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The data traces we increasingly leave behind through interactions with information technology 
are being integrated into public health practice for continuous real-time monitoring and decision-
making in a process of datafication. While previous research suggests there are challenges in 
producing and moving representations, datafication relies on reusing data primarily intended for 
a different purpose. This raises the question of how data is made to work in new contexts with 
datafication. Hence, this thesis unpacks how datafication is accomplished and how it becomes 
an authoritative account in public health practice. 

The dissertation is based on a qualitative study of two different syndromic surveillance 
systems based on datafication in the context of public health surveillance, with data generated 
from citizens’ health information seeking via a website and a phone medical advice line. The 
study follows the development and use of the syndromic surveillance systems, primarily based 
on participant observation of the developers who work with the software for analysing and 
visualizing illness using both types of data. The study is also based on participant observation 
during weekly meetings of public health practitioners, for whom the two surveillance systems 
factor into national influenza surveillance. 

Grounded primarily in Isabelle Stengers’ reading of Alfred North Whitehead, this dissertation 
contributes to the understanding of how data-driven phenomena play out in practice, in particular 
on datafication in the domain of public health. It offers a conceptualization of how comparison 
is accomplished with datafication, by the establishment of a datafication rapport. Drawing on 
valuation studies, the study shows how value is attributed to datafication in multiple registers. It 
also highlights the mutability of valuations and the care involved in making datafication work. 

Datafication rapport is further articulated in relation to public health surveillance with two 
concepts. Firstly, patchwork data narration conceptualizes how comparability is accomplished 
in practice with datafication, in the face of challenges such as ambiguities in data provenance, 
and in how data is accessed and generated. Secondly, asymmetric de/serialization highlights 
the dynamics in the relationship to the data provider and that datafication is an accomplishment 
which unfolds over time. 
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1. Introduction 

Our physical health can be continuously monitored in real time and anomalies 
instantly detected using personalized artificial intelligence. The systems signal 
automatically when preventative measures or healthcare are needed. The indi-
vidual will develop towards being able to take control over their own health 
with their personal connected health system, where the doctor still plays an 
important role, although primarily as an advisor and problem solver when 
needed (Digitaliseringskommissionen, 2016, p. 165).1 

 

Big data is dramatically improving infectious disease surveillance, and we es-
timate that low-income cities could reduce DALYs by another 5 percent by 
implementing these systems. Health officials can stay a step ahead of fast-
moving epidemics by tracking new cases in real time. This may involve mon-
itoring social media, Internet searches, and even cellphone usage – and the 
tools are becoming more sophisticated (McKinsey Global Institute, 2018, p. 
52).2 

 
Data has become central to many sociotechnical visions of the future of 

healthcare and public health. In Sweden and in many other countries with a 

rising proportion of elderly, there are concerns for how increasing healthcare 

and care service costs are to be managed. The imagined solutions to the antic-

ipated challenges facing the future healthcare system and public health are 

often centred on the idea of making use of proliferating data. One such solu-

tion imagines homes augmented with information technology, which will al-

low a shift in the locus of healthcare provision away from hospitals. Self-care 

is made possible with the help of support and advice at a distance, enabled by 

tools such as social media and sensors (EHälsa i Hemmet, 2014). Furthermore, 

the increasing intertwinement of information technology in everyday life is 

going to be leveraged for public health disease surveillance. The quotations 

above are illustrative of the hope that is attributed to real-time monitoring and 

decision-making in future healthcare and public health, often propelled by the 

greater availability of data. These imagined changes in the provision of 

healthcare are related to broader ideas on digitalization and the idea of a data-

                               
1 Quotation from a scenario for Sweden 2030 developed by Claudia Olsson, Exponential Hold-
ing AB for Digitaliseringskommissionen. My translation. 
2 DALY, or disability-adjusted life year, quantifies the burden of disease from mortality and 
morbidity. 
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driven society, which are expected to have widespread implications for indi-

viduals and society, ranging from individualized services to increased effi-

ciency in the public sector, as well as increased transparency (Digitalisering-

skommissionen, 2016). Real-time tracking based on data generated by 

smartphones and social media is said to offer a possibility to ‘stay a step ahead 

of fast-moving epidemics’ (McKinsey Global Institute, 2018, p. 52). 

The representation of people and their health status in terms of data is by 

no means a new phenomenon. For example, self-knowledge through metrics 

and the agency to manage one’s ideal weight with the help of a weight scale 

can be traced back to the nineteenth century (Crawford et al., 2015). Similarly, 

infectious disease epidemiology has spent over 200 years thinking about pop-

ulations in terms of data, ‘responding to emerging infectious disease threats 

and controlling endemic diseases in populations by supporting assumptions 

and actions by data’ (Höhle, 2017, p. 1). 

However, the ubiquity of data generation in the form of data traces when 

healthcare services and self-care are supported by information communication 

technology presents a novel situation. A data trace is a digital representation 

that results from an information technology mediated activity. The increase in 

health-related data is in part due to the data traces left behind from our inter-

actions with healthcare professionals who rely on electronic health records in 

their work (Bossen et al., 2016). Another shift in how and where data is gen-

erated is associated with the embedding of sensors in everyday objects. In 

2020, the Fitbit community reached 28 million active users (Gibbs, 2020) and 

there are tens of billions of internet of things connected devices (Vailshery, 

2021). According to a survey of internet use in Sweden by the Internet Foun-

dation, 96 per cent of the population used the internet before the Covid-19 

pandemic, and of these nine in ten were social media users (Internetstiftelsen, 

2020). Our lives are increasingly mediated by computational artefacts (Yoo, 

2010) as our relationships to other people are maintained through social media 

and activity trackers monitor our own physical activity. We are producing data 

traces just by going about our daily activities. 

The ‘personal connected health system’ described in the epigraph is illus-

trative of new ways of being in the world on various online platforms and 

surrounded by sensors, where representations of ourselves are continuously 

created and recreated, making it possible to monitor us in real time. This vision 

is becoming a reality as data traces related to care and self-care are already 

being enrolled in various data-driven modes of real-time monitoring and man-

agement of health at both individual and population levels. 

A form of self-care practice that produces a data trace, and is becoming 

increasingly common, is the use of sensors in self-care and management of 

chronic conditions such as diabetes (Kaziunas et al., 2017). Moreover, with 

internet use becoming an integrated part of many people’s everyday life, using 
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the internet for obtaining health information and engaging in self-care3 is by 

now an established practice (Nettleton et al., 2005; Williams et al., 2003). 

Searching for health information online also exemplifies a kind of data trace 

consisting of search terms and their distribution over time, which can be stored 

in the user’s web browser as well as in the search engine’s databases. Infode-

miology4 is an example of how such web search traces, which often consist of 

symptoms, are being used to monitor populations to gauge whether a potential 

outbreak might require a public health intervention (Eysenbach, 2006). 

Voices expounding the potential and wide-ranging impact of the prolifer-

ating data in a data-driven society are in no short supply, and as Bowker ob-

serves: ‘The end of theory is being proclaimed on multiple fronts, and big data 

has a lot to do with it’ (Bowker, 2014, p. 1795). In 2013 the New York Times 

columnist David Brooks coined the term dataism to capture a rising philoso-

phy that assumes ‘that everything that can be measured should be measured; 

that data is a transparent and reliable lens that allows us to filter out emotion-

alism and ideology; that data will help us do remarkable things – like foretell 

the future’ (Brooks, 2013). 

The focus of this thesis is on processes with a more humble agenda than 

emptying our models of theoretical assumptions or attempting to measure eve-

rything. Sweeping proclamations notwithstanding, as I will outline in the next 

section, there is a shift in the kind of data that is being used in public health 

practice that deserves the attention of information systems research. This 

study takes as a point of departure that ‘data are partial and contingent and are 

brought into being through situated practices of conceptualization, recording 

and use’ (Jones, 2018, p. 3) and shows how data-driven solutions are adopted 

and valued in the context of public health surveillance. Drawing on concepts 

from process philosophy, valuation studies and big data literature, I examine 

how public health surveillance is accomplished with metrics derived from data 

generated through interactions with information technology, such as elec-

tronic health records and web data traces. 

1.1 Continually updating data (not) made to measure 

The proliferation of data as our lives become increasingly enmeshed in infor-

mation technology has caught the attention of scholars in a wide range of so-

cial science disciplines. To begin examining how being data-driven plays out 

in practice, we can consider several concepts that have emerged around this 

phenomenon. Rather than pitting definitions against each other, I review them 

                               
3 Self-care is any practice that involves responding to symptoms and signs of illness, as well as 
preventative measures such as exercising in order to stay healthy. 
4 Infodemiology denotes an approach to syndromic surveillance that uses data traces to deter-
mine public health. Syndromic surveillance involves monitoring population health in order to 
make appropriate public health responses (Eysenbach, 2006). 
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to illustrate the broad range of effects suggested by the diversity of definitions 

and to draw out the contours of the phenomenon. 

A concept that has enjoyed widespread uptake is big data.5 It has been em-

ployed, in a database-centric way, to highlight changes in how data becomes 

available, focusing on the size of the data sets, how quickly they are updated 

and the variety of data types (McAfee et al., 2012). However, from a sociocul-

tural perspective, the concept is understood in relation to the impact on, for 

example, personal privacy when the generated data is used for surveillance 

(Lupton, 2015). 

Another way of arriving at a definition of big data is to consider the char-

acteristics of data sets that are often associated with it. Such an approach aims 

to work out ‘the edges of what might be considered Big Data and to internally 

tease apart what is presently an amorphous concept to reveal its inner diversity 

– its multiple forms’ (Kitchin & McArdle, 2016, p. 6). Kitchin & McArdle 

(2016) identify velocity and exhaustivity as the most important distinguishing 

characteristics of data sets often associated with big data. Velocity implies that 

big data are produced continually rather than sampled occasionally. A distinc-

tion can also be made in terms of frequency of data generation and frequency 

of publication or updating. Data can be generated continually (a sensor could 

be recording temperature every second) but the system that makes the data 

accessible could be updating at a different frequency (a website where the 

sensor data is published could be updating the temperature once an hour). One 

illustrative example of a system where data is generated and published more 

or less concurrently is Twitter, where users can write and post short texts for 

others to read instantaneously. The distinguishing characteristic of exhaus-

tivity is that big data sets usually consist of all available data rather than a 

sample of the data set. In the context of infodemiology, this would mean using 

all searches made rather than selecting a certain portion of them. 

The phenomenon under investigation here extends beyond the characteris-

tics of data sets to how being data-driven plays out in practice. In practice 

being data-driven is more aptly captured by the related concept of datafica-

tion, which encompasses the ‘processes of symbolic and imaginative work 

that underlie coming to think of something as “data” in the first place’ (Dour-

ish & Gómez Cruz, 2018, p. 2). It is invoked here to emphasize the continual 

generation of data associated with the use of web searches, social media and 

sensors. According to Mayer-Schönberger and Cukier (2013), datafication en-

tails putting a phenomenon in a ‘quantified format so it can be tabulated and 

                               
5 I will refrain from using this label beyond the literature review as it has a tendency to occlude 
the specificity of technological changes. Big data inevitably suggests that the phenomenon has 
to do with size. However, what is considered to be a big data set is contingent on the kind of 
computational power available and a definition on such grounds does not age well. Further-
more, I am more interested in how it plays out in the work practices of IT developers and public 
health practitioners, and so it might not be evident that a data set is big from the perspective of 
the practices I study. 
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analyzed’ (Mayer-Schönberger & Cukier, 2013, p. 78). This process can be 

exemplified by the production of data traces related to social relations on so-

cial media, movement as produced by sensors as well as cookies, and record-

ing search histories of seeking health information online. Transforming data 

into metrics is one way of making what is being generated useful (Aaltonen 

& Tempini, 2014). Lycett (2013) calls it ‘an information technology driven 

sensemaking process’ (p.383). Activity tracking with sensors and infodemiol-

ogy, which were introduced in the previous section, are illustrative examples 

of how continual streams of data are being integrated into health-related mon-

itoring through measurement practices with metrics based on datafication. For 

infodemiology, the web searches need to be transformed to some kind of 

measure that makes it possible to follow changes over time. Many wrist-worn 

activity trackers used for self-tracking of daily activity transform movements 

of the wrist registered by a movement sensor into a metric of number of steps 

taken. 

Humans and algorithms are both part of a complex sociotechnical arrange-

ment that makes big data and datafication possible. Kitchin (2014) suggests 

data ‘are generated as the product of many minds working within diverse sit-

uations’ (p. 24). Nafus (2014) also highlights the work that needs to go into 

making a measure meaningful in order to apply it in practice. Furthermore, 

what is represented based on datafication is not only intimately tied to the 

humans involved but also involves the collection of non-human elements that 

participate and make the enactment of representation possible, but often sink 

into the background (Cooper, 1993). The self-tracking example highlights 

how measurement with datafication is closely associated with algorithms, 

which play an important role in handling the amount of data (Newell & Mar-

abelli, 2015). Hence, algorithms are likely an important part of automating the 

production of monitoring and metrics based on datafication. Data is caught up 

in a vast web of relations: the databases in which it resides are embedded in 

computational infrastructure; theoretical assumptions are made when they 

were created; and agreements are in place for data sharing and use. Data also 

usually has to comply with standards for interoperability (Kitchin, 2014). Such 

considerations are relevant for measurement more broadly, for it also requires 

significant effort and investment in necessary infrastructure (Espeland & Ste-

vens, 2008). Hence, a health monitoring practice that relies on metrics based 

on datafication is likely dependent on a complex arrangement of people and 

technologies that together make measurement possible. 

Agarwal and Dhar (2014) suggest that big data implies a change in the or-

der in which we ask questions and generate data to find answers to these ques-

tions. Data is being collected without a predefined purpose at the time of col-

lection on the grounds that it is sufficiently inexpensive to store. Hypotheses 

formulated after the collection of data are then tested on the available data. 

Constantiou and Kallinikos (2015) point out that much of big data has been 
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collected unintentionally and haphazardly.6 This stands in contrast to data that 

has been collected purposefully to serve organizational purposes defined by 

relevant experts. Galliers et al. (2017) emphasize that datafication could result 

in data being used for purposes other than those intended at the time its crea-

tion. 

Lagoze (2014) provides a useful way of thinking about this shift through 

the notion of control zone, highlighting the trust fabric supporting data integ-

rity. Control over where data comes from and how it is stored and circulated 

plays a part in the ability to trust the integrity of data. The notable shift asso-

ciated with the phenomenon of interest here has to do with a fracturing of the 

control zone as the creation, storage and transfer of data changes. Furthermore, 

‘fractured control zones, and the resulting uncertain provenance and trust, only 

intensify through the lifecycle of sharing, reuse, and circulation of data in an 

open network in which not all participants are deemed trustworthy according 

to established norms’ (Lagoze, 2014, p. 8). Although developed in relation to 

big data in science, this fracturing of the control zone helps highlight a partic-

ular aspect of datafication which can be understood as having a distributed 

provenance chain with loosened control over how data is stored and trans-

ferred. 

Against this background, we are able to arrive at a definition of datafication 

that delimits the phenomenon of data-driven infectious disease surveillance 

imagined in the epigraph. Datafication is the continuous production of repre-

sentations based on digital data that has a distributed provenance chain and 

was generated from information technology mediated events, as well as spe-

cific ways of incorporating and interpreting data in practice. The representa-

tions are produced in order to support action towards a particular goal and are 

based on an algorithmic treatment of a continuously updating archive of data 

traces. Hence, datafication can be future-oriented and interventionist, while at 

the same time being inextricably linked to the already available data traces of 

the past and to existing ways of interpreting and processing them. As such, the 

process of datafication includes data structures, algorithms, people interpret-

ing representations, as well as the development and maintenance practices of 

the underlying systems, and metrics, indices or graphs (or other means of dis-

playing something). It follows that datafication in public health is the enrol-

ment of representations based on digital data from information technology use 

                               
6 The haphazard collection of data without a predefined purpose bears some similarity to the 
idea of second-order usages of data; in other words, data being reused for a purpose other than 
the one it was primarily collected for. While it may not be right to suggest that second-order 
usage of data is unintentional, the initial (first order) purpose of its collection is different from 
its second-order purpose, which means that there are at least two potentially differing sets of 
assumptions and priorities at play in the infrastructure for data collection for second-order use 
(Bossen et al., 2016). 
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events for public health related interventions, which include, but are not lim-

ited to, surveillance, prediction, prevention and limitation of negative health 

outcomes. 

1.2 Circulating and aggregating representations of a 
dynamic world 

The propositions in the epigraph are utopian in that they strip away some of 

the challenges to making data circulate freely and to aggregating different data 

sets. Furthermore, in its bid for exhaustivity of data rather than sampling, there 

is a sense that datafication and big data would offer a more complete picture. 

However, the significant challenge of representing data is compounded by 

having to resort to reusing data that was collected for a different purpose. Also, 

continuously monitoring something assumes that it can be monitored in the 

same way, and that the relationship between the data and what it signifies is 

stable enough for it to be comparable. Below I outline some of these compli-

cations to propositions about the value of datafication and big data to suggest 

that the issue of making datafication work merits closer scrutiny. 

Data does not move unchanged from location to location, nor do the repre-

sentations of health and illness with which the data may be associated. The 

mobility of representational objects has been problematized in science and 

technology studies by showing the fluidity in what representations become as 

they circulate. As Mol (2002) shows on the basis of her study of the practices 

enacting atherosclerosis7 in different locations in a healthcare system, distri-

bution allows for differences. Enactment highlights that atherosclerosis is con-

stituted through practices, the specifics of which are contingent doings, but 

can entail cultural contexts, norms, and which specific people, locations and 

technologies are involved. Atherosclerosis on the operating table will be en-

acted differently to atherosclerosis in a conversation between a person living 

with atherosclerosis and their general practitioner. On the operating table, this 

disease is enacted as a flow through the arteries and involves a particular in-

strument that makes it possible to measure it, as well as a doctor able to inter-

pret the readings and a leg that has been operated on. A general practitioner, 

by contrast, looks at how a person carries themselves and asks the patient 

questions, enacting the disease as something that is part of the patient’s mo-

bility and sensations in everyday life. 

Furthermore, what is considered data varies depending on context (Kitchin, 

2014). When web searches are entered in a health portal, they are done on the 

premise that the system will provide a search result on some health-related 

matter to the information-seeking person who entered the search terms. To a 

                               
7 Atherosclerosis is a disease of the arteries. 
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systems administrator the same search terms could become data for assessing 

operational aspects of the health portal, while to an epidemiologist they could 

become data in an infodemiological study. Search terms can be considered 

data for both the epidemiologist and the system administrator, but in different 

ways. Furthermore, the health condition is enacted differently for someone 

searching for symptoms as a personal experience and for the epidemiologist, 

for whom the web search is connected to all other web searches and contrib-

utes to understanding health and illness at a population level. This suggests a 

fluidity in the representations involved in datafication and a potential chal-

lenge to the circulation of such data. 

Nevertheless, circulation of data is emphasized by scholars with an interest 

in big data and datafication According to Günther et al. (2017), one of the 

central value propositions associated with big data is its portability, which re-

fers to the ‘possibility to transfer and remotely access digitized data from one 

context of application to be used in other contexts’ (Günther et al., 2017, p. 

201). Similarly, Lycett (2013) discusses value creation with big data through 

a conceptualization of datafication that underscores the ease with which rep-

resentations can be manipulated and circulated to form new relations with 

other representations in different contexts. Furthermore, popular accounts of 

datafication-related phenomena often highlight the value of movement of data 

for care and healthcare at a distance. Data streams can flow freely in a system 

for providing healthcare at a distance, which use ‘smartphones, Fitbits, Blue-

tooth and sensors to collect information about things like blood pressure, phys-

ical activity, glucose levels, medication intake and weight’ (Montgomery, 

2016). The data is aggregated and information presented to patients’ doctors, 

loved ones and caregivers through an interface, that allows them to ‘keep an 

eye on them [patients] and provide proactive care, even from hundreds of 

miles away’ (Montgomery, 2016). 

Data aggregation is often described as an integral step in personalized data-

driven future healthcare where artificial intelligence solutions are developed 

based on the aggregated data (Economist, 2018). In the data-driven context, 

much of the data that is stored is heterogeneous, but aggregation of data as-

sumes that aspects of the data are generalizable. However, what is lost in ag-

gregating becomes exacerbated by increasing heterogeneity in the data. Con-

stantiou and Kallinikos (2015) caution that when data are no longer being col-

lected along lines drawn by formal systems of record keeping, this has impli-

cations for the heterogeneity of the data collected (p. 49–50). That data 

aggregation in data-driven solutions is challenging can be demonstrated by 

considering the data trace generated by searching a health portal for infor-

mation about influenza. From the perspective of the person who has access 

only to the search terms, the person searching the health portal for information 

could be in need of advice on to treat a high fever, but they could just as well 

be looking for information about vaccination in order to avoid getting ill. 
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The reuse of data in datafication aligns with the classical way of treating 

data as that which is found. However, representations take multidimensional 

phenomena and flatten them to fit the technology of representation. While it 

may be that a measurement is suited to our purposes given what we set out to 

measure, such as maintaining physical health, there will always be something 

that escapes that which is being represented (Cooper, 1993). It follows that an 

exhaustive data set can never provide a complete picture; what it can offer is 

the full set of data points that have been generated from a particular perspec-

tive adapted for a particular purpose. Kitchin (2014) cautions against the ten-

dency to view data as neutral, pointing out that ‘data are in fact framed tech-

nically, economically, ethically, temporally, spatially and philosophically’ (p. 

2). Data are perhaps more appropriately treated as what is captured (as op-

posed to what is given, which the etymology of the word suggests). In order 

to be collected, data need to fit into the underlying technical infrastructure; in 

other words, the assumptions and priorities that guided the definition of data 

fields, structures and architectures affect what data are collected (Constantiou 

& Kallinikos, 2015). Hence, reusing data also means settling for a structure. 

According to Constantiou and Kallinikos (2015), we would be remiss to as-

sume that haphazardly and unintentionally collected data can be made useful. 

Furthermore, the decision on how to treat such data may not always be 

straightforward as the data may be in a format for which there is no precedent 

for how it should be treated (Constantiou & Kallinikos, 2015). For example, 

the use of web searches as a predictor for flu trends had no precedent in epi-

demiology and the technique had to be invented based on available search logs 

by automating their tracking and analysis and turning them into an ‘infodemi-

ology’ metric (Eysenbach, 2006). In this field, the invention involves a scien-

tific process of providing evidence that logs of web searches are able to predict 

the incidence of influenza.  

The reuse of data from one context in another raises questions about how 

the dynamics between what is measured and the data produced with datafica-

tion are managed in practice. The salience of these questions is heightened in 

the context of measurement based on datafication, as phenomena are repre-

sented based on continually updating data sets. Cooper (1993) argues that 

modern technologies of representations (which measurement of health based 

on datafication could be treated as) work by taking an unfolding dynamic phe-

nomenon, and freezing it in time and space so as to make that phenomenon 

subject to our control and manipulation. However, the web of relations sus-

taining data have a tendency to evolve over time and space (Kitchin, 2014). 

Google Flu Trend8 is illustrative of the problematics with respect to this ten-

dency, for it went from being the poster child of big data to a parable of its 

potential traps, partially due to its instability as a measurement instrument. As 

                               
8 Google Flu Trend was built to predict the number of visits to the doctor for influenza-like 
illness based on Google searches. 
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the Google business model requires that its search algorithm be constantly 

modified to improve the service, it is difficult to compare data over time 

(Lazer et al., 2014). With representations constituted in relation to their con-

text, taking the world to be dynamic and unfolding means that these enacted 

relations can fluctuate (Mazmanian et al., 2014). This poses a challenge for 

datafication, as its value is grounded in an assumption of a sufficiently stable 

relationship between the signifier and the referent. 

1.2.1 What datafication does 

While previous research suggests that there are challenges and limitations as-

sociated with circulating representations in different contexts, the potential 

impact of datafication on public health practice should not be discounted. This 

is even more so because the act of representing a phenomenon through meas-

urement has consequences (Espeland & Sauder, 2007; Orlikowski & Scott, 

2013). Representations draw boundaries, and in so doing necessarily involve 

inclusions and exclusions that guide our attention to some aspects of the world 

but not others (Cooper, 1993). According to Cooper (1993), representations 

give order and direction to that which is represented. Measurements frame 

action (Essén & Oborn, 2017; Pine & Liboiron, 2015) and the ‘particular form, 

quality, and presentation of a figure shapes what can be easily asked of it, the 

kinds of manipulations and analyses it supports, and how it can be used to 

understand the world’ (Mazmanian et al., 2014, p. 846). What is largely absent 

from the utopian visions of data-driven measurement and action on health (cf. 

Digitaliseringskommissionen, 2016, pp. 164–165; Wired Brand Lab, n.d.) is 

a recognition that measurements have a tendency to remake what is measured. 

In particular, measurements make disparate qualities in measured parameters 

comparable by expressing qualities in quantitative terms. Thus, a qualitative 

difference turns into a difference of degree. Specific experiences of health are 

transformed into general categories through measurement. The categories cre-

ated or reinforced by measures can in turn produce further changes (Espeland 

& Stevens, 2008).9 As the underlying categories become taken for granted, 

they also normalize what is being measured, as well as the boundaries of the 

measured phenomenon (Pine & Liboiron, 2015, p. 3). Despite its limitations, 

datafication is becoming a more prominent basis for health metrics and raises 

questions about the implications of such developments. 

Datafication relies on data that was primarily intended for a different pur-

pose than that which it is being used for. The reuse of data raises questions 

about how such data is made to work in new contexts, especially when it is 

                               
9 An example can be found in the gay rights movement. The formation of this minority group 
is tied to the visibility of homosexual behaviour made possible by measurements of sexual 
practice. The measurements contributed to political organizing and identity formation (Es-
peland & Stevens, 2008, pp. 412–414). 
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challenging to accomplish purposeful representations when trying to capture 

an always unfolding world. Furthermore, previous research suggests that 

quantification effectively intervenes in the contexts in which it is introduced, 

suggesting that metrics drawing on datafication should be scrutinized for their 

effects as they become the basis for monitoring in the realm of public health. 

1.3 Producing authoritative accounts with datafication 

The representations of social behaviour that are produced with datafication are 

often associated with a belief in the objectivity of quantification (van Dijck, 

2014). This belief involves a privileging of data as a way of knowing (Neff & 

Nafus, 2016, p. 186). Quantification holds an authoritative position in modern 

society by means of representing the world according to explicit rules that are 

‘impersonal and constrain[s] discretion’ (Espeland, 1997, p. 1108). As ‘com-

parison is the very point of defining measurements’ (Stengers, 2011, p. 49), 

the challenges of circulation and aggregation of data for its comparability are 

central to the production of authoritative accounts with datafication. The au-

thority that can be granted to datafication is further complicated by its value 

proposition of making data portable and reusable in new contexts, which may 

potentially contain its own undoing. 

The proposition of datafication and big data, taking static representations 

of a moving phenomenon and circulating them in different contexts, has lim-

itations, yet data sets that are continually updated are increasingly being 

adopted in the realm of public health. Given the tension between the value 

proposition of moving data from one location to make use of it in another and 

what previous research suggests are fundamental challenges of producing and 

moving representations, datafication seems to be a bold and fragile venture 

that extends beyond systematization of data to practices of making data and 

datafication work. Hence, with this background and theoretical grounding, the 

aim of this thesis is to unpack how datafication is accomplished and how it 

becomes an authoritative account in public health practice. To this end, the 

thesis explores the following research questions: 

RQ1: How is comparison accomplished in practice with datafication? 

RQ2: How is datafication enacted as valuable? 

Adopting an exploratory approach, the thesis will address some of the calls 

for greater insight into the social consequences of data-driven solutions (cf. 

