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Abstract 1 

 2 

In this paper I introduce the notion of participative epistemology and discuss how it can 3 

contribute to make social data science more accountable. I do so by offering the case of a 4 

project where ethnographic, computational and sequence analysis methods have been used 5 

in combination. By presenting here in greater detail research design and pilot results of a 6 

project using professional networking data to understand the careers of IT industry analysts, 7 

I suggest a view on the collaboration between data science and social science as coordinated 8 

labour. The application of participative epistemology to social data science is articulated in 9 

three points: (1) a more tactical view on the partnerships with commercial data where 10 

shared value system is not a pre-requisite for coordinated knowledge production; (2) an 11 

appreciation for complementarities in perspective between phenomenological sociology, 12 

expertise in computer science associated to digitalisation and the narrative positivism linked 13 

with the use of statistics and (3) a view on social data science as contributing empirical 14 

sociology with new sensitizing concepts, taking ethnography to reflectively address its own 15 

presuppositions. 16 

 17 

 18 
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 1 

Introduction 2 

In this paper I introduce the notion of participative epistemology and discuss how it can 3 

provide new sensitizing concepts to social data science. I do so by offering a first-person 4 

report of a project where ethnographic, computational and sequence analysis methods have 5 

been used in combination. By presenting here in greater detail research design and pilot 6 

results of a project using professional networking data to understand the careers of IT 7 

industry analysts, I suggest a new understanding of the collaboration between data science 8 

and social science based on a tactical view on research work with commercial data, an 9 

appreciation for complementarities in perspectives and a view on taking ethnography to 10 

reflectively address its own presuppositions. 11 

Overcoming a long-standing assumption whereby qualitative and quantitative research 12 

involve incompatible ways of reasoning about the world (Snow, 1959; Mahoney and Goertz, 13 

2006), a growing number of scholars (e.g., by Fiore-Silfvast & Neff, 2013; Elish & boyd, 2017; 14 

Kitchin, 2014) have furthered the discussion about ethnography’s relationship to data 15 

science, though much work has remained conceptual. 16 

While the debate in the social sciences raises some important issues on how qualitative and 17 

quantitative modes of inquiry complement one another, literature on mixed methods does 18 

not actively acknowledge the potential of other possible research practices beyond 19 

quantitative and qualitative approaches (Symonds & Gorard, 2010: 122). For example, it did 20 

not yet picked-up the challenges and opportunities of large-scale digital data and is 21 

therefore at risk of remaining trapped within an internal and obsolete distinction between 22 

qualitative and quantitative approaches (Blok and Pedersen 2014: 3).  23 

Work in computational social science has indicated that the next frontier of empirical 24 
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sociology is about unpacking latent regularities in observed patterns of association of social 1 

elements across contexts (Latour, 2010; Leonardi and Barley, 2008; Sandber and Tsoukas, 2 

2009). However, the interest in this field has so far concentrated on how computational 3 

approaches can complement dominant ideographic modes of enquiry (Gaskin, Berente, 4 

Lyytinen & Yoo, 2014).  5 

One limitation common to these discussions is that research combining ethnographic and 6 

data science approaches is still rare. Detailed, first-person narratives about research 7 

methods in this particular form of contemporary interdisciplinarity are hard to find (Sandvig 8 

& Hargittai, 2015: 2). The other gap is that so far data science benefits and limitations have 9 

been discussed mainly in relation to classical statistical techniques (Molina and Garip, 2019). 10 

This paper will put an accent on the case where the ‘two cultures’ (Snow 1959) are 11 

phenomenological sociology and data science (Collins 1984). Against the prediction that 12 

qualitative approaches alone can help identify case-specific idiosyncrasies (Leonardi, 2011; 13 

Pentland and Feldman, 2008), it describes how data science have a capacity to detect 14 

patterns related to less accessible informants, thus revealing that data gathered via 15 

ethnographic methods could be biased by dependency on specific gatekeepers. 16 

The paper contributes to epistemological scholarship in social data science by reversing the 17 

computational social science question and show what happens when social scientists 18 

directly contribute to data science by creating the dataset and the algorithm that processes 19 

it.  It also adds to mixed methods literature by extending its scope beyond the encounter of 20 

quantitative and qualitative methods. Using the lens of participative epistemology, it 21 

suggests a more tactical view of interdisciplinary collaboration as temporary joint work 22 

whereby participating epistemic regimes reflexively address their own presuppositions, 23 

focus on complementarity in perspectives beyond disciplinary antagonisms and create new 24 

