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12.	 Online groundedness

Richard Rogers

INTRODUCTION: THE ONLINE AS SITE FOR EMPIRICAL 
GROUNDING

The notion of ‘online groundedness’ refers to an argument about the site of the baseline when 
making findings about societal and cultural trends employing web data. At first glance, it 
may appear provocative, given that the virtual, the once-popular term for the online world, 
has no actual ground to speak of. Indeed, the term was introduced in a discussion about what 
constituted the then current state of online or ‘virtual’ research (Jones, 1998; Woolgar, 2002; 
Hine, 2005). It came with a call to end the sole emphasis on the study of the virtual as a sepa-
rate realm, perhaps even to eschew the term itself when referring to the internet and internet 
research (Rogers, 2009). But it also asked whether and under which conditions we can not 
only make but also ground our findings about what is happening in society with online data.

Since then, how one may deploy or conceive of online groundedness has evolved and 
branched out. There are mainstream approaches to the study of societal and cultural trends 
with web data such as the computational social sciences. They employ guarded versions of 
online groundedness, as do disciplinary approaches for the study of health (digital epidemiol-
ogy) and broader ones in data science for capturing mood and sentiment such as public opinion 
(Cody et al., 2015), election chances (Gayo-Avello, 2013; Jungherr, 2016), the animal spirits of 
the market (Bollen et al., 2011), celebrity awards (Malyack et al., 2020) and fashion influences 
(Beheshti-Kashi et al., 2015). They are guarded in the sense that online data rarely stand alone 
and are often made to align with subsequent qualitative findings or checked against concrete 
outcomes such as an election. That is, online data may serve as a point of departure, but often 
there is an additional step in the research protocol to bolster the analytical outcome – be it a 
qualitative research step or some other form of ‘ground truthing’.

Digital epidemiology is a case in point. It had its beginnings with the project Google Flu 
Trends (GFT) (Ginsberg et al., 2009), which aimed to anticipate the incidence of flu earlier 
than traditional techniques, making the web into an ‘anticipatory medium’ (Rogers, 2003). It 
is an ‘epidemiology that uses data that was generated outside the public health system, i.e., 
with data that was not generated with the primary purpose of doing epidemiology’ (Salathé, 
2018). GFT geolocated upticks in influenza (and dengue fever) through queries for flu and flu-
related symptoms until the data became sullied by Google Autocompletion and other algorith-
mic changes (Lazer et al., 2014). For the purposes of validation, the findings were compared 
to those obtained with traditional surveillance methods and maintained by national health 
institutes.

It should be mentioned at the outset that there are also corporate data tools and dash-
boards (e.g., Google Trends) that are less circumspect in how they describe their purpose. 
They are considered monitoring systems for societal trend-watching with online data, without 
grounding findings in any offline context. These tools have been taken up by researchers, 
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demonstrating that volumes of search queries, combined with their geolocations, can stand 
alone and be employed as barometers for a variety of societal conditions, including the inci-
dence of gender bias and racism (Stephens-Davidowitz, 2017). The online data appear to be 
able to provide a window into the extent as well as the distribution of discrimination and other 
matters of concern. Because people’s searches are assumed to be private, it is argued that 
they provide viewpoint information that otherwise would be less likely to be probed through 
surveys and polling. Like GFT, these are traces that are repurposed for understanding what is 
taking place on the ground.

The Google Trends work seems to stand alone as indicators without a second qualitative 
step or ground truthing. In a similar fashion, swings in Wikipedia article views and edits, 
along with comparisons between the ‘same’ article in different language versions, are also 
occasionally considered proxies for interest in subject matters (Laufer et al., 2015; Moe, 2019). 
Geolocated searches for recipes (on cooking websites) have served as indicators of regional 
tastes (Severson, 2009) and geolocated tweets reflect regional dialect (Russ, 2013). These 
are unobtrusive measures in the sense that the searches and tweets are not elicited. Until 
Google Autocompletion ushered in suggested searches, these were often regarded as ‘honest 
signals’ (Pentland, 2008). An early term referred to search histories as a ‘database of inten-
tions’ (Battelle, 2003).