Ekbia et al., 2015; Galliers et al., 2017; Loebbecke & Picot, 2015; Markus, 

2017; Newell & Marabelli, 2015). It will also contribute to the limited number 

of studies of how numbers emerge and attain their authority in organizations 

(Mazmanian & Beckman, 2018), specifically metrics related to health that 

draw on datafication, as the role of numbers in the context of health remains 

underexplored (Essén & Oborn, 2017). 
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According to Espeland & Sauder (2007), it is important to systematically 

investigate the consequences of measurements. Constantiou and Kallinikos 

(2015) suggest closer attention needs to be paid to the implications of chang-

ing conventions of data collection, from intentional to haphazard. There is also 

a need to examine technologies for representation in more depth (Mazmanian 

et al., 2014, p. 846). With these considerations in mind, I have conducted a 

study of datafication of public health surveillance at a public health organiza-

tion. The study followed the development and use of two public health sur-

veillance systems over the course of two years, mainly through participant 

observation and informal interviews.  

1.4 Studying technology and organizing in information 
systems 

In this section, I first situate my theoretical perspective in relation to infor-

mation systems perspectives on the relationship between the social and the 

material. I briefly outline some key concepts and the assumptions I make 

about datafication and how it relates to people, technology and organizing. 

Following a critique by Orlikowski (2007) of the established ways of treating 

technology,10 a debate has raged about how to best account for the relationship 

between the social and the material, which are said to be inextricably linked 

in studies of technology and organizing. Sociomateriality11 has become an um-

brella term for a variety of approaches that try to account for the materiality 

of information systems phenomena without resorting to naïve realism. It in-

cludes studies drawing on agential realism, actor-network theory, critical re-

alism, practice theory and the like. While some have argued for the superiority 

of one approach to sociomateriality, I align with Orlikowski and Scott (2008), 

who take a pluralist stance in relation to what approach is legitimate in infor-

mation system research. The perspectives that are subsumed under the um-

brella term sociomateriality vary in their assumptions about the relationship 

between the social and the material. Rather than being essentially superior, 

one particular perspective may be more suitable for a particular study. There 

may be overlapping considerations between different sociomateriality per-

spectives, but a particular theoretical lens makes it possible to ask particular 

kinds of questions, and each lens has its own strengths and limitations. 

Since the perspectives on sociomateriality vary in their assumptions about 

the relationship between the social and the material, it is important to articulate 

the theoretical perspective that I draw on. According to Schultze (2017), the 

                               
10 Technology used to be treated as an absent presence, exogenous force and emergent process 
(Orlikowski, 2010). 
11 When referring to the umbrella term I also include those perspectives which favour the hy-
phenated form ‘socio-materiality’. 
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possibilities afforded by different theoretical perspectives vary. She highlights 

the importance of considering to what extent a perspective is able to accom-

modate the technological developments we seek to understand. 

1.4.1 The transversality of datafication 

The data underpinning datafication may be generated in one context and then 

reused in another, traversing multiple organizational boundaries, system 

boundaries and geographical locations. As such, it typifies what has been ob-

served about data being part of a loosening of organizational and technological 

boundaries (Constantiou & Kallinikos, 2015, p. 46; Newell & Marabelli, 

2014). Data-driven phenomena are associated with a redefinition of organiza-

tional boundaries when who is involved in the data generation in an organiza-

tion changes (Constantiou & Kallinikos, 2015, p. 46). Big data, second-order 

data and datafication seem to further processes that started with open innova-

tion and crowdsourcing, which made organizations more permeable and 

blurred the distinction between producers and consumers. Processes of data-

fication suggest a further loosening of boundaries that often involves extra-

organizational interactions (Newell & Marabelli, 2014). Data generated from 

social media use implicates the  users of such platforms in the creation of data. 

In addition, algorithms have a tendency to extend beyond and traverse tradi-

tional boundaries of organizations, blurring such notions as private and public 

(Introna, 2015). Loose boundaries can prove problematic for studies focusing 

on a single organization or site of technology use without considering what 

relations exist beyond these sites. It has been argued that studies of infor-

mation systems in use should look beyond localist studies (Monteiro et al., 

2013). 

Going into the study, the concept of assemblage was central as a way to 

account for the interconnections that exist in datafication, which traverse 

taken-for-granted boundaries such as organizations or information systems. 

Assemblage is used to invoke an ephemerally stable object, consisting of het-

erogeneous elements constitutive of emergent properties (Marcus & Saka, 

2006), which produces some kind of effect on the world. Kitchin (2014) sug-

gests that it can be useful to think about data as an assemblage. Such a per-

spective has been advanced by Introna (2015) in relation to algorithmic action, 

which he argues should be understood in relation to the wider sociomaterial 

assemblage in which they are situated. A datafication assemblage could then 

be the dynamic constellation of people, the work routines involved in meas-

uring, standardized metrics, the information infrastructure, and the employing 

organization which assures the financial means to uphold datafication. The 

elements of an assemblage are themselves considered to be assemblages 

(DeLanda, 2016). The measurement assemblage in the context of a particular 

datafication assemblage, for example an infodemiology assemblage, includes 
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at least the web-based portal in which search terms are entered, the data struc-

tures in which searches are saved, the algorithms that process the searches into 

working metrics for health over time, as well as the people responsible for 

making sure the measurement instrument assemblage is up and running. As-

semblage thinking is useful for a study of datafication as it bypasses pre-de-

termined boundaries by focusing on the forces that drive stabilizations and 

destabilizations of datafication rather than an organization or a particular in-

formation system. 

The perspective adopted throughout the study considers the relationality of 

a phenomenon such as datafication. Dourish (2016) provides an illustrative 

example of the importance of such considerations, showing that the hardware, 

location and connections that instantiate a particular system on which an al-

gorithm is implemented influence the effect it has. He cites the example of 

nuclear weapons simulations, where the impact of the algorithm, in this con-

text its ability to develop new weapons, can be altered by hardware improve-

ments while the simulation algorithm remains unchanged (Dourish, 2016). 

Dourish also argues that data structures are constituted in relation to algorith-

mic processing, as particular ways of organizing data might be necessary in 

order for it to become processable (Dourish, 2014). Furthermore, there is a 

temporal order to algorithmic practices, where actions are related in a sequen-

tial flow, together enacting what an algorithm does. This relationality exists at 

the level of each code execution, as it unfolds one statement at a time, each 

one contingent upon the execution of the preceding statement and operation, 

contributing to the emergence of an algorithm (Introna, 2015). While such 

relationships are mutually constitutive, they are not assumed to be symmet-

rical. 

With increasing interdependencies that span organizational boundaries, 

suitable units of analysis and perspectives should facilitate an analysis that 

traverses naturalized boundaries, making it possible to conduct studies with-

out assuming that the phenomenon of interest is confined to individuals, or-

ganizations or technology. Definitions of infrastructures that stress their emer-

gent and unfolding nature were also central to the development of the initial 

perspective (Edwards et al., 2013; Karasti & Blomberg, n.d.; Monteiro et al., 

2013). Assemblage thinking assumes that the world is in becoming and treats 

events as the primary focus of analysis. Adopting this perspective means 

adopting a process metaphysical stance. From this perspective, ‘beings’ are 

dynamic, secondary effects and only temporary stabilizations that can reform 

in the constant flow. The mysteries we seek to uncover from a processual per-

spective do not concern when organizations change from one state to the next. 

Rather the object of study is treated as unfolding, a process of organizing 

where, despite shifting routines, change in personnel, technology breakdowns 

and contractual renegotiations, we still manage to organize towards some 

goals. 
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Cecez-Kecmanovic et al. (2014) and Mazmanian et al. (2014) suggest that 

a perspective grounded in process metaphysics12 offers a way to move past the 

debate in sociomateriality about where to locate agency.13 As a concept 

grounded in a process metaphysical perspective, assemblage is useful for con-

sidering how the constellation of parts that produce the datafication assem-

blage emerge, reform or disappear. The benefit of assemblage thinking can be 

seen in Kitchin’s (2016) characterization of algorithms, which form many re-

lations in the process of formation as every revision, modification, adaptation 

and optimization has at least the potential to involve the formation of new 

connections with people or artefacts. 

While algorithms and other technological components are important, the 

concerns of the information systems discipline extend beyond technology 

alone and also focus on the use and implications of information and commu-

nication technologies in organizations (Avgerou, 2000). The process meta-

physical perspective has consequences for what is meant by organization. In 

giving precedence to becoming, ‘organization’ is perhaps better understood as 

‘organizing’(i.e. ‘organization’ is treated as a verb rather than a noun). From 

this perspective, what can be referred to as economic-administrative units with 

employees, defined roles, routines, websites and registration for corporate tax 

are considered temporary stabilizations. Organization acts as a stabilizing 

force by institutionalizing certain practices.14 In this thesis, organization is not 

treated as an economic-administrative unit but as a means (and these means 

can vary greatly) ‘for arresting, fixing, stabilizing and regularizing what would 

otherwise be a wild, amorphous, and hence unlivable world’ (Chia, 2002, p. 

867). 

I have consciously tried to incorporate insights from the critique levelled at 

sociomateriality for reproducing the neglect with which social studies treats 

certain aspects of phenomena, such as space, bodies and emotions, despite the 

emphasis on embodiment in some of the foundational work (Jones, 2014). At 

the same time, a challenge to adopting a process metaphysical perspective is 

sifting through the critiques levelled at it, which are grounded in substantialist 

assumptions, and to learn from those critiques formulated from a perspective 

that takes into account ontological and epistemological assumptions (Cecez-

Kecmanovic, 2016; Hultin, 2019). Furthermore, the theoretical assumptions 

that are brought to bear on the phenomenon also have implications for the 

research approach adopted, but these are relatively under-articulated in infor-

mation systems (Hultin, 2019). A further challenge with sociomateriality re-

search is the selectivity with which some researchers engage with the theories 

(Jones, 2014), making it difficult to draw on them for guidance. 

                               
12 Cecez-Kecmanovic et al. (2014) explicitly refer to ‘ontology of becoming’ whereas Maz-
manian et al. (2014) draw on concepts associated with this metaphysical perspective. 
13 For example, whether to locate agency in humans, in humans and technology, or in relations. 
14 Note that this does not imply that organization is about not changing (e.g. innovation man-
agement). 
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1.4.2 Values in practice 

A range of scholars within information systems have begun to explore value 

as enacted in practices (Barrett et al., 2016; Orlikowski & Scott, 2013), mean-

ing that rather than determining value in terms of a fixed external referent such 

as money, value is studied using valuations. This ‘flank movement’, from 

speaking about value to valuation as an action, manages to overcome the prob-

lem associated with the bifurcation of value by making ‘the distance between 

value and its measure collapse’ (Muniesa, 2011, p. 24). As such, the valuation 

perspective is useful for examining both the social and economic value of da-

tafication. Bunduchi (2018) suggests ‘valuation as a useful lens to understand 

how IS value emerges through the intersection of material features and the 

dynamics of human actions’. Drawing on the valuation perspective, Tempini 

(2017) demonstrates the insights that can be gained from paying attention to 

the infrastructure of data-based practices and its development. He focuses on 

data-based value creation in the health management and community data plat-

form PatientsLikeMe, which functions as a data-intensive infrastructure for 

collecting and processing data. 

Heuts and Mol’s register of valuing served as the main reference for think-

ing about value in my analysis. Much like Barrett et al. (2016), Heuts and Mol 

draw on Thevenot and Boltanski, but rework their perspective in important 

ways. Economies of worth served as a departure point to be able to ‘differen-

tiate between various axes along which goods and bads get mapped’ (Heuts & 

Mol, 2013, p. 128). However, they ‘shifted from talking about “worth” (a 

quality) to foregrounding “valuing” (an activity) and from “economies” (that 

come with a single gradient each) to “registers” (that indicate a shared rele-

vance, while what is or isn’t good in relation to this relevance may differ from 

one situation to another)’ (Heuts & Mol, 2013, p. 129). 

Valuations include evaluating something in relation to what is considered 

good or desirable, as well as valorization, the work of raising the value of 

something. In the context of infodemiology, a datafied metric might be eval-

uated according to how well it is able to follow the incidence of a disease in a 

population. Valorizing highlights that in valuing we can also try to make im-

provements towards that which we value. This could involve exploring further 

data sources to supplement the existing metric. Hence, valuing is performative 

in that valuing something is also associated with doing work towards making 

that which is valued good rather than bad: the very thing that is valued is an 

accomplishment. Studying valuation entails attending to those valorizing 

practices. According to Vatin (2013), valuation obscures the distinction be-

tween processes of evaluation and valorization. However, without disregard-

ing the analytical usefulness of distinguishing between valorization and eval-

uation, I align with Heuts and Mol’s perspective, which considers them as 

intertwined. 
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While Heuts and Mol (2013) account of valuing suggests an action, they 

are careful to emphasize the role of the non-human in the enactment of valu-

ing. Furthermore, the good that one is trying to achieve is not guaranteed to 

succeed. They introduce the notion of care into valuing to emphasize this as-

pect: ‘Caring is an activity in which valuing is implied – both caring about and 

caring for have a ‘good’ at their horizon. At the same time caring indicates 

efforts that are ongoing, adaptive, tinkering and open ended’ (2013, p. 130). 

1.5 Outline 

In chapter two I describe the research approach and provide an overview of 

the cases and methods used. I also describe my ontological and epistemologi-

cal assumptions and further develop the theoretical framework. The empirical 

results comprise chapters three through five, followed by a discussion chapter. 

Finally, the seventh chapter consists of concluding remarks and suggestions 

for future work. 

The empirical contribution of this thesis is to show how datafication is ac-

complished in practice. The first of the empirical chapters, chapter three, deals 

with the influenza surveillance practices of the influenza group, which con-

sists of epidemiologists and microbiologists who meet on a weekly basis, and 

all work at the public health organization HlthOrg. It shows the datafication 

of influenza in two syndromic surveillance15 systems, PhoneSurv and Web-

Surv, which are in used in parallel with surveillance systems based on labora-

tory data and surveys. PhoneSurv draws on data from a telehealth phone call 

service, and WebSurv is based on queries to a healthcare website. Both draw 

on data that is generated as a result of IT-mediated events. Both also exemplify 

a degree of loosening of what Lagoze (2014) calls the control zone. Epidemi-

ology has long had to deal with some of the challenges associated with big 

data (cf. Höhle, 2017), which was one of the reasons why it was deemed a 

suitable context in which to answer the research questions. Epidemiological 

practice has long had to contend with reusing data produced for a different 

purpose. This chapter details the process of making WebSurv and PhoneSurv 

comparable for influenza surveillance week by week, as well as making them 

comparable to other surveillance systems. For continuous streams of new data, 

comparability is an ongoing accomplishment, brought about through a com-

plex arrangement of technical and organizational elements. For the influenza 

group, the multitude of surveillance systems, including PhoneSurv and Web-

Surv, serves both to add more nuance as different systems supplement each 

other and to provide redundancy when the complex arrangement encounters 

                               
15 Syndromic surveillance involves monitoring population health in order to make appropriate 
public health responses. 
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problems and fails to deliver within the timeframe required for influenza situ-

ation reporting. To add further nuance to the answers to the research questions, 

the results presented in this chapter are also compared to a case of self-tracking 

involving senior citizens to help articulate the significance of the relationship 

between the influenza group and the developers working on PhoneSurv and 

WebSurv. 

Chapter 4, the second empirical chapter, looks at the work of two develop-

ers who are in charge of maintaining and developing PhoneSurv and Web-

Surv. What emerges is how the work of making comparison with datafication 

is at times heavily intertwined with the work of epidemiologists. The contin-

uous inflow of data and its dynamism when weekly influenza monitoring is 

conducted through datafication means that maintaining systems up and run-

ning has a bearing on the ability to conduct influenza surveillance. The chapter 

also shows the dependent relationships between HlthOrg and the organiza-

tions which deliver data. The relationship affects both the ability to maintain 

PhoneSurv and WebSurv and also affects the way these systems develop. Fi-

nally, the chapter illustrates how maintenance work can be a creative force. 

Adjustments made in order to keep a system up and running, as well as to 

make it more maintainable, can open up avenues for developing it further. 

Chapter 5, the final empirical chapter, examines exploratory engagement 

with the yet-to-be datafied. Through two different cases of exploring new pos-

sibilities of datafication, the chapter provides situated accounts of valuations, 

or values enacted in practice. The context of exploratory practices supple-

mented the other studies since it is where valuations are more likely to be made 

explicit. A hackathon arranged to examine the possibilities of using 

PhoneSurv and WebSurv for tick-borne encephalitis (TBE) surveillance 

shows how a range of values are at play in datafication for public health sur-

veillance. Next, valuations in datafication are illustrated through a project ex-

amining the possibility of using natural language processing (NLP) to make 

use of more data in PhoneSurv in order to better track influenza. The NLP 

project also shows how processes of datafication are also productive of human 

subjectivity. While the formation of subjectivity has a sound theoretical 

grounding, this study illustrates empirically how it relates to datafication in 

public health surveillance. 

In chapter 6, I introduce the main theoretical contributions datafication 

rapport, patchwork data narration, and asymmetric de/serialization as ways 

to understand how datafication is accomplished and how it becomes an au-

thoritative account in public health practice.  Furthermore, I discuss how da-

tafication is enacted as valuable in the course of doing influenza surveillance, 

in the maintenance of datafication and in exploratory datafication practices by 

drawing on the concept of care and the concept of registers of valuing (Heuts 

& Mol, 2013), also highlighting the mutability of value and multivalence of 

datafication. 
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The conclusion in chapter 7 summarizes the main contribution in relation 

to the aim and research questions. I also propose possible ways in which the 

findings could feed into future studies while delineating the boundaries of the 

contribution. Finally, I describe implications for datafication in practice. 
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2. Research Approach 

In this chapter I describe my research approach including the methods em-

ployed in the study and how they relate to my theoretical perspective. The 

choice of methods reflects my interest in understanding how datafication un-

folds in practice. Hence, previous studies contributing to sociomaterial schol-

arship in information systems (Almklov et al., 2014; Hultin & Mähring, 2016), 

as well as infrastructure studies (Beaulieu, 2010; Parmiggiani, 2017; Ribes, 

2014), have been an important point of reference. This research was conducted 

drawing on design ethnography (Baskerville & Myers, 2015), which includes 

design interventions as a mode of inquiry alongside methods often associated 

with ethnography, such as participant observation, interviews and document 

studies. Given the sparsity of methodological resources in information sys-

tems specifically addressing the implications of grounding a study in a rela-

tional ontology of becoming, I also drew on writings in new materialist soci-

ology that suggest that methods associated with ethnographic studies, such as 

participant observation and interviews, are suitable (Fox & Alldred, 2015). 

Long-term engagement using such methods is meant to result in a thick de-

scription of datafication as an assemblage of people, software development 

practices, technical infrastructure, organizational routines and institutions. 

I begin by outlining my ontological and epistemological assumptions, 

which are grounded in Isabelle Stengers’ (Stengers, 2008, 2014) and Michael 

Halewood’s (Halewood, 2013) reading of Alfred North Whitehead. I briefly 

introduce concepts that were important for the way I came to view my research 

process as well as the phenomenon I studied, which was operationalized 

through an event-based approach (Hussenot & Missonier, 2016). These con-

cepts will be elaborated throughout this chapter as they relate to my research 

process, and again in the discussion in chapter 6. The description of my re-

search process here is followed by an introduction to the organization where 

the study was conducted, as well as to ethical considerations. Finally, I de-

scribe the empirical material and how it was conceptualized. 

2.1 Ontological and epistemological perspective 

For Whitehead, all is given in experience, forgoing the distinction between 

subjects and objects and de-centring subjectivity to include the non-human, 
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such that ‘apart from the experience of subjects there is nothing, nothing, noth-

ing, bare nothingness’ (Whitehead in Stengers, 2008, p. 103). The experience 

of something is given in the event, where the most basic entity is an actual 

occasion. An ‘“occasion” is the process by which anything becomes, and an 

“event” … is an extensive set, or temporal series, of such occasions’ (Shaviro, 

2009, p. 18), where at the limit, an event can be made up of one actual occa-

sion. An event ‘can last one second or several years’ (Hussenot & Missonier, 

2016, p. 528). When an actual occasion has passed, it is gone. The reason we 

experience the world as a continuity is that each actual occasion takes past 

occasions as a datum, so that the inheritance of a defining characteristic can 

be experienced as enduring. Each actual occasion is also a possibility for cre-

ating something new, where ‘change is the mark of an event’ (Shaviro, 2009, 

p. 19). Hence, both continuity and change are achievements. 

Subjectivity is relationally produced in prehensions, which means that it 

might be more aptly named superject, in keeping with the ‘dynamic character 

of existence’ (Halewood & Michael, 2008, p. 35). Subjectivity is produced in 

the event, so what we think of as human consciousness is thus not the starting 

point but the result of the prehensive unification in the actual occasion, or a 

concrescence, a ‘bringing together of diverse experiences into a novel unit’ 

(Halewood & Michael, 2008, p. 35). Furthermore, every prehension of an ac-

tual occasion is mutually prehended with other actual occasions which are 

taken in as data. Experience is not to be thought of in ‘terms of knowledge, 

consciousness or perception, but experience in terms of creative self-determi-

nation with respect to something else’ (Stengers, 2008, p. 103). 

Human cognition, sense perception and emotion are ways of prehending, 

but prehension is not reduced to them. This perspective does not in any way 

preclude there being something distinct about human prehension. Rather, tak-

ing the experience of subject-superjects as primary turns subject-object into 

relative terms, and so does not do away with experimental scientific objects, 

but rather takes them to be particular constructions (which may work very well 

in the environment to which they belong, and not in general) (Stengers, 2008, 

2011). In fact, ‘we cannot think without abstractions’16 (Stengers, 2008, p. 95), 

but the way to think about abstraction is ‘as “lures”, luring attention toward 

“something that matters”, vectorizing concrete experience’ (Stengers, 2008, 

p. 96). This perspective is helpful as a grounding for thinking that does away 

with fixity of divisions such as human/non-human and material/social when 

these are problematic for theorization of technology in practice.17 In Stengers’ 

                               
16 According to Stengers ‘this does not mean that we are irretrievably separated from that which 
we try to address. Abstractions, for Whitehead, are not “abstract forms” that determine what we 
feel, perceive and think, nor are they “abstracted from” something more concrete, and, finally, 
they are not generalizations.’ 
17 Shaviro (2009) elaborates further: ‘It’s not that such distinctions are unimportant; often they 
are of the greatest pragmatic importance. I should not treat a human being the way that I treat a 
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reading of Whitehead, ‘consciousness was an ongoing adventure, not the sad 

tale of discovering our limitations and illusions.’18 

These epistemological and ontological assumptions invite an openness to-

wards the boundaries around the phenomena of datafication. The agential cut 

is useful for discussing the place of the researcher within the account of a 

world in becoming, as it suggests an epistemological inseparability between 

the observer and the observed. Viewing the world through an ontology of be-

coming necessitates recognizing the researcher’s role in constructing the field 

as ‘all acts/accomplishments are performative; all performative acts produce 

what such acts assume (as pre-existing)’ (Introna, 2013, p. 336). At the same 

time, we are not free to cut the world in any way, but actual entities present 

are prehended in particular ways. That does not mean that we are simply see-

ing and describing the world as it is, just creating an image of it; we are always 

necessarily interpreting our experience (Halewood & Michael, 2008, p. 45). 

The researcher who follows the actors also contributes to those very performa-

tive accomplishments, for the research activities of an ethnographer are not 

divorced from a pre-existing reality. The reality that is assumed to be repre-

sented in our accounts and explanations in our ambition to document, describe 

or explain a reality also enact that very reality. With no pre-existing beings, 

epistemology folds onto ontology. This does not imply ‘that we cannot “fol-

low” the actors; it simply means that this supposed relation of “following” is 

also performative – thus this is something we need to acknowledge and work 

with as we follow/produce these heterogeneous assemblages’ (Introna, 2013). 

The phenomenon of study is constituted with the methods employed, and my 

approach is thus part of producing empirical material on datafication as spe-

cific sociomaterial conditions constituting the phenomenon in practice. As a 

researcher, deciding where to go and whom to ask, guided by my research 

question(s), entails an agential cut. It is more important to be able to articulate 

the rationale for the enacted field and its implications than to strive to align 

the agential cut to some independently existing ontology (Suchman, 2007, p. 

284). This was made clear to me as I am interested in a phenomenon that 

traverses organizational boundaries and is distributed in space and time. An 

investigation focused on a geographical place or a group of people delimited 

by organizational belonging would have left much to be desired. 

                               

stone. But we need to remember that these distinctions are always situational. They are differ-
ences of degree, not differences of essence or kind’ (p. 23). 
18 Hence this perspective should be distinguished from critical realism. 
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2.2 Event-based thinking 

Have a care, here is something that matters! Yes – that is the best phrase – the 
primary glimmering of consciousness reveals something that matters. (White-
head in Stengers, 2008, p. 96) 

The event became key to operationalizing the perspective above into a practi-

cal way of conducting fieldwork and textwork. The event is central to White-

head, and to process theoretical perspectives in organizational studies (Hus-

senot & Missonier, 2016) and new materialist sociology (Fox & Alldred, 

2016). I was heavily influenced by the event-based framework of Hussenot 

and Missonier (2016), which provides an approach that engages with phenom-

ena as temporal when studying organizations. Process studies have often 

treated phenomena as undergoing change in sequential order, from state to 

state. This has had the unfortunate consequence (sometimes counter to the 

theoretical assumptions) that stability and change have been unable to coexist 

(Hussenot & Missonier, 2016). An event-based framework allows me to con-

sider the phenomenon as encompassing change and repetition at the same 

time. Change and repetition are relevant although not distinctive for datafica-

tion, since a continuously updating data set presumes that there is something 

enduring to which more is added. 

Consider a newly opened workplace (either pre-Covid pandemic or in a 

vaccine utopia), which has a room set up with tables, a microwave and a kitch-

enette. If the employees bring lunch boxes to their workplace and eat their 

lunch in the communal kitchen, the kitchen can become the lunchroom. The 

installation of more microwaves and some ways of managing the waste might 

further cement the kitchen as a lunchroom. But with each such reproduction, 

there is also the possibility for change. If a restaurant opens in the building 

and people stop bringing lunch to work, the kitchen might shift to become a 

space exclusively for having coffee. An event-based account makes it possible 

to articulate both how there are certain enduring aspects of the room and also 

how the kitchen would be continuously enacted as a lunchroom or coffee 

break room depending on the eating and drinking that goes on there continu-

ously over some time. Within these more enduring aspects of the lunchroom, 

there would be room for modifications, some of which are do not threaten its 

identity as a lunchroom, such as slight adjustments in lunch hours. 

Hussenot & Missonier (2016) emphasize that events do not happen sequen-

tially, as in first one and then the next, but that they are intertwined with con-

nections and relations between events in an ongoing present that is constituted 

with experienced past and future events (which can be reimagined in the on-

going present) (Hussenot & Missonier, 2016). The events of the lunchroom 

are prehensive unifications of multiple becomings, and can include people’s 

ability to recall that they usually eat lunch in the room and that their colleagues 
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usually do so as well. It could also be the anticipation of hunger and the moti-

vation to prepare and bring lunch, the anticipation of the lunch hour and the 

room in walking to it. In each event, the lunchroom is made anew in mutually 

constitutive relations, in the event of walking to it, of sitting in it, thinking 

about it, in preparing the lunch for tomorrow or telling someone about what 

happened at lunch at the end of the day. What endures makes it possible to 

think of the lunchroom in terms of spatiotemporality and the periodicity of 

when the room is occupied by eating employees, which is dependent on work-

ing hours and weekdays. With each event there is the possibility of the creation 

of something new. Although many lunchrooms probably endure in some way 

during the pandemic, they might be empty or include certain restrictions. 

Hernes (2014) suggests that events can seem to be decisive, but an event 

would have been preceded by something that the seemingly decisive event 

embodies. Opening up a restaurant is itself a process that likely involves rental 

contracts, permits, hiring staff, some kind of vision of what food to serve – all 

of which precede the event of opening the restaurant, and the decline of the 

lunchroom. Hence, the opening up of the restaurant should be seen as ‘decisive 

in the sense that it embodies the events that led up to’ its opening (Hernes, 

2008, p. 49). 