forms of coordination with the ideological Other. 25 
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The paper is structured as follows. In the next section, I discuss existing attempts to 1 

articulate the relationship between social science and data science, finding that the debate 2 

is dominated by a preoccupation for the disruptions brought to empirical sociology by digital 3 

methods and new forms of data. Next I will discuss theoretical paradigms focusing on 4 

models of interdisciplinary integration and how these can be interpreted to guide 5 

collaboration between data science and social science. The project’s phases regarding 6 

selection of data sources and methodology will be then presented in ethnographic form, 7 

together with aspects of sampling and data processing as well as how ethnography, text-8 

mining and sequence analysis have been used in conjunction. In so doing, I propose to apply 9 

the notion of participative epistemology originally introduced by Heron and Reason (1997) 10 

to the new field of social data science. As a result of its application to the new field, the 11 

notion’s original purpose to bridge the subject-object divide is extended to develop a view 12 

on how research subjectivities can shape research design, an attention for the research 13 

object as co-participant in the research and a sensitivity for the object-relation regimes as 14 

having an agency in shaping research outcomes.  15 

In conclusion, I will discuss how the notion of participative epistemology can contribute to 16 

make social data science more accountable. 17 

Can social science contribute to data science from within? 18 

In this section, I take into account some of the most advanced accomplishments in the 19 

debate concerning the relationship between social science and data science, highlighting 20 

possible areas for further development. Following Sandvig and Hargittai (2015), I divide the 21 

review into two streams. One addresses digital sociology scholarship aiming at developing a 22 

sociological understanding of social data science. The other comprises work asking what 23 

social data science can add to traditional social science research methods and strategies.  24 
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In her recent book, Noortjie Marres (Marres, 2017) helpfully summarises the contribution of 1 

digital sociology scholarship aiming at developing a sociological understanding of social data 2 

science. Marres distinguishes three ways to discuss the social aspects of digital research: the 3 

techno-centric, the data-centric and the practice-centric (Marres, 2017: 58). In the first 4 

group are scholars claiming that social science should approach computational research by 5 

revealing the non-neutral aspect of digital platforms such as social media (Gillespie, 2010; 6 

van Dijck, 2013). In the second group, we have those who challenge the ‘naturalness’ of the 7 

data generated by digital platforms. Internet-generated data might give near real-time 8 

access to new social groupings (Housley et al., 2014). However, platform data are low-9 

fidelity in that they are said to be strongly marked by platform effects (Shaw, 2015) and 10 

exhibit non-representative samples (Duggan et al., 2015). Finally, we have social scientists 11 

whose preoccupations address the way digital technologies are used (Suchman, 1997; Slater, 12 

2002). Advocates of the practice-centred approach claim that features of digital technologies 13 

cannot be identified without considering how people use them.  14 

The second stream comprises work asking what social data science (and social media 15 

analysis in particular1) can add to traditional social science (Halfpenny & Procter, 2015). This 16 

line of inquiry is exemplified in research by Edwards and colleagues (Edwards et al., 2013). 17 

Here the authors plot the distinctiveness of social media analysis in relation to research 18 

strategy. Social media analysis is said to offer an extensive research strategy, as opposed to 19 

qualitative methods (such as ethnography) that represent a more intensive strategy. The 20 

possibility to capture data in real time at the level of population and on an ongoing basis 21 

makes social media more processual than survey-based or experimental approaches (Sayer, 22 

																																																								
1 Reference to social media data seems to narrow down the social data science field substantially. Indeed Metzler 
(2016) survey of Big Data research in the social sciences found that, out of 3077 respondents just over half (1690) 
had most recently used administrative data, 927 used social media data, and 697 used commercial/propriety 
data. The reason to focus the literature review on this type of new and emerging form of data is that the project 
described in the paper uses social media data. 
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1992). The authors then move on to ask what social media analysis can do for social research 1 

in terms of either replacing, complementing or re-orienting what Mills defined ‘sociological 2 

imagination’ (Mills, 1959).  3 

While the two dominant streams in the literature aim respectively at developing a 4 

sociological understanding of social data science and at asking what social data science can 5 

add to traditional social science, with this paper I want to bring the debate forward and ask 6 

what happens when social scientists directly contribute as well as observing data science 7 

projects.  8 

Participative Epistemology 9 

Candidate concepts to frame the epistemic trouble (Marres and Weltevrede, 2015) 10 

generated by the encounter of social and data science are consilience (Wilson, 1998), 11 

abduction (as in Kitchin, 2014) and symphonic social science (Halford & Savage, 2017).  12 