Comparisons across online data sets (e.g., examining the ‘same’ Wikipedia articles across 
different Wikipedia language versions), without a further referent, would constitute seminal 
forms of online groundedness. Here one studies the contrasts between the articles, pointing 
to cultural or linguistic particularism (Rogers & Sendijarevic, 2012). The same applies for 
cases where a second online data set is deployed to confirm the insights made from a first. An 
example would be geolocated search queries for recipes (as indications of regional tastes) that 
are then bolstered by geotagged Instagram food photos, perhaps with an event hashtag such as 
Thanksgiving. It is a form of online triangulation.

There is a certain novelty in the use of these data sets for social and cultural research, 
though at the same time the research can be situated in the tradition of trace research and 
unobtrusive measures (Hine, 2011). Indeed, in the pioneering piece, the computational social 
sciences originally referred to our lives ‘in the network’ leaving ‘digital traces’ (Lazer et al., 
2009). Earlier work signalling a new emphasis in social research on online traces described 
them as ‘digital byproduct data’ (Burrows & Savage, 2007). Another term is ‘found data’, 
which in this case refers to social media content rather than data produced by researchers 
(through surveys, for example) (Neumayer et al., 2021).

In an article updating the challenges of computational social sciences, appearing a decade 
later, these traces, while still abundant, had become more difficult to access (Lazer et al., 
2020). That is, online trace- or data-driven research approaches have been affected by the 
so-called APIcalypse (Bruns, 2019). In the mid- to late 2010s, social media platforms began 
restricting access to platform data, shaping how such analysis and monitoring can be under-
taken practically. Responses from the research communities, not to mention the restrictions 
by the social media companies themselves, reveal varying discomforts with the academic use 
of social media data, especially given how the platforms are ‘invested in how users behave’ on 
them (Wu et al., 2020). Platforms are in the business of serving ‘sticky’ recommendations to 
increase view time. The discomforts also testify to new research data dependencies.

In the following, I would like to provide an account of the developments surrounding 
online groundedness, pre- and post-APIcalypse. I first provide a brief overview of the issues 
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concerning the baselines that have arisen with the web data turn in social research, before 
turning to how researchers are addressing the contemporary situation with platform data in 
the so-called ‘post-API age’ (Freelon, 2018). It is exemplified by the emergence of data ‘clean 
rooms’ (e.g., by Meta), where the researcher runs analyses on company servers, retaining 
aggregates instead of making API calls or dashboard queries and capturing data for one’s own 
storage and research use (Meta, 2023).

ONLINE GROUNDEDNESS AND THE COMPUTATIONAL TURN

When originally put forward, online groundedness could be interpreted as a proposition that 
invests the virtual with a special epistemological standing, granting it the status afforded to 
other empirical grounds such as the territory in geography and the field in ethnography. At the 
least, it asked the question of under which conditions online sources could be relied upon for 
making findings about something other than the online world itself. From the beginning, ‘the 
web as data’ thus had to compete with other (historical) views of the web, e.g., as ‘the virtual’ 
or ‘cyberspace’ (Benedikt, 1991).

To address conceptualisations of the web as virtual or cyberspace, ‘online groundedness’ 
marked a turn away from discussing the online as a space apart and its own reality, a link the 
web arguably inherited from an early splicing of ‘virtual reality’ and the internet with the 
notion of ‘virtual community’ (Rheingold, 1991; Rheingold, 1993). Calling for ‘the end of the 
virtual’, together with the online as a new ground, were attempts to introduce a shift in think-
ing about the web (Rogers, 2009). The online no longer needed to be regarded as a space to be 
studied in and of itself, but rather it yielded clues to larger societal and cultural phenomena.