As described earlier with respect to prehensions, a distinction can be made 

between experience and consciousness (Hernes, 2008, p. 46). I may be expe-

riencing many things during participant observation, but my consciousness 

and the empirical material produced with social scientific methods are partic-

ular prehensions, including but not limited to conversations, video calls, view-

ing graphs, emotional responses and thoughts. My research questions, con-

cepts and previous research could act as lures, in as much as is possible for the 

way agential cuts are made. Trying to understand a practice from the people 

who are engaged in it, together with sensitizing concepts and research ques-

tions, opens up the researcher to prehensions in a particular way. Theoretical 

concepts can help me to see in different ways. The reading I did alongside my 

fieldwork helped sensitize me to aspects of the phenomenon in particular 

ways. 

While it is interesting to follow changes in fieldwork, I also tried to follow 

repetitions. On the one hand, repetitions of work practices are only seemingly 

the same (cf. Aroles & McLean, 2016), but in order to produce an account of 

changes, I would have to have a ‘before’ and an ‘after’ to compare. An event 

of a system failure of some kind might begin with a participant identifying a 

problem. It lasts until it is resolved (assuming the system failure does not have 

far-reaching consequences beyond something not working, in which case the 

event would extend to those as well). This event in turn could be broken down 

into smaller events. 
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2.3 Datafication in public health surveillance 

In some ways investigating datafication in the context of public health and 

epidemiology takes away some of the sheen of novelty as practitioners within 

this domain already have a tradition of working with data in ways that have 

come to be associated with big data (Höhle, 2017). I follow Robinson (2016) 

in thinking of individual cases ‘as distinctive outcomes on their own terms, 

not already interpreted as specific instances of a wider process, or a universal 

category’ (p.14). If each case is no longer regarded as belonging to a general 

class of comparable phenomena, to be comparable, cases need to be made 

comparable. To study something as datafication is constructive of both the 

concept ‘datafication’ and the case as an example of datafication. As such, 

datafication can be referred to as a conceptual-empirical hybrid (Jensen, 2014) 

or an unstable compound object (Brown, 2009), suggesting that the concept 

datafication is necessarily transformed as it is enrolled in different empirical 

investigations.19 This does not preclude the ability to specify what is meant by 

datafication, but it does mean that the concept will mutate as it travels, just as 

it has in this instance. The definition of datafication provided in the introduc-

tion is co-constituted with respect to the theoretical perspective employed, the 

empirical material and the literature review. 

2.3.1 Datafication of syndromic surveillance 

The empirical material is based on an ethnographic study centred on the use 

and development of two syndromic surveillance systems, WebSurv and 

PhoneSurv. Each serves as a case of datafication. The underlying technology 

was developed and is currently maintained by HlthOrg, a Northern European 

public health agency tasked with surveying population health over time. I con-

ducted my study at a unit responsible for analysis of public health and man-

agement of data. 

HlthOrg is divided between two cities, but the people working on the 

maintenance and development of syndromic surveillance systems are based in 

the capital. Their unit is housed in a building located in an area with a univer-

sity hospital, science park and medical technology companies. The offices of 

the two people managing the development of the systems at the organization 

are in the same corridor. Both PhoneSurv and WebSurv are used in several 

kinds of public health surveillance practices. Chapter 3 will focus on one of 

these domains, national influenza surveillance, which is conducted by an in-

fluenza group based in the same campus as the developers. In addition to 

PhoneSurv and WebSurv, the group has access to a range of other surveillance 

systems that all contribute to influenza surveillance. 

                               
19 I expand on this point in section 3.3 in chapter 3. 
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The strength of these cases has to do with the ease with which I was able 

to access both the users and developers of the PhoneSurv and WebSurv sys-

tems. Furthermore, as some of my participants use both systems, I was able to 

conduct a comparison-in-use as the participants use them as supplementary 

systems. The setting also allowed for comparison with more established ways 

of monitoring influenza based on traditional diagnostic methods such as nasal 

swabs, which are also a source of data used by the influenza group in their 

surveillance. The diversity of the users of the systems also made it possible to 

contrast participants working with the system in terms of their respective ex-

pertise. Having the ability to follow the use and development of WebSurv and 

PhoneSurv alongside the traditional surveillance systems made it possible to 

consider what the datafied systems do that the others do not, as well as what 

they have in common. 

The fieldwork I conducted in the early part of my thesis on self-tracking 

senior citizens (Stojanov & Edenius, 2017) raised questions about the rela-

tionship between the datafication in use and its development and maintenance. 

I became intent on exploring the development and maintenance further in a 

second case study. I looked for an organization that would allow me to have 

better access to a participant whose role often came up in the first case study 

but was not present to be asked questions, namely the company responsible 

for developing the infrastructure. I became painfully aware that conducting a 

study involving an extended stay at an organization was as much about being 

chosen by them as it was about me choosing the organization20 (Davies, 2008, 

pp. 88–90). Eventually, I happened upon the organization described above. 

After a first interview with the developers and two epidemiologists, I was 

allowed to conduct a preliminary study in order to formulate a project plan 

that would allow me to gain formal access over an extended period of time. In 

negotiating access, I drew on the interventionist paradigm in design ethnogra-

phy (Andersen et al., 2011) to emphasize that I hoped to be able to contribute 

to the organization. Furthermore, I suggested that my questions might spur 

ideas for further development. I also mentioned that I would be happy to report 

back on my findings in any way that they might find useful and would also be 

willing to take on a more active role in the process of evaluating the systems. 

After gaining access to this field site, I also tried to emphasize aspects of 

myself that might make participants more comfortable with having me around 

                               
20 For my first promising case lead, I received verbal approval from a top-level manager. How-
ever, it proved impossible to gain access to and come alongside the practitioners in whom I was 
interested in the organization. After a year-long courtship involving sporadic meetings and a 
formal interview, I abandoned the attempt when a reorganization moved the top-level manager 
to another organization. My second attempt faltered after four months when a financial crunch 
led to a key employee leaving the company in which I was interested. My third trial seemed 
promising as it involved some participants from the self-tracking seniors’ study, and so I had 
an established contact. However, it never took off. 
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doing field work. For example, in my first encounter with one of the partici-

pants, I became aware of our shared academic background, which provided a 

natural conversation starter. I hoped that in the absence of the authority of a 

completed PhD, our common background would elicit more trust from the 

participant. At the same time, I feared that I would encounter hierarchical 

views on the inferiority of social sciences to ‘hard’ disciplines as most of the 

participants had a background in engineering, natural science, statistics and 

economics. 

I also adapted my style of dress whenever I would be doing fieldwork, 

adopting a style that I hoped would be perceived as ‘professional’. This usu-

ally meant wearing clothing with muted colours and classic cuts that was nei-

ther too loose nor too tight. At first, getting dressed and groomed for field 

work was a preparatory ritual for becoming a researcher. Over time with more 

frequent encounters with the participants, I found myself being less and less 

conscious of how I dressed. 

I drew on infrastructure studies literature for techniques to draw boundaries 

around a phenomenon ‘located’ in a geographically discontinuous space. 

Drawing boundaries for the analysis in terms of how far it should extend into 

the past and what objects or sites to include ‘is invariably a practical matter’ 

(Suchman, 2007, p. 284). 

I had my first interaction with the person who took on the role of gatekeeper 

in the second case study via e-mail. The person whom I had reached (initially 

hidden by depersonalized e-mail alias) turned out to be the developer working 

primarily with PhoneSurv. He functioned as a kind of ‘infrastructural ally’ 

(Beaulieu, 2010, p. 461) who gave me access to different parts of the assem-

blage produced in datafication. 

What I describe below was developed with the trope of ‘follow the data’ in 

mind. Since data has the ability to travel, I went into my fieldwork thinking 

that the datafication assemblage I was studying would be located in different 

geographical places and possibly involve multiple organizations. The map-

ping was done through ‘scaling’ (Ribes, 2014) with the participants by being 

attentive to the different dependencies they believed their work to have. Ribes 

(2014) suggests that administrative and technical actors could be people to 

turn to for this scaling. My initial contact with PhoneSurv and WebSurv was 

through the developers who maintained and developed these systems. During 

one of the meetings with the developer of PhoneSurv, I was shown a map of 

the technical dependencies the system had, where they got their data from, and 

how it was stored. Through participant observation and informal conversation 

with this developer I also learned about the different people and organizations 

that relied on PhoneSurv, as well as the funding structure that made the system 

possible. 
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2.3.1.1 WebSurv and PhoneSurv 

The study followed the work of two developers, D1 who worked primarily 

with PhoneSurv and D2 who worked primarily with WebSurv. I also attended 

weekly meetings of the influenza group, which bases its decisions about the 

current incidence of influenza in the population on the two syndromic surveil-

lance systems. D1 and D2 would occasionally attend the weekly influenza 

meetings and also had exchanges with the influenza group members about 

PhoneSurv and WebSurv when the need arose. 

WebSurv uses web search data generated from searches made in the search 

bar on a national health information portal (HIP) to estimate illness in popu-

lations. There are agreements regulating the exchange and use of this data The 

organization that maintains the HIP sends the data to HlthOrg on a daily basis. 

At the time of the study, WebSurv had recently been redeveloped from a pro-

totype. It was not only being used for influenza surveillance but also for sur-

veillance of the Calicivirus, and was being trialled for surveillance of heat-

wave-related illness and Tick-borne encephalitis (TBE). While the develop-

ment of PhoneSurv and WebSurv were helmed by D1 and D2 respectively, 

each would occasionally also participate in the work related to the other sur-

veillance system. 

PhoneSurv relies on data consisting of aggregations of symptoms in health 

records from a service where citizens receive health advice from a nurse via 

telephone. This data is provided by the organization maintaining the phone 

service and is stored in the central data warehouse of this organization. 

PhoneSurv normally pulls data from these servers once a day. The interface 

and analytics are developed and maintained by D1 and a consulting developer, 

while the server infrastructure is maintained by another organization. Devel-

opment is coordinated through a project management tool that includes a Kan-

ban board. In addition to its use for influenza surveillance, PhoneSurv is used 

at county level as part of ongoing monitoring of potential outbreaks related to 

water quality. Like WebSurv, PhoneSurv was trialled for surveillance of heat-

wave-related illness and TBE during the period in which the study was con-

ducted. 

2.4 Research ethics 

Research ethics are both a central element in good research practice (i.e., the 

way fieldwork is conducted and the empirical material is treated, analysed and 

published) and a set of institutional requirements that overlap to some extent 
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with ethical social science research practice. As Marzano (2007) shows, insti-

tutional criteria sanctioned by ethical committees are contingent on the partic-

ular institutional environment to which a researcher belongs.21 

The requirement for consent offers a good example of the difference be-

tween good research practice and institutional requirements in a case where 

the requirements for ethical approval by the ethical committees are inade-

quate. Consent is central to my research practice, but it is not simply a matter 

of obtaining consent from individual participants at the start of participant ob-

servation. It also involves gaining formal approval from the organization that 

these individuals belong to. Consent also requires continuous sensitivity to the 

possibility that as participants become increasingly comfortable with an em-

bedded researcher, they may share things that fall outside the scope of their 

understanding of what they consented to. Furthermore, explicitly asking for 

consent about everything one might be interested in also affects participant 

behaviour towards me as a researcher, For example, the participants may then 

try to provide what they believe me to be interested in. While some material 

could be divided neatly into what had been consented to and what had not, the 

empirical material was more difficult to place. In such cases, I consulted the 

participants on whether they consented to sharing it. 

I adapted my treatment of the empirical material and its publication to the 

challenges of asking for consent in the way this study was conducted. While 

ethical research practice is built around making sure that the empirical mate-

rial is gathered with the consent of the participants, asking for consent in stud-

ies that involve extended periods of engagement through participant observa-

tion raises questions about the ability of participants to give consent in ad-

vance. Furthermore, this mode of doing research seldom (if ever) lends itself 

well to clearly defined research questions that remain constant, further com-

plicating the ability to ask and give consent (Davies, 2008, p. 55). Davies 

(2008) also points out that one’s ability to give consent may be affected by 

one’s degree of familiarity with the disciplinary discourse. Hence, the partic-

ipants were always allowed to read through and comment on the empirical 

material before it was presented at a conference or published. 

The design of the study was affected by the existing ethical review com-

mittee process, especially in the care I took to identify and exclude personal 

data in my note-taking as well as in how interview material was treated. The 

research process was designed to strip the empirical material of anything that 

could be considered personal data. During participant observation, this was 

done at the point of note taking. If such information was shared during a rec-

orded interview, those parts were omitted when transcribing the interview. 

                               
21 In my institutional environment, the ethical review process was adapted to the practices of 
the natural and behavioural sciences, and sometimes not well aligned with the practice of qual-
itative research. My research questions and the relevant data for this study was not subject to 
the requirement of review by national ethical committees but was subject to internal depart-
mental review. 
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Another example of the disconnect between the ethical approval process 

and qualitative research is the requirement that one specify the research ques-

tions, population sample and types of data at the time of application. Crucially, 

the ethical committee charges a fee for processing an application as well as 

any subsequent revisions. While one of the many questions I had going into 

the fieldwork very much resembles the current framing of the thesis, I was not 

at a stage to commit such a question for ethical approval. 

Another important aspect of the research process is ensuring anonymity of 

the participants. I had to take into account the fact that my cases would be 

searchable if the text were indexed by search engines. Given the highly spe-

cialized work context of the participants, I have changed all names of places 

and systems in order to ensure anonymity. Furthermore, I refrained from quot-

ing texts published by the participants as the quotations would be searchable 

and thus could be connected to the participants. However, again due to the 

specialized context and because someone working in the case organization 

might be able to identify who and what I am referring to, it was important to 

treat consent as an ongoing process. 

Striving to preserve the participants’ anonymity also conflicted with an-

other aspect of ethical research and academic honesty, namely thorough ref-

erencing. Anonymity and referencing are in tension because the participants 

had published academic papers that were important for my understanding of 

the cases. Citing those papers would make it obvious where and with whom I 

conducted my study. But if I did not cite them, I could be considered to be in 

breach of academic values related to citation. It could even be argued that 

failing to cite the participants could potentially harm them, given the im-

portance for citations in academia (De Rond & Miller, 2005). I dealt with this 

tension as part of the process of asking for consent. In other words, I presented 

the problem to the participants and let them decide whether I should cite their 

articles. 

2.5 Empirical material 

As the field is produced over the course of the study, methods must also adapt: 

‘Just as the objects of empirical inquiry are assembled, so too must methods 

equal to this assemblage be pieced together from varied sources’ (Duff, 2014, 

p. 51). The methods detailed below were chosen for their ability to produce 

empirical material that is able to capture specific sociomaterial conditions con-

stituting the phenomenon in practice (Orlikowski & Scott, 2015, p. 213). 

Methods associated with ethnographic studies, such as participant observation 

and interviews, are also suitable for new materialist inquiry (Fox & Alldred, 

2015). This served as an important point of reference in the choice of methods. 

Long-term engagement using such methods is meant to result in a thick de-

scription (Clifford & Geetz) of the collection of people, software development 
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practices, technical infrastructure, organizational routines and institutions 

constituting an assemblage that enacts datafied monitoring. 

As I work through the event-based framework, I explain different research 

events in more detail in the sections that follow. Fieldwork events are the re-

search event of producing empirical material during fieldwork and involve 

myself, the participants and some form of recording device (usually employed 

concurrently or, rarely, shortly afterward). Textwork events focused on anal-

ysis, during which I would expand some field notes, write up vignettes, code, 

write memos and develop themes. Textwork events and fieldwork events are 

related, as one could become datum for the other. For example, connecting to 

past events as I remembered what had happened, I could make associations in 

the moment. Furthermore, in reading I could make associations to experiences 

I had had. 

2.5.1 Participant observation, interviews, documents 

In order to be able to study how datafication is enacted in practice, a signifi-

cant portion of the studies were conducted using participant observation. In-

spired by Mol’s (2002) ethnography of practices, I too looked to the proce-

dures, instrumentation and types of meetings in my studies of datafication 

practices. The degree of participation varied depending on the setting,  

whether the participant observation required me to become a full participant, 

and whether my skillset was useful in the context. As a participant observer, I 

strove for co-presence, rather than co-location as a basis for ‘being in the field’ 

so that different ways of interacting with participants are treated as symmet-

rical (Beaulieu, 2010). From this standpoint, participant observation can occur 

when I am included in e-mail conversations. This indicates that being physi-

cally co-located is not a sufficient condition for being co-present. I will still 

provide context for the reader to be able to discern where a particular result 

stems from in the chapters presenting the empirical material. 

The data collection during participant observation was considered through 

the notion of the event. The phenomenon of the datafication of public health 

surveillance is understood as events, where the empirical material is produced 

in research events in relation to me as a researcher. How they are accessible 

to me is partly determined by the choice of research methods. The production 

of empirical material begins with a fieldwork event, which unfolds and is con-

stituted with the methods employed as well as the event of datafication of 

public health surveillance. Thinking with the research event provides an alter-

native to the notion of a stable researcher subjectivity going into an already 

defined field and observing things as they would have occurred anyway. Ra-

ther, the research methods employed allow me to be moved with the datafica-

tion of public health surveillance in a particular way, in ways that result in a 

particular trace that forms the beginning of the empirical material to be ana-

lysed. 



 42 

Fieldwork is a becoming with the field, a correspondence between me and 

the other participants in which I respond to what happens around me with 

questions, responses and interventions as a way of ‘living attentionally with 

others’ (Ingold, 2014, p. 389). Hence, the empirical material that is produced 

is intimately tied to me and my ability to form meaningful relationships in my 

fieldwork, as well as to how these are then inscribed and revisited in field 

notes. Furthermore, the event is determined in relation to what my participants 

seemed to understand as ongoing, as beginnings and endings, as changing and 

enduring. In the formation of relations with people and technologies, agential 

cuts also produce lines that suit the case and draw out insight along those lines 

rather than reified structures that we fix in advance. Echoing this line of think-

ing, Ingold (2014, pp. 387–388) stresses participant observation as a practice 

of observing within a phenomenon. Rather than objectifying that which is ex-

perienced by our senses, observation is about learning within the relations that 

are formed in the fieldwork. 

Nevertheless, taking field notes necessarily objectifies aspects of events.  

In the moment of doing fieldwork, there can be both conscious reflection (‘Oh 

that’s interesting’) because of my research interests and conceptual work, as 

well as objectification in relation to what the participants treat as important. 

The fieldwork event may involve all senses, but I employ various information 

technologies to be able to revisit events and analyse them together in a text-

work event. The field notes that resulted from a fieldwork event are inextrica-

bly linked to the conditions under which they were collected. The note-taking 

practice is partly constituted by the conditions of participant observation. In a 

Skype meeting, I am able to type on my computer or keep my notebook out 

of sight of participants, and they do not see or hear my pen moving. I also do 

not need to manage my presence in the room, which means that I am always 

as comfortable as I can be writing down notes. In most of these notes, I am 

able to capture the verbal exchanges in great detail. However, in this kind of 

situation, the mood seems to be flatter and I am less able to sense that there is 

any sort of tone or see the body language. My physical presence in the room 

where a meeting is taking place has its own set of implications. I find myself 

better at sensing a mood, especially when it shifts. The sound is clearer and 

richer. At the same time, I am more constrained in my note taking as I avoid 

putting my notebook in plain sight. I usually keep it on my lap, and try to 

control the pace of my writing to avoid giving a sense that what was just said 

is very important. This account of my note-taking process shows that how my 

field notes are produced differs, and has consequences for what gets tracked 

on paper, and consequently for what and how events are remembered, re-read 

and represented. 

Notes were taken during participant observation to the extent possible with-

out interfering with my ability to participate in the research setting. My role 

was mostly to participate as a full observer (Hammersley & Atkinson, 1995). 

Hence, I was free to take notes for the duration of most meetings. While doing 
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so, I generally switched between two modes of writing: either constantly tak-

ing field notes to avoid suggesting that I was looking for something specific 

or, when this was inappropriate, taking notes as soon as possible after a re-

search event. Writing also helped to focus my attention to what was happen-

ing. In contexts where taking out my notebook felt strange, I made short notes 

on my phone if I could take it out in a way that seemed natural. Writing down 

what is happening in real time can be a good way to illustrate how a process 

unfolded and whether there were uncertainties. These uncertainties might dis-

appear if the process were retold based only on the outcome (Emerson et al., 

2011, p. 104). 

Within the new materialist perspective, interviews can also be used to un-

derstand the kinds of relations enacted and thus how the datafication is made 

to work (Fox & Alldred, 2015, p. 407). At the beginning of the study I con-

ducted semi-structured interviews with the developers working with 

PhoneSurv and WebSurv and with the epidemiologist who chairs influenza 

surveillance meetings. During the study, I conducted informal interviews 

when I needed clarification or if I wanted to follow up on something that the 

participants had worked on while I was unable to participate. 

The perspective adopted here does not mean that I abandoned familiar cat-

egories such as algorithm, data structure and hardware, but rather that I kept 

an open mind regarding what categories I would use to delimit phenomena of 

interest. Furthermore, when attributing certain actions to specific categories in 

the fieldwork event, I would rely on the participants’ language and under-

standing. The conceptual work done throughout the PhD on, for example, the 

transversality of datafication, should not be viewed as an attempt to try ‘to rid 

oneself of (theoretical) prejudice, but how to pick from among one’s “preju-

dices” those that will help in the articulation of particular problems and how 

to remove those that are likely to turn into obstacles’ (Jensen & Rödje, 2009, 

p. 9). 

Following the data also involves asking questions about data. Data was not 

only a way to understand datafication but also served as a useful entry point 

in conversations with participants. Cohn (2013) used software as a lens when 

studying a long-term space exploration mission. Interacting with informants 

under the pretence of studying software may be generative. Posing a ‘mis-

guided’ question about software to someone who does not consider software 

important to their work may prompt them to explain what they are doing. Fur-

thermore, finding places where an element such as software has faded into the 

background may yield an entry point into the field that provides an interesting 

perspective on the organization (Cohn, 2013). 

Studying algorithms as part of enacting datafication can pose specific chal-

lenges in terms of algorithmic opacity. Burrell (2016) unpacks three different 

kinds of opacities that we face when encountering algorithms: i) Algorithms 

are often proprietary, which means that access to the code may be limited; ii) 
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Access to an algorithm may also be limited by the skills the researcher pos-

sesses, in that code may be accessible but not understandable; iii) In the case 

of machine-learning algorithms there may be a mismatch between human rea-

soning and interpretation and how these algorithms function. Although I could 

draw on my background in data mining, my ability to study algorithms was 

limited mostly by my own understanding of them. Nevertheless, the performa-

tivity of algorithms can be studied, and should be studied in relation to their 

use ‘in sociomaterial practice on screens and on the ground’ (Orlikowski & 

Scott, 2015, p. 213). 

In most organizations today, textual material is ubiquitous. In my field site, 

influenza reports and the participants’ scientific publications were constantly 

referenced. E-mails were also important textual documents that became em-

pirical material. A distinction can be made between being part of an e-mail 

conversation as it unfolds and having a conversation forwarded to me after-

wards, as I did not obtain the latter through participant observation. Hammers-

ley & Atkinson (1995) suggest that text can be a rich entry point when trying 

to get to know an organization in a literate culture. 

2.5.2 An intervention 

Assuming a world in becoming requires more care in manoeuvring the mutual 

entanglement of the past, present and future (Cecez-Kecmanovic et al., 2014). 

It is important to recognize the influence of the past on the present as all acts 

are ‘already governed by prior performative outcomes within the flow of be-

coming’ (Introna, 2013). Furthermore, Cecez-Kecmanovic et al. (2014) sug-

gest that we need to consider not only the past but also the future if we are to 

be able to sufficiently account for how the phenomenon is constituted (Cecez-

Kecmanovic et al., 2014). Law (2004) advocates pluralism in social scientific 

methods and suggests that we ‘will need to teach ourselves to know some of 

the realities of the world using methods unusual to or unknown in social sci-

ence’ (Law, 2004, p. 2). Given the influence of distant processes, research 

based on ethnographic methods will always be characterized by absences, and 

so an eclectic mix of methods is already used in order to access that which is 

not available for participant observation (Amit, 2003, p. 12). In light of this, I 

came to draw on a design ethnographic tradition22 (Baskerville & Myers, 

2015). By engaging in practices associated with design, its interventionist par-

adigm and future-orientedness supplement methods such as participant obser-

vation. Within such a paradigm, a prototyping event can be generative of im-

agined futures and hopes. While the future is relevant for any phenomenon, 

                               
22 While some of the work being done in design ethnography could be placed within ‘tradi-
tional’ ethnographic work, it is invoked here in order to specifically signal a future-orientation 
in the empirical investigation through the use of interventions in the field, which have an affinity 
with research-through-design, in addition to participatory observation, interviews and docu-
ment analysis. 
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and indeed may be increasingly so (Adams et al., 2009), it was top of mind 

due to the goal of prevention of illness within public health practice. 

Opportunities for intervention are determined together with the research 

participants. Within the design ethnographic tradition, interventions do not 

have to result in a designed artefact. Rather, engaging in a design process with 

the participants is an opportunity for data collection. The design intervention 

is also co-constituted with my skillset and research purpose. Hence, I enrolled 

in a course that would teach me the basics of natural language processing in 

order to be able to conduct this part of the study. Engaging in a design process 

with the participants is considered to be an opportunity for data collection. 

The empirical material was produced drawing on guidance from auto-eth-

nography. I wrote self-observation data, compiled the written correspondence 

between the participants and myself, and took notes or audio recordings dur-

ing our meetings about the project. This approach was adopted because it is 

useful for gaining access to aspects of the datafication processes that are dif-

ficult to observe in others through participant observation (Chang 2008, pp. 

90–92). The initial interest in self-observation arose from noting that the de-

velopment process seemed at times to cause frustration. While I could sense 

this frustration from being around the developers, there are limitations to the 

richness of data that can be gleaned from participant observation, and auto-

ethnography could complement the other empirical material (Ghita, 2019). I 

set up the protocol for writing self-observation data following both interval 

recording and occurrence recording. This meant that I took notes as soon as 

possible after a session of working with the code, as well as following any 

particular event that struck me as immediately significant for the study. 

2.5.3 Management of empirical material 

The empirical material was stored on my password-protected computer as well 

as on a password-protected encrypted back-up drive. Some of the information 

I was exposed to at HlthOrg, just by virtue of being there, could have been 

confidential. Together with the participants, we defined a process for ensuring 

that none of the material that I had collected was confidential. I committed to 

sharing my texts intended for publication, and they committed to reading them 

in advance. Two people also functioned as contacts whom I could consult in 

the event that I was unsure of the confidentiality of the contents of my empir-

ical material. 

2.6 Conceptualization 

One challenge I faced in operationalizing event-based thinking in information 

systems research was the dearth of guidance regarding what it means to con-

duct information systems research with this theory in mind. At the same time, 
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some of the assumptions of a process ontology that are brought to bear on the 

research phenomenon also fold back on my own process, including researcher 

and phenomenon intra-acting and the performativity of methods (Hultin, 

2019). Here I outline the process of conceptualization as well as my approach 

to ensuring authenticity. 

Brown (2009) suggests that the challenge for social sciences as compared 

to the ‘hard’ sciences in that their objects of study do not lend themselves to 

adequate control. Furthermore, social scientists do not hold the same kind of 

authority over concepts as philosophers and mathematicians do, for social sci-

entific concepts exist in tension are reformed with respect to real experience 

(Brown, 2009, p. 117). Although grounded in a discussion of the sociological 

problem, Fraser (2009) provides a helpful account of what conceptualization 

in information systems could be from a process ontological perspective. While 

social science is not scientific, it is not wholly imaginative either. As social 

scientists we enable a problem ‘to “speak”, or to pose it in terms which allow 

it to play itself out in productively creative ways’ (Fraser, 2009, p. 76). Fur-

thermore, the problem that ends up being posed is transformative of the con-

cepts that are involved in formulating it, and also of the researcher and the 

empirical material itself. I strive to produce concepts that resonate with social 

practice through which they are formed. 

