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Biases in platform data and their implications for communication research and other 

social sciences 

 

In the debate about big data, scholars have raised the issue of a potentially widening gap 

between “data haves” and “data have nots” (boyd & Crawford, 2012; Driscoll & Walker, 

2014). This refers to the considerable amount of resources required for big data research, with 

regard to data access, storage, handling, or analysis. Likewise, concerns about the unequal 

distribution of power between platform providers on the one and users (including researchers) 

on the other hand have been expressed (Andrejevic, 2014). There are thus fears in the research 

community that big data could further inequality—to our own disadvantage. What is less 

often addressed, and sometimes even overlooked, is how we ourselves as researchers could 

contribute to social inequality and biases. I would like to discuss this at the workshop with a 

focus on studies that use data from social media platforms, a rather common type of big data 

analysis in communication research. 

Data from social media (or other platforms) carry a number of social biases by default. First, 

Internet access is not distributed evenly around the globe, nor within countries (International 

Telecommunication Union, 2017). In industrialized countries like Germany or the US, about 

ten percent of the respective populations currently do not use the Internet (Anderson & Perrin, 

2018; Frees & Koch, 2018). And even among users, there are, secondly, diverse ways of 

making use of online offerings. Research based on data created through such usage thus 

necessarily reflects social inequalities in access and use. This has been acknowledged before 

and some commentators accordingly suggest to complement online with offline data (e.g., 

Murthy, 2008; Orgad, 2009). Yet such research is far from being the norm in big data studies. 

It seems that there is still enough excitement about research exclusively using data from 

digital platforms that these are collected, analyzed, and then reported to the research 

community as well as the wider public and policy makers. 

However, when we actually compare big and small data from different sources, we sometimes 

come to very different conclusions about the social phenomena we investigate. In a study on 

digital fragmentation (discussed, among others, by Pariser, 2011; Sunstein, 2007, as 

potentially leading to “filter bubbles” or “echo chambers,” respectively), I combined different 

methods to analyze usage of online content. Time permitting within the workshop format, I 

would be happy to illustrate how vastly results on the popularity of YouTube videos differ 
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when we compare YouTube’s own scores of popularity with data from a survey or 

clickstream data. 

What a platform first counts and in a second step announces as “popular right now” or 

“trending” is notoriously intransparent (Gillespie, 2012). As can be expected from skews in 

online use in general, popularity scores contain biases due to social differences in usage of the 

respective platform (as reflected, for instance, in my survey and clickstream data on YouTube 

for age, gender, and education). But respective datasets of platform scores gathered through 

an API may also be biased for other reasons. Since popularity on a platform may be worth 

money, numbers of clicks or “likes” may be generated through bots or otherwise manipulated 

(Karpf, 2012; Lazer, Kennedy, King, & Vespignani, 2014). And platforms may favor content 

creators that are already popular, leading to a Matthew effect where initial success begets 

more success (Gillespie, 2010; Shields, 2009). 

There are thus numerous reasons to approach data from digital platforms with caution. And I 

think critical reflection and systematic study of potential biases in big data are essential for the 

future of this research field. Especially in the social sciences, we usually want to further 

understanding of social processes through our research. But if our data only capture online 

use, we exclude a considerable part of the population (which is in many countries already 

disadvantaged due to old age, low income, poor health, disability, or other factors). And even 

for the onliners, we can often not be sure what our data will over- or undercover because what 

big platform data actually represent is usually unclear (Mahrt & Scharkow, 2013). 

In addition to complementing big data with more traditional research approaches from the 

social sciences, as suggested above, a fruitful way forward could be to adopt methods from 

computer science on how to detect and avoid algorithmic discrimination. That data and 

algorithms may contain “hidden biases” (Crawford, 2013) is, luckily, more and more 

acknowledged as a major problem in areas such as credit scoring (Chander, 2017) or selection 

of future employees (boyd, Levy, & Marwick, 2014). I would like to see a similar movement 

emerge in other fields as well. Ultimately, how well we are able to address the implications of 

biases in digital data will, in my opinion, decide what contribution big data research in the 

social sciences can bring to understanding social issues—and to society in general. And it is 

my hope that we would want to avoid contributing to social inequality through our research. 
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