Consilience – i.e. convergence of evidence from multiple, independent, and unrelated 13 

sources, leading to strong conclusions - is gradually gaining currency in the field of social 14 

data science after being proposed by George, Haas & Pentland (2014) in their editorial 15 

article of Academy of Management Journal on Big Data and Management. Quoting from 16 

Wilson they say: "The  Consilience  of Inductions  takes  place  when  an Induction, obtained 17 

from one  class of facts, coincides with an Induction, obtained from  another different class.  18 

This  Consilience  is  a  test of the  truth  of the Theory in which it occurs." (Wilson, 1998).  19 

This call for multiple forms of knowledge construction in data science is complemented by 20 

Kitchin’s claim for abductive reasoning in big data analytics (Kitchin, 2014). Beyond inductive 21 

or deductive approaches, abductive reasoning focuses on the unfolding interplay between 22 

data, method and theory. In this approach, if theory and methods are initially framing 23 

analysis, data are used to feed-back into the initial framework, making the interpretation 24 
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process iterative.  1 

The symphonic social science approach put forward by Halford and Savage (Halford & 2 

Savage, 2017) summarises these ideas in a claim for overcoming skepticism about big data 3 

analytics, thus liberating sociology from its defensive position. The approach suggests an 4 

end-to-end model of disciplinary integration, with a particular focus on data visualisation as 5 

a means for data to resurface at different points in the research process (Healey & Moody, 6 

2014). 7 

In this paper, I expand this repertoire of concepts by introducing the term participative 8 

epistemology (Heron and Reason, 1997). Participative epistemology is an empiricist notion 9 

of knowledge production whereby all those involved in the research endeavor (i.e. theories, 10 

methods, epistemic objects and subjects) are seen as both co-researchers, whose agency 11 

contributes to generating ideas, designing and managing the project, and drawing 12 

conclusions; and also co-subjects, participating in the activity that is being researched.  13 

Incorporating an attention for the experiential aspects of knowledge production, the notion 14 

of participative epistemology extends existing notions by looking at research subjects and 15 

their intellectual agendas. Most of the authors who have recently written about digital social 16 

research fail indeed to remember—or intentionally omit from their accounts—what they 17 

were doing in their research before the digital as if it was an incoherence. This intellectual 18 

oblivion contributes to construe data science as the bearer of epochal change in social 19 

research, an epistemological posture that in itself contributes to make the very notion of 20 

social data science unsettling for most sociology scholars, historically not prone to a rapidly 21 

moving research front (Collins 1994). If the goal is to act upon a situation in social data 22 

science that Bartlett et al. (2018) describe as ‘98% computer scientists and 2% sociologists’, 23 

a more promising approach is to consider the theoretical, epistemological and ontological 24 

sensibilities that might be involved in a commitment to digital data analysis.  25 
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As proposed by Heron and Reason (1997), participative epistemology refers to multiple 1 

modes of knowing. It suggests to look closely at ways of knowing in practice attending to the 2 

interdependences between for example the ethnographic and the computational as 3 

opposed to supposedly significant epistemological divisions. Furthermore, due to concerns 4 

associated with a defense of academic autonomy, few projects have been realised with the 5 

ideological Other, that is, commercial data. With participative epistemology, the emphasis is 6 

primarily on temporary joint epistemic work. Due to its post-social character (Knorr Cetina, 7 

1997), it does not regard shared value systems as a necessary prerequisite of coordinated 8 

knowledge production. 9 

By bringing forward an attention for the dialectical enactment of meaning, the concept of 10 

participative epistemology contributes to a new understanding of social data science by 11 

empirically exploring the tension between qualitative, statistical and computational methods 12 

when they co-occur in the same study. Although the issue of when one can say that methods 13 

actually co-occur is a tricky one4, the significance of the notion of participative epistemology 14 

lies in recognizing the reflexive and relational nature of the encounter of methodological 15 

practices as an unscripted element of the research endeavor. As Barad (2007) suggests, with 16 

coordinated research work it becomes methodologically fruitless to delineate in advance 17 

distinct tasks, inputs and division of labor for ‘data scientists’ or ‘social scientists’.  18 

I start by describing the processual aspect of participative epistemology i.e. how research 19 

questions in social data science have often a career, with antecedents within the personal 20 

agendas of the research participants and as part of a wider cross-disciplinary dialogue.  21 