I came to see the object of research as conceptual-empirical hybrids (Jen-

sen, 2014). Hence, concepts should not be regarded as finished products but 

should make it possible to open up new lines of thinking (Thrift, 2014). Jensen 

and Rödje (2009) suggest a fractal and performative strategy for doing social 

science – to take concepts and ‘graft them on to new concerns, placing them 

in proximity with other issues’ (Jensen & Rödje, 2009, p. 27). A difficulty 

with this approach is that it is not prescriptive regarding what theoretical or 

methodological components to include; rather, success is evaluated according 

to the extent to which a concept is able to ‘generate new capacities for thinking 

and acting’ (Jensen & Rödje, 2009, p. 27). ‘Right or wrong is not the issue. 

The issue is to demarcate their sphere of applicability – when the “ground” 

upon which they operate is continuously moving’ (Massumi, 2002, p.7). Rob-

inson (2016) takes inspiration from Deleuze’s work on the concept to define 

a set of strategies for comparison, and suggests that we can begin conceptual-

ization anywhere. I took this to imply a blurring of induction and deduction as 

well as problematizing the division of analysis of empirical material into dis-

tinct phases with a specific chronology. 

While conducting the study, I wrote process analytical memos. My practice 

emerged organically. I had originally intended to use the memo functionality 

of the software NVivo to do this. However, always having to take out my 

computer, launch NVivo, and then write was clunky, and waiting was disrup-

tive of the thought process. I started taking notes on the fly in my work e-mail 

and e-mailing them to myself, thinking that I would add them to NVivo later. 
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Once I had accumulated a few e-mails, I realized that this was actually a con-

venient way to gather memos, with the added benefit of their being 

timestamped. Being able to think and write at the same time and then go back 

to review my writing ended up being a helpful process, even though a minority 

of the memos were incorporated into this thesis. This particular research de-

sign is illustrative of the way in which the research assemblage can be pro-

duced without intentionally planning it to be done in a particular way. In this 

case, by virtue of having been repeated a few times, a temporary practice be-

came part of how I conducted the rest of my study. However, with the changed 

work practices of the pandemic resulting in further blurring of the division 

between work and leisure, I have come to re-evaluate the benefits of this ap-

proach. There are also merits to having a work practice that actively promotes 

thinking during work time and discourages thinking about work in leisure 

hours. This resonates with what Mazmanian et al. (2013) found regarding the 

autonomy gained in work with the use of mobile devices, which can also re-

duce the ability to disconnect from work. 

Coding is a useful approach for analysing my empirical material and was 

an integral support in the conceptualization process, primarily as practice to 

focus my attention (MacLure, 2013), but also as a way of orienting myself in 

empirical material when I revisited it. I initially used NVivo for coding, but 

eventually abandoned it in favour of the native commenting functionalities in 

my word processor. 

I used NVivo to analyse the empirical material produced in connection with 

the intervention. The first step in the coding process was to map fieldwork 

events onto events that I found relevant to the research question. The process 

reduced the amount of material, excluding those parts which seemed uncon-

nected to the research question. Finally, I used a graphic representation of the 

open codes available in NVivo to cluster them into thematic codes. 

The main advantage of working with NVivo is that it seems to suggest a 

rigorous process. While there are benefits to using NVivo in collaborative pro-

jects, there were a number of aspects that interfered with my analysis, such as 

experiencing it as slow when I needed it to be fast,23 and inadequate for explo-

ration.24 Furthermore, I began to question the value of NVivo for my analysis 

in relation to the cost of the licence and the learning curve. 

                               
23 Working with NVivo was frustrating because adding a code created a time lag. Compared to 
the immediacy of creating a comment in Word, this lag interfered with my analysis because I 
needed to stop to recall the code, rather than just continuing at the pace of my thinking, which 
the Word comment function allows. However, NVivo excels at searching through codes. None-
theless, the way NVivo centres analysis on codes was a disadvantage because I found myself 
constantly at a remove from the empirical material and trying to re-contextualize what the focus 
on codes had disconnected. 
24 I had worked with the visual tool of codes as a way to structure the codes into themes, moving 
codes on a map into groups. This was helpful in trying out different themes. Unfortunately, 
once they were organized, the only way I could save this organization was to take a screenshot. 
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Emboldened by Hultin’s (2017) use of Excel in her analysis, I decided to 

rely on the creation of new documents, using the commenting function in 

Word and the search function in Finder on my Mac. What I would do was 

comment while reading, and create new documents for the themes that 

emerged as I compared different codes. In this textwork event, guided by my 

research questions, my coding focused on valuations and comparisons, where 

each of these valuations or comparisons are aspects of a fieldwork event. At 

the same time, the textwork is itself an event, which could take a past event as 

datum in recalling the event I was reading about, or in making a comparison 

between this textwork event and a prior one, which could include another set 

of empirical material or a paper I had read. 

Once I had coded a document, I would review and compare the codes and 

sections of the empirical material, developing themes as I created documents 

for those that seemed interesting in relation to the research question and pasted 

portions of the empirical material into the document corresponding to the 

theme. Each of the theme documents thus contained copies of sections from 

the field notes in chronological order, together with their codes. Next, I would 

write them up into a narrative around excerpts from the field notes. These 

documents then served as the foundation for writing up the results, with each 

subsection in the results chapter stemming from this process. The analysis also 

extended into the process of writing up the results in sections and chapters, as 

arranging parts into a linear order is also a creative act of arranging themes in 

a specific relationship to each other. 

Following Schultze’s (2000) recommendations for ensuring the study lives 

up to the criterion of authenticity, I shared the results chapters with the study 

participants. I have incorporated all their feedback in the final version of the 

results chapters. Nevertheless, the accounts are grounded in my experiences, 

and validation from the participants does not imply that my account is or as-

pires to be definitive. Rather, the aim of this chapter has been to try to account 

for the ways in which the boundaries around the phenomenon have been 

drawn through articulating the way in which I came to be at HlthOrg, and how 

the empirical and conceptual work unfolded. This can be exemplified with the 

consequence of returning to a weekly meeting, such as an influenza meeting. 

In this repetition and the subsequent making of these meetings comparable, I 

can on the one hand show what endures from one meeting to the next. On the 

other hand, I am also able to enact absences in this comparison. This is central 

to the theorization in chapter 6, as one of the concepts developed there relies 

on the ability to enact absences in a meeting, where an absence is only possible 

through its presence in what it is being compared to. The goal is not to prove 

                               

The codes would revert to a default grouping if I clicked on them (which was equally devastat-
ing the first time I did it intentionally, to have a look at the empirical material connected to the 
code, and the subsequent times, when I did it by accident). This meant that moving between the 
grouping and tentative conceptualization to the empirical material was not supported by the 
program. 
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what datafication is, but to show (Edenius, 1997, p. 62) what it does: ‘what 

associations it makes, what capacities it has to affect its relations or to be af-

fected by them, what consequences derive from these interactions’ (Fox & 

Alldred, 2016, p. 24). 

I have adapted the field notes included in the results chapter, the most ob-

vious adaptation being translating them into English. I make this point here, 

rather than including it for each reference to empirical material, to improve 

readability. Furthermore, to speed up note taking I did not always use full sen-

tences or correct spelling. Hence, I have made modifications where I was sure 

I was not altering the meaning but merely making the text easier to read. 
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3. Data Narratives and Comparability 

This chapter focuses on data narration processes in order to show how com-

parability in datafication is accomplished in practice. Together with the two 

following empirical chapters, it shows how datafication becomes part of an 

authoritative account in different datafication practices. Firstly, it is accom-

plished in the course of narrating data. This first empirical chapter is supple-

mented by chapter 4, which considers the work of the developers who main-

tain datafication as a practice that is integral to producing authoritative ac-

counts. In chapter 5, the focus will be on exploratory datafication practices, 

highlighting datafication at HlthOrg as something that is in the making and 

evolving. This context provides a means to articulate some of the ways in 

which datafication is considered valuable, a point that is usually implicit with 

datafication in use but is made explicit in the course of exploring new possi-

bilities. 

In this chapter, data narratives and comparability are analysed by drawing 

on Dourish and Gómez Cruz (2018), who emphasize that the connection be-

tween data and narrative assumes that the data making up a data set are actu-

ally comparable. They also suggest that it entails an assumption about the data 

referring to something in the world, a correspondence between data and that 

of which it speaks. 

The first section serves as an introduction to the public health surveillance 

practice that is the focus of this chapter, describing the routines of the influ-

enza group in charge of influenza surveillance. Next, I go more in depth into 

the specific surveillance systems and how they are distinct from each other. 

As the relationship between data and referent is not always stable, section 3.2 

shows some of the ways the participants integrate the way data is generated 

into the data narrative. In the section that follows, I compare influenza sur-

veillance with self-tracking in order to help articulate the specificity of the 

relationship between the influenza group and the developers working on de-

veloping two of the surveillance systems that are cases of datafication. In sec-

tion 3.4, I describe how the failure of surveillance systems means that the par-

ticipants have to manage without some of the data. Finally, I show how data 

narration is productive of a human subjectivity that is oriented towards the 

datafied public health surveillance systems as an involved observer. 
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3.0 Has it started? 

On more than one occasion, I have found parallels between my own research 

process and the work practices of the participants in this study. Here it is the 

concept of data narration that invites viewing of their work through mine and 

vice versa, as I am myself beholden to crafting a narrative in order to show 

how data narration can provide insight into how datafication becomes an au-

thoritative account in public health practice. The beginnings will serve as a 

grand tour of the results in this chapter, with subsequent sections adding fur-

ther detail. Also, starting at a beginning serves as an initial introduction to 

HlthOrg. 

In some ways, the beginning was simple: it started the first time I walked 

through the sliding doors into the building to which I would be returning reg-

ularly over the following two years, and then sporadically for another year 

during the course of my fieldwork. That was the first time I registered at the 

information desk and waited for D1 to meet me and let me in through the 

locked door beside the information desk. Another beginning: I made my first 

mental note about HlthOrg when we opted to climb the stairs to the sixth floor 

rather than taking one of the two elevators that could have taken us there. 

Later, on my way out of that first meeting, it seemed most appropriate for me 

to suggest that we take the stairs when D2 asked me how we should make our 

way back down to the lobby. The openness with which D1 and D2 greeted me 

certainly gave me hope that I would be able to conduct my study there, but at 

this point I did not know that I would be able to do so. Perhaps it would be 

more appropriate to call the formal approval to conduct the study (and receiv-

ing my access card) the beginning; after all, for there to be a study, it had to 

be approved. 

But I had to do some preliminary work in order to begin my study. Being 

formally accepted into HlthOrg was preceded by both initial courtship and 

first meetings with D1, D2 and P2 – these events preceded the formal begin-

ning. In hindsight, with approval obtained, what preceded the formal begin-

ning acquired meaning in relation to the approval, thus allowing it to be incor-

porated into a narrative of the beginning.25 The beginnings coexist and com-

plement each other to paint a richer picture of what it was like to begin. Fur-

thermore, for there to be a beginning, what succeeds it has to somehow 

reaffirm that event as a beginning. What the account of the beginnings points 

to is duration and repetition reaffirming an event as a beginning. 

The participants who are part of the influenza group are also preoccupied 

with beginnings, specifically the beginnings of an influenza epidemic as en-

acted by their different influenza surveillance systems. In the dialogue below, 

P followed by a number represents a participant in the meeting. 

                               
25 At the beginning of this study. I was all too aware of false starts as I had had two of them 
already. Before the study with HlthOrg, I had done a few preliminary interviews with two other 
organizations in the hope of eventually being able to conduct my study with them. 
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P1: Has it [the influenza epidemic] started? 

P3: Maybe… 

P3: We don’t have MEM26 for number of cases. Last year there were about 70 
[lab cases] at the start of the epidemic. We have passed [the threshold] number 
of cases but for the proportion of cases we are still under the threshold. 

P2: We don’t have that exponential growth. 

M: But the proportion [of positive influenza tests] has started to go [up] the 
way it usually does. 

P2: It’s just before Christmas next week so maybe we could express something 
cautionary. 

P1: It’s at 5 so that’s also an indication of something. 

P4: Before it was at zero. 

P1: Probably the epidemic is going to start next week. 

P3: But that it will drop [a discontinuity and temporary decrease]. 

[They look at the lab cases again.] 

P3: It’s more widespread. 

P1: Yeeeees. There’s been an update since last week. 

P3: A few cases came in. There’s usually a delay. 

P2: We don’t know about the sentinel27 [data]. 

P1. No, it is not in yet. 

[They look at WebSurv.] 

P2: WebSurv regionally. 

P2: P4 has calculated MEM. WebSurv has crossed the threshold regionally 
everywhere. But it oscillates around the MEM value. 

P1: But it did that a long time ago. It’s hard to believe something that crossed 
already [five weeks before]. 

[They look at a regional map of PhoneSurv.] 

P2: Fever in children went up already during the summer. We’ve talked about 
how we should adjust MEM. 

P1: That’s why we’re sitting here and interpreting. We should probably in-
crease the MEM values. 

P2: Or it means that it is a blunt instrument. Maybe it means that it gives an 
insight into whether many kids are affected. 

                               
26 A method for calculating a threshold for the start of epidemic. Elaborated on in section 3.1.2. 
27 Surveillance system based on testing by healthcare providers who take nasal swabs of patient 
with influenza like illness and send them to HlthOrg for analysis. 
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P4: Perhaps we should look at what seasons we should include [and] what in-
fluenza types have been circulating and which should be included in the calcu-
lations of MEM values. 

[P2 points to the different graphs for the different seasons.] 

P1: There was one that started early in the north and dragged on. 

P2: Geographically, the different regions took turns. 

P2: We’ve also talked about how we have so many graphs. Should we do all 
of them with these colourful MEM values? 

P2: We could have some [graphs] and then check the MEM values manually. 

P2: Fever in children per region is also increasing. Mid region and South region 
are increasing. 

P1: But we saw that in the lab cases too. 

P2: We are close to the start of the epidemic, but not quite there yet. 

The vignette above was adapted from field notes taken during one of the 

weekly influenza meetings of the influenza group. During an influenza meet-

ing, the group reviews a variety of influenza surveillance systems in order to 

assess the incidence of influenza in the country. The vignette above illustrates 

how the different surveillance systems complement each other but also main-

tain a certain hierarchy. When available to the influenza group, the laboratory 

cases are the starting point, and all the other surveillance systems add addi-

tional nuances to understanding the incidence of influenza. 

In the course of fleshing out a narrative on influenza incidence, the influ-

enza group grapples with a range of uncertainties associated with each sur-

veillance system. This particular meeting illustrates the challenges of acquir-

ing data on time from surveillance systems that rely on humans to compile 

data, namely laboratory cases and sentinel data. At the same time, PhoneSurv 

and WebSurv are exhibiting behaviours that make the participants question 

their utility for determining the start of the epidemic. P2 emphasizes that the 

PhoneSurv surveillance system does, however, provide insight on how the 

population segment of children 0–4 are being affected by the current influenza 

epidemic. 

As implied by the way in which the participants compare and refer back to 

the past, this is only one of several weekly influenza meetings of the continu-

ous influenza surveillance at HlthOrg. As a first step towards understanding 

how datafication becomes an authoritative account in public health practice, 

the next section will look at the surveillance systems as part of specific rou-

tines in a particular organization and physical space. 
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3.0.1 Influenza meeting routines 

Meetings usually begin with a review of laboratory data, with each subsequent 

surveillance system adding further detail to the participants’ understanding of 

the preceding week’s influenza incidence. In the meeting above, the surveil-

lance systems seemed to indicate that influenza activity had started to pick up 

in the country. As the influenza group went through each surveillance system, 

they took out a new piece of paper with a graph, with the number of graphs 

piling up on the table as the meeting progressed (see figure 1). The person 

chairing the meeting would bring a standardized form that the group would go 

through step by step, reviewing and noting down on the form what each sur-

veillance system indicated. This form was introduced as a way to structure the 

meetings. 

The first surveillance system to be discussed reports on laboratory testing 

for influenza, showing both the number of positive laboratory tests by influ-

enza type (A or B) as well as the proportion of positive tests. While the laws 

and regulations surrounding infectious diseases stipulate that influenza cases 

need to be reported to HlthOrg, the influenza group has also established rela-

tionships with the different regional laboratories in order to receive the total 

number of analysed tests, the denominator data. The denominator data is nec-

essary to calculate the proportion of positive tests, as well as to be able to 

obtain an indication of the level of testing throughout the healthcare system. 

Influenza strains can be further divided into subtypes of A and B, which is 

done for a portion of the laboratory samples. In addition to laboratory data 

from regional influenza testing, HlthOrg conducts sentinel testing, which has 

the ability to specify which influenza virus is present among the less severe 

cases in the community.28 For the sentinel testing, a number29 of healthcare 

providers take nasal swabs of patient with influenza-like illness and send them 

to HlthOrg for analysis. 

Next, they would usually turn to the WebSurv surveillance system, usually 

presented by P4 who also brought the printouts. These included a national 

view of the influenza rate according to WebSurv, as well as three regional 

maps, which were introduced during the course of the first year of my field-

work. After WebSurv, the influenza group would discuss the PhoneSurv sur-

veillance systems, which were also often printed on paper. On occasion, P4 

would pull up PhoneSurv and WebSurv on her computer if additional infor-

mation was required or if they had been unable to print the results for that day. 

The discussion about WebSurv and PhoneSurv was followed by a review of 

antiviral medication sales, the number of people admitted to intensive care, 

mortality and excess mortality. HlthOrg also has a web-based survey panel 

                               
28 Laboratory surveillance captures a higher proportion of more severe cases of influenza as 
laboratory testing includes hospitalized people, whereas sentinel testing is done in primary care.  
29 This study stretched over three different influenza seasons, for which the number of partici-
pating healthcare providers was 78, 78 and 88. 
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relating to the health of the population, to which the influenza group also re-

ferred occasionally. 

 
Figure 1: Picture from influenza meeting of table with graphs from different surveil-
lance systems printed on paper. 

The work of the influenza group is focused on a region in Northern Europe 

with a temperate climate, with seasonal influenza epidemics occurring mainly 

during the winter months (WHO, 2018). Intensified influenza surveillance 

usually begins during week 40, in October, and continues until week 20, in 

May.30 The influenza group produces weekly national influenza reports that 

are published on HlthOrg’s website but are primarily aimed at public health 

and healthcare professionals.31 These influenza reports periodically include 

special sections going into more depth on aspects of influenza surveillance, 

including the circulation of respiratory illnesses other than influenza, virus 

subtyping, vaccine coverage, intensive care cases, quality assurance of rapid 

diagnostic testing of influenza, and the age distribution in influenza outcome. 

Because the group reports weekly data to a European Influenza Surveillance 

Network, they discuss how to report the influenza situation. While the data 

should be reported on a weekly basis, the influenza group can update their 

reports if there are delays in the surveillance systems. 

In addition to the four core members, P1, P2, P3 and P4, the influenza meet-

ings would also frequently be attended by D1 and D2, as well as the virologists 

who work with compiling the sentinel laboratory data at HlthOrg. Influenza 

meetings alternated between two different buildings as influenza group mem-

bers belonged to different departments and were therefore spread between 

these two buildings. Every so often, some members would call in and partici-

pate via speakerphone. I did this myself a few times when I was unable to 

physically attend the meetings. When I was participating remotely, the mem-

bers of the influenza group would describe what they were looking at in order 

                               
30 Some of the influenza surveillance systems are ongoing year-round, including laboratory 
reporting, WebSurv, PhoneSurv and the intensive care register. 
31 The work of the influenza group is sometimes featured in media reporting on influenza and  
the group also writes retrospective yearly reports on influenza. These are beyond the scope of 
the phenomenon of interest. 
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to help me follow along. In one of the buildings, meetings took place in con-

ference rooms where we would gather around a conference table, sometimes 

referring to graphs on laptops, but always with printouts of graphs as well as 

a standardized form for noting down the conclusions from the meetings. When 

meetings took place in the other building, we sat in a smaller meeting area 

connected to the office of one of the members. The smaller room and table 

meant that the surface for printouts and laptops was more limited. If more than 

six people were present, we could not all fit around the table, in which case I 

would sit behind someone. 

The ability to participate remotely and to follow what was being discussed 

without having a clear view of the graphs shows that evaluating the surveil-

lance systems is more than looking at graphs and tables – it is a social32 pro-

cess. By attending the meetings again and again, I grew familiar with the sur-

veillance systems and gained an understanding of the way in which they were 

discussed. Being able to participate in a meeting remotely via speaker phone 

also depended on the willingness and ability of the people on site in the meet-

ing room to describe what they were looking at in order for the person at a 

distance to follow along. This relationship is also predicated on a relationship 

of trust, as the remote participant is dependent on the other participants’ nar-

rative being sufficient and correct. 

As influenza surveillance is ongoing and influenza meetings were sched-

uled on a weekly or biweekly basis between October and May, the influenza 

group depends on timely access to each of the systems. Influenza meetings 

usually take place on Wednesdays. The timing of the meeting matters for the 

availability of data as the surveillance systems differ in terms of how quickly 

data can be prepared in time for the meeting. Because the processes for trans-

ferring data for influenza surveillance with WebSurv and PhoneSurv is auto-

mated, data for the full preceding week is available to the influenza group on 

Mondays, except in weeks when something malfunctions. While some of the 

material from these surveillance systems arrives ready-made for the partici-

pants, Excel is also used to further prepare for the meeting. The surveillance 

systems based on laboratory data and sentinel data were generally available at 

the time of the meeting on Wednesday, but the fact that they are manually 

compiled became obvious when, for example, the influenza meeting was 

moved to a Tuesday because P1 and P3 were otherwise engaged. As P3 pre-

sented these surveillance systems to the group that week, she noted that their 

data showed a decrease, but added ‘it may change.’  Moving the meeting a 

day earlier meant that the data from the more manually compiled surveillance 

systems were still incomplete. 

                               
32 ‘Social’ is not limited only to humans. Rather ‘societies refer to the achievement of groups 
of entities, of any kind, in managing to cohere and endure and thus to constitute some kind of 
unity. The term social refers to the manner and milieu in which such endurance is gained.’ 
(Halewood, 2013, p. 85). 
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3.0.1.1 No space for paper-based meeting routines? 

Towards the end of the study, HlthOrg began changing its office space utili-

zation to adapt to activity-based working.33 Instead of having their own per-

manent rooms and workspaces, P2, P3, and P4 were to have flexible work-

spaces. Prior to this change, they each had their own desk, at least one com-

puter screen, bulletin boards, shelves and storage units with doors, as well as 

all the personalization that comes from returning to the same workspace every 

day (see figure 2). The changes to the office space also meant that they would 

be phasing out the use of paper. Since the influenza group had been using 

printouts of graphs and a paper agenda, I joined P2 in her office prior to the 

full transition to the new working arrangements in order to ask about what had 

to be done to prepare for the upcoming changes. 

We looked at the shelf (see left picture in figure 2) of folders containing 

graphs, tables and meeting notes – they would need to figure out what to do 

with them. She speculated that they could have a shelf for their folders. An-

other option would be to start viewing things only on screen. At this point she 

told me that the reason they made notes on the form was to create a structure 

for their meetings. They were not required to fill in the form and they did not 

need to save them. Instead they could scan the notes or start using a tablet. She 

thought aloud about what might need to be saved and looked at her shelf and 

opened up a cabinet with folders. She also showed me a shelf that she had 

started clearing. Some of it was going to be archived because of the changes 

in office space. She also thought about what she would do with her books and 

the pile of articles she had read and saved in case they might be needed. These 

too could be stored digitally. 

 

                               
33 Activity-based working creates a work environment where work flexibility is understood as 
the use of different non-assigned workstations (Hoendervanger et al., 2016). 
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Figure 2: Two pictures of offices at HlthOrg. The left picture shows an office before 
the change to activity-based working was initiated, with shelves and cabinets filled 
with folders, boxes, papers and books. The right picture shows an office after the 
change, with empty shelves and a moving box. 

It was not clear-cut what would be worth saving, but one reason for saving the 

notes from the influenza meeting was to have a record of how things really 

were that particular week. Some of the specifics of a meeting are lost as they 

are translated into the weekly report. For example, in the meeting we had just 

left, the influenza group did not have access to the proportion of positive la-

boratory cases because the denominator data had not yet arrived. The sentinel 

data had also not been available. By the time the weekly influenza report 

would be published, however, that data could well become available, as indeed 

they did that week. The fact that the influenza meeting was conducted without 

access to some of the surveillance systems would be lost if meeting notes were 

not kept. 

This exchange with P2 reveals some of the adaptations to the routines as-

sociated with influenza meetings when activity-based working was intro-

duced. More importantly, it highlights the role attributed to the paper form 

(figure below) in the influenza meeting routines. It was seen as providing 

structure to the meetings. It also is part of producing what does and does not 

get compared week by week, for it presumes the enumeration of a set of sur-

veillance systems, and in doing so also ensures that their absences are ac-

counted for. The routines put in place to conduct an influenza meeting in a 

structured manner thus become related to strategic decisions about office 

space and organization-wide work arrangements as the structuring artefact of 

the meeting paper becomes subject to change due to a decision taken outside 

of the influenza group. 
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Figure 3: A (deliberately blurred) picture of the influenza meeting form on a table 
during an influenza meeting. 

The papers are also part of enacting influenza incidence as a spatiotemporally 

bounded phenomenon according to a surveillance system. While participants 

in the meeting do not necessarily need to look at the graphs and tables, these 

serve as a point of reference in the discussion. Beyond their role in structuring 

a meeting, papers also give rise to archiving practices that are, in turn, related 

to the organization of physical workspace. As the spatial arrangements that 

result from activity-based working have an impact on the archiving of papers, 

such arrangements may have consequences for what accounts are not kept, 

and so impact organizational memory. 

3.1 Influenza surveillance 

One of the reasons HlthOrg monitors seasonal influenza has to do with pan-

demic preparedness. Pandemics occur whenever a new strain of influenza or 

other virus begins to spread between humans in a large portion of the world.34 

Determining the start of the influenza season is important as ‘timely detection 

of the start of the seasonal epidemic is needed to alert health services and to 

mitigate morbidity, mortality and economic costs’ (Vega et al., 2013, p. 546). 

According to one of the participants, influenza surveillance makes it possible 

to compare across years in order to determine whether something ‘stands out’ 

in the current season. 

                               
34 This thesis was written in the midst of a pandemic brought on by the circulation of a new 
strain of coronavirus (SARS-Cov-2) that is transmissible between humans. The most recent 
influenza pandemic before this occurred in 2009/2010. 
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The beginning of an influenza epidemic informs regional public health 

practices such as vaccination, which is one of the available public health in-

terventions for minimizing the spread of influenza and dampening the severity 

of the illness. Both national authorities and counties use the start of the influ-

enza season in vaccination communication: ‘Because the season has started it 

is high time for people aged 65 and above, pregnant people and other people 

belonging to risk groups to get vaccinated in order to protect themselves from 

a severe case [of influenza]’.35 Furthermore, identification of the start of the 

epidemic and its intensity can be used to prepare the healthcare system for 

added pressure on its services, as well as for management of patient flows in 

order to separate patients with influenza from those without. Ongoing influ-

enza surveillance can also be used to inform health professionals on the likely 

demand for antiviral medications that can help fight the influenza virus in a 

person who has fallen ill. 

