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Perspectives on data science in Information Systems

1. Technical (Shi, et al., 2016; van der Aalst, 2016)

2. Management-oriented (Kane, 2014; Mikalef et al., 2020)

3. Performative (Aversa et al. 2018; Jones, 2019)

Data science = analytical skills + domain-specific knowledge

1 & 2 → Pre-factual view on data as ontologically separate from the practices of producing 
and managing them (Kitchin 2014)



In the backrooms of data 
science 

• A lot of work is performed in the backrooms of science 
to set up instrumentation and retrieve and curate the 
data (Shapin 1989; Barley & Bechky 1994)

• Still true for data science today: a lot of data work
• E.g. airline customer service, welfare, environmental 

research   

• Porous yet often overlooked boundaries between front-
stage analytics and backroom data work

• Data work is inherently collaborative, heterogeneous, 
involving various actors beyond analysts (Passi and 
Jackson 2018)

Picture credit: Shapin 1989



Data science in oil and gas

Finding oil = Working with new sensor data + historically accumulated data (incl. old interpretations)

The data are always inherently incomplete and epistemologically uncertain

Data preparation
Data managers, geoscientists, petroleum engineers…. 

Data analytics
Geoscientists (++ other disciplines)

D
at

a

D
ri

lli
n

g

Prospects 
(incl. risk analysis)



Data science in oil and gas

Data preparation
Data managers, geoscientists, petroleum 
engineers…. 

Data analytics
Geoscientists (++ other disciplines)

D
at

a

D
ri

lli
n

g

? Prospects 
(incl. risk analysis)



The backrooms of data science in oil and gas 
exploration and production: A lot of data work
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Ensuring data stewardship

• Work performed by data managers (DMs) or geoscientists, 
petroleum engineers depending on the company

• Tasked with responding (iteratively) to 
geoscientists/production engineers’ data requests

• Sometimes working in co-located groups (by the 
geoscientists) or alone (assigned to a drilling project or 
operational field)

• Experts with different backgrounds (HR, CS, accountancy, 
geosciences), but with strong disciplinary identity 



The context of data stewardship 
in the backrooms of oil and gas science

• The DM’s work unfolds against an evolving sociotechnical context: 

• Usefulness of data depends on the current understanding of the 
subsurface 

• Not all available data, but data most suited for the ongoing analyses

• Their work is ongoing and bidirectional, balancing:

• The work performed on the data so far

• What needs to be done with that data 

• Balancing concerns through two sets of practices:

• Getting the right data across myriad internal and shared systems 

• Getting the data right for further use based on available data and 
interpretations 



“I feel like an 
octopus!”: 
Getting the 
right data

• Understanding what the data will be used for

• “The problem is that sometimes the geoscientists don’t know what to ask for either because 
they don’t know what data are actually available and where.”

• Querying process emerges out of the dialogue between DMs and geoscientists/petroleum 
engineers

• DMs know the data ecosystems across myriad systems and services 

• “Are well core data available or not?… Sometimes we basically have to look through old 
drawers and filing cabinets to track [the samples] down!”

• Querying process is dependent on knowing where the data might be and who has worked with 
the data before

• Important byproducts of the activity of searching and formatting the data



“We’re like investigators of the chain 
of evidence”: Getting the data right 

• Assessing cross-platform consistency: setting parameters varies 
across systems and locations 

• “A deal of work is to check that the well data match the reference value, for 
example the correspondence between the drill floor and the water level [across the 
various platforms]...There are often [vendors] who perform the logging during the 
drilling phase. It also depends on where the data are generated, if in the British or 
in the Norwegian continental shelf, for example.”

• This work depends on learning to understand the context of data production

• Assessing data provenance: quality means different things in different 
contexts

• “What does 100% quality mean? And for whom? I am always skeptical toward QC 
flags. What I usually do is to download the data and see if there are problems.” 
“Our job is about establishing a conscious relation with the data

• This work depends on acquiring knowledge of how specific well loggings or seismic 
surveys are performed

• Understanding what data is possible to get hold of and with what 
quality is an important byproduct, too



Data work in data science

• Data work to make the data appear stable for data analytics activities 

• Data work is unruly in a longitudinal way as opposed to episodic 

• Dependent on the modes of acquiring knowledge (epistemological orientation) of 
the domain (hermeneutic in this case, see Frodeman 1995)

• The knowledge that data managers build over time through data work is 
fundamental to understand the possibilities and limitations of the available data
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Relevance 

• Data science is the backbone of several data-driven domains today, such as 
banking/finance, healthcare, transport industry (airlines): it is important to 
understand where decisions about the data are taken before planning for 
automation (see also Parmiggiani and Grisot 2020)

• Our findings are also significant for domains with large sets of sensor-generated 
data that are inherently underdetermined, such as the earth sciences, climate 
modeling, and the energy industry (see e.g. Oreskes et al. 1994)

• Need to mirror the cross-disciplinary and learning-by-doing nature of data work 
in data science already at the educational level (university, executive masters), 
including computer science, sociotechnical studies, and domain-relevant 
knowledge (cf. West and Portenoy 2016)
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Thanks ☺
Questions? 
Elena Parmiggiani (work done in collaboration with Thomas Østerlie and Petter 
Almklov)