																																																								
4 Take for example the Copenhagen Social Networks Study described by Blok and Pedersen (Blok and Pedersen 
2014). There, an interdisciplinary group of more than 25 scientists attempted to understand social interaction 
among the freshmen class (N > 1000) of the Danish Technical University. In the project, the digital mapping of 
social media interactions and the ethnographic fieldwork took place in two separate work-packages. Tellingly, the 
notion of complementarity the two authors take from Bohr suggests ‘the information regarding the behaviour of 
one and the same object’ to be taken ‘under mutually exclusive experimental settings’ (Bohr 1957 [1938], 
translated by Blok and Pedersen 2014). 
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In each of the following three sections, the content of single techniques and the resulting 1 

data are discussed in as much detail as necessary to make the case study a convincing 2 

example of participatory epistemology. For more on each single method and the substantive 3 

aspects of the project please refer to [anonymized reference] and the supplementary 4 

material provided online7.  5 

Epistemic subjects, commercial sociology and para-ethnography 6 

Contributing to develop the first extended academic study of IT industry analysts 7 

(anonymized references), I came to this project after having completed over thirty 8 

interviews, undertaken over 100 hours of observation at conferences, listened and 9 

participated in more than 20 webinars and after having engaged in dozens of informal 10 

discussions with IT industry analysts. The aim of my involvement was to see how the 11 

collective study of career data crawled from the web could generate additional insights to 12 

one of the fundamental questions deriving from the antecedent ethnographic study: how do 13 

people become IT industry analysts? Given the absence of institutionalised 14 

professionalization systems - i.e. regulated career progression - could large volumes of 15 

internet-generated data concerning work experience help understand how IT analysts gain 16 

the credibility that makes their expertise so highly reputed? The ethnographic study I 17 

contributed to carry out (anonymized references) pointed out that IT industry analysts in 18 

their career go through ‘distinctive transitions’. People come to be industry analyst (i) after 19 

heavy industrial experience in the IT field or (ii) after a career in market research and 20 

technical publishing (anonymized reference). The aim of the collaboration was for me to test 21 

this conjecture emerging from qualitative fieldwork by using a larger internet-generated 22 

digital dataset.  23 

																																																								
7 [link to IJSRM website]. For additional detail on the project you can visit the Text Mining Careers website at: 
http://www.stis.ed.ac.uk/research/projects/current_projects/text_mining_careers 
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Another conjecture emerging from interviews was that IT analysts consider establishing a 1 

one-person ‘star-analyst’ company as the pinnacle of their career: it offers comparable 2 

earnings and more autonomy than a job in the biggest companies. I wanted to seek 3 

confirmation whether once having joined top companies analysts tend to remain and exploit 4 

the reach offered by their position or prefer to trade their expertise independently, as the 5 

conjecture from the ethnographic study suggested.  6 

To answer these questions, I entered a collaboration with a team of computer scientists who 7 

had previously developed software capable of processing textual CV data. At the time, the 8 

idea was that we could parse IT analysts CVs found on the web to yield information on the 9 

development of industry analysts careers.  10 

When returning to the field and mentioning this idea to my informants, I was made aware of 11 

the existence of a dataset maintained by an US based Analyst Relations firm that records 12 

career data of all known industry analysts, including the URL to their LinkedIn profile. The 13 

dataset sorted analysts based on their ‘power’ - i.e. how many times clients interact with 14 

them - and coverage, i.e. what industry they analyse. With the help of text mining 15 

techniques, the team could then process the analyst career data from the industrial dataset, 16 

including the LinkedIn experience section, to extract data referring to the different jobs each 17 

analyst held i.e. job title, the company where the job was based and the date range of the 18 

job8.  19 

The aspect of participative epistemology I want to discuss in this section is the interaction of 20 

the researcher with ‘commercial sociology’ (Burrows and Gane, 2006), represented in our 21 

case by the industrial dataset and its ‘power 100’ metric. By commercial sociology Burrows 22 

																																																								
8 For more information regarding the text mining technique used to extract job elements from the dataset please 
refer to the online supplementary material at [link to IJSRM website]. More detail on how the data has been 
prepared for sequence analysis is provided in the next section. 
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and Gane (2006) mean innovations in research methods occurring within large commercial 1 

organisations becoming aware of the potential of data generated as a digital by-product of 2 

routine transactions. Together with granting access to their database, the company curating 3 

analyst profiles provided the team with a ranking based on analysts’ ‘power’. This ranking is 4 

generated from transactional data on how many times analyst profiles were visited by users. 5 

