied by an unfair/harmful outcome. Regarding propagation of          
stereotypes by AI, we consider the systematic promotion of stereotypes that can perpetuate             
harmful discriminatory behaviors.  

The core of the crowdsourcing process are the worker participants. When these workers are asked               
to give a subjective judgement as part of the micro-task assignment, their beliefs can end up                
affecting the final outcome of an AI system and provoke a discriminatory behavior. Workers              
might suffer from cognitive bias (Eickhoff 2018) , creating their own “subjective social reality,”              
systematically deviating from the norm in judgement. For example, a set of workers that is asked                
to judge whether the human depicted in the photo might be suffering from a health condition,                
could possibly be negatively predisposed (consciously or unconsciously) against sumo athletes.  

Additionally, crowd workers may suffer from stereotypical beliefs about the characteristics, the            
attributes and the behaviors present in a certain group of people (Hilton and Von Hippel 1996).                
Stereotypes serve as a way to provide cohesion among a group of people and separate them from                 
other groups. They are used as a heuristics for a fast and effortless opinion about people                
belonging to a particular group, while they also provide a way for identifying our standing               
compared to other people (McGarty, Yzerbyt and Spears 2002). It thus becomes apparent that              
when a requester taps into a large pool of workers from around the globe, it is hard -- if not                    
impossible -- to identify the workers’ stereotypical beliefs that can span from gender to ethnicity,               
sexual orientation and religion, to less apparent stereotypes that are regional or that are based on a                 
person's socio-economic status, profession or educational background.  

It is clear that there is a correlation between the human bias introduced by the crowdworker in the                  
data creation process, and the potential bias that an AI system developed using that data can                
exhibit. This survey will try to address how and why bias is introduced into the AI system despite                  
some efforts to mitigate it and highlight the paths that research has to take in order to develop                  
better strategies at resolving this issue from different stakeholders' perspectives. 
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3.3 Crowdsourcing and AI-based systems 
 

As we mentioned earlier, for AI systems, micro-task crowdsourcing is a primary source for              
obtaining valuable data. These data can be used by AI systems in a static fashion, as training data                  
for a machine learning application (Vaughan 2017, Kovashka, et al. 2016). For example,             
crowdworkers can annotate images or classify images that are later used by computer vision              
algorithms (Deng, et al. 2009, Kaiyu, et al. 2020) , or label data for natural language processing                 
purposes (Callison-Burch and Dredze. 2010). Data obtained through crowdsourcing are also           
being used in an online, on-demand dynamic fashion by some systems (Russakovsky, Li and              
Fei-Fei. 2015, Laws, Scheible and Schutze 2011), while crowdsourcing can even happen in a              
real-time fashion (Abbas, et al. 2020, Lasecki, Homan and Bigham 2015) by AI systems. 

Other sources of data for AI-based systems are public datasets5 (Deng, et al. 2009), proprietary               
data obtained and curated strictly in house by the institution deploying the AI system or can be                 
extracted on demand online from social networks (Kumar, Morstatter and Liu. 2014). An AI              
system collects and curates these data, that might be arriving from different sources, and uses               
them to train or test the developed algorithms. Due to the human biases that are carried                
downstream and are usually mitigated after the collection or during the algorithmic process, the              
final system might still exhibit a discriminatory behavior (favorable or unfavorable) towards            
certain social groups, as is shown in Figure 1.  

One of the main advantages of crowdsourcing is the relatively effortless creation of the huge               
amounts of data necessary to train machine learning algorithms. These crowdsourced data often             
embed the subjective beliefs of the crowd, e.g., portraying the existing, prevalent social             
stereotypes at a local and/or global level. The goal of this study is to outline the path leading to                   
biased behavior in AI systems from the human input all the way up to the impact that an                  
application of an AI system has on humans and the society in general, as shown in Figure 1.  

While the recent survey by Olteanu and colleagues (Olteanu, et al. 2019) provides an overview of                
the sources and effects of social data biases (e.g., social media sources, which are oftentimes used                
in creating training data), our intent is to zone in on how the data augmentation processes via                 
crowdsourcing, may introduce social biases. We will look in-depth at the elements of             
crowdsourcing that produce and promote biases and how the crowdsourced data are used by AI               
systems. In other words, we focus on data as the source of bias; it is out of the scope of this work                      
to study how the learning algorithm(s) can actually inflict additional biases. 