The call for the end of the virtual joined or referred to other turns in the study of the inter-
net occurring around the same time. One is the ‘computational turn’ and the founding of the 
computational social sciences, as mentioned above (Lazer et al., 2009). Another, similar one 
was ‘21st-century science’, which made use of data from the internet such as (anonymised) 
email exchanges and crowdsourced opinions (Watts, 2007).

Coincidentally, Google Trends launched in 2009, touting itself as a tool to ‘predict the 
present’ through the use of web data (Choi & Varian, 2009a). Rather than for the study of, 
say, search engine usage, Google Trends (and thus the web more generally) became a source 
for charting societal and cultural interest, in what was also termed ‘commercial sociology’ 
(Burrows & Savage, 2014). The tool, as mentioned above, shows the volume of particular 
terms that users query, also in relation to other search terms, enabling comparative stud-
ies, including across regions and languages (Choi & Varian, 2009b). Charting trends through 
aggregating very large volumes of search queries also heralded the rise of ‘big data’ studies, 
and the question of what science can learn from Google (Anderson, 2008).

ISSUES WITH ONLINE DATA

There are significant differences in standing for online data among these initiatives, which 
have to do with their lineage as virtual or hailing from ‘cyberspace’, but also owing to their 
messiness and any consideration of them as ‘good data’. Their algorithmic entanglement, non-
scientific origin, as well as representativeness, are also themes for discussion.
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As noted above, there is the question of the roles assumed by qualitative research tech-
niques alongside findings made from online data. Generally speaking, online data have been 
employed to create indicators and glean incipient insights about society, though these would 
often require more qualitative data for them to stand up or another baseline. The online com-
plemented rather than replaced, and findings based on online data would rarely stand alone 
(Thelwall, 2004).

To provide an early example, web hyperlink network mapping, borrowing methodologi-
cal insights from scientometrics, demarcated issue networks online and assigned reputation 
or impact measures based on the quality of inlinks, serves as a starting point underlying 
PageRank and the rise of Google’s early web indexing techniques over librarian or directory-
based approaches (Rogers, 2004). Certain approaches that granted status to online links were 
met with calls to complement online measurements with interviews of the webmasters to 
grasp the meaning of their link-making (Beaulieu, 2005). Others that mapped issue spaces 
through actor inter-linking were supplemented with focus groups that inquired into the status 
of the actors and those who may be missing (Carpenter, 2007). Still others developing link 
mapping for identifying websites worthy of archiving, in a technique called ‘web sphere anal-
ysis’, manually sifted through the resultant website lists, editing them for topicality (Schneider 
& Foot, 2005). In these cases, instruments from the social sciences and the humanities are 
called upon to fill in and validate the insights gleaned from online data. The implementation 
of the mixed methods, including the order of their application, also demonstrates the standing 
of findings made with online data as preliminary.

Another concern about the status of the web and the prospects of finding a solid site of 
societal data relates to questions of messiness or ‘good data’ (Borgman, 2010). At best, online 
data would have to be cleaned of its platform effects, should one deem that possible. At worst, 
one can study only platform cultures (or vernaculars), returning in a sense to the status of the 
web as a virtual realm to be studied preferably as a world unto itself. In the first example – the 
need for cleaning – X/Twitter hashtags, which could be thought to organise posts around par-
ticular subject matters, are routinely hijacked for commercial purposes for the mere fact that 
they are trending and thereby garner a disproportionate amount of user attention compared 
to others (Jackson & Welles, 2015). To study the topic, aberrant hashtag use would need to 
be removed. In the second case – reverting to the study of the online unto itself – on TikTok, 
popular hashtags are routinely ‘stuffed’ or associated with videos that do not necessarily have 
much to do with the hashtag’s subject matter (Serrano et al., 2020). It could lead the researcher 
to the conclusion that platform data such as TikTok’s are unreliable for the study of societal 
states and really can only be used to inquire into platform culture, or how TikTok hashtag use 
is specific to that platform.