Repurposing of data is a well-established practice for influenza surveil-

lance and epidemiology. Bauer (2008) characterizes one part of epidemiolog-

ical research practice as ‘deployment of already existing data – data recorded 

in other contexts but used for epidemiological research’ (p. 426). Boyce 

(2016) studied public health surveillance in the context of food-borne diseases 

and characterized the public health sector as having a parasitic relationship 

with the health sector as it often reuses data generated during interactions be-

tween citizens and the healthcare system. As will be shown in this section, 

influenza surveillance conducted by the influenza group also relies on repur-

posed data to a great extent. 

Leonelli & Tempini (2018) highlight the challenges of combining different 

data sources within epidemiology. They suggest that the notion of an invari-

ant36 is a useful way of thinking about how data from different sources are 

brought together. Their case study examines how data sources are brought to-

gether into mash-ups by taking geospatial location as an invariant. The work 

of the epidemiologists in the influenza group resonates with the characteriza-

tion of epidemiology as needing to bring data together. However, the ways in 

which comparison is accomplished differs in that the invariant is defined in 

terms of time (last week), rather than location. 

To show how influenza surveillance with datafication is accomplished, this 

section will introduce the surveillance systems and how they relate to the sur-

veilled population. It will also consider how surveillance systems become 

comparable to themselves and each other over time, and show how some of 

the conditions for influenza transmission become part of the evaluation of the 

data. 

                               
35 This is a translation of a county’s vaccination communication. 
36 Leonelli & Tempini define an invariant as ‘an object or a quantity that remains unchanged 
under a group of transformations’ (Leonelli & Tempini, 2018, p. 7). 
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3.1.1 Surveilled influenza-related outcomes 

As the opening vignette of section 3.0 shows, the influenza group has a range 

of surveillance systems at their disposal in order to determine the burden of 

disease on the population in a given week. This section shows how the pieces 

brought together from the different surveillance systems vary in terms of how 

they enact the impact of influenza and in regard to how influenza is related to 

aggregates and individuals. In addition to differences in how a population is 

constituted, the surveillance systems allow for different spatial resolutions of 

influenza outcomes (Holmberg et al., 2013). 

One of the ways in which the different surveillance systems complement 

each other is in how they relate to specific parts of the population affected by 

influenza. The triangle below (Figure xxx) is used by the influenza group to 

represent the different outcomes of influenza and the burden of influenza on 

the population. Each part of the triangle represents different ways in which an 

influenza infection can affect someone, while the text in black indicates what 

surveillance systems are used to capture the respective outcomes of influenza 

infections. As one participant put it: ‘The systems help each other, we’re talk-

ing about a puzzle here, putting them side by side.’ In other words, the systems 

complement each other when they are used side by side. They are treated as 

distinct surveillance systems, able to provide insight into different ways in 

which influenza affects the population. 

 
Figure 4: A representation of the burden of influenza on a population and the corre-
sponding surveillance system.37  

                               
37 I have modified this figure, renaming the intensive care registry in order to preserve anonym-
ity. 
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The surveillance systems can be distinguished in terms of how they relate to 

individuals and populations, and whether they relate to influenza or influenza-

like illness. The testing done in a laboratory is able to confirm whether a spe-

cific virus is present. For a subset of these tests, the virus strain is also identi-

fied, but in all cases the test indicates whether it is an influenza A or B infec-

tion. Using laboratory data, the group is thus able to follow the incidence of 

laboratory-confirmed influenza A and influenza B. As part of sentinel testing, 

all influenza cases are subtyped38 to further specify which specific virus strain 

the patient has. The virus subtyping is used to determine whether a season has 

a dominant type of influenza. 

Surveillance based on web searches and the medical advice line identifies 

symptoms associated with influenza-like illness (ILI).39. Using PhoneSurv, the 

influenza group follows the reason for contacting the medical advice line, spe-

cifically the percentage of fever-related calls for children aged 0–18.40 How-

ever, PhoneSurv allows the participants to review all age groups, as well as 

relevant symptoms, such as coughing. The surveillance system based on web 

searches, WebSurv, is a statistical model that predicts ILI in the population. 

Prior to the introduction of WebSurv, clinical surveillance of ILI in the popu-

lation was conducted using sentinel general practitioners. 

The surveillance techniques can also be distinguished in terms of how they 

enact aggregates of influenza-related outcomes. Whereas laboratory-con-

firmed cases of influenza enact aggregates by turning individuals into a pop-

ulation, WebSurv predicts the proportion of ILI patients in primary care based 

on a model that uses web queries as input. The fact that laboratory testing has 

increased over time makes it difficult to compare numbers of positive tests 

over time. Hence, the proportion of positive tests is also calculated. Similarly, 

PhoneSurv uses individual calls to calculate the proportion of calls related to 

fever. The relationship between a call and an individual person with an ILI 

symptom is not necessarily one-to-one as a person could call multiple times. 

The surveillance systems can also be distinguished in terms of how they 

enact age. PhoneSurv and laboratory data have an age associated with each 

individual data point. Hence, both the laboratory data and the PhoneSurv data 

                               
38 The laboratory surveillance is able to distinguish between Influenza A and Influenza B, and 
for a subset of these, the more specific influenza strain is identified. Among the influenza vi-
ruses that cause seasonal epidemics, there are two subtypes of influenza A and two lineages of 
influenza B. Within the sentinel surveillance, all samples are analysed to identify the specific 
influenza strain. 
39 ILI is a case description of influenza-like illness based on symptoms, used as a standard 
definition of a clinical syndrome for the purpose of surveillance. According to WHO, ILI is 
defined as an acute respiratory infection with measured fever more than 38°C and cough, with 
onset within the last 10 days. Rather than accounting for all influenza cases, ILI is meant to 
capture a trend over time, and could thus also include non-influenza cases that coincide with 
the clinical case description (WHO, n.d.). 
40 For younger children, the calls were most likely placed by the child’s custodian, but the caller 
is asked to enter the personal number of the ill person, which makes it possible for PhoneSurv 
to make age groupings. 
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can be examined in terms of groupings of the population according to different 

age intervals. The influenza group thus discusses these graphs in terms of the 

predefined age group categories. This categorization or ‘bookmark’ was added 

to PhoneSurv to reflect a pre-existing category in the laboratory data, making 

it easier for the influenza group members to examine groupings in PhoneSurv 

according to these specific intervals. During a meeting, the participants would 

switch between talking about the full population and a specific population seg-

ment. For example: ‘It’s low level. It’s going down. It’s high for 0–4 here as 

well.’ During this particular meeting, the group made a note that the age group 

0–4 was more affected by this year’s influenza. The following week, this same 

age group was also referred to in order to explain the overall trend: ‘It’s logical 

when you look to 0–4.What I mean is, they ramp up the total.’ 

WebSurv does not include any data about who is searching beyond noting 

their geographical region, and the influenza group is aware that the population 

making searches on the website does not necessarily represent the full popu-

lation. During a season when searches in the WebSurv surveillance system 

were at an unusually high level, the influenza group considered the possibility 

that the high level of searches had to do with which group was likely using the 

website. Because the apparent intensity of the season in the surveillance sys-

tem did not match  mortality rate data, the group wondered whether mentions 

of influenza on social media could be contributing to the sense that many peo-

ple were ill. During an annual conference where the influenza group summa-

rized the season, they made the following observations about the WebSurv 

graph: 

P2: This is WebSurv which is meant to approximate the sentinel reporting. It 
is also at a record high. From this it looks like many people were sick. 

[She shows the graph for PhoneSurv.] 

P2: It’s higher than some years, but it’s similar to 15/16. So it seems normal. 

[She shows a slide with the age distribution.] 

P2: Let’s look a bit more at the ages. The older kids seem to be sick. 

P2: We thought that WebSurv is high because it’s the parents of this very gen-
eration that go out and search. That’s why it’s different depending on genera-
tion. 

While the population in WebSurv is generally treated as an ageless aggre-

gate, in this specific season the constitution of the population became subject 

to negotiation beyond the categorizations available in the system. The high 

numbers in WebSurv were explained in terms of the relatively highly im-

pacted generation being the same one that is most likely to search on the web-

site, thus ascribing an age grouping to the surveillance system. While the age 

categorizations of PhoneSurv and the laboratory data are inscribed in data 

structures, WebSurv’s are ephemerally enacted in the course of discussions or 

presentations. 
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The participants treat the surveillance systems as complementary accounts 

of the influenza outcomes in the populations. Each surveillance system has a 

specific way of producing a relationship between influenza or ILI in relation 

to individuals, aggregates and proportions. Furthermore, the systems differ in 

terms of their ability to divide up outcomes according to age groups. The next 

section will articulate further differences in the surveillance systems with re-

gard to how they produce influenza outcomes in relation to geographic re-

gions. 

3.1.1.1 Geographic regions 

In addition to the differences in the enacted populations and their relationship 

to influenza, moving between different surveillance systems result in changes 

in the spatial resolution of what is being surveilled. While the group is primar-

ily tasked with monitoring influenza incidence in the entire country, they do 

make regional differentiations when there are marked differences between the 

different regions. Regional differences can be brought up in terms of incidence 

patterns, as in the remark that, as usual, the smallest county has the highest 

incidence due to its small population size. Regional differences could also be 

articulated in relation to the way in which influenza spreads. For example, 

regional epidemiological curves may differ: ‘I wrote that we have an expected 

peak in February but that it might happen earlier in the North.’ 

The laboratory data can be grouped by the county in which the test was 

taken. During the course of the study, the influenza group was trialling, before 

eventually deciding to adopt, distinct WebSurv surveillance systems for three 

regions of the country: North, Mid, South.41 Being able to draw a distinction 

enabled statements like ‘WebSurv is trending down, and we see the same trend 

across the whole country.’ This assesses the situation in relation to the country 

as a whole, while acknowledging that it is broken down into different regions. 

Geographical divisions were also compared against each other: 

P4: The parts of the country [South, Mid, North] point in the same direction. 

P2: They follow each other. The counties are going down. 

In the course of narrating the different surveillance systems in the influenza 

meeting, the influenza group makes different enactments of influenza and ILI 

comparable. Each surveillance system has a distinct enactment of an influenza 

outcome, where each piece, as it pertains to a particular population segment 

and region, is considered to supplement and add to the national influenza sur-

veillance. 

                               
41 These geographical regions are based on historic divisions of the country’s counties, which 
are well-established in popular consciousness as they are used, for example, in weather report-
ing, but have no administrative function. 
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3.1.2 Epidemic thresholds and influenza intensities 

The previous section showed how the burden of influenza is enacted in differ-

ent ways with the surveillance systems that are available, raising the question 

of how they are made comparable in the course of narrating the data. This 

section shows how comparisons are accomplished with epidemic thresholds 

and influenza intensities, while the section that follows focuses on the epide-

miological curve. 

The progression of an influenza epidemic can be specified according to its 

start and end, as well as the intensity levels of the epidemic. For some of their 

surveillance systems, the influenza group relies on an algorithm called the 

Moving Epidemic Method (MEM)42 in order to decide when influenza activity 

has reached a level indicating that the season has begun. This method is said 

to provide a ‘robust and specific signal to detect influenza epidemics’ (Vega 

et al., 2013). These thresholds and intensities are used in the course of narrat-

ing the surveillance systems in order to make them comparable to themselves 

over time as well as to each other. 

New MEM thresholds are calculated every season, before the influenza 

season begins, and are held constant for the entire season. Several thresholds 

are calculated, including a threshold for the beginning of the season, so that 

when a surveillance system exceeds this threshold, the season has started. 

MEM also defines the boundary between very low and low intensity levels. 

There are also three more thresholds which indicate that the intensity of a sea-

son is increasing to medium high, high and very high intensity. A threshold 

for the end of the season is also calculated, which determines the end of the 

epidemic period and the beginning of the post-epidemic period. The different 

thresholds and intensity levels are used when comparing surveillance systems. 

In figure 5 below, the different coloured fields in the Excel sheet represent the 

areas corresponding to the intensity levels. 

                               
42 See appendix A for a brief description of the MEM algorithm. MEM was developed by a 
Spanish team and was later adopted elsewhere, and is used by the European Centre for Disease 
Control to monitor influenza circulation. The MEM algorithm was introduced in the surveil-
lance systems in the 2015/2016 season. Before MEM was introduced, the influenza group used 
a specific number of positive influenza laboratory tests per week as a heuristic indicating the 
start of the season. 
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Figure 5: A picture of a computer screen showing an excel sheet with surveillance 
system data and a graph with intensity based on MEM indicated with colours in the 
graph. 

The MEM algorithm provides rigour in determining the start of an epidemic 

and evaluating its intensity. However, the influenza group does not take the 

MEM values at face value but engages with them critically. This should give 

pause to both alarmist and utopian accounts of how algorithms figure into de-

cision-making. The way the epidemiologists’ work with the MEM values sug-

gests that algorithmic decision-making can be approached in a way that incor-

porates a critical perspective into enacting their use in influenza surveillance. 

The vignette from section 3.0 is illustrative of the ways in which the MEM 

values are incorporated into the narrative around influenza incidence. The use 

of MEM values rests on a set of assumptions about the comparability of sea-

sons. Prior to the period over which this study was conducted, the influenza 

group used MEM for the surveillance system based on the number of labora-

tory cases. However, more recent experience led them to determine that they 

‘can’t use MEM for number of cases’.43 This decision reflects their under-

standing of the relative changes between seasons. Over the years in which the 

study was conducted, the participants noted a change in the frequency of la-

boratory testing in the healthcare system. Hence, care is taken to determine 

whether it is appropriate to apply MEM values to a particular kind of data, 

                               
43 This does not preclude the possibility of using MEM for this surveillance system in the future.  
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indicating that would-be algorithmic decision-making is evaluated with regard 

to the suitability of the data source. 

Furthermore, in the same meeting WebSurv was said to have crossed the 

MEM threshold ‘a long time ago’, making it ‘hard to believe’. The signifi-

cance of crossing the threshold is interpreted in light of the behaviour of Web-

Surv prior to its crossing the threshold; It had been oscillating around the 

threshold for a while. This comment suggests that the duration and repetitions 

of continuous influenza surveillance of data not only play a part in reaffirming 

an observation, such as the beginning of the season, but that duration can also 

be productive of ambiguity in the case of oscillations. At the same time, the 

influenza intensity of the most recently passed week is always already config-

ured in relation to a historic data set of past seasons that determines thresholds 

enacting start, end and intensities. Hence, the example in the introductory vi-

gnette highlights two ways that the past is incorporated into the comparisons 

with MEM values. Section 3.2 expands further on how these relations are 

evaluated with reference to the conditions under which data was created. 

In addition to disease intensities and the beginning and ending of the epi-

demic, the influenza group is able to make comparisons by keeping the spe-

cific week under surveillance invariant in the course of narrating the data. 

3.1.3 Comparing along epidemiological curves 

We talked a bit about it and came to the conclusion that ok, we need something 
to compare it to. To just look at the latest numbers about [hospital] overcrowd-
ing … we need some framing in order to understand. So that’s something I am 
going to try to do here, we’ll look a bit at what overcrowding data has looked 
like [in the past] so that we have something to compare with. 

In the quotation above, P2 was explaining that the influenza group was con-

sidering whether data on overcrowding in hospitals would add something to 

their understanding of the impact of influenza. The quotation makes explicit 

what is present in all of the surveillance systems they use – an understanding 

of the surveilled week is reached by comparing it to past data. 

The participants go through each available surveillance system sequen-

tially. Comparisons can be made between the surveilled week44 and the week 

preceding it for a given surveillance system, as well as across surveillance 

systems. In these comparisons, rates of change for a specific time and place 

allow the surveillance systems to cohere into a narrative that incorporates the 

different surveilled outcomes. Table 1 below has been adapted from one of 

the influenza reports where the rightmost column shows how the rates of 

change allow for the different surveillance systems to become comparable as 

they are all specified in terms of a trend: 

                               
44 For the influenza meeting and report of week X, the surveilled week is week X-1. Week X-1 
is then compared to week X-2. 



 68 

Surveillance system Week [n] Change compared to 
previous week 

Laboratory-based  
surveillance 

453 cases, of which: 
451 Influenza A 
2 influenza B 

Trend: decrease 

 2996 tests 
15.1 % positive 

Trend: decrease 

Sentinel  6 cases, of which: 
1 A/H1N1pdm09  
4 A/H3N2 
1 influenza A (no subtyping) 
0 B-Victoria 
0 B-Yamagata  

Trend: unchanged 

 24 tests 
25 % positive 

 

unchanged 

Intensive care registry Cumulatively 262 intensive care pa-
tients reported since week 40, 
2018, of which 

26 A/H1N1pdm09  
2 A/H3N2 
234 influenza A (no subtyping) 
0 B 

* 

Excess mortality Significant increased excess mortal-
ity ** 
FluMoMo: Age group 15–64   and 
whole population, week [n-12] 
MoMo: Northern region (whole 
population), week [n-12] 

* 

PhoneSurv 5.7 % phone calls about fever in 
children 

Activity: low 

Trend: decrease 

WebSurv Activity: very low 
 

Starting next week, WebSurv will 
take a break due to technical 
maintenance 

Trend: decrease 

* Not relevant due to system delay 
** Delay means that data for the current week and the estimated excess mortality is preliminary 

Table 1: Surveillance data for current week per system45 

The notions of increase, decrease and unchanged entail a comparison with the 

prior week. While the table above indicates alignment between systems, there 

were weeks when they indicated different trends. Assuming the influenza 

group has found no reason to doubt a specific surveillance system, differences 

persist and coexist in the overall assessment. Inconsistent trends do not dis-

qualify any indicator as such, which is in line with the point made in the pre-

vious section: the surveillance systems provide distinct pieces of the burden 

of influenza. 

Comparisons can also stretch further back than the previous week. The 

week under discussion in a given meeting can also be compared to previous 

weeks of that same season. This was illustrated in the opening vignette, where 

WebSurv’s behaviour leading up to that meeting, oscillating around the 

threshold for the epidemic start for several weeks, put its validity in question. 

Comparisons can also be made across years. The assessment of the situa-

tion in a given week as ‘calmer than the past seasons’ implies a comparison 

                               
45 My translation of a table from a weekly influenza report. Flumomo is a model to explain 
mortality based on influenza activity and extreme temperature. 
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across years. Furthermore, indications from a surveillance system can also be 

evaluated in relation to specific weeks, as shown in the following remark: ‘The 

corresponding week before, we’ve been at 50–60 cases. So fewer so far.’ In 

these examples, the comparison over time is done with respect to the calendar 

date. However, it could also be made with respect to the epidemiological 

curve, as participants considered the influenza outcome as ‘close to the curves 

of the other seasons.’ The epidemiological curve can make the graph of a cur-

rent season comparable to multiple seasons: 

P4: I printed a graph with the latest seasons with the proportion [of positive 
tests], where we are also very low, similar to 14/15. 

P1: Also 11/12. What we’re looking at is that there are two seasons that begin 
late, this season follows 14/15. 

While comparisons with historical data are used to evaluate the influenza 

outcome of the most recent week, the influenza group also has the upcoming 

week in their consciousness. When P4 showed an influenza graph that in-

cluded the present season as well as a number of past seasons to enable com-

parison, P3 remarked ‘it will go down before it starts increasing again.’ A 

similar line of reasoning was adopted while looking at PhoneSurv. As they 

were looking at the graph including the three different geographic regions, 

they predicted that it would increase next week. They based this statement on 

a comparison to a previous year, pointing to a drop in the graph for that year 

as comparable to the behaviour of the graph for the current season. In the pre-

vious season to which they were comparing the present season, this drop was 

followed by an increase. 

WebSurv can be distinguished from the other surveillance systems through 

what was referred to as ‘the prediction’, which was being trialled during the 

course of this study. The prediction was an extrapolation of WebSurv data 

from Monday and Tuesday onto a full week. Trialling ‘the prediction’ meant 

consulting it alongside the existing surveillance systems in order to evaluate 

whether it would add any additional insight. The prediction had implications 

for the ordinary WebSurv graph, which could now be compared with it in or-

der to get a sense of what next week would be like. The result of the compar-

ison might be reassurance because it shows ‘very low [influenza activity] for 

next meeting’ or ‘the prediction says that we go from high to medium high’. 

When it seemed the beginning of the season was approaching, WebSurv was 

evaluated in relation to the prediction: 

P4: It goes up next week; however, not above the threshold, but if it keeps 
going up then we’ll probably pass the threshold the week after that. 

These examples illustrate the comparative moves the influenza group make 

as they evaluate the surveilled week in relation to past data and the anticipated 

future. Furthermore, the different surveillance systems become comparable to 

each other through the presence of trends such as an unchanged, increasing, 
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or decreasing influenza incidence. These trends are in themselves rates of 

change assuming a comparison. 

3.1.4 Articulating conditions of transmission 

The previous sections focused on conveying the categorizations and compar-

isons that are part of influenza surveillance. Much like the members of the 

influenza group, they are part of the routine influenza surveillance. Here the 

focus is on those routine elements of narrating data that contextualize and are 

part of interpretation without being inscribed in any of the surveillance sys-

tems; these are the participants’ articulations of the conditions of transmission. 

The specific ways in which influenza can be transmitted (through contact, 

droplets or aerosols) depend on the specific circumstances, in an interplay be-

tween virus, host and environment (Killingley & Nguyen-Van-Tam, 2013). 

The intermittency with which a given transmission conditions is mentioned 

suggests that the transmission routes are only partially articulated, since no 

doubt influenza surveillance relies on a host of simplifications that are implicit 

in the practice of measurement and comparison. More importantly, the need 

to articulate the specific circumstances of transmission (or non-transmission) 

shows that the contextual elements brought into the narrative of the surveil-

lance systems are themselves contextual. 

How adversely a given influenza strain affects an adult is dependent on 

what kind of influenza strain they were first exposed to when they were chil-

dren. This means that, for a given generation, what the participants referred to 

as ‘the first kiss’ of influenza will make that generation better protected 

against the specific virus strain that was in circulation in their early child-

hood.46 Conversely, not having been exposed to a specific influenza strain will 

leave a generation relatively less resilient compared to a generation for which 

it was their first influenza infection. 

In this particular season, the influenza strain H1N1 had not circulated in 

the past three years. It was now circulating, and it would be the first time the 

youngest children would have encountered it. Hence, the influenza group 

members were not surprised to find that 0–4-year-olds were adversely affected 

by the Influenza A/H1N1 strain: 

P1: I think it will be a low season. But it depends on our immunity. It’s been 
three years now since H1N1 was here. 

P2: The age group 0–4 stands out in PhoneSurv too. Last time it was influenza 
A was in 2012 so that’s reasonable. 

What this vignette suggests is that the influenza outcome is understood in 

terms of the relation between the population and the virus. A particular cate-

                               
46 See also (Lessler 2014). 
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gorization of the population being affected by influenza is interpreted in rela-

tion to its generational exposure to a particular strain. Once the subtyping of 

laboratory tests has identified what virus strains are in circulation, this infor-

mation can be used in conjunction with the age categorizations to form a nar-

rative around disease outcomes. The virus strain also figures into the compar-

isons of seasons, where two seasons can be compared specifically because 

they have a dominant virus type in common. The connection between the virus 

and the population can also be made in reverse, where distributions of influ-

enza cases are compared between seasons: 

P3: So few cases, but look at the age distribution. I compared it to [the season 
with] H1N1 and the [age] distribution is basically identical, but it doesn’t co-
incide with H3N2 at all. 

P1: [Influenza always affects] small children, an even distribution between age 
groups. But H3 [H3N2] is almost always elderly. This is something that affects 
both young and old. Looking at the vaccination coverage, we saw things were 
going well, but then the vaccine ran out. 

What this vignette also illustrates is that the relationship between the pop-

ulation and the virus is also understood in relation to vaccination coverage. 

Influenza vaccination is one of the available interventions to mitigate and pre-

vent the spread of influenza. A person who has received the vaccine is less 

likely to become infected. However, the effectiveness of the influenza vaccine 

is dependent on a range of factors, including whether the vaccine matches the 

influenza strain that is in circulation.47 

The conditions for transmission during a specific week can also be under-

stood in relation to the kinds of behaviours the population exhibits due to the 

time of year. This includes holidays, which figure into the participants’ con-

siderations of how the virus is likely to spread and how things will develop 

over subsequent weeks. As the influenza group were reviewing the data after 

the Christmas holidays, they made the following observations: 

P3: The situation is as expected. 

P1: Yes, we expected a decrease in week 1. 

P2: It increased in week 52 and 51. 

[P4 mentions what weekdays were holidays.] 

P2: There was a decrease last week. 

P1: But that is what we’ve written about and expected. 

P2: We have to remember for next year that it doesn’t abate in week 52. 

                               
47 The virus strain is selected for the vaccine prior to the start of the influenza season. Vaccine 
development makes qualified predictions about the likely virus strain, without guarantees. 
There are also differences between vaccine types. During the first two years of this study, the 
vaccine protected against three virus strains, but this has since increased to four strains. 
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P1: But it depends on how the holidays are distributed. A lot depends on when 
schools finish. 

The influenza group expected the Christmas holidays to create a temporary 

decrease in the number of influenza cases. In particular, the specific day the 

school term ends is identified as important for transmission. As the influenza 

group also keeps track of the influenza situation in other countries, the domes-

tic season can become comparable to other countries with reference to a sea-

sonal pattern – a neighbouring country was also experiencing ‘the Christmas 

slump’. 

While a holiday was often considered a sign that the spread of the virus 

would abate, this was not always the case, as illustrated in this exchange: 

P1: I wonder if there will be more cases next week? 

P4: I would have thought the opposite due to the holiday. 

P1: Yes, normally, maybe so; but because there are so few cases there’s the 
possibility that people will get infected when they are travelling. 

The vignette above highlights how the relationship of behavioural patterns 

to transmission is also evaluated in relation to the incidence of influenza in the 

population at that time. This is illustrative of how the factors affecting trans-

mission are constituted in relation to each other. 

In the examples given so far, the specific ways in which the population is 

produced depend on the surveillance systems and require that the specific cat-

egories that the influenza group works with are mostly stable. However, at one 

point there was a large skiing competition, which prompted the group to ask a 

developer to add a specific bookmark for this region in PhoneSurv in order to 

keep track of a potential outbreak there. This example illustrates the mallea-

bility of this surveillance system, where an expected change in behavioural 

patterns can temporarily change the categorization of what becomes compa-

rable in PhoneSurv. 

Another factor that is said to impact the transmission of influenza is the 

weather. There are several reasons for this, including changes in behavioural 

patterns during colder months when people spend more time indoors where 

ventilation is poorer compared to outdoors. Furthermore, the cold months 

bring dry air both outdoors and indoors, further enhancing the conditions for 

the spread of the influenza virus. At every meeting, the influenza group would 

make a note about their sense of the weather, whether it would be cold or dry. 

While they made a note of it, they also pointed out to me that they were aware 

of the inherent limitations of such an assessment due to regional variations in 

temperatures. In most meetings, the weather is simply something to be noted. 

However, at a meeting in January, the weather became part of the reasoning 

about the likely development in influenza in the following weeks: 

P2: Is it cold? 

[Yes, they agree it is cold.] 
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P2: It’s like a perfect storm, it’s cold and everyone is back [from holidays]. 

The weather is mentioned at every meeting, but only occasionally figures 

in the participants’ assessment, as above, where it is included in the explana-

tion. The articulations of the conditions of transmission illustrate how contex-

tual elements are added to the categorizations that are available in the surveil-

lance systems in the course of data narration. What is considered important to 

add as context varies from meeting to meeting, and is itself contextual. This 

section illustrates how different moving parts cohere together in a narrative, 

where the relationship between the narrative elements is not pre-determined 

but relationally determined in each meeting. The next section builds further 

on this point, showing how data generation patterns are foregrounded to also 

facilitate comparisons. 

3.2 Foregrounding data generation patterns 

The participants’ earlier discussion about the use of MEM values as a thresh-

old for the number of influenza cases already hinted at a problem when col-

lecting data on the same phenomenon again and again. On the one hand, when 

discussing laboratory cases, the participants considered the laboratory testing 

practices to be mutable over time. On the other hand, the MEM algorithm 

described in section 3.1.2 assumes a relationship between different seasons of 

influenza. The algorithm treats an influenza season as belonging to a popula-

tion of comparable influenza seasons. This assumption also extends to surveil-

lance systems over time, as the plotting of data points assumes comparability. 