It was at that point that a PhD student at Edinburgh University who was also an IT analyst 6 

professional joined the team. Being familiar with the data and the project’s research 7 

question, he helped identify some biases when the ‘power’ metric is used to sample the 8 

most successful analysts.  9 

Being designed for a recommendation system, the metric excluded all analysts who were 10 

not involved in client business. It was found for example that Peter Sondergaard, the most 11 

prestigious analyst of the largest analyst firm in the industry9, was not in the list of ‘power 12 

100’ for the simple reason that, as many other ‘star’ analysts, he does not operate client-13 

business. In other words, the new team member helped show that the question I inherited 14 

from the antecedent ethnographic project and the one inscribed in the commercial dataset 15 

were different. However, rather than simply considering it a biased assessment of influence, 16 

the ‘Power 100’ algorithm has been used to complement indicators of career outcome 17 

derived from other approaches10.  18 

The advent of applied research is generally seen is contrast to aspects of disciplinary 19 

epistemology that tend to be associated with a defense of academic autonomy. The danger 20 

for the ethnographer is to become too involved in the community under study (in my case 21 

industry analysts), especially when “natives” see commercial value in research results. Losing 22 

																																																								
9 Gartner is the largest Industry Analyst firm. Founded in 1979 by Gideon Gartner, employs more than 4,000 
offices in over 80 countries and has a market value of $ 2.5 bn. 
10 Other indicators of career outcome used in the project have been the one-person ‘star-analyst’ conjecture 
derived from the ethnographic work, job titles  (e.g CEO) as captured by text mining and career length as made 
apparent by sequence analysis. 
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objectivity and distance has been a well-rehearsed topic in the literature (O’Reilly, 2009). 1 

The notion of participative epistemology helps describe the less common case where natives 2 

are themselves cogent in studying each other in the very same terms as the ethnographer is 3 

(and producing research about it) or when indeed the informant, as in our case, lost his own 4 

distance to become an academic (i.e. by undertaking a PhD). In cases like this, where 5 

fortunate collaborations with the domain expert allow delving deeper into the sorting 6 

algorithm, use of commercial data does not straightforwardly lead to a reduction of the 7 

autonomy or significance of empirical research. It can equally lead to new types of 8 

autonomy being created. Holmes and Marcus (2005) coin the term ‘para-ethnography’ for 9 

this situation, arguing that it entails a particular form of collaboration where expert 10 

informants become indeed ‘epistemic partners’ and their locally produced discourse can be 11 

taken to advance scholarly debate. This has been apparent in our project when the analyst 12 

relations company offered the ‘Power 100’ metric to complement alternative theories on 13 

career outcome linked with the use of ethnography, computational and sequence methods.  14 

The agency of the research object, computational methods and wild interdisciplinarity 15 

In this section, I focus on a second aspect of participative epistemology and describe the 16 

relationship between multiple modes of knowing when observed in practice. I address in 17 

particular the epistemological convergences between the computational and the 18 

ethnographic approach.  19 

The default problem for ethnographic engagements with data science is the opacity of 20 

computational practice (Jaton, 2017). Algorithms and statistical models present themselves 21 

to the researcher as black boxes (Seaver, 2017). In this respect, a novel aspect in this study is 22 

access. Fortunate experiences of collaboration and a positioning in the team as the holder of 23 
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“ground truth”11 meant that in this case coding practice were fully disclosed to me. As part 1 

of long and exhausting sessions in which I was literally sitting side by side and sharing the R 2 

environment screen, I was able to attend the day-by-day production of code that led to the 3 

analysis. Whether in Bristol, London or Edinburgh the request was that code would only be 4 

developed in my presence. By asking questions and checking every decision I became 5 

acquainted to how a computer scientist thinks and how a quantitative scholar would 6 

approach the uncertainties of research design.  7 

Differently from many applied research ventures where the ethnographer is built into a pre-8 

defined technological project to provide for lack of ‘social factor’ (Marcus 2002) or ‘real 9 

world’ problems (Doubleday, 2007: 173), my particular positioning in this collaboration 10 

meant I had the chance to affect the conduct of the computational and statistical 11 

operations. This also meant a risk for the ethnographer of losing direction in the interaction 12 

with computational ways of knowing. Combined with the danger of becoming too involved 13 

in the community under study - as described in the previous section, this arguably rose the 14 

set of challenges to a level that Goulden et al. (2017) would define ‘wild interdisciplinarity’. 15 