At least since the revelation that changes in Google’s algorithms (including Google’s related 
searches and autocompletions) were interfering with users’ search engine queries and thereby 
with search queries as trends (Lazer et al., 2014), the question has arisen for which purposes 
web data (or digital traces) are produced and the extent to which the engines and platforms, 
as capturing devices, shape the content (Marres, 2017). Platforms, as proprietary media seek-
ing to optimise user ‘watch time’ or otherwise keep users ‘stuck’ there, boost certain content 
above others in their feeds. This leads researchers to ask whether particular social media posts 
are boosted by the platforms and thereby more likely to be viewed and interacted with. If so, 
has the platform skewed user interest in content to such an extent that some significant amount 
could be called ‘platform interest’? The concern has become more tangible after the Facebook 
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whistle-blower, Frances Haugen, revealed that the company’s optimisation strategy, known as 
‘Meaningful Social Interaction’ (MSI), rested upon elevating posts that received an ‘angry’ 
user reaction over those that were merely ‘liked’ (Merrill & Oremus, 2021). The rationale is 
that ‘angry’ reactions demonstrate and elicit more engagement with the content; the same 
holds for posts with disproportionate shares or long comment threads. Platform optimisation 
strategies are more complex than single-minded, given that user engagement is often weighed 
against user satisfaction (Roth & Poiroux, 2022). Nonetheless, the discourse surrounding the 
whistle-blower revelation has focused on how Facebook’s business model promotes anger as 
entertainment or ‘angertainment’.

The idea of ‘repurposing’ web data collected for means other than scientific research may be 
viewed as an opportunity and a revival of trace research, though it cedes control of web data to 
entities outside of science. To illustrate the point, Facebook, Instagram and YouTube, to take 
key platform data sources, hold their own archives (together with the capacity to be archived), 
though it is unclear the extent to which they are complete. X/Twitter donated its archive for 
the first ten years of existence to the Library of Congress, though that arrangement ended in 
2018 (Osterberg, 2017). Given the dearth of social media data archives, the researcher must 
rely on what is available via the APIs, dashboards or clean rooms. The amount and quality 
of the data available online are continually open to question (Alba, 2021). Over the years, the 
scope of content moderation (and account deletion) has increased to an extent that the study 
of certain affected subcultures, such as the online rise of the ‘alternative right’ in politics and 
culture, has become more trying, given the paucity of material left over of some platform per-
sonalities and content after deplatforming, demonetisation or demotion. Indeed, the remnants 
(after deplatforming) could be considered traces of traces, such as screenshotted posts found 
through an image search.

Another key question often asked of web data is its representativeness. Apart from discuss-
ing its predictive value, as noted above, it is a discussion that has its origins in the studies 
of content creators and the myth of user-generated content spurred by publications such as 
The Wisdom of the Crowd (Surowiecki, 2005), Time Magazine’s Person of the Year as ‘You’ 
(Grossman, 2006) and Here Comes Everybody, a work elaborating upon crowdsourcing and 
participatory culture (Shirky, 2008). Inquiries into those behind participatory production, 
however, found a small percentage of editors compared to readers (Van Dijck, 2009). There 
is additionally a stratification of content types and creators (Blank, 2013), where political 
content is more likely to be created by ‘elites’ compared to social and entertainment content. 
Platform user demographics (rather than creator-user divides) have also have been examined, 
and they differ per country. A UK study found that ‘Twitter and Facebook [users] are not rep-
resentative of the general population’ (Mellon & Prosser, 2017), joining earlier US investiga-
tions that found the same (Duggan, 2015; Greenwood et al., 2016). One describes X/Twitter 
users in the US as ‘younger and more likely to be Democrats than the general public’, where 
‘most users rarely tweet, but the most prolific 10% create 80%’ of the posts (Wojcik & Hughes, 
2019). Such observations have prompted researchers to strive to make correctives so that X/
Twitter users (in a panel or poll) can at least be moulded into a representative sample (Hino 
& Fahey, 2019). Arguably, many more acknowledge the lack of generalisability (Lyu et al., 
2021) and emphasise that the findings have been made about societal trends ‘on X/Twitter’, in 
a sense giving up on the question of representativeness.