In chapter 4 I will consider in more detail the associated maintenance work 

done by the developers to help make the systems comparable. For now, the 

following subsections will demonstrate the challenges associated with assum-

ing comparability of the surveillance systems week by week, a challenge that 

is partially managed in the course of narrating the data. In these moments, data 

is made comparable by bringing to the fore the particularities of how data is 

generated. 

3.2.1 MEM values and the stability of patterns over seasons 

Before the beginning of the influenza season, MEM values are calculated 

based on data sets from previous influenza seasons. The MEM algorithm as-

sumes that the data sets of different influenza seasons that serve as input are 

comparable, since they are treated the same in the calculations of MEM val-

ues. The extent to which different seasons are comparable came under scrutiny 

in one of the annual meetings where MEM values are reviewed, arranged in 

early October for the 17/18 influenza season. In particular, the stability of pop-

ulation behavioural patterns over time was called into question. This particular 
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meeting included representatives from the influenza group, a statistician, and 

the PhoneSurv and WebSurv developers. 

In order to calculate the MEM values, a set of input parameters have to be 

specified. One of the MEM inputs that needed to be discussed was which in-

fluenza seasons to include as a basis for the calculations. A discussion arose 

around how many of the previous seasons to include in the calculations of the 

thresholds. Seasons are selected with a sliding window where a number of 

seasons are included from a span of years that keeps changing every year. 

Including more seasons was considered advantageous. But the participants 

also considered that an intense influenza season with many cases of influenza 

would strongly affect the MEM values if it were included. Furthermore, when 

considering what data to include, the season after the pandemic of 2009/2010 

became the cut-off point for how far back the data would stretch. After the 

pandemic, more testing for influenza was available, meaning data before and 

after the pandemic were not comparable. 

One of the developers raised the question of why the thresholds needed to 

be adjusted every season given that they were based on historical data: ‘What 

has changed in reality that makes it necessary to change the thresholds?’ The 

statistician pointed out that the influenza strains vary every season and that 

contagion risks change with how people live their lives. An epidemiologist 

added that the data changes: There can be changes in the data from the medical 

advice line as the number of people taking advantage of the service increases 

with greater awareness of its existence. The other developer pointed out that 

there probably is no right answer and that documenting the choices is most 

important. 

What became apparent in the exchange described above is how the influ-

enza surveillance systems have to contend with the many moving parts that 

affect the comparability of data across seasons. As reflected in their discus-

sion, numerous factors are involved: The ‘onset, duration, intensity and geo-

graphical spread of influenza activity are unpredictable and depend on multi-

ple factors such as the characteristics of virus strains, population susceptibility 

and climatic and environmental factors’ (Vega et al., 2013, p. 546). While 

there are merits to having more historical data, the sliding window suggests a 

limitation in terms of their relative comparability, with a gradual divergence 

between data sets as the temporal distance between them increases. In addi-

tion, the singularity that is attributed to the pandemic influenza of 2009 also 

suggests that there are certain events that render the past too different from the 

present for it to be comparable. This difference disqualified the data preceding 

the circulation of this influenza strain as a viable candidate season. 

3.2.2 Media-induced spikes in ‘influenza activity’ 

The discussion of MEM value choices in the previous section highlights the 

point that different influenza seasons are enacted as more or less comparable 
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depending on the time elapsed between the seasons. Furthermore, singular 

events such as pandemics, which somehow change the circumstances of trans-

mission of influenza, including human behaviour, also have an impact on what 

seasons are treated as comparable. In this section, the comparability of one 

week with the next is instead examined within a single season. In particular, 

in the course of narrating a spike in WebSurv, the influenza group manages to 

make what the surveillance system indicates comparable in practice, even 

though the spike itself is considered to be a false indication of an increase in 

predicted ILI. 

The participants regard the media as a potential influence on people’s in-

formation-seeking behaviour. This informed the way they understood the 

WebSurv graph during the period prior to the start of the influenza epidemic, 

when a vaccination campaign had begun that was soon followed by the initi-

ation of vaccinations. The start of vaccination is coordinated nationally with a 

recommended start date for influenza vaccination. Each year in late autumn, 

HlthOrg and regional public health authorities mount a campaign to encourage 

influenza vaccination among those who have been identified as at risk of de-

veloping severe cases. These campaigns usually receive media attention. 

While the influenza group continuously pays attention to media reporting on 

influenza, during the vaccination campaign, the graph from WebSurv is ex-

plicitly interpreted in relation to the influenza campaign and the media atten-

tion it receives. At a meeting in mid-November, the influenza group studied 

the graph from WebSurv (left graph in figure 6), which indicated an upward 

spike. 

 
Figure 6: The left graph shows Week 44 of WebSurv model based on influenza re-
lated searches. The right graph shows the WebSurv graph from week 49, modified 
by adding a dotted line to facilitate comparison with the spike in week 44. In both 
graphs the X-axis is week numbers. 

The left graph in figure 6 indicates a sharp increase in the predicted ILI cases 

in outpatient care, as modelled based on web searches related to influenza. 

This rise in web searches related to influenza could be a sign that the influenza 

season had started. Next, the group looked at the prediction, which indicated 

a sharp turn downwards. They also compared the prediction graph to last 
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year’s influenza season, and it seemed that the prediction followed the move-

ment of last year’s influenza season curve. In the discussion of these graphs, 

team members brought up the vaccination campaign that had begun in the 

weeks preceding this meeting. Eventually they decided that the spike in Web-

Surv was brought on artificially by people searching for information because 

of the vaccination campaign and did not in fact reflect an increase in ILI. Ra-

ther, it was viewed as the result of a temporary change in search behaviour 

due to media influence. Furthermore, the predicted decline in searches indi-

cated that the effect of the campaign was dissipating. For comparison, the right 

graph in figure 6 shows how WebSurv did in fact decline.  

The example above illustrates that in the process of data narration, the com-

parability of the last two weeks of data from the website searches is ques-

tioned. At the same time the data narrative, in casting it as a temporary change 

that will abate, salvages comparability over time and the usefulness of the sur-

veillance systems. The next section will deal with laboratory surveillance data, 

which provides a point of comparison with WebSurv since the surveillance 

systems differ in terms of how participants are able to inquire into the condi-

tions under which data was generated. 

3.2.3 A killer flu or killer new laboratory equipment? 

The conditions under which laboratory data are generated involves a kind of 

trust fabric of professional roles, equipment and institutional affiliations. This 

stands in contrast to the media spike described in the previous section, where 

data generation is not overseen by a professional and the ability to ascertain 

why people are searching more is limited. It highlights what Lagoze (2014) 

refers to as a fracturing of the control zone with respect to a surveillance sys-

tem like WebSurv. 

The topic of influenza and its intensity is a staple in the media, and the 

members of the influenza group are frequently interviewed, providing state-

ments on the course of the influenza season and vaccination. During the influ-

enza meetings they would sometimes discuss the accuracy of the discourse 

around influenza in the media. In some of these accounts, the 2017/2018 in-

fluenza season was being portrayed as particularly severe, and the intensity of 

the season became a subject of discussion in the meeting. The surveillance 

system based on the number of positive laboratory tests had reached a very 

high level compared to previous seasons. The proportion of positive tests also 

indicated a severe season, but at a level that was comparable to some of the 

more severe influenza seasons of the past eight years. The participants con-

sidered whether there might have been an increase in the number of influenza 
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tests being taken, due to an increased use of rapid PCR48 analysis methods. P1 

decided to call the county medical officer in the largest county in the country 

to obtain a ‘boots on the ground’ perspective: 

P1: Does it feel like you are doing more diagnostics in ambulatory care? We 
see more and more cases. We also see that more and more tests are being taken. 
There’s faster diagnostics. I am wondering if it peaks because many people are 
coming into ambulatory care or if it’s just the number of tests that are increas-
ing … You don’t have the sense that the hospitals are enormously over-
crowded? We also see that we’re using more antiviral medication, more pre-
scription-based. The prescriptions, are they from ambulatory care? … We’re 
trying to get a sense of the influenza. The media of course considers it to be a 
killer influenza, very high. My feeling is that it is a severe season but not that 
terrible. 

The conversation shows that media discourse around the influenza season 

makes its way into the discussion. Here the narrative of a particularly severe 

influenza season is tested against what the surveillance systems indicate. Fur-

thermore, what this exchange between a member of the influenza group and 

the county medical officer indicates is how the influenza group has the ability 

to contact members of the healthcare system in order to ask about laboratory 

testing and pressure on the healthcare system. This ability stands in contrast 

to PhoneSurv and WebSurv, which rely on behavioural patterns that are diffi-

cult to investigate beyond what is available in the data. 

During the peak of that same influenza season, the number of web searches 

was noticeably higher than in previous years. The question of the severity of 

the influenza season was being negotiated at the time of the peak, in part be-

cause the severity of the influenza surveillance became contested in relation 

to the reporting in the media. The group suggested that while there were many 

people who were sick, they were not so sick that they needed to seek 

healthcare, and so they searched for information on the health portal. Later 

that same year, at an annual influenza conference where the group provided a 

summary of the most recent influenza season, P2 would explain the relatively 

high peak in WebSurv as being related to the high incidence of influenza 

among young adults as it is ‘that generation that goes out and searches [on the 

internet]’. 

What is under consideration here is not the plausibility of either the expla-

nation for the high incidence in laboratory tests or WebSurv. Rather, it is the 

difference in the kinds of relationships that distinguish both WebSurv and 

PhoneSurv from laboratory testing. 

                               
48 Rapid PCR provide a relatively fast way of detecting and differentiating Influenza A and B. 
The speed of analysis matter for making patient management decisions based on the test results 
(Binnicker et al., 2015). 
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3.2.4 Ab/normal graphs 

Building on the previous section’s description of the media-induced spike, 

there is a sense in which there are movements and shapes of the graphs that 

are considered normal and abnormal. In the following year the influence of 

media attention on WebSurv was again up for discussion. A week after a sig-

nificant increase, the WebSurv graph went down, which aligned with the 

group’s reasoning that the increase had to do with media attention driving up 

searches related to influenza and in turn affecting the model for ILI in outpa-

tient care. However, they considered the media reporting to be unusual this 

year: 

P1: It’s been unreasonably much, pretty early compared to the media coverage 
previous years. 

P3: It’s been a constant simmer. 

These comments suggest that the participants have a sense of what they 

consider to be normal media attention and its impact on WebSurv. The epide-

miologists have an intuitive sense of the shape of the epidemiological curve, 

and an awareness that a graph can exhibit normal and abnormal behaviour. As 

illustrated by the media-induced spike in 3.2.2 and the vignette above, some 

abnormalities become normalized as they are incorporated into the expected 

behaviour of the graph in response to expected patterns in population behav-

iour. There is a normality to the discontinuity caused by media attention, and 

the conditions of the creation of data during that period have been integrated 

into the data narrative as WebSurv is evaluated. 

The sense of normalcy also suggests that graphs can take on shapes that 

reflect errors rather than the influenza outcome. In a study of data practices in 

environmental monitoring of air pollution, Garnett found that checking for er-

rors is a routine practice, which ‘involved practices of feeling for error [em-

phasis in original] in order to both get a sense for, and make sense of, air pol-

lution as data’ (2016, p. 9). The kind of intuitive relationship she describes 

resonates with the ways in which WebSurv and PhoneSurv were evaluated for 

errors and normal behaviour. 

Another example of the influenza group members’ feeling for normal and 

abnormal graph shapes emerged in a meeting during which they discovered a 

breakdown in PhoneSurv. The error had been missed by the algorithmic 

checks of data completeness in PhoneSurv and was first discovered by the 

influenza group as they were studying the graph during the influenza meeting. 

As they were looking at the graph, someone remarked that it was going down 

‘like crazy,’ to which P1 responded ‘Wonderful! It takes so little to make me 

happy.’ They continued to study the graphs, and after a moments’ considera-

tion the initial assessment was revised: 

P1: It’s almost as if I think there’s some kind of reporting error. It feels a bit 
strange. We have to check with D1. 
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P2: It looks abnormal. 

They settled on an interpretation of the graph as decreasing as the previous 

week had indicated that they were approaching the end of the influenza sea-

son. At a meeting the previous week, PhoneSurv had indicated a very low 

incidence of fever in the surveilled population. After the meeting, I told D1 

that the influenza group was dubious about the PhoneSurv graph and had 

agreed to ask him to investigate it. D1 found that there was indeed something 

wrong,49 noting that ‘it’s lucky that it’s at least the end of the [influenza] sea-

son.’ 

In the first draft of the weekly influenza report, the influenza group had 

included PhoneSurv in their evaluation of the influenza incidence that week. 

However, by the time it came to publishing that report, PhoneSurv had been 

excluded and instead the following message was included: ‘Due to technical 

error there is no report for the proportion of phone calls to the medical advice 

line regarding fever among children for week 14 and 15.’ 

We see here the intuitive relationship that the epidemiologists have devel-

oped in interpreting the graph. Certain shapes in the graph appear abnormal in 

their eyes, prompting D1 to investigate what has happened on his end with the 

data. This indicates that there is an implicit sense of the normal behaviour of 

the curve. Furthermore, the severity of a breakdown in the data reporting is 

interpreted in relation to where the surveillance system was on the epidemio-

logical curve, as both the epidemiologists’ reading of the curve and D1’s com-

ment indicate. 

The example illustrates the way in which errors in the data are evaluated in 

a process that includes both visual inspection and algorithmic checks. Algo-

rithms that check for errors based on past problems with data transfer are 

coded into PhoneSurv. PhoneSurv data are delivered from two different data 

sources, one of which is more prone to failure. It was that data provider which 

had altered the data structure without alerting D1 to the changes. The recurring 

problems with this data provider had prompted D1 to implement checks for 

certain known failures in data delivery, such as whether the quantity of data 

delivered changed. However, in the situation described above, the error en-

countered was novel, as is reflected in the absence of algorithmic checks for 

this particular problem. The example shows how humans and algorithms work 

in conjunction to evaluate whether the surveillance system is behaving nor-

mally. 

                               
49 This process will be described in more depth in section 4.1.1. 
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3.2.5 Parsing a pattern alteration 

The previous section showed how an error in PhoneSurv data was identified 

by the influenza group. With a sense of a normal rate of change, the partici-

pants suspected an error based on the shape of a graph, thus determining there 

was an error using the surveillance system itself as a point of reference. How-

ever, the influenza surveillance systems also take on meaning with respect to 

each other. This section illustrates how the WebSurv surveillance system is 

evaluated in relation to other systems, and shows how the understanding of 

error is an evolving and ongoing process in continuous influenza surveillance. 

This section also provides a first illustration of the way in which WebSurv is 

constituted in relation to the technical and organizational arrangements of sys-

tem maintenance work, which will be discussed in greater detail in chapter 5. 

During one of the influenza seasons studied, the surveillance system ‘pre-

diction’ was being tested by the influenza group in order to determine its use-

fulness. At a meeting during this season, the participants studied the WebSurv 

prediction with some confusion as it seemed to be behaving unexpectedly: 

P2: The prediction looks crazy. It shoots up to the highest value of last year. It 
looks like some kind of error. D2 has traced it to something in [the capital]. If 
it only went up a little bit, it could be considered a real signal, but we’ll have 
to interpret this as something being wrong. 

P3: It’s not the media either. 

P2: It’s not like anything else is indicating an increase. It’s a really big increase. 

In the exchange above, P2 refers to the other surveillance systems when 

evaluating the prediction. While the WebSurv prediction was discussed, it was 

not given any weight in determining the week’s influenza outcomes. The dif-

ference between the WebSurv surveillance system and the WebSurv predic-

tion lies in the number of days the calculations are based on and the particular 

calendar days that are included.50 In this meeting, the problem in the prediction 

was treated as separate from the WebSurv surveillance system, which was re-

garded as unaffected and cited as usual in the weekly report. 

A week passed, and in the next influenza meeting the participants again 

questioned the reliability of WebSurv as the capital seemed to have an unusu-

ally large increase. During this influenza season, there was a shortage of in-

fluenza vaccine, and the influenza group suspected that this was driving up 

the WebSurv data as citizens are likely to turn to the website for vaccine in-

formation: 

                               
50 The same statistical model is used to predict the share of the population with flu-like symp-
toms, but for different weeks: week n for WebSurv and week n+1 for the prediction. WebSurv 
uses data from a full week n as input to the statistical model for week n while the prediction 
extrapolates onto a full week n+1 based on data from Monday and Tuesday of week n+1. 
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P1: I think more locations might need to be removed because there’s infor-
mation that you should go to the website to find out what places have the vac-
cine. So we’ll have to write a comment that there’s an impact on WebSurv. 

D1: I spoke to [the organization responsible for the website] and they said that 
they had a lot of info searches about contacts for vaccine. 

D1: It’s strange that it’s only visible in the capital. 

P1: I think we might be seeing it in other parts as well. 

D1: Maybe they [the capital county] announced that you should contact them. 

P1: If you live in a smaller place [settlement size] you might have one place 
you could go, to but in [the capital] you have different ones, so there are dif-
fering incentives to search [the website] depending on where you live. 

The vaccine shortage was a nationwide issue. Hence, the participants tried 

to make sense of why a vaccine shortage would seem to have impacted the 

capital data disproportionately. To explain the differences, one of the partici-

pants suggests that there are regional differences in a citizen’s incentive to 

search for information on the website. Because the capital has a large number 

of places where one could get a vaccine, its inhabitants have multiple options 

regarding where to get vaccinated and hence they turn to the website for in-

formation. The influenza report that followed from this discussion stated that 

the increase indicated by WebSurv was likely related to ‘more activity on the 

web due to vaccine questions’ and not due to increased incidence of influenza 

in the population, since ‘other surveillance systems indicate continued low 

[influenza] activity’. Again, the other surveillance systems are used as a point 

of comparison to evaluate what WebSurv is indicating. 

The discussion of the large increase in WebSurv continued for a third in-

fluenza meeting. This time D2 offered a different explanation for the increased 

activity in the capital region: ‘I still think it’s somebody who’s testing.’ D2 

maintains WebSurv, and part of this work involves making the data from the 

website comparable over time. One of the challenges is that maintenance work 

on the website sometimes involves doing test searches.51 Unless identified as 

such, test searches can distort the surveillance done with WebSurv as they are 

included with searches from information-seeking users. 

During this particular meeting, the problems with WebSurv were once 

again localized in the capital region, suggesting that the issue was a conse-

quence of test searches due to maintenance work conducted in the capital re-

gion by the organization maintaining the website. This conclusion was re-

flected in the WebSurv graph published on HlthOrg’s website, which ex-

cluded the data from the capital, as also did the influenza report: ‘Due to tech-

nical issues with data from the [capital] county, we have excluded these data 

from all weeks of 2016–2018. We will add the [capital] data again when the 

problem is resolved’. 

                               
51 Such test searches could, for example, test the performance of the website. 
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The opening vignette in section 3.0 is taken from the influenza meeting that 

took place the following week, when the influenza group were considering the 

possibility that the influenza season had started. While PhoneSurv remained 

at the same level as the week prior, WebSurv, sentinel and laboratory cases 

were increasing. In fact, the number of laboratory cases surpassed the number 

of laboratory cases during the previous year’s start of the epidemic. However, 

the proportion of positive laboratory cases was still below the threshold for 

the start of the epidemic. Since there had been an upward trend in laboratory 

testing, the group considered the proportion of positive cases to be more in-

dicative of influenza incidence. Next, they considered WebSurv, and in par-

ticular the regional graphs, for which they now also had MEM thresholds. 

WebSurv had crossed the threshold in every region, but had been oscillating 

around the MEM threshold for some time. The behaviour of WebSurv gave 

rise to scepticism: ‘It did that a long time ago. It’s hard to believe something 

that went up [over the MEM threshold] in week 44 already [five weeks ear-

lier]’. Their overall evaluation found that the surveillance systems indicated 

an increase in influenza activity, which remained at a low level, but the influ-

enza epidemic had yet to begin. Here, the uncertainty around WebSurv in the 

weeks prior to this meeting was considered in evaluating the significance of 

crossing the epidemic start threshold. 

On the one hand, the evolving error narrative above serves as an illustration 

of how WebSurv takes on meaning in relation to other surveillance systems. 

Likewise, the evaluation of the start of the season as not-quite-here-yet was 

relationally determined, combining surveillance systems, laboratory cases, 

proportion of positive laboratory cases, PhoneSurv, WebSurv and the evolv-

ing error with WebSurv. While the initial scepticism towards WebSurv arose 

in relation to the other surveillance systems, the reason for questioning its va-

lidity changed as the person working on maintaining WebSurv, D2, started 

digging into the data. This illustrates how WebSurv is picked apart into its 

constituent parts, the example here being website maintenance work, which 

are then incorporated into the narrative. It also shows how in the course of 

ongoing surveillance, evaluation is done based on the best understanding, and 

that the understanding of error can evolve over time. 

3.3 What’s in a name? 

The influenza group has the ability to inquire into the origins of data. Their 

working relationships with the regional laboratories that analyse influenza 

tests, as well as with D1 and D2, mean that the group has a way of probing 

some aspects of the way in which data are generated and processed. In the 

case of influenza surveillance, this points to a dynamism in making data com-

parable over time, variously enrolling people from outside the influenza 

group. 



 83 

To help elucidate the significance of the relationship between the influenza 

group and the developers, D1 and D2, for the cases of datafication in influenza 

surveillance, practices of the influenza group are here compared to a study on 

activity tracking that I conducted prior to the one at HlthOrg. The activity 

tracking study centres on an initiative by a county in which wrist-worn activity 

trackers were trialled as a way to inspire a more active lifestyle among three 

groups of senior citizens. The county council members arranged workshops 

to follow up on the seniors’ experiences and support their use of the activity 

trackers. For these participants, an activity tracker arrived ready-made and 

with limited capacities to delve deeper into how the data were created. When 

their activities were incompletely tracked, they had to resort to other means 

than contacting the developers in order to make comparisons work over time 

(Stojanov & Edenius, 2017). As will be elaborated in 3.3.1, comparisons were 

instead accomplished by renaming the metric in practice, without altering any 

of the data. 

In making this comparison between the influenza surveillance and the sen-

iors’ activity tracking, I also take the opportunity to highlight how the concept 

of datafication was gradually constructed in bringing these two cases into di-

alogue with each other. My definition of datafication is grounded in reviews 

of past uses of the term but is perhaps even more indebted to the two studies I 

have conducted. The comparison accomplished through the notion of datafi-

cation points to what Deville et al. (2016) refer to as a comparator, which 

denotes the process through which relationships between a variety of entities 

are formed ‘to actively intervene and provoke relations between previously 

uncompared inputs’ (p. 100–101) and thus accomplish comparison. 

The definition of datafication that is enacted through this text evolved over 

the course of continued reading and empirical work. Before I started using this 

term, I worked with another term, ‘data-driven’, which met its fate during a 

research school conference presentation due to the sceptical reception by the 

audience. Furthermore, when beginning my study at HlthOrg I reworked my 

conceptualization of datafication, as prior to that I had tried to gain access to 

a field site focused on sleep-tracking in elder care. The co-development of 

concepts and cases resonates with what Deville et al. (2016) observe about the 

complex process through which the comparator and the research process are 

mutually constituted as ‘a comparator has to be actively assembled’ (p. 102). 

3.3.1 From steps to points – making activities comparable 

A county in a Northern European country arranged a series of workshops for 

several groups of seniors to explore activity tracking with a wrist-worn activ-

ity tracker, also known as a smartwatch. Several of the participants, including 

seniors and county council representatives, raised concerns about the relation-

ship between what is recorded and the nature of the activity. One participant 

found that the activity tracker seemed to register more steps when walking 
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down stairs than when going up, even though going up stairs was more stren-

uous. Another participant recounted the annoyance of having walked 7000 

steps and then sitting down for two minutes, at which point the activity tracker 

insisted that it was time to move. Furthermore, some activities seemed more 

trackable than others. One senior lamented the timing of a notification to move 

after having just been cleaning. Another senior mentioned accumulating steps 

while doing the laundry and standing in more or less the same spot. 

One of the county council representatives experienced the limitations of the 

activity trackers personally and brought it up at the outset to the third group. 

During the first meeting with the third group, she told the seniors that she 

refrains from calling what is tracked by the activity tracker ‘steps’. Instead she 

had chosen to call them ‘points’, so initiating a renaming of ‘steps’ as the 

common metric. The activity tracker was not to be blindly trusted but should 

be a source of inspiration. She mentioned that she brushed her teeth with the 

hand that on which she wore her activity tracker. Smiling, she told the group 

that she gets points from brushing her teeth. Calling them ‘points’ was a way 

to cope with the limitations of tracking activities with a wrist-worn sensor that 

fails to register certain activities. Later in that same meeting, she recounted 

the following experience to stress the limitations of the activity tracker: 

One day when I was on my way home from work, I took my bike from the 
station. I had left it standing there overnight and it had been raining. Now it 
was snowing and the gears had frozen. I had to bike through a snowstorm with 
the gears set too high. To add to this, there were frozen tracks on the ground 
from other bikes. It was exhausting. I finally got home and parked my bike, 
and just as I was about to enter my house the activity tracker told me: ‘Move’. 
I had been sitting down on the train, and when I was biking my arms were still 
from holding the handlebar. If I had been any more short-tempered I probably 
would have thrown it away. 

Evidently, there are limitations to the tracker's ability to capture certain ac-

tivities, which leads to frustration for someone who has spent hours cleaning 

or walking or, as in the vignette above, biked through snow and ice. The ac-

tivity tracker itself has a counter on the display that shows the number of steps 

the user has taken during a day. By suggesting that the steps be called points, 

the county council representative reconfigured the signifier. 

The first time the county council representative told this story was shortly 

after it had happened during the period of the first group. This was also the 

first time she suggested referring to ‘points’ rather than ‘steps’. However, she 

reverted to talking about steps in the latter part of the meeting and was re-

minded by her colleague that we had agreed to say ‘points’. During this meet-

ing with the third group, the county council representative consistently re-

ferred to ‘points’, but the wavering between ‘points’ and ‘steps’ during the 

meeting with the first group six months earlier suggests that there is effort 

involved in calling them points rather than steps. 
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This vignette illustrates the challenges of making self-tracking data com-

parable as the wrist-worn tracker is inconsistent in its ability to capture differ-

ent activities. Comparing this account to that of the influenza group in the 

previous section illuminates differences in the relationships between those 

who evaluate data, whether for activity tracking or influenza surveillance, and 

those who maintain and develop the technical infrastructure making datafica-

tion possible. Making these two cases comparable can help articulate the spec-

ificity of the processes that make comparison possible in influenza surveil-

lance and activity tracking. 

Deville et al. (2016) point out that the act of comparison can contribute to 

making an absence visible. They go on to suggest that something being absent 

does not mean that there is nothing; the void brought about in the act of com-

parison instead points to something else being present. For the activity track-

ers, it is the relationship with developers of the technical infrastructure that is 

absent. For the seniors and county council representatives, making data com-

parable involved a change in how they thought and spoke about the data. This 

is in contrast to the influenza group enlisting the help of D1 to fix the technical 

error that was behind the decrease in PhoneSurv. The case of activity tracking 

shows that renaming the data as points rather than steps entails a change in 

datafication in practice, but one where adjustments are made without changing 

the data itself. On the other hand, the influenza group had a capacity to rework 

data, even if this ability was constrained. 

The cases of influenza surveillance and activity tracking, and the act of 

bringing the two in comparison through the concept of datafication, all show 

that comparison is an evolving accomplishment. Furthermore, they suggest 

that it is important to consider the specific relationships in place that are able 

to accommodate changes in order to understand how comparison is accom-

plished. 

3.4 Making do with what is available 

There were times when some of the influenza surveillance data was simply 

not available. When the participants moved the influenza meeting to a Tues-

day instead of a Wednesday, the laboratory and sentinel data was incomplete. 