However when observed in practice, the ethnographic and the computational approaches 16 

are divided by small differences in orientation and not by any significant epistemological 17 

chasm13. As Di Maggio puts it (Di Maggio, 2015) when it comes to supervised machine 18 

learning, computer scientists are highly reliant on human judgment and call “golden 19 

standard” the human curated training set. In our case, when drastic decisions about curating 20 

corpora had to be taken, collaboration between perspectives resulted in a preoccupation for 21 

these decisions to be supported by strong empirical arguments without sacrificing 22 

																																																								
11 In machine learning parlance, "ground truth" refers to the accuracy of the training set's classification for 
supervised learning techniques. This is used in statistical models to prove or disprove research hypotheses. 
13 Ours and the projects discussed by Di Maggio (2015) have in common that the computational approach is 
utilized in projects including an ethnographic element. As noted in the remainder of the paper, a similar 
observation would not necessarily apply when computational and ethnographic methods are applied individually 
in different projects. 
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computational advantages. In what follow I make the example of a decision the team had to 1 

take when processing company names. 2 

As noted in careers literature, the ideal-typical career is the rarest of all (Rosenbaum, 1979). 3 

Contrasting conjectures on the role of education (Bidwell and Briscoe, 2011), professional 4 

background (Berger, 2016) and on-the- job training (Hu, 2003; Abbott, 1998) seem to 5 

confirm that job histories in the IT sector are even more erratic. A high degree of variance 6 

has been indeed apparent in our data from the outset: with nearly five hundred company 7 

names and more that 1,500 job titles for only few hundred analyst profiles15, a simplified 8 

categorisation has been the approach adopted by the team to produce sequences with 9 

identifiable patterns. Having conducted extensive ethnographic research, however, I could 10 

appraise every step of data processing through what I learnt from informants (i.e. IT 11 

analysts) during fieldwork.  12 

In consultation with the IT analyst who joined the team, it was suggested that categorization 13 

of companies would be based on size and seniority. Size would result from how many times 14 

the company was mentioned in the data sample. Seniority was determined based on the 15 

average length of time since joining. I expected that operationalizing size in this way would 16 

confirm evidence from the previous ethnographic study of a few companies dominating the 17 

market. It was found indeed that the outcome of the supervised model matched fieldwork 18 

evidence of few companies dominating the IT industry: the three companies that were 19 

mentioned most frequently in the data where Gartner, Forrester and IDC (the three largest 20 

companies in the industry).  21 

Another productive difference in orientation that emerged in data pre-processing concerned 22 

the degree of obsession put in data curation. While the computer scientist relied more on 23 

																																																								
15 In the pilot we analysed 332 analyst profiles, including the 100 ‘power’ analysts and 33 analysts whose job title 
was CEO. From the initial sample, 259 remained after filtering out profiles without any Industry Analyst company 
in them as well as eliminating duplicates. 
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algorithmic solutions, my preoccupation was for complex human judgement to be modelled 1 

at the cost of lengthy cross-checking exercises of data curation.  2 

This was evident in the case of seniority categorisation of companies, based on when in the 3 

career people join them. As well as with an interest for ‘distinctive transitions’, I came to this 4 

project with a view to extend the inquiry to a typology of industry analysts – those in smaller 5 

or one-person analyst houses – that are less likely to be reached at the industry events 6 

where I used to do most of my interviews. Distinguishing by seniority as well as by size 7 

would allow to capture which companies analysts form or join when they want to trade their 8 

expertise outside the ‘Big Three’. Three further categories of companies were therefore 9 

created (oldest, old, new) based on when in the career analysts joined them16.  10 

Career data from the ‘Power 100’ analyst sample evidenced that nearly all moves out of 11 

larger companies to establish a one-person company occurred in that sub-set. Although the 12 

evidence was not statistically significant17, it matched the conjecture from the empirical 13 

fieldwork that practitioners consider establishing a one-person 'star-analyst' company as the 14 

pinnacle of a career. For that reason, I wanted our career model to capture it.  15 

By doing so I was perhaps programming in the data the expected pattern ahead of time i.e. I 16 

was making a typology of company (i.e. a small company appearing after the Big Three) 17 

more indicative than others of positive career outcome based on our external judgment as 18 

opposed to letting the data find the correlation i.e. via job titles.  19 

One key decision with data science projects is the target given to the classifier i.e. in this 20 

case, what counts as success in a career. Although coming with an attractive aura of 21 

neutrality in that it does not apparently require any human judgement, letting the data find 22 