In all, repurposing online data for social research and then striving to keep the findings 
robust makes use of baselines that range from qualitative research outcomes to ground truths, 
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with occasional efforts directed at grounding findings in additional online data. At other times 
further grounding is disregarded. ‘Digital epidemiology’ and other approaches from the more 
fashionable sounding ‘nowcasting’ capture what could be viewed as the varied standings of 
web data. Until it was discontinued in 2015, Google Flu Trends redeployed users’ flu-related 
search terms to chart the incidence of influenza, correlating the findings with survey data 
compiled by national health institutes.

Google Trends (and some research with the tool) went a step further. The web became an 
anticipatory medium as search trends are deployed as indicators of mass interest. Since 2009 
‘what is happening?’ has also has been X/Twitter’s byline, or the question one is invited to 
answer when one posts a tweet. Given this mass reporting, platforms such as X/Twitter would 
be viewed as sources of social and cultural data rather than activity data about what was tak-
ing place only there, however much their representativeness (and other issues) has prevented 
their generalisability.

As discussed above, given that platforms have restricted data, in what one researcher called 
the post-API age, the question concerns how researchers are currently considering mak-
ing findings with online data for social research, especially given the issues of their (his-
torical) reputation, messiness, algorithmic entanglement and non-scientific origins as well as 
representativeness.

THE POST-API ERA IN ONLINE DATA STUDIES

Post-APIcalypse, there have been at least five directions in the study and deployment of ideas 
surrounding online groundedness. Considering each of these emphasises the point that social 
data are not just ‘out there’, waiting to be collected, but rather are ‘social media data’ and 
‘search engine data’, generated through user interaction with platforms, their algorithms and 
vernacular cultures. They also rely on infrastructure for their collection – often an API, dash-
board or clean room with particular constraints that also change. In the following, I discuss 
how researchers are repurposing data both optimised for retention and often served in plat-
form marketing data environments.

The first maintains the status quo, where the shuttering of platform APIs or other restric-
tions is mentioned as a concern, but the work continues. Digital epidemiology could be taken 
as an example here, though there are also counterproposals in the field that call for a broader 
definition of an ‘epidemiology that uses digital data’ (Salathé, 2018) that would include digit-
ised data rather than only online by-products. Not so unlike observations made in the ‘com-
ing crisis in empirical sociology’ (Burrows & Savage, 2007), the counterproposal includes 
developing data collection capacities not reliant on search engines and social media platforms.

Nonetheless, even since the demise of Google Flu Trends, the flagship big data as well as 
digital epidemiology project, social media and search engine data remain in use. A literature 
review of over 100 such studies (before and after the end of GFT) found that over 80% of the 
data were from engines and platforms (Park et al., 2018). A far smaller percentage relied on 
Wikipedia views (McIver & Brownstein, 2014) or other online data such as online restaurant 
reviews (Effland et al., 2018). Whereas the work with Wikipedia sought to anticipate in the 
style of Google Flu Trends, only some 15% of digital epidemiology projects are predictive 
(Park et al., 2018). The most prevalent purpose is exploratory (35%), such as anti-vaccine sen-
timents during the COVID-19 pandemic (Muric et al., 2021). Much of this work is performed 
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with X/Twitter data (Kaila & Prasad, 2020), with the framing reminiscent of the computa-
tional social sciences; the indicators would complement and inform existing knowledge rather 
than replace it (Hswen et al., 2018).