In sections 3.2.4 and 3.2.5, when the influenza group found reasons to ques-

tion PhoneSurv and WebSurv, their relative weight decreased in the weekly 

influenza surveillance. As accounts of datafication, these examples point to 

the ‘processes of repair and maintenance that are part of the way data is pro-

duced, analysed and used’ (Pink et al., 2018, p. 11). Influenza surveillance 

goes on regardless of the availability of a surveillance system and becomes a 

matter of making do with what is available. This means that the constellation 

of surveilled influenza outcomes that are drawn on can vary from week to 



 86 

week, and the comparisons are pragmatically resolved depending on what is 

available. 

The myriad of relationships that uphold the effective and timely transfer of 

data highlight the contingent existence of surveillance systems for continuous 

monitoring. As such, datafication is not unique in that it designates a process 

for which temporal alignment is important, in much the same way that has 

been described for the distributed work practices in scientific collaboration by 

Jackson et al. (2011). However, datafication foregrounds automated processes 

that continuously update data. For WebSurv and PhoneSurv, the temporal 

structuring (Orlikowski & Yates, 2002) or temporal alignments that are nec-

essary for these surveillance systems to serve influenza surveillance practice, 

involve a greater proportion of automated processes compared to laboratory 

data. This can both be advantageous and disadvantageous. When influenza 

surveillance is conducted during the Christmas holiday season, comparing 

PhoneSurv and WebSurv to laboratory data highlights the relative advantage 

of the former, as they are more automated. In particular, this section shows 

how laboratory data is sensitive to staffing changes, public holidays and postal 

service deliveries. It also highlights an aspect that is also applicable to the 

breakdowns described previously: Continuous monitoring of influenza relies 

on timely access to each surveillance system. 

3.4.1 Holiday woes 

The holiday season around Christmas usually changes the staffing at HlthOrg. 

Influenza meetings are often suspended for the week of public holidays around 

Christmas and New Year. Depending on the influenza activity level, the influ-

enza report may be postponed so that the two final weeks of the year are com-

bined in one publication. Meeting, staffing and reporting changes like this oc-

curred during the period in which this study was conducted. Instead of the 

regular influenza meetings, individual members of the influenza group who 

were working during the holidays kept track of the influenza incidence. I had 

asked P2 to call me when she examined the data. She called me the day before 

Christmas Eve in order to tell me what was going on: 

P2: I’ve had a look at all the systems, and I’ve had a look at those that demand 
a bit more work. Everything looks like influenza has increased but not dramat-
ically. It’s more like expected. Feels good. The laboratory cases are hard to 
analyse. We’ll know more about it at the end of the week. I can’t see anything 
that would indicate that it has quintupled. There are still some cases that could 
be reported from last week, but more practically you’d have to wait for the 
system to receive them [the registered cases]; it takes time for them to come 
in. There are delays in the [infectious diseases] reporting system. I’ve counted 
the ones that have come in. The rate of increase has not increased. PhoneSurv 
and WebSurv track the curves of previous years. PhoneSurv and WebSurv are 
helpful to confirm that nothing drastic has happened. I’ve also looked at the 
antivirals and it also looks calm. It’s increasing but not at an alarming rate. 
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Aside from the reduced staffing, and postponed influenza meetings and re-

porting, the holiday season is different in that it changes the conditions for 

influenza surveillance since it impacts data accessibility. As illustrated in the 

vignette above, there are delays in laboratory data. This results in additional 

work for P2 in order to access the data. Our exchange brings to light some of 

the manual labour that is involved in data transfer and getting laboratory re-

sults to the influenza group in the form of tables and graphs. Furthermore, the 

holidays give rise to staffing changes and fewer work days at HlthOrg and 

throughout the healthcare system, which shows how the timely delivery of 

data to the influenza meeting is intertwined with the work practices of labor-

atories. 

My interest in the processes around the Christmas holidays, and the reason 

for asking P2 to call me, arose during the previous influenza season. At the 

meetings immediately following the Christmas and New Year weeks, it was 

evident that there had been challenges with maintaining influenza surveillance 

the way it is usually conducted: 

P2: What worked well over the Christmas holiday was what happens automat-
ically. WebSurv, PhoneSurv worked well. Number of lab cases as well. But 
there was no one here adding the [lab] data. I didn’t notice it at first, but then I 
could see it. It was difficult, however, with the denominator data [used to cal-
culate fraction of positive lab cases]. So when I was going to report to the [Eu-
ropean] reporting system, it wasn’t possible to report the quantity. It was com-
pletely optimized for failure. 

P1: That will have to be a lesson that it is difficult to do [influenza surveillance] 
with just one day’s preparation. 

P2: The things that were manual were suboptimal. It might get better with [the 
new reporting system]. Now you have to wait, and then there is a delay for 
when you can receive the reports. 

They discussed the distribution of holidays and concluded that the impact 

on their ability to prepare analyses is dependent on what days of the week the 

public holidays fall on. The problem with the denominator data is that the 

group need the total number of influenza laboratory tests in order to know the 

proportion of positive tests. In the system for reporting infectious diseases, 

only positive tests are reported. During the Christmas holidays, many of the 

staff are on holiday, and if replaced by temporary staff, these may be unaware 

of all existing routines. The routines that exist around the laboratory data and 

the reporting system serve to ensure that the influenza group has access to the 

denominator data. However, the temporary changes in staffing during the 

Christmas holidays means that the practices which ensure that the laboratory 

data is available temporarily fail. This resulted in more manual labour for P2, 

who was able to at least access the number of cases. Using WebSurv and 

PhoneSurv and the number of laboratory cases, she was able to follow the 

influenza outcomes of that week. 
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The changes around the holidays alter the relationship between the different 

systems, casting the ones requiring manual labour as ‘suboptimal’ while 

PhoneSurv and WebSurv worked as usual. Nevertheless, much like during 

weeks when WebSurv or PhoneSurv were down, the influenza surveillance 

continues, albeit using a different constellation of surveillance systems. 

In the week that followed the holiday season, it also became evident how 

sentinel testing is intertwined with other infrastructure such as the postal ser-

vice: 

P2: So far we don’t have anything. But the high weeks are still in the uncertain 
period [due to delays in reporting]. 

P1: I have no idea. I’ve been asking around. They’re getting in a lot. I’ll go and 
ask. 

[P1 leaves to ask about the sentinel testing and comes back soon.] 

P1: They’re still being run. There’ve been delays in how they send it. You 
know the [postal service].52 

The three vignettes above highlight the relative advantage of PhoneSurv 

and WebSurv over the laboratory data in holiday seasons. The laboratory data 

reporting was delayed as the public holidays affected not only the number of 

working hours during a week but also regular staffing. The temporary staff 

working during the Christmas season may be unaware of work routines related 

to sending denominator data. While the impact of the manual labour shortage 

on laboratory data availability for surveillance was mostly confined to the la-

boratories themselves, the problems with the sentinel testing highlight its de-

pendence on the postal service. Both this section and sections 3.2.4 and 3.2.5 

show the importance of timely access to the surveillance systems with regard 

to the temporal structure of reporting. Furthermore, there are specific circum-

stances, reflected in their respective problems, that can render both more man-

ual and more automated systems vulnerable to disruptions in timeliness. In 

either case, the existence of multiple surveillance systems allows the influenza 

surveillance to continue, although with a shift in the relative authority afforded 

to the working surveillance systems. 

3.5 Becoming an involved observer 

Rather than detached observation of data, influenza surveillance is constitu-

tive of a subjectivity that is more aptly described as being an involved ob-

server. Involvement highlights how datafication bleeds into parts of life that 

extend beyond an influenza meeting. This section draws on my own experi-

ence of coming down with an influenza-like illness (ILI) in order to articulate 

                               
52 While the specifics of the delays were ambiguous, they aligned with my impression that the 
postal service at the time was known for not being able to provide the services it promises. 
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involvement as a specific mode with which I came to engage with datafication. 

It shows the porous boundaries between the professional and personal in da-

tafication. My personal experiences had a bearing on my understanding of 

PhoneSurv, and my research on PhoneSurv affected how I acted as a person 

exhibiting ILI symptoms and seeking care. Furthermore, involvement is also 

expressed in the ways in which datafication is emotionally moving. Section 

3.5.2 shows how influenza surveillance is associated with being moved by the 

effects of influenza, both at an individual level in expressions of emotion, but 

also as a shift in the mood in the room among the participants. 

3.5.1 Insight from illness 

Knights (2006) has written a compelling account of the interrelatedness of 

personal and professional life in the context of academia. In this section this 

interrelatedness is shown to be part of data narration and to have an impact on 

the understanding of comparability with datafication. I describe how my per-

sonal experience of calling and not getting through to the medical advice line 

carried over into my role as a researcher. It shows how my personal and pro-

fessional lives bled into each other. To some extent, my desire to understand 

how PhoneSurv works coincides with that of the influenza group and D1, for 

whom the limitations of the system are important. Hence, this example is also 

relevant in relation to the actual influenza surveillance described in the previ-

ous sections. It shows that for the understanding of datafication of influenza 

outcomes, insight can be drawn from the experience of being someone who is 

datafied. 

A week shy of what would be that year’s influenza season peak, I found 

myself in bed with a sore throat, cough and high fever. When my feet and 

hands began to go numb one evening, I decided I would call the medical ad-

vice line. I could not get through. I called again and could not get through. 

Once I had freed myself of the added feeling of misery from failing to connect 

to the medical advice line queue, this experience became interesting because 

it disclosed something new to me about PhoneSurv – some calls do not get 

through. As illustrated in figure 7 below, I kept calling and calling, until fi-

nally, 14 calls and 47 minutes later, I was connected to the medical advice 

line. 



 90 

 
Figure 7: Two screenshots from my phone showing repeated calls to the medical ad-
vice line. 

Once I had recovered and was able to talk to D1 again, I told him about how 

I had had influenza-like symptoms and that I had called the medical advice 

line from home but only got through after multiple attempts. He told me that 

depending on where you are calling from, the medical advice line will have 

different ways of handling phone calls. There are statistics on the number of 

missed phone calls and notifications on overloading. When the pressure on the 

phone lines is high, people might not be able to reach the medical advice line. 

In one county, a third of the calls to the medical advice line went unanswered 

in 2017. 

I asked whether the overload might pose a problem for PhoneSurv. Accord-

ing to D1, problems reaching the medical advice line depend on the time of 

day. The staffing of nurses on the line is determined in advance. This could 

mean that some calls fail to go through if there is a sudden spike in calls that 

exceeds the capacity of the medical advice line. Nevertheless, if there is an 

outbreak of certain types of illness, it will hopefully be noticed with 

PhoneSurv and is partly why it is useful. 

Prior to the introduction of PhoneSurv there was an outbreak of cryptos-

poridium, a waterborne parasite that can cause gastrointestinal and respiratory 

illness, that went unnoticed by the medical advice line. In a town of fewer than 

80,000 inhabitants, around 18,500 people became infected. The medical ad-

vice line staff had some overview of the calls. However, at that stage the in-

creased infections were recognized through informal exchanges between staff 

members, which was insufficient to discover a pattern indicating an outbreak. 

The process of developing PhoneSurv as a tool for surveillance drew on the 

data set from this outbreak to validate its efficacy for discovering an outbreak. 
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On one hand, as one of the participants pointed out, the events detailed 

above show ‘the importance of knowing what the data stands for’. They also 

highlight the porosity between the personal and professional, and how they 

are constituted together. The experience of being ill informed my research. It 

brought to my attention that some calls do not get through and subsequently 

made me ask about whether the overload could be a problem for PhoneSurv. 

At the same time, my illness and experience of caring for myself was reframed 

in relation to my work as a researcher, and my illness became relevant to my 

work. In the event of calling for health advice, and calling again and again 

with interest (and screenshotting my calls), I became both a researcher and 

someone ill. It highlights how working with datafication, either as a re-

searcher, or as an epidemiologist or developer, personal experiences of being 

datafied can become part of the process of datafication as they are informative 

of the conditions under which data is produced. Furthermore, it highlights how 

the framing in data narration evolves and is produced in events beyond the 

reading of data, as the event also includes past experiences, such as this one, 

of being ill. 

3.5.2 The end 

The preceding sections have illustrated the rational process of narrating data. 

This section elaborated on how emotion is part of how this rationality comes 

to be. Feelings of involvement can emerge with influenza surveillance. Fur-

thermore, being present and understanding what is going on in the meetings 

can extend beyond the words or images that are part of data narration; review-

ing surveillance systems can contribute to creating a mood in the room, which 

can be informative of what the influenza outcomes seem to be. 

There is something engaging about influenza surveillance. One of the 

members of the influenza group who does not work directly with compiling 

the surveillance systems spoke of a sense of anticipation before a meeting, 

wanting to find out what was going on and how the influenza season was pro-

gressing. This same feeling gradually grew on me as I became accustomed to 

participating in the meetings. 

One of the reasons influenza surveillance feels important is the burden in-

fluenza imposes on population health (ECDC, 2018). While the surveillance 

systems show aggregated data and so is disconnected from individual experi-

ences with influenza, the members of the influenza group were well aware that 

behind the numbers there were people who were suffering. While looking at 

the data, the participants would express compassion for those who were ill. 

The participants’ awareness of what is at stake in what is shown by the 

numbers and the corresponding impact on people’s health is evident in their 

reaction to the beginning and ending of the influenza season. They brace them-

selves for the start of the season in late autumn and early winter, and express 
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their happiness when the surveillance systems indicate that the influenza sea-

son has not yet begun. Evidence of an initial decline in the number of new 

influenza cases is also greeted with joy: 

P3: It’s continuing down nicely. 

P2: Aaaaa [makes a celebratory noise]. 

While an initial decline in the number of cases after a seasonal peak is a 

sign that fewer people are becoming ill, a large number of people are still af-

fected by influenza. It was only a month later that the data clearly showed that 

we were heading towards the end of the influenza season. ‘What a relief,’ 

someone said, pointing to the graph of laboratory data on influenza A. The 

relief was amplified by fact that this graph was based on data acquired before 

the Easter holidays, because a holiday at this point in the epidemic would 

probably reduce the transmission of influenza. Then the participants looked at 

the graphs of PhoneSurv for the three different regions, as well as those from 

WebSurv; all were going down. The participants also considered the intensity 

levels for the graphs that had MEM values. Most of them were at low level 

too, but not the laboratory data. Over the course of the discussion, as it became 

increasingly clear that the surveillance systems were indicating that the most 

intense period of the epidemic was behind us, I felt my mood shift, as if I were 

part of a collective sigh of relief. 

In reporting the intensity level for that week, the laboratory data, which still 

indicated medium level, took precedence over the intensity indicated by Web-

Surv and PhoneSurv, which had now gone down to low. However, the partic-

ipants decided that the clear downward trend over the past weeks, and the fact 

that all but laboratory testing indicated low activity, meant that they could 

transition from weekly reports to biweekly reports; this was predicated on 

there not being any unexpected changes in the meantime. Indeed, the number 

of cases kept declining. As they looked at the laboratory results during the 

next meeting, two weeks later, they exclaimed: 

Collectively: Woohoo! 

P1: Lovely, lovely. 

P1: Let’s say that it is widespread, low [in the reporting system]. 

P2: We’ve never said low before [since the beginning of this influenza season]. 

The description of reading graphs and tables in order to arrive at a conclu-

sion about the influenza incidence in a population highlights the qualities of 

rationality that such work practices entail and captures an important aspect of 

datafication of influenza outcomes. But on its own, such a description is a 

stunted and incomplete account of the experience of working with numbers 

that speak to the health and well-being of the people who make up a popula-

tion. The numbers and graphs indicating the impact of the illness on people 

can inspire empathy. Furthermore, awaiting influenza outcomes can inspire 
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feelings of anticipatory excitement. Finally, the process of data narration is 

more than words and graphs; it gives rise to a mood between participants that 

also discloses something about what the surveillance systems indicate about 

the influenza outcomes. 

These findings of a mood elicited in the process of evaluating surveillance 

systems echo what Kelly and Noonan (2017) found in their in-depth case study 

in the Indian health sector. They show how data-enabled organizational inno-

vation can be productive of different socialities, or ways-of-being-in-the-

world, which are generative of affectivities and moods, such as fear or curios-

ity. There is also resonance with Kaziunas et al. (2017), who show how data-

fication of health in the context of diabetes health can foster close relations of 

empathy, a caring through data. They contrast this with data-as-care, and in 

doing so highlight the ways seemingly detached data points are capable of 

moving those reading the data in different ways. 
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4. Maintaining Datafication 

While the previous chapter dealt with datafication in the context of influenza 

surveillance, this chapter focusses on the work of the developers working with 

PhoneSurv and WebSurv. In section 4.1, PhoneSurv data is used to illustrate 

the dynamism of data in the datafication of public health, as well as the work 

needed as a consequence. In addition to the continuously growing data set, 

comparability with PhoneSurv is affected by changes occurring at the point of 

the medical advice line and in data transfer. These changes in turn have con-

sequences for comparability. 

The case of WebSurv shows the co-constitutive relationship of data and 

infrastructure in datafication maintenance. Section 4.2 describes the work of 

adapting WebSurv to changes implemented at the data provider. This section 

also illustrates valuations in the maintenance of datafication. Finally, mainte-

nance of WebSurv is used to show that maintaining datafication can also be 

productive of new approaches to datafication. 

4.1 Managing the dynamics of PhoneSurv data  

In the case of datafication with PhoneSurv and WebSurv, data does not arrive 

ready-made. As this section will illustrate, the complexity arising from the 

dependency relationship with the data provider means that the making of data 

in datafication is a continuous accomplishment, which can require adaptation 

over time. Furthermore, continuous monitoring implies that what constitutes 

the data set changes over time. Here the metaphor lively, proposed by Deborah 

Lupton, is helpful for thinking about data in terms of its fluidity and liability 

to change as it is repurposed in unforeseen ways when it travels (Lupton, 2018, 

p. 563).53 While the idea of data as lively was first elaborated in the context of 

the study of self-tracking practices, it also serves as entry point into some of 

the challenges D1 had to manage in the datafication of public health surveil-

lance with PhoneSurv.  

With a continuously updating data set, a certain dynamism is inherent in a 

surveillance system such as PhoneSurv. As long as the medical advice line is 

                               
53 The metaphor also highlights how data documents life itself, how it is put to use with effects 
on the conduct of life, as well as being implicated in the making of livelihoods (Lupton, 2018, 
p. 563). 
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live and there are agreements in place for sending more data to PhoneSurv, 

the data set will keep growing. While the previous chapter described the chal-

lenges associated with making data comparable over time for influenza sur-

veillance, this chapter shows that the continuously growing data set also af-

fects the ease with which PhoneSurv maintenance work can be accomplished, 

which in turn leads to a change in how data is accessible to D1. 

D1 would occasionally note the slowness of the PhoneSurv ‘admin app’ 

(administration application), suggesting that it was due to the amount of data.  

Unlike the user-facing PhoneSurv applications like the one used by the influ-

enza group, which have access to subsets of the PhoneSurv data,54 the admin 

app had access to all PhoneSurv data for all years at the time when I started 

the fieldwork. As D1 was working with the PhoneSurv admin app, at a meet-

ing with Epi1 to discuss the upcoming season’s MEM values, around a year 

into the fieldwork, he explained: ‘The admin app is starting to become too 

slow because of too much data, so I’ve limited [the data set] to the last four 

seasons.’ Here ‘slowness’ and ‘size’ are not absolute terms, but are felt in 

practice while working with the data. The gradual accumulation of data led to 

a tipping point, changing the way data for all contact reasons was made avail-

able for comparison in the PhoneSurv admin app, pointing to the dynamism 

of continuously growing data sets. However, this change did not imply that 

comparisons of all contact reasons across all years would no longer be possi-

ble. Rather, what changed was the ease with which comparisons could be 

made through what was at hand when logging into the PhoneSurv admin app.55 

Aspects of the data also changed due to changes in the data providers’ prac-

tices on the medical advice line. This advice line is provided at county level 

and started at different times in different regions, with the result that each re-

gion has different amounts of data. Furthermore, one county removed the ser-

vice after introducing it, only to reintroduce it again. Changes also occurred at 

the level of the decision support system used by nurses providing advice over 

the medical advice line. This nurses’ decision support is structured according 

to the reasons for contacting the medical advice line, which mostly centre on 

symptoms.56 During the 2010 influenza pandemic, a new contact reason was 

added to the decision support system for calls related to influenza. Further-

more, data from the capital region, for which DP2 is the data provider, is only 

imported from after 2013, when they changed their contact reasons and deci-

sion support to match national standards. While data are available from before 

this change, DP2 connected counties have one set of contact reasons before 

                               
54 For example, the influenza group has access to contact reasons related to influenza in their 
dedicated PhoneSurv application. 
55 The changes could still be reverted and another admin app created that contained all data. If 
a comparison was needed for specific contact reasons across all years and geographical regions, 
a dedicated application could also be created for this purpose.  
56 An example of a symptom contact reason is fever. There are also contact reasons that are not 
symptoms, such as a tick bite. 
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2013, and another set after the change, the latter corresponding to the contact 

reasons of the other counties connected to DP1. 

Finally, there are also changes that occur in the kinds of data which HlthOrg 

draws on from the medical advice line. The total number of contact reasons in 

the decision support system used by nurses working the medical advice line 

outnumbers those used in PhoneSurv. A subset of contact reasons correspond-

ing to the domain of HlthOrg57 has been selected in PhoneSurv for surveillance 

purposes. The excluded contact reasons are aggregated and added to the de-

nominator data that is used to calculate the call rates for the contact reasons 

used for surveillance. Hence, the data on contact reasons can also change when 

what is deemed within the purview of HlthOrg is reassessed. Such was the 

case when PhoneSurv was being trialled for surveillance of heatwave-related 

illness and mortality, which meant that additional contact reasons fell within 

HlthOrg’s domain.  

4.1.1 Fickle data provision 

As will be demonstrated next, another source of liveliness is the ways data is 

provided to PhoneSurv by one of the data providers. Here the relationship be-

tween PhoneSurv and DP2  and the extent to which D1 can hold DP2 account-

able for providing data to be repurposed for PhoneSurv is shown to affect 

comparability for datafication. Proposing the concept of second-order fric-

tion,58 Boyce (2016) provides an illuminating conceptualization of public 

health surveillance systems when they rely on repurposing of data. In repur-

posing data, a public health surveillance tool can be regarded as a second-

order system with an asymmetric dependence on the first-order system from 

which data is repurposed. PhoneSurv can thus be regarded as a second-order 

system, repurposing data from the first-order system of the medical advice 

line. The relationships WebSurv and PhoneSurv have with their respective 

data provider organizations resonate with Boyce’s conceptualization, as being 

one of asymmetric dependence. While sections 4.2–4.4 will focus on Web-

Surv, this section will show that there are asymmetries between HlthOrg and 

DP2 in the case of PhoneSurv.  

After the influenza meeting described in section 3.2.4, when the validity of 

the PhoneSurv graph for that week had been questioned, I met with D1 and 

mentioned the influenza group’s uncertainty about the rate of decrease. I told 

him that the influenza group was unsure whether to trust the PhoneSurv graph 

as it was going down very quickly and that they had agreed it needed further 

investigation. We were at D1’s desk as he logged into the admin app of 

                               
57 An example of a contact reason that falls outside the domain of HlthOrg are questions about 
medication. 
58 Boyce draws on the concept of second-order systems from the field of Large Technical Sys-
tems (cf. Van der Vleuten, 2004). 
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PhoneSurv, which happened to be loading especially slowly that day. D1 

opened up the corresponding graph and shared his thoughts:  

D1: It’s lower than both last year and the year before that. It’s a striking fall 
[in number of phone calls]. The scale is a bit strange though. It looks dramatic 
because of the axis [of the graph]. But it’s a low level for the season, definitely.  

Next, he looked at allergy symptoms for comparison: ‘I thought allergy 

symptoms would have exploded.’ He clarified that the impact of allergy symp-

toms was showing up late, which indicated that something strange was going 

on that was worth investigating. He noted that the total number of entries was 

lower than it should be: ‘it looks strange.’ He turned to me and explained: 

D1: Yes, something is wrong. If you look at the total number it seems right, 
the total number of entries. But if you look at a specific symptom, then the 
count goes down. I wonder if there is information missing about specific symp-
toms. It would make it seem that the number is missing. The number of entries 
is correct but the contact description [the reason for making the phone call] 
looks sparse. This is the issue. From week 13–14 we only have some of the 
contact reasons. A portion of them end up in ‘other.’ It’s [other] 18,000 [en-
tries] until week 13 [in the symptom category ‘other’] and from week 14 it 
goes to 29,000. In week 15 it’s doubled, while the total number [of entries] 
remains constant. It has to be something in the reading of the data. 

He decided to contact the IT developer organization responsible for mainte-

nance to confirm that his conclusion about the source of error corresponded to 

what they were seeing on their end. He made another remark about the 

strangeness of the error: some of the entries seemed to end up as a different 

contact reason than they should be. From week 14 or 15 it seemed that some-

thing was wrong, that there was a redistribution of contact reasons or that the 

numbers were also decreasing overall; ‘it’s lucky that it’s at least the end of 

the [influenza] season.’ 

D1’s investigation revealed that the source of error lay in the data provided 

by DP2. In the initial e-mail exchange with DP2, D1 learned that the coding 

of contact reasons had been altered at the request of the three counties who are 

DP2’s customers. When DP2 failed to reply to D1’s request for further clari-

fication, he found himself in a situation he described as ‘really difficult’ and 

‘dragged out’. Because influenza surveillance relies on national PhoneSurv 

data, a problem in the data provided by DP2 also affected the national surveil-

lance. Without a timely way to resolve the matter, the data from the three DP2-

connected counties were excluded from the PhoneSurv data in the annual in-

fluenza report. 

The challenge of addressing the issue with the changes in DP2’s data had 

partly to do with how the data provision agreements between HlthOrg and 

DP2 were set up. D1’s ability to make demands on DP2 was inadequate for 

the situation. While there were agreements about transferring data, these were 

limited in scope, without sanctions on DP2 if they were not met. This stood in 

contrast with the relationship with DP1, with whom D1 had some room to 
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make requests. For the issue at hand, D1 could put pressure on DP2 by point-

ing out that their actions were negatively impacting influenza surveillance, 

preventing the influenza group from writing the annual influenza report. He 

could ‘threaten them that it looks bad’, but was also mindful of the risk that 

they could pull out of the existing agreement. 

A few months later, D1 once again found himself struggling to make sense 

of changes in the data provided by DP2. This time it was the calculations of 

MEM values for the national PhoneSurv influenza surveillance that were af-

fected. A few days ahead of a meeting about MEM values with Epi1, I sat 

down with D1 in the kitchen at ITorg, where he told me about the challenges 

he was experiencing. Looking at a PhoneSurv graph, there was a sudden up-

ward spike in the data at the end of the 16/17 influenza season. This jump 

indicated that the data before and after the spike might not be comparable. D1 

believed that he could use the data for the period of time after this jump, al-

lowing the upcoming influenza season to be compared with the 17/18 influ-

enza season. However, the number of available seasons with comparable data 

would not suffice for MEM calculations. In addition, D1 had not ‘figured out 

what the reason for that [spike] is’ and had e-mailed DP2 for clarification but 

without success: 

D1: I can’t get them to look at it. I haven’t gotten an answer about whether it’s 
the same situation in the other [DP2] counties. But I’m removing them as well 
since it’s the same system. Historically, they [DP2 counties] have been doing 
things in a different way. 

Without clarification from DP2, D1 went on to assume that what was hap-

pening in the capital region also applied to the other DP2-connected counties. 