Machine learning algorithms (especially the ones focused on classification) and crowdsourcing           
have a teacher-student dynamic. As is mentioned in (Domingos 2012): “ A classifier is a system                
that inputs (typically) a vector of discrete and/or continuous feature values and outputs a single               
discrete value, the class.” Learning comes as a result of the way the classifier is represented by an                  
algorithm, the way it is evaluated and the optimization method used to search for classifiers with                
the highest score (Domingos 2012). 

5 https://www.kaggle.com/ 
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A large part of the research focusing on reducing machine learning bias are concerned with               
pre-processing the already established training data (Feldman, et al. 2015, Krasanakis, et al. 2018)              
or training by establishing some fairness constraints (Zafar, et al. 2017, Dwork, et al. 2012). Less                
emphasis is given however on the different aspects concerning the collection of the data used for                
training and testing the algorithm/learner. Some research does exist though exploring how biased             
data end up affecting machine learning models and ways to mitigate bias (Liu, Reyzin and Ziebart                
2015, Chen, Johansson and Sontag 2018, Kallus and Zhou 2018).  

How data are collected, repurposed and combined is less clear. This survey will try to shed some                 
light and provide practitioners and stakeholders with useful recommendations when the data are             
generated through crowdsourcing. 

 

Figure 1. AI-based system stages of development. A representation of where crowdsourced human bias is generated,                
where a mitigation process takes place and where disparate impact might appear. 

 

Many AI-based systems have a steady dependency on human input in order to operate and 
improve, following the human-in-the-loop approach. The crowdsourcing paradigm acts as a 
facilitator for the human input leveraging the machines' potentials (Kamar 2016, Demartini 2015). 
Crowdsourcing data are obtained in a dynamic fashion (Russakovsky, Li and Fei-Fei. 2015, 
Laws, Scheible and Schutze 2011). Active learning is the process of deciding which data should 
be labeled by the crowdworkers in order for the classifier to learn faster, and it is usually an 
iterative process. Through this survey we will try to check how the human-in-the-loop approach 
propagates and disseminates harmful stereotypes. 

Capturing, processing, analysing and simulating human emotions plays a role in some AI 
systems. It can be part of intelligent advertising systems, chatbots, fake news detection, article 
creation, elderly care robots, etc. One of the primary sources for extracting data for this type of 
research is crowdsourcing (Breazeal, et al. 2013). Understanding how human stereotypes, like 
robot assistants having a gentle woman's voice, appear and become propagated in these types of 
systems is one of the objectives of this survey. 
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4. Micro-task crowdsourcing  
 

We define crowdsourcing as an online participative activity in which a requesting entity             
(requester) proposes to a group of individuals (crowdworkers or workers) of varying            
knowledge and demographic background, via a dedicated platform, which connects requester           
with workers, the undertaking of a task. The worker agreeing to complete the task will receive a                 
monetary reward and the requester will receive a response to the task. We refer to the set of                  
processed task responses as data.  

Crowdsourcing, as mentioned above, is a fast and inexpensive way of creating large datasets              
(Deng, et al. 2009) but the capabilities of this method are limited by its very nature. The nature of                   
the task, the way the task is composed, the general and specific background of the workers, and                 
the way data are aggregated to provide an answer to the task, are the main factors affecting the                  
quality (Ipeirotis, Provost and Wang 2010) and accuracy (Frénay and Verleysen 2013) of the              
collected data, consequently affecting the reliability of the crowdsourcing process. Quality and            
accuracy of the crowdsourced data are interconnected topics that have largely captured the             
attention of researchers over the years (Ipeirotis, Provost and Wang 2010, V. C. Raykar, et al.                
2010). Researchers focused on developing mechanisms for receiving the correct result usually by             
requesting multiple workers to provide an answer to the same task (redundancy) and devising a               
method for deciding on the correct/accurate or high-quality answer. In addition to the above              
approaches, a lot of research has also focused on the methods for identifying high quality/skilled               
workers by using techniques such as gold standard questions.  