																																																								
16 For more information on categorization please refer to Annex 1 in the online supplementary material. 
17 A pattern that seems to appear in the ‘Power 100’ sample is what we call ‘personal portfolio’: a move out of 
larger companies to establish one’s own one-person company. Out of our 259 analysts in the pilot, 19 have done 
a move out of the big three and ‘up’ to a small company that more often occurs later in a career. Notably, nearly 
all these types of moves (16 out of 19) are accomplished by analysts in the ‘Power 100’ sample. 
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the correlation would actually mean in this case giving unjustified preferential treatment to 1 

careers in companies that are hierarchical enough to land employees the highest job titles 2 

e.g. CEO. 3 

Inscribing social sensibilities in data pre-processing made sure that a variety of targets were 4 

given to the classifier including the ‘power 100’ algorithm introduced in the earlier section 5 

and the conjecture about one-person companies from the ethnographic fieldwork. The 6 

consequence of this was that the locus of legitimate interpretation was more evenly 7 

distributed across the participating epistemic regimes as opposed to being fixated in what 8 

was inscribed in the data.  9 

Experimental entanglements and the retrospective character of ethnographic methods 10 

The third element of participative epistemology is that of observing the interaction between 11 

what Knorr Cetina refers to as object-relation regime (Knorr Cetina, 1999) i.e. the interaction 12 

between the project’s object of research (i.e.careers) and methodology (i.e. sequence 13 

analysis) in close-up. In this section I describe two examples of the object-method 14 

interaction from this perspective. In the first I show how the distinctive transitions 15 

conjecture originating from the ethnographic study had to be adapted - rather than simply 16 

tested – as a result of approaching it with a different method. In the second, I refer to how 17 

sequence analysis not only contributed to the study by requiring an adaptation of the 18 

original research question. It also helped evidencing how that question was not so relevant 19 

to understand contemporary analyst careers, thus helping reveal the unconscious bias in the 20 

ethnographic approach. Revelations such as these are addressed as examples of how 21 

methodologies inflect the understanding of the research object in unplanned ways.  22 

In addition to the ethnographer, the computer scientist and the domain expert, the team 23 

also included a researcher with expertise in life course events, including job-related events. 24 

He suggested the analysis of IT industry analyst careers to be carried out using the TramineR 25 
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package. TraMineR is a R-package for mining and visualizing sequences of categorical data 1 

(Gabadinho et al., 2011): a popular methodology in career studies (Abbott, 1995; for an 2 

historical review see Rosenfeld, 1992).  3 

As described in the previous section the ethnographic approach helped identify and include 4 

in our career model patterns that would be otherwise lost in a purely algorithmic search for 5 

statistically significant results. For example, the decision to give a central importance to few 6 

key career moves in top analyst careers was informed by findings from the ethnographic 7 

study about what practitioners conceive as being the pinnacle of an analyst career. 8 

However, more extended perspectives on the phenomenon such as those made possible by 9 

the use of sequence analysis contributed to reveal biases ingrained in the ethnographic 10 

approach.  11 

Using a sub-sample of random analysts as the reference group, the idea was to use 12 

sequence analysis to see if there was a pattern in top industry analysts’ careers that was 13 

different in terms of provenance or career pathway from other typologies of analysts. In 14 

order to do so, a set of 100 random analysts was collected to compare and contrast with top 15 

analysts (i.e. ‘power’ analysts as they were indicated in the ‘Power 100’ metric). For each 16 

profile, we exported job title, the company where the job was based and the date range of 17 

the job. By turning analyst profiles into job sequences, we could test the distinctive 18 

transition hypothesis (i.e. that the IT and the market research industries are the main 19 

feeders to the analyst industry) and find an answer to the question on the role of smaller 20 

analyst houses.  21 

As the team approached the data with sequence analysis however, some difficulties 22 

emerged.  The conjecture from the relatively limited set of interview data was indeed that 23 

the IT and the market research industries were the main feeders for the analyst industry. 24 

However, the data mined from analyst profiles showed that analysts have worked for so 25 
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many different companies before taking up an analyst job. Taking away those who started 1 

their career directly from an analyst company, it was nearly one company per worker. 2 

Together with lack of authoritative lists of companies in feeder industries, it meant the team 3 

would struggle to find any meaningful result in the data as to where (which industry) people 4 

worked before taking an analyst job. The resulting decision was to collapse all possible states 5 

concerning jobs in a non-analyst company into one single state (irrespective to company size 6 

or seniority)18. This is one of the many evidences in our project of what Barad calls 7 

‘experimental entanglements’ (Barad 2007: 148): knowledge comes after—and not before—8 

awkward mixtures of methods and object–relation relationships. 9 

Figure 1 10 
 11 

 

 
Legend:  
Purple = Jobs in non-analyst companies 
Yellow = Jobs in smaller analyst houses 
Green = jobs in Big Three analyst houses 
Orange = jobs in one-man analyst houses 
Grey = no data. 