The second response in the post-API era is a pivot to social media data dashboards which 
provide similar data to the shuttered or restricted APIs, but with a particular analytics logic 
behind them that serves the needs of marketing research, particularly with its emphasis on 
engagement as the leading method to rank content. Digital methods to study Facebook and 
Instagram have long relied on engagement as a sorting mechanism, albeit for sets of actors 
that have been demarcated for the study of diasporic interests, subcultures, misinformation 
and other societal and cultural concerns (Rogers, 2019). Using Meta’s dashboard in this fash-
ion presupposes that robust source lists can be created for each set of actors under study. Data 
journalists, including the BuzzFeed News misinformation researcher, also used a marketing 
data dashboard (BuzzSumo) to make the finding that ‘fake news outperformed mainstream 
news’ on Facebook during the run-up to the 2016 US presidential election (Silverman, 2016). 
These techniques have significant application when one is studying new media environments 
in tandem with the social phenomena. Thus, here one seeks to study the platform and the 
social issue space in a symmetrical or parallel fashion, rather than one or the other. For exam-
ple, the rise of problematic information as a broader societal phenomenon can be located in 
certain social media environments.

Another direction concerns the study of platform effects on data. One strand is driven by 
those desiring to clean the data of different forms of so-called platform manipulation (such 
as bot automation, fake followers, engine or platform optimisation, etc.). In a sense, this work 
also extends the pre-APIcalypse spirit of using platform data to study societal trends, but with 
a recognition that the cleaning must become more elaborate. There are two broad approaches 
to removing (to the extent possible) platform effects. One comes from the study of the extent 
of content moderation and its effects on what can be known with online data (Bastos, 2021). 
How can one tell whether the interesting content for the phenomenon under study has already 
been edited out by the platform and never reaches the researchers’ data sets? Current, albeit 
partial, answers to these questions are found nowadays in ‘platform perspectivism’ as well 
as content moderation critique. Platform perspectivism is the use of one platform to study 
another, where, for example, the YouTube videos shared on an extreme 4chan image board are 
collected in order to check whether (and how) they have been removed by YouTube (OILAB, 
2019). The extent of the removal as well as the method (channel versus individual video mod-
eration) are revealed. Content moderation critique similarly uses traces to examine removal 
but also demotions and demonetisations.

Still another direction concerns a movement to new platforms such as ‘alt tech’, which are 
not as protective of their data and are also less moderated. Among other uses, these are desti-
nations for alternative users and those who have been deplatformed by mainstream media. As 
such, they more generally be considered a starting point for the study of another ‘splinternet’ 
(Malcomson, 2016), one that reflects domestic as well as larger culture wars. Thus, here, there 
would be a sensitivity to competing online grounds. Do these platforms, alone or in compari-
son with the mainstream, have particular research affordances that lend themselves to certain 
questions about societal trends over others? For example, does low content moderation coin-
cide with more extreme speech?

Another trajectory of research, post-APIcalypse, is the return of a variety of still techni-
cal approaches that forgo the API as well as the dashboard, particularly scraping. There is 
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the initial question of how to discuss the grey area of scraping as a scientific data collection 
technique when it breaks the terms of service or platform rules, albeit ones that are aimed at 
primarily protecting trade secrets and privacy concerns (Halavais, 2019) and may be unfair 
or unenforced in practice (Mancosu & Vegetti, 2020). Protection may be granted (in the US 
at least) for researchers auditing algorithms for discrimination or other rationales (Sandvig 
v. Sessions), especially if scraping, as the judge in the case had it, is viewed as ‘merely a 
technological advance’ that improves ease of use like using a voice recorder instead of only 
taking notes when interviewing (ACLU, 2018, p. 15). One proposal is to exhaust all means 
of platform-compliant data collection before resorting to scraping (Freelon, 2018). Another 
proposal (that complements the first) is to develop a scraping technique that protects user data 
(as well as the GDPR), without being a logged-in user (Mancosu & Vegetti, 2020).

When discussing the scraped data, it is of interest to acknowledge the type of online ground 
one is studying, given how the mode has shifted to the user view (interface data) rather than 
the developer view (API and dashboard data). Here there are competing online grounds. Each 
approaches the study of what is happening through a different window, in that one comprises 
what certainly has been served to the user (when logged in), whereas the other constitutes 
what has been boosted through user interactions as well as algorithmic scoring.