Our goal in this work is to identify why and how the final crowdsourced data can propagate                 
biases and stereotypes. Quality and accuracy are concepts usually associated with tasks that have              
a ground truth or that the ground truth can be estimated or that the reported response can be                  
objectively verified. On the other hand, biases can be introduced in either high or low quality                
crowdsourced data; in fact, as we will review below, methods for improving quality (Hansen, et               
al. 2013) can introduce biases (Ipeirotis, Provost and Wang 2010). It is interesting to notice               
though, that many studies emphasising the improvement of the quality of crowdsourced data             
actually have as a goal the mitigation of bias in the data.  

Many studies use the term bias, to describe the workers deviation from the true/expected answer               
(Snow, et al. 2008, Dawid and Skene 1979) and use probabilistic methods to estimate the correct                
answer. In this literature review, and in the project in general we will not use crowdworkers’ bias                 
as a term with a negative connotation. Thus, we will study the reason bias emerges from                
crowdsourced data, and we will evaluate approaches for mitigating bias from the final intelligent              
system output. However, we will not treat any sort of bias emerging from the crowdworkers as an                 
error or source of noise that needs to be removed or smoothed out.  
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4.1 Shortcomings of crowdsourcing 
 

Let us review some of the shortcomings of crowdsourcing that are directly related to the creation                
of biases in crowdwork. Table 1. provides a list with the known shortcomings of crowdsourcing, a                
brief note of how this shortcoming can introduce bias in the crowdwork (which we will assess                
extensively in the next subsection) and the works pointing out these shortcomings.  

Table 1. Shortcomings of crowdsourcing and its implications in bias creation in crowdwork. 

  

  

 
 

Shortcoming Implications Relevant papers 

Annotation sparsity, most   
crowdworkers provide a small    
number of annotations  

Missing data when requiring    
multiple annotations from the    
same worker 

(P. G. Ipeirotis 2010) 

A large set of crowdworkers     
suffering from a specific bias     
relevant to the nature of the task  

Aggregating the workers’ replies,    
following multiple methods might    
give an erroneous crowdsourcing    
outcome for the task. 

(Kamar, Kapoor and Horvitz,    
Identifying and accounting for    
task-dependent bias in   
crowdsourcing 2015) 

Efforts to improve crowd data     
quality can lead to rejecting     
honest, rich but diverse replies. 

Rejecting replies that are not in      
line with the ground truth or      
belong to a set of expected data       
can create a biased dataset or      
promote stereotypes.  

(Chang, Amershi and Kamar    
2017, Kairam and Heer 2016) 

Workers belonging to certain    
demographic groups (i.e., specific    
countries) might require higher    
payments.  

Many methods for recruiting    
crowdworkers are budget based,    
leading to underrepresentation of    
certain demographic groups. This    
can lead to the creation of biases       
against those demographic   
groups.  

(Barbosa and Chen 2019, Joel, et      
al. 2010) 

Workers across different cultures    
are shown the exact same task      
design. 

Tagging images differs depending    
on the culture of the     
crowdworker, i.e., Americans tag    
the main object first, while     
Chinese provide tags about the     
overall properties of the image     
first. In a task design that only 3        
open tag annotations are required     
it is clear that bias data might       
arise.  

(Dong and Fu 2010) 
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5. Biases in Crowdwork 
 

5.1 Requesting crowdsourced data and data pre-processing  
 

In their work, Kairam and Heer (Kairam and Heer 2016) recognize the weakness of “traditional”               
methods to improve quality and propose an alternative way for identifying high quality results              
while taking into consideration that a subset of workers might consistently produce predictable,             
diverging responses. The authors propose a method for analyzing responses from the            
crowdworkers by separating workers based on shared patterns in the way they respond to a text                
annotation task. In their work, Ipeirotis et al. (Ipeirotis, Provost and Wang 2010) also identify               
workers that have a predictable bias behavior but contrary to the work of Kairam and Heer, they                 
propose methods for reducing the effect of these workers' replies.  

Barbosa and Chen (Barbosa and Chen 2019) point out that the process of requesting a worker to                 
do a crowdsourcing task strictly based on skill and experience (in an attempt to improve quality)                
might significantly skew the demographics of crowdworkers and as a result, introduce biases in              
the data. The authors propose the use of crowdworkers of different expertise at least for tasks that                 
require no special skills.  