 

 12 
Figure 1: This visualization represents careers started before 1990. Horizontal axis represents time from 13 
beginning of career to time of the analysis. The vertical axis represents number of sequences. Careers are sorted 14 
from longer (no 1 at the bottom of the data region) to shorter (no 84 at the top). 15 
 16 

However, as well as difficulties, the use of sequence analysis brought some unexpected 17 

revelations and contributed to reveal biases ingrained in the retrospective character of the 18 

ethnographic approach. By not assuming any privileged view on careers and by accepting for 19 

practical purposes to represent them as mechanical situations, more extended perspectives 20 

																																																								
18 For more detail on company categorization please refer to Appendix 2 in the online supplementary material. 
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on the phenomenon were possible and the team could now compare the evolution of IT 1 

industry analyst careers over a longer timeframe. For example, two plots were generated to 2 

contrast careers started after 2000 with careers started before 1990. The visual contrast 3 

showed a stark difference in the distribution of jobs over time. While in careers starting 4 

before 1990 the prevalent strategy was to access the analyst industry after having spent 5 

considerable time in other industries (see Figure 1), the trend seemed to have changed with 6 

careers beginning after 2000, with many more starting directly in the analyst industry (see 7 

Figure 2). By showing that more and more analysts start their career directly in the industry, 8 

the use of sequence analysis defused concerns for distinctive transitions that seemed a 9 

rather central research theme when looking at interview data. It emerged that many early-10 

career analysts start their career directly in the analyst industry. This means that looking at 11 

career moves between companies within the industry could reveal as much about outcome 12 

as our initial focus on “distinctive transitions”. 13 

Figure 2 14 
 15 

 

Legend:  
Purple = Jobs in non-analyst 
companies 
Yellow = Jobs in smaller analyst 
houses 
Green = jobs in Big Three analyst 
houses 
Orange = jobs in one-man analyst 
houses 
Grey = no data 

 16 
Figure 2: This visualization represents careers started after 2000. Horizontal axis represents time from beginning 17 
of career to time of the analysis. The vertical axis represents number of sequences. Careers are sorted from 18 
longer (no 1 at the bottom of the data region) to shorter (no 67 at the top) to facilitate pattern identification. 19 

 20 
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This example stands to demonstrate that the initial focus on distinctive transitions in the 1 

ethnographic approach was perhaps dependent upon conversations with the more 2 

experienced informants that were, for reasons of expertise or seniority, more likely to 3 

interact with the fieldworker. For this reason the ethnographic approach could give 4 

unjustified additional relevance to factors found in longer careers. 5 

 6 

Social Data Science as coordinated research labour 7 

The aim of this paper has been to show how a participative epistemology perspective can 8 

provide a first-person, grounded account of social data science projects as coordinated 9 

research labour, looking at what endures as much as on what changes over time across 10 

contexts of temporary joint epistemic work (Housley and Smith 2017).  In conclusion I want 11 

to make a more general point and discuss how this approach can help make social data 12 

science more accountable. 13 

It is apparent even to its own proponents that data science is at a point where a study of its 14 

own ways of working is desperately needed (Rahwan et al., 2019). It is often stated that a 15 

unique feature of new intelligent machines is that the same scientists who have created 16 

artificial intelligent agents cannot fully anticipate their behaviours. On closer inspection, the 17 

data science narrative around fear of the potential loss of human oversight over intelligent 18 

machines may be seen as reproducing a methodological disengagement that tends to 19 

obscure the intentionality and the responsibility that the algorithm designers have. 20 

Being open to the association of a wider set of modes of knowing including the more 21 

reflective contribution of qualitative social sciences approaches, a participative epistemology 22 

account can help recognise the ideational and institutional matrix in which algorithm 23 

performance is embedded thus responding to the need of a more accountable data science.  24 
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In order for the approach to work, the paper showed that three assumptions that currently 1 

dominate our understandings of the logics of ethnography involvement in data science 2 

should be overcome. These assumptions are: (i) a shared value system is a pre-requisite for 3 

coordinated knowledge production; (ii) differences in perspective between the disciplinary 4 

approaches represent permanent epistemological divides and (iii) methodological 5 

presuppositions remain the same when they interact in the same project. 6 

 7 
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