In such a discussion, it should be pointed out that online content is routinely optimised, be 
it through everyday user best practices (time-of-the-day considerations of when to post) to 
professional optimisation practices (analytics-driven content creation). These would deepen 
medium effects to an extent that they could not be removed or tamped down through the 
elaborate cleaning mentioned above or a reliance on the proximity and immediacy of the user 
mode view.

There are online data approaches that are not platform-driven, particularly sampling and 
collection-making that avoid platform-centric metrics (such as engagement). X/Twitter’s 1% 
and 10% random samples have been cases in point, as are the sampling sizes once built into 
Crimson Hexagon (10,000 tweets), which itself had access to X/Twitter’s rather exhaustive 
‘firehose’ (Bennett et al., 2018). An example of a collection would be all tweets posted by 
parliamentarians from 26 European countries (van Vliet et al., 2020). Each strives to orient 
any findings made away from discussions of medium effects. But both would also allow for 
the study of medium-shaping, such as the reliance on hashtags for demarcating online topic 
spaces or conversations, given their relatively slack use, or the extent to which retweeting is 
overdetermined by the use of a device such as Tweetdeck or another professional social media 
user interface rather than mobile phone or desktop use.

No matter the research and/or public interest (Scassa, 2019), decisions to undertake scraping 
are often precluded by the legal and ethical issues surrounding a ‘digital trespass’ (Chiauzzi 
& Wicks, 2019; Luscombe et al., 2022). Scraping is also being made more impracticable by 
social media companies’ compliance with new regulation – in Europe, the Digital Services 
Act – where some data access is granted to researchers after supplying academic credentials, 
a research proposal and an agreement to divulge one’s pre-publication for company scrutiny 
before academic publication. As these new APIs and clean rooms open to researchers, ques-
tions about data limits remain, as do concerns about the restrictive conditions under which 
platforms shape research.

One immediate effect of digital studies relying on company clean rooms like Meta’s would 
concern the kind of data retained. The data accompanying subsequent publications, placed in 
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data repositories and linked to the paper, presumably would be various forms of data about 
data (aggregates, metadata and paradata).

CONCLUSIONS: THE HEADY DAYS OF WEB DATA AND BEYOND

In a paper describing the new challenges to computational social sciences in the post-API age 
(Lazer et al., 2020), there is a discussion on building partnerships with industry, in order to 
avoid an adversarial relationship. Other contributions to the discussion of coming challenges, 
as mentioned above, concern how to conduct scraping, which arguably prepares the ground 
for such a relationship, for the data are no longer provided in consultation with or under the 
terms provided by social media companies. Unlike in the early work on digital sociology and 
recent discussions on digital epidemiology, as noted above, there is scant discussion of cutting 
the cord, so to speak, to social media data streams and developing other social data-collection 
capacity, though the steady stream of announcements of academics and other professional 
users leaving Elon Musk’s X/Twitter may portend a future slump in X/Twitter research data 
usage. Nevertheless, it is a research dependency that is acknowledged in proposals for aca-
demic-industry partnerships and recognised in (European) legislation and US pre-emptive 
lawsuits that call for data provision and protection for academic researchers who scrape the 
web.

While there may be such a dependency, it should be noted that there has been a sea change 
since the heady days of web data as societal data, at least as evidenced by the coincidence 
of the computational turn, the rise of big data, the abundant availability of ‘traces’ as well 
as the prospects of online groundedness itself more than a decade ago. Since then, there has 
been greater attention paid to medium effects than to repurposing, especially content mod-
eration and algorithmic boosting, as trace-despoiling rather than part of the organic medium 
environment. Of the post-API issues discussed above, most relate to the problems with social 
media data rather than the renewed prospects of doing social research with them, unless one 
emphasises an interest in ‘alt tech’ or other new platforms as well as the reliance on marketing 
data dashboards. With respect to the latter, a group of scholars, reacting to the new challenges, 
pointed out how their measurement cultures are robust (Wu et al., 2020), given the subscribers 
they serve (including government) and the audits they invite. Unlike social media companies, 
these marketing data firms do not have a stake in shaping the behaviour of their users.
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