The payment given to the workers is another factor that must be regulated by requesters in such a                  
way that the minimum wage in the targeted crowdworkers’ country is satisfied. In an opposite               
case, the crowdworker might feel underpaid (Hara,, et al. 2018) with consequences extending to              
the way they choose to reply to the task or not select the particular task (Barbosa and Chen 2019).                   
Experienced workers might also fail to distance themselves from their own opinion, and as a               
result they might produce biased annotations (given the annotation task studied in their work). In               
other words, when it comes to bias induced by a worker’s own opinion, the expertise level of the                  
crowdworker will not guarantee less biased data, as opposed to high quality data. Additionally,              
when requesting workers with particular demographic characteristics their connection (emotional          
or other) with the task must be taken into consideration (Peesapati, Wang and Cosley 2010).  

Two other technical factors that must be taken into consideration when requesting crowdsourced             
data as possible sources of bias is the crowdsourcing platform and the time of execution of the                 
crowdsourcing task. The selection of crowdsourcing platform dictates in a way the task design,              
the available crowd demographics and the perception of crowdwork (Kittur, et al. 2013).             
Launching the crowdsourcing task at a specific platform and at a specific hour of the day will                 
attract first the active workers, which might all have common demographic characteristics (e.g.,             
ethnicity, age). 
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5.2 The nature of the micro-tasks  
 

The design of the micro-task is another important factor. The ethnicity of the targeted              
crowdworkers must be considered when designing the task (Dong, et al. 2012, Sen, Lam, et al.                
2006, Peesapati, Wang and Cosley 2010). In the example of responses to an image tagging task                
provided by (Dong, et al. 2012), different ethnicities provided more factual tags compared to              
subjective tags; thus, the design of the tagging task must be adapted appropriately to encourage or                
discourage the emergence of factual tags given the worker audience. As an example, notice that in                
a later use of the tags, factual tags are more useful when searching an image, but subjective tags                  
are more valuable when evaluating an image in an application of the created dataset. 

Clarity of the task is a factor that affects the performance of the workers, and consequently how                 
susceptible they are to systemic biases. Gadiraju et al. (Gadiraju, Yang and Bozzon 2017),              
showed that clarity is coherently perceived by workers and it varies according to the task type.                
Moreover, they found that the clarity of the task is affected by the keywords used and the                 
readability of the task title. Dumitrache (Dumitrache 2015) in her work showed that the clarity of                
the annotation labels and the ambiguity of the text (when considering a text annotation task)               
presented to the workers can be two sources of disagreement among the workers.  

Newell and Ruths (Newell and Ruths 2016) have shown that earlier tasks impact strongly the way                
workers respond to later tasks. Thus, this intertask effect can be a source of systematic bias when                 
designing crowdsourcing tasks. The authors suggest that appropriate design options that help            
workers focus can reduce the influence of this effect and help the reproducibility of the tasks.                
Other works also explore the impact that the order of task executions has on the task outcome                 
(Aipe and Gadiraju 2018, Cai, Iqbal and Teevan 2016). 

 

5.3 Understanding the crowdworkers’ behavior  
 

In their work, Kamar et al. (Kamar, Kapoor and Horvitz, 2015) present the issue of bias going                 
unnoticed and the correct answer not being discovered by methods that aggregate the collected              
results. The authors point out that a population of crowdworkers or a subgroup of them might                
suffer from a specific bias that leads to systematic errors (i.e., falling for a visual illusion) due to                  
the nature of the task. Cognitive biases (Eickhoff, 2018) (ambiguity effect, anchoring, bandwagon             
and decoy effect) from the workers are a source of noise during the curation, annotation and                
generally the evaluation of the crowdsourced dataset.  

Workers might also introduce biases in the dataset because of their beliefs (White 2013) and the                
stereotypes they might carry that are directly correlated with some demographic factors (i.e., age,              
gender, race, economic status, education etc.). Dong et al. (Dong and Fu 2010) mention that               
American and Chinese workers do not tag images in the same way and suggest that this is                 
correlated to cultural differences among the two ethnicities. Peesapati et al. (Peesapati, Wang and              
Cosley 2010) in their work point out that the assumption that people will universally tag images                
in the same way does not hold and point a connection among the person’s origin and the cultural                  
origin of the image. Sen et al. (Sen, Giesel, et al. 2015) took their work a step further showing that                    
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different cultural communities can produce different gold standard dataset from a judgement task             
and those datasets can directly affect the accuracy of the algorithms that use them. Ghai et al.,                 
(Ghai, et al. 2020) proposed a method based on counterfactual fairness for quantifying the social               
biases inherent in the crowdworkers. Nicholls et al., (Nicholls, Churches and Loetscher 2018)             
showed that in face perception tasks a crowdworkers own age subconconsciously biases the             
replies. Young crowdworkers were able to estimate better the age of young people and older               
crowdworkers the age of older people.  

Personal traits of crowdworkers can affect the collected datasets. Otterbacher et al. (Otterbacher,             
et al. 2018) showed that sexist workers (as tested per a standard psychological measure) are less                
likely to report gender biases in image search results. Hube et al. (Hube, Fetahu and Gadiraju                
2019) showed that workers with strong personal opinions tend to produce bias annotations, for              
text annotation tasks. In a similar flair, Roitero et al., (Roitero, et al. 2020) measured the political                 
bias of crowdworkers on fact checking tasks. Leung et al., (Leung, et al. 2020) studied the                
crowdworker bias when it comes to hiring people and they notice that crowdworkers are biased               
based on gender and race stereotypical beliefs.  

 

 

5.4 Use of the crowdsourced data  
 

As we mentioned earlier, the way crowdsourced data is used can perpetuate biases even more.               
Sen et al., (Sen, Giesel, et al. 2015) in their work showed how bias in gold standard datasets for a                    
judgement task can directly affect the accuracy of the algorithms that use these gold standards.               
The use of transfer learning during the machine learning algorithm (especially deep learning             
algorithms) is shown to perpetuate the biases created through crowdsourcing (Khosla, et al. 2012,              
Tommasi, et al. 2017, Pan and Yang 2009).  

Table 2. presents the most popular image dataset used currently by machine learning algorithms              
and that have been built entirely or partially through crowdsourcing. The table below points out               
an important issue that practitioners are faced with when using these datasets: the lack of               
documentation of the crowdsourcing process. The additional obstacles faced by practitioners           
makes it even harder to eliminate biases arising from crowdsourcing since little information is              
known, for example, about the demographics of the crowd or the task design, etc.  
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Table 2. Popular datasets, crowdsourcing platform used in the annotation process, and information provided. 

 

 

 

5.5 Bias mitigation  
 

An important objective of the DESCANT project is to identify the biases created in the               
crowdsourced data produced through the project and the sources of those biases. Addressing the              
above objective (i.e., recognizing the existence and source of bias) is an important step for               
mitigating bias. In this section we will review different approaches for mitigating bias, during and               
after data collection.  

In the work of Barbosa and Chen (Barbosa and Chen 2019), an algorithm for assigning tasks to                 
workers in order to mitigate demographic biases from the created dataset via fair compensation              
and compatible task assignments is designed. Faltings et al., (Faltings, et al. 2014) proposed a               
game theoretic scheme to remove bias among workers. Wauthier and Jordan (Wauthier and             

 
 

Dataset Name  Link  Crowdsourcing 
platform  

Crowdworker 
demographics 
provided 

Annotation 
process 
recorded 

Flickr-Faces-HQ 
Dataset (FFHQ) 

https://github.com/NVla
bs/ffhq-dataset 

Partial use of 
MTurk 

X X 

EMOTIC Dataset http://sunai.uoc.edu/emo
tic/index.html 

MTurk X √ 

LAOFIW - Labeled 
Ancestral Origin Faces 

in the Wild 

https://www.robots.ox.a
c.uk/~vgg/data/laofiw/ 

Proprietary 
platform 

(Microsoft Azure 
Face API) 

X partially 

The 'Celebrity 
Together' Dataset 

https://www.robots.ox.a
c.uk/~vgg/data/celebrity

_together/ 

MTurk X X 

UMDFaces Dataset http://umdfaces.io/ MTurk X partially 

MPII Human Pose 
Dataset 

http://human-pose.mpi-i
nf.mpg.de/ 

MTurk X partially 

FLIC - Frames 
Labeled In Cinema 

https://bensapp.github.io
/flic-dataset.html 

MTurk X √ 

AffectNet http://mohammadmahoo
r.com/affectnet/ 

MTurk X partially 

Moments in Time   
Dataset 

http://moments.csail.mit.
edu/ 

MTurk X √ 

The 'Celebrity in   
Places' Dataset 

https://www.robots.ox.a
c.uk/~vgg/data/celebrity
_in_places/ 

MTurk X X 

https://github.com/NVlabs/ffhq-dataset
https://github.com/NVlabs/ffhq-dataset
http://sunai.uoc.edu/emotic/index.html
http://sunai.uoc.edu/emotic/index.html
https://www.robots.ox.ac.uk/~vgg/data/laofiw/
https://www.robots.ox.ac.uk/~vgg/data/laofiw/
https://www.robots.ox.ac.uk/~vgg/data/celebrity_together/
https://www.robots.ox.ac.uk/~vgg/data/celebrity_together/
https://www.robots.ox.ac.uk/~vgg/data/celebrity_together/
http://umdfaces.io/
http://human-pose.mpi-inf.mpg.de/
http://human-pose.mpi-inf.mpg.de/
https://bensapp.github.io/flic-dataset.html
https://bensapp.github.io/flic-dataset.html
http://mohammadmahoor.com/affectnet/
http://mohammadmahoor.com/affectnet/
http://moments.csail.mit.edu/
http://moments.csail.mit.edu/
https://www.robots.ox.ac.uk/~vgg/data/celebrity_in_places/
https://www.robots.ox.ac.uk/~vgg/data/celebrity_in_places/
https://www.robots.ox.ac.uk/~vgg/data/celebrity_in_places/
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Jordan 2011), proposed a model for capturing bias in the labelling process and predicting labels               
when consensus among labellers is missing.  

Hube et al., (Hube, Fetahu and Gadiraju 2019) proposed and reviewed three mitigation methods              
for a text annotation task: i) Social projection, where the workers are asked to label a text                 
according to what they believe the majority of workers would choose; ii) Awareness reminder,              
trying to make workers aware of the controversial and subjective nature of the task to influence                
their judgement when completing the task; iii) Personalized Nudges, giving personalized           
instructions to the workers according to the tendencies they exhibit in forming a judgement. The               
authors note that all three mitigation approaches reduce the total bias and average bias for               
workers with extreme opinions. Leung et al., (Leung, et al. 2020) showed that task design such as                 
reducing the number of choices can reduce potential discriminations from the workers.  

A set of works propose the use of different techniques for enabling workers to interact among                
themselves in an effort to mitigate biases. In (Duan., Ho and Yin 2020) the authors investigate                
whether the diversity in perspectives among the interacting workers can mitigate biases. Through             
their results it appears that task properties such as the difficulty of the task and the type of the task                    
(objective v. subjective) play a role in the success of this approach. On the other hand, it is                  
unclear whether the interacting workers must have a diverse or similar perspective for the              
mitigation technique to be successful. Chang et. al., (Chang, Amershi e Kamar 2017) in their               
work presented a collaborative approach for producing high quality labels that capture a rich              
interpretation of the data, harnessing on the diversity of crowdworkers.  

Kamar et al. (Kamar, Kapoor and Horvitz, 2015) propose a method for automatically recognizing              
and correcting task-specific biases using probabilistic graphical models. Ipeirotis et al., (Ipeirotis,            
Provost and Wang 2010) presented statistical methods for eliminating systematic bias. Notice that             
their approach has as an objective the elimination of worker bias which might not always be the                 
objective of bias mitigation and it depends on the subjective nature of the task.  

 

6. Conclusion 
 

In this deliverable, we have presented a review of the literature most relevant to the objectives of 
the DESCANT project. In particular, after explaining the nature of crowdsourcing, we have 
defined the scope of the project, which focuses on the use of paid, micro-task crowdsourcing via 
commercial platforms. This review has help to identify the key parameters that are important 
when considering biases in the types of crowdwork, which are most interesting and relevant for 
researchers and practitioners who are using it to develop training datasets for AI systems.  
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