Hence, all DP2 connected counties were excluded from the MEM calcula-

tions. What he had managed to find out was that during the period of the spike, 

the retrieval of the address information of callers to the medical advice line 

had changed. D1 suspected that DP2 had started using a different database for 

retrieving address information. This new database was updated more fre-

quently and was therefore more accurate. The ambiguity related to the spike 

persisted in the meeting with Epi1 a few days later:   

D1: I think the information is more correct [since they started using the gov-
ernment database]. They probably didn’t get the [right] information about 
where people live. It’s just a theory. I’ve almost given up on finding out what 
actually happened [in 2017 when the data jumps]. They’re not answering [his 
e-mail]. 

D1 believed that DP2 were using their own register of addresses in order 

to avoid the cost of queries to a database maintained by a government agency. 

This meant that prior to the spike, DP2 were using a database that was updated 

less frequently. Hence, the data would be more accurate after the change, since 

the address information affects the region in which a call is registered.  
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Both these examples highlight a certain dynamism that stems from what 

DP2 does on their end. Furthermore, the examples show the ways in which 

the relationship with the data provider impacts D1’s ability to investigate shift-

ing patterns in the data. The changes implemented on DP2’s end were done 

without notifying HlthOrg. In the case of the recoding of contact reasons, it 

was the influenza group that discovered the change when they investigated the 

behaviour of the national PhoneSurv influenza graph. 

Asymmetries exist in the relationship between PhoneSurv and DP2 in a 

number of ways. Firstly, there are differences in priorities, expressed in the 

way that DP2 makes changes without notifying anyone working with 

PhoneSurv. Furthermore, in the investigation into the potential source of dis-

continuities affecting the comparability of PhoneSurv data, D1 was limited in 

his ability to put pressure on DP2 to provide answers. Here the conditions 

under which D1 was able to strike an agreement with DP2 worked to create 

an asymmetric dynamic where the provision of data was done on DP2’s terms. 

D1 had to adapt to the circumstances as he was in a dependency relation with 

the other organization. This resonates with the findings of Sahay et al. (2009), 

who studied the development of information infrastructures and concluded  

that ‘strategic integration in an asymmetric power relation requires adaptabil-

ity and flexibility’. In the case of PhoneSurv, D1’s adaptability involved es-

tablishing an asymmetric relationship with DP2. While the next section will 

show how the dynamics of data affect comparability with PhoneSurv, section 

4.2 will show that WebSurv also functions under similar constraints, with D2 

needing to adapt to the organization providing the data. 

Although a specific kind of change in PhoneSurv data may be infrequent, 

there are nevertheless changes that require D1 and the others working on 

PhoneSurv to reread the data on account of its liveliness. This periodic reread-

ing of data creates the condition for multiple instantiations of the PhoneSurv 

data to co-exist. As the next section will show, the dynamism of data and sub-

sequent rereading of data can lead to ambiguities and difficulties comparing 

outputs and parameters. 

4.1.2 Comparability and PhoneSurv data changes 

The dynamism of the data makes it necessary to reread historical data period-

ically in order to ensure that changes are incorporated throughout the data set. 

An example of this is the addition of an additional contact reason to the ones 

already in the PhoneSurv data. This meant the historical PhoneSurv data 

needed to be reread as the new addition would not have been recorded prior 

to the change. This rereading of data makes it possible for multiple versions 

of PhoneSurv data to exist to at the same time. This also means that derivations 

of PhoneSurv data, such as MEM values, can exist in multiple versions corre-

sponding to the available data at the time. This section will illustrate that these 
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multiple versions can create ambiguities in D1’s PhoneSurv maintenance 

work.  

An example of the labour involved in managing multiple versions of the 

PhoneSurv data set occurred during the 18/19 influenza season, when the in-

fluenza group and D1 discovered that they had slightly different MEM values 

for the national PhoneSurv influenza surveillance system. Hence, Epi3 joined 

D1 in his room to try to determine what was going on. D1 downloaded the 

PhoneSurv data set from the server onto his computer and opened it up in 

Excel in order to recalculate the MEM values: 

D1: I’ll go back to the original data to check. 

E3: I took out new data and did the calculations. 

D1: But why is it not exactly the same? 

D1: You have the same [as the new calculation]. In that case mine are wrong. 

The recalculated MEM values served as a point of reference for deciding 

who had the correct numbers, which turned out to be the ones Epi3 had. They 

compared the newly downloaded data to the data D1 had originally used and 

noted a small difference in the value at the peak of the influenza season ac-

cording to PhoneSurv. 

D1: There’s a slight difference, that’s what it’s all about. Why does it differ? 
It depends when the [PhoneSurv data] file was exported. 

E3: I think you said [you exported in] September and we [exported in] October. 

D1: I reread the data source October 10th. It might have changed a little bit. 

E3: What is correct? 

D1: What you have is better. 

E3: The way it is now? 

D1: Mmm [yes]. 

D1: …that’s the source of the difference. 

In this instance, the existence of multiple versions of PhoneSurv data over 

time meant that the resulting MEM value depended on which version of the 

data set it was calculated with. As a first step towards identifying the source 

of the difference between Epi3’s and D1’s values, they evaluated their respec-

tive calculations by recalculating the MEM values, subsequently deciding 

Epi3’s were correct. After comparing the values at which the influenza season 

peaked in the different data sets, they finally concluded that the source of the 

difference was a difference in when the data sets for calculating MEM values 

were exported. Finally, they checked that their respective methods of calcu-

lating MEM values were the same, to rule out any other possible sources of 

difference. 
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The vignette above illustrates the challenge a continuously updating data 

set can pose to comparability when multiple versions of a data set and its der-

ivations are in use at the same time. While Epi3 and D1 had employed the 

same method for calculating MEM values, the existence of multiple versions 

of the PhoneSurv data set meant that there was a discrepancy between their 

numbers. This difference in their MEM values required both of them to take 

the time to figure out the source of this discrepancy. This example indicates 

the continued relevance of accounting for and designing for articulation work 

in the context of data rich environments (cf. Karasti & Baker, 2004; Par-

miggiani, 2014). 

4.2 Adapting WebSurv to a new search engine  

There are also asymmetries in the relationship between WebSurv and the data 

provider, a prominent health information portal (HIP), from which data traces 

are produced when individuals seek health information online. After having 

been maintained by a county IT organization, HIP was transferred to ITorg, 

and also underwent a design overhaul. Before describing the dynamics be-

tween HlthOrg and consultants working for the data provider, however, I show 

the co-constitutive relationship between data and datafication in the attempts 

to explore alternative data sources for WebSurv as a response to the HIP de-

sign changes. 

During the course of this study, the design of the HIP was changed, with a 

new website design and interface, as well as a change to the search engine. 

The full extent of the planned changes to the HIP came to D2’s attention in 

January 2019 and raised concerns that WebSurv would no longer be able to 

operate. Data from the HIP is used in a statistical model that predicts ILI in 

the population. As WebSurv relies on stable search behaviour via an HIP 

search bar to find patterns indicating changes in the incidence of illness, a 

change in the HIP website risked creating discontinuity with historical data 

and compromising its use. Below I describe the participants’ challenges with 

using data from a prominent search engine (SE) as an alternative to the HIP 

data, for the period following the overhaul of the HIP. Later a different search 

engine was used for the HIP search bar.  

4.2.1 Exploring alternative data sources  

On learning that the HIP was to receive a new search engine with a different 

way of providing search suggestions to users, which could alter search patterns 

among future HIP visitors, the developers explored ways of mitigating the im-

pact of these changes. The situation was exacerbated by the fact that the HIP 

website was also undergoing design changes that could further alter the search 

patterns. 
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The HIP has a search bar for locating content, but many visitors arrive at 

their desired webpage via the search engine SE. As an interim solution, the 

developers explored whether it would be possible to use data from the SE, 

combining the HIP data and SE data: 

D1: One of the problems is that we don’t have enough historical data. 

D2: But perhaps we could adjust the historical data. But it’s troubling that there 
is such a big difference in the search pattern for pregnancy. 

D3: Also fever and influenza. 

D1: So you’re thinking that we could transform it? 

D2: It would have been easier if it wasn’t so inconsistent. It’s difficult to be 
confident with this difference. 

In this exchange between the developers, the ability to use SE data as a 

solution is questioned. The inconsistency between the HIP data and the SE 

data was such that the developers decided they could not be reliably combined. 

A further limitation of the SE data set pertained to the timing of its availa-

bility. SE data for the full preceding week only becomes retrievable after a 

three-day delay, rather than the less-than-one-day59 delay for the HIP data. If 

WebSurv were to be implemented with SE data, this delay would affect the 

existing influenza surveillance routines, which involve an analysis on Mon-

days based on the previous week. The change in the time of retrieval would 

also affect the prediction, which makes an extrapolation for the current week 

on Wednesdays, based on data from Monday and Tuesday of the same week. 

Both of these surveillance systems are discussed on Wednesdays, in conjunc-

tion with other surveillance systems, to assess influenza incidence. Finally, 

unlike all other surveillance systems, SE data is logged in Pacific Standard 

Time, which means the week is shifted in time due to the time differences. 

Hence, basing WebSurv on SE data would mean WebSurv would no longer 

align with the definition of a week used in other surveillance systems.   

While the data from the SE could be acquired and the search terms mostly 

coincided with the HIP data, the data sets could not be made to work together. 

To be a viable solution, the SE data set would need to be made commensurable 

with the historical WebSurv data set based on searches with the old search 

engine on the HIP. The inconsistencies the developers found between the two 

data sets point to the co-constitution of datafication with the ways in which 

data is generated. WebSurv was developed around a data set generated in the 

interaction between users and a particular HIP design and search engine. In 

this regard, the sensitivity of public health surveillance to changes in labora-

tory equipment (cf. Boyce, 2016) corresponds to the problem that datafication, 

is sensitive to the design of the systems that generate the data. The findings 

also highlight how data participates in temporal structuring with datafication 

                               
59 The full day n would be available to D1 during the next day n+1’s working hours. 
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(Orlikowski & Yates, 2002). The trial using SE data as an alternative made 

visible the way influenza surveillance is co-constituted with the way ‘a week’ 

is defined, making it difficult to integrate a new data source if it does not align 

with the existing temporal structures. Such temporal structures can become 

salient when datafication involves multiple time zones.   

The change in the HIP also suggested a clash between continuation of da-

tafication with WebSurv and innovation in the systems from which data is 

repurposed. This clash is explored in the next section which investigates the 

asymmetries between WebSurv and the data provider, and how this is ex-

pressed in terms of differing priorities. 

4.2.2 Maintaining the connection to the HIP 

In addition to exploring alternative solutions, the developers worked  to ensure 

that WebSurv would be able to continue receiving HIP data after the HIP 

changed. The new version of the HIP would change the way in which it pro-

duced and delivered data about search behaviour: the new search engine 

would distribute the computing workload between several servers, dynami-

cally adapting depending on workload, creating one search log file for each 

active server, instead of only one search log file. This created uncertainty 

about how to identify an unusually small number of log files because of unu-

sually low use of the HIP. During a meeting with the consultants, the devel-

oper raised the question of how to reliably ascertain that WebSurv had ob-

tained all data for the past day: 

D2: I’d like us to define how we ascertain the number of files so that we know 
if there’s something missing. It’s hard to look for something that does not exist. 

Consultant: Our focus is on delivering what we need to. We have quite a lot to 
do. We can deliver the files, and if it turns out to be a problem, we’ll have to 
re-evaluate. I’m afraid I have to give you an answer that is a bit unsatisfactory. 

At the time, the connection between WebSurv and the HIP was imple-

mented without a guarantee that all relevant data had been transferred. While 

there are agreements regulating the transfer of data, the means to enforce these 

are such that in practice it is done on a voluntary basis. 

Adapting to the HIP changes also meant revising the way in which Web-

Surv handled the maintenance routines of developers working on the HIP. The 

search data WebSurv receives from the HIP needs to be filtered to remove test 

searches done as part of maintenance. Depending on when the HIP data was 

generated, WebSurv would parse it differently to account for the HIP mainte-

nance routines that were in place at the time when the data was generated. The 

consultants working with the changes to the HIP were forthcoming on how to 

identify maintenance routines in the upcoming version of the HIP, but this had 

not always been the case. For certain parts of the historical data, the developer 

had had to infer which search terms stemmed from maintenance testing based 
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on patterns in the data, as the maintenance organization was unable to provide 

reliable information about when testing occurred.  

D2’s work to maintain a connection to the data provider is another illustra-

tion of asymmetry in the dependency relationship of a surveillance system 

based on datafication. The consultants working for ITorg on the HIP were 

unable to provide D2 with what was needed with the resources available to 

them at the time. But when the HIP was transferred to ITorg, D2’s ability to 

inquire into the maintenance practices of HIP changed for the better, which 

shows that dependency relationships can be enacted in different ways. The 

next section elaborates on the ways in which maintenance routines of the HIP 

affect the design of WebSurv. 

4.2.3 Parser relations 

Part of the work of adapting WebSurv to the new search engine involved cre-

ating a parser that would make data sent to HlthOrg from ITorg amenable to 

analysis. Each of the searches on  the HIP is sent to HlthOrg as a string; these 

strings, which eventually become WebSurv data, include a search term60 as 

well as metadata. Before they become data, the searches have to be parsed so 

that the data can be graphed, for example, for influenza surveillance. Because 

parsers are developed to adjust to the conditions under which data was created 

and transferred, multiple parsers co-exist and are used to parse particular sec-

tions of the data in WebSurv. The first versions of the parser are used to parse 

the oldest data, which was aggregated in a way that has to be managed differ-

ently. During the course of this study, D2 was working on parser versions 11 

and 12. Below, I show how the WebSurv parser is co-constituted with the data, 

and then I use the work of redeveloping parser 11 into parser12 to illustrate 

valuations in WebSurv maintenance work. 

The 11th version of the parser was developed in response to the spike in 

searches attributed to problems in the capital region described in section 3.2.4. 

Following the influenza meeting where D2 suggested that the problems with 

WebSurv had to do with testing, he showed me how he had arrived at this 

conclusion. After a recent rebuild of WebSurv, data was stored in a database 

instead of in files, but D2 decided to save the data to files in order to facilitate 

his demonstration. While explaining, he queried the database and showed me 

particular search terms per day in the capital region over the period before and 

after the sudden spike.  

WebSurv was using around twenty components as input to the model at 

this time, with each component being a search term. Scrolling through the 

component ‘fever’ showed that the number of searches during one day sud-

denly increased by two orders of magnitude. The spike was confined to the 

                               
60 Whether this is one word or multiple words depends on the characters the user has entered as 
a search in the HIP search bar 
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capital region, for the rates for the same component remained constant over 

the same period in other regions of the country. In addition to the sudden spike, 

two other aspects of the searches in the capital region indicated that they were 

conducted by a script rather than by human input into the HIP search bar. 

Firstly,  the timestamp on the searches showed that they were done every 30 

seconds. Secondly, the identifier of the webpage from which a user would 

arrive at the HIP search results was missing. However, even after consulting 

the organization that was maintaining the HIP, D2 was unable to confirm the 

origin of the spike. At the time, the number of people working with the HIP at 

the maintenance organization, which was a large county organization, meant 

that it was impossible to rule out the possibility that someone was in fact doing 

testing,  It was also not possible to rule out that a script for searching the HIP 

was being run by someone outside the county organization. D2 thus had to 

infer from the patterns in the data whether searches were due to HIP mainte-

nance or some other reason.61 Drawing on these insights, D2 set out to imple-

ment a change in the parser so that version 11 would be able to identify and 

filter out searches made by a script. 

Drawing on insight into the work practices at the county maintaining the 

HIP at the time, as well as patterns in the data, D2 was able to distinguish 

spikes resulting from increased searches from spikes due to increased inci-

dence of influenza. The development of parser 11 using the inferred patterns 

as a response to the spike illustrates how WebSurv data and parsers have a co-

constitutive relationship. A parser was developed to manage a segment of the 

data set according to the conditions under which the HIP data would have been 

produced at the time, such that the differences in the modelled ILI become 

visible, rather than differences that may be brought about by maintenance 

work on the infrastructure WebSurv relies on. Hence, in datafication, what is 

presented as a continuous graph may, in fact, be produced by different seg-

ments, where particular histories of how data were produced and the respec-

tive parser co-exist side by side. 

4.2.3.1 From parser version 11 to version 12 

While the previous section illustrated the co-constitutive relationship between 

the parser and data, here I will go more in depth into what parser version 12 

does. This section demonstrates the dependency on the data provider in data-

fication by showing how the relationship between WebSurv and the data pro-

vider affects the development of the parser. It will also serve as an illustration 

of the parser development process and the valuations in different registers that 

it entails. 

Version 12 of the parser was developed in response to the change in the 

HIP search engine. I joined D2 a couple of weeks after the meeting with the 

                               
61 One of the reasons someone might run a script searching a website is to attack it by overload-
ing it with searches. 
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consultants described in section 4.2.2, as he was working on changes to Web-

Surv that would accommodate upcoming changes to the data structure and 

data transfer from the HIP search engine redevelopment. D2 started out by 

copying parser version 11 and editing it in accordance with how data would 

be sent from ITorg following the implementation of the new search engine. 

The parser reads a file sent from ITorg, line by line. Each line is a string that 

contains more than just the search terms. Hence, the parser needs to split the 

string in such a way that the search string and metadata can be identified. 

With ITorg in charge of maintenance of the HIP, the relationship to the data 

provider changed. This change was also reflected in the way the parser was 

implemented. Differences in priorities notwithstanding, D2 had a relationship 

with the consultants at ITorg that allowed him to make requests. He asked 

them to change the order of the different elements of the string (the data sent 

from ITorg) so that the search term would be the last part of the string. The 

reason for this change is that the different parts of the string are tab-delimited, 

and if a user accidentally includes a tab in the search string, this compromises 

the parser’s ability to distinguish the different fields constituting a particular 

search and its metadata. As D2 said, ‘I always think about what could go 

wrong.’ Prior to this change in the order of the string, the parser would sepa-

rate out the first three fields using tab delimitation. For the remainder of the 

string, it would have to search for specific characters to ascertain where a field 

began and ended. Having the search term at the end meant that D2 could be 

confident that the tab delimitation could be used to separate the first sections 

of the string, while the remainder of the string could be assumed to be the 

search term. ‘It’s actually really neat. You can split the first five and get the 

search string [search term] even if there is a tab in the search string.’ When I 

asked why they had not made these changes before, he thought for a moment 

and said ‘it might be because we’ve always done it this way’. Although aspects 

of the implementation may have persisted out of habit, the change in the or-

ganization maintaining the HIP meant that the new version of the parser could 

be implemented in a way that D2 thought was better than previous versions.  

Further changes in regard to how D2 would be able to identify testing meant 

he could remove a complicated section of code with nested if-statements that 

he regarded as inferior coding practice: ‘it’s easy to read but difficult to make 

changes’. D2 had asked the consultants at ITorg for a way to consistently dis-

tinguish testing from other searches in the data. It would now be possible to 

use one of the segments in the string to filter out testing, instead of relying on  

patterns in the data to infer that testing was taking place. Based on prior com-

munication with ITorg, it seemed to D2 that the relationship would make his 

work easier compared to when the HIP was maintained by the county organi-

zation. Nevertheless, D2 noted that he seemed more invested in defining a 

‘proper’ solution rather than ‘ugly solutions’ than the consultants at ITorg.  

Part of defining a parser is trying to account for the different ways data 

could arrive at HlthOrg. While D2 was now able to simplify the filters for 
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removing searches generated by maintenance, some algorithms remained for 

filtering out unwanted parts of the data. It was also plausible that he would 

need to implement new filters in the future, if the need arose. To avoid pro-

cessing personal data, D2 implemented checks to account for the kinds of 

search behaviours some visitors to the website may engage in, in addition to 

asking for masked IP addresses in the data from ITorg. Hence, the parser con-

ducts checks on the part of the string that constitutes the search term to ensure 

that it does not contain personal data. For this reason, searches of numbers 

over a certain number are filtered out. D2 noted that ‘it’s not completely cor-

rect, or rather, it works but it’s not really an elegant solution.’ For this partic-

ular parser, he altered the number of consecutive numbers that would be fil-

tered out as he had noticed, while going over the data, that the previous filter 

had filtered out too much, thus distorting the denominator data. Hence, the 

parser is also defined in relation to the behaviour of the user of the HIP. 

As is evident from the exchange between D2 and the IT consultants in the 

previous section, as well as the development of parser 11, the functioning of 

WebSurv is partly determined by the relationship with whomever is in charge 

of the maintenance of the HIP. D2 was very pleased that the people at ITorg 

were responsive and able to provide him with a definition of data created due 

to testing. This stands in contrast to the relationship with the county that had 

previously maintained the HIP, where he had limited ability to inquire into the 

origins of certain sudden shifts in patterns in the data. The parser versions 

were implemented with fixes that reflect the relationship between WebSurv 

and the provision of data at that time. Parsers and segments of data belong 

together, with comparability achieved through the smoothing out of difference 

in the conditions under which data are created, so that differences in search 

patterns related to health information seeking become visible. Furthermore, 

the relationship between D2 and the organization maintaining the HIP is also 

coded into the parser, where the improvements afforded by the transfer to 

ITorg are valued in terms of better coding practices.  

Coding a parser entails a range of valuations of good practice. On the one 

hand there are epistemic considerations of having a complete data set and re-

moving what are considered to be distortions, such as testing practices at the 

organization maintaining the HIP. Furthermore, there are valuations regarding 

the handling of personal information. Both of these valuations take place in 

relation to data transfer. These considerations are also coded into the parser to 

account for the possibility that someone may have entered personal infor-

mation in the search bar of the HIP. Finally, there are valuations of coding 

practice concerning what constitutes good code and proper solutions. Here 

valuations of code are expressed in terms of elegance but are also related to 

maintainability and the ease with which changes can be made.  

Thus far, this chapter has focused on the maintenance of WebSurv and 

PhoneSurv as the work of ensuring the continuation of datafication. In this 

sense, maintenance can be a practice of making what is datafied comparable 



 108 

over time. But in the practice of doing more of the same, maintenance can also 

be productive of difference. As the next section will show, in maintaining 

WebSurv new possibilities of datafication also emerge, thus blurring the dis-

tinction between maintenance and development. 

4.3 Maintenance makes a difference  

Grounding their perspective in information systems as work infrastructure, 

Pipek and Wolf (2009) propose that information systems development broad-

ens the scope of the activities considered to be technology development. Their 

framework resonates with the findings in the study of WebSurv and 

PhoneSurv, where at times it was hard to draw the line between development, 

maintenance, and use. This section focuses on D2’s work with WebSurv and 

shows that new datafication possibilities can emerge from working to main-

tain existing ones. In the present case, for example, the change in the HIP 

search engine contributed to making it possible to turn on searches in minority 

languages in WebSurv data. As a further example, a rewrite of the WebSurv 

database had the unintended effect of enabling WebSurv data to be analysed 

in a new way and opened up an additional metric for influenza surveillance. 

While chapter 5 will delve deeper into the ways in which new datafication is 

evaluated for public health surveillance, the examples in this section highlight 

how maintenance can be productive of new possibilities for datafication. 

However, these new possibilities do not in themselves constitute a necessary 

condition for producing authoritative accounts in public health surveillance. 

As this section will also illustrate, the accumulation of data and experience 

with metrics is part of making datafication work, since both are needed to 

evaluate whether a new approach can be incorporated into public health sur-

veillance practice.  

4.3.1 Encoding files, encoding language      

The introduction of the new search engine resulted in changes to the way data 

is sent to WebSurv. Upon first receiving sample data from the consultants 

working at ITorg, D2 examined the encoding of the files. After some investi-

gating, with the help of the best efforts of Notepad++’s ability to guess the 

encoding of a file, and by referring to Wikipedia to identify the ISO standard 

for encoding, he arrived at the conclusion that it was encoded in Latin-1. Tak-

ing into consideration which company was delivering the new search engine, 

D2 expected them to be using UTF-8. Hence, he e-mailed ITorg to find out 

whether the Latin-1 encoding was done by mistake and whether it would be 

possible to change the encoding to UTF-8 instead. The previous version of the 

parser was adapted to data from the HIP, which had metadata encoded in UTF-
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8 while the search string was encoded in Latin-1. D2 was critical of this solu-

tion, showing me a graph from Wikipedia (See figure 8) indicating the wide-

spread use of UTF-8, as if to emphasize just how obsolete Latin-1 is. When I 

joined D2 two days later as he continued working on the new parser, he told 

me that he had received a new version of the files from the consultants work-

ing for ITorg. In this version, the parts of a search string used for WebSurv 

were encoded in UTF-8.  

 
Figure 8: Share of web pages with different encodings from Wikipedia article on 
UTF-8 (Chris55, 2016) 

As D2 proceeded with the work, he eventually realized that the change in the 

encoding of the search string would require changing the encoding of the 

WebSurv database, which would have implications for what data can be 

stored. Minority languages are also used when searching the HIP, but they are 

not supported by Latin-1 encoding. The change to encoding searches on the 

HIP in UTF-8 meant that minority languages could now be included, instead 

of being transformed into strings of nonsensical characters representing char-

acters that Latin-1 encoding does not support. This change would bring about 

a discontinuity with data based on searches prior to the introduction of the new 

search engine, as searches in minority languages would no longer be dis-

carded. At the same time, the change enabled the possibility of finding 

changes in search patterns in minority languages that could potentially be used 

for syndromic surveillance. While the ability to save searches in new lan-

guages would not be immediately usable, D2 noted that ‘if we save it, we can 

use it for something in the future.’   
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D2’s comments on encoding echo the valuations described in the previous 

sections about proper implementation, where the choice of a standard for en-

coding entails a valuation of what constitutes good work. This vignette also 

brings to light how server infrastructure and standards participate in the pro-

duction of the surveilled population, pointing to the material consequences of 

representational practices (Dourish & Mazmanian, 2013). The articulation of 

the new possibilities when encoding data in UTF-8 instead of Latin-1 impli-

cates the computing infrastructure in determining what becomes part of epi-

demiological surveillance.  

The question of whether to change the encoding arose in relation to the 

need to adapt WebSurv to the new search engine and ensure its continued use, 

which resonates with the characterization of infrastructure as something that 

becomes visible when it breaks down (Star, 1999). Here, changing the encod-

ing of data, and thus altering the possibility of doing syndromic surveillance 

in minority languages in the datafication of public health surveillance, is in-

tertwined with temporalities of breakdown and repair of WebSurv as a conse-

quence of the change in the HIP. These findings suggest the continued rele-

vance of studying breakdowns in the context of datafication, and resonates 

with the argument that breakdowns can be employed as a ‘lens for investigat-

ing data science practices in a manner that foregrounds the elusive materiality 

of big data’ (Tanweer et al., 2016, p. 740). 

This vignette also shows that maintenance work can be productive of dif-

ference, which resonates with Pipek and Wulf’s (2009) integrative view of the 

use, maintenance and design of infrastructure. While the maintenance work 

and change in encoding made exclusions in WebSurv visible and opened up 

the possibility for new inclusions, the change in encoding does not in itself 

imply that searches of minority languages become part of syndromic surveil-

lance with WebSurv. Rather, this change marks the beginning of a possibility 

of accumulating the data that would be necessary to begin exploring whether 

such data could be used for surveillance. As will be shown in the next section 

and chapter 5, moving from available data to a surveillance system entails 

further work.  

4.3.2 A new metric as by-product of a system rebuild   

During the autumn of the 2017/2018 influenza season, a new functionality was 

introduced in WebSurv. This functionality, which came to be referred to as 

‘the prediction’, differs from the regular graph produced by WebSurv in terms 

of the data used. The regular graph plots all available full weeks of data until 

the week prior to the current meeting, and thus coincides with the time period 

of the other influenza surveillance systems. However, since the influenza 

meetings take place on Wednesdays, WebSurv has time to retrieve additional 

data from Monday and Tuesday. The prediction extrapolates from that extra 

data to the likely data for the full week. Thus in an influenza meeting that takes 
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place on a Wednesday in the second week of the year, the WebSurv plot ends 

with week one, but the prediction is able to extrapolate to week two.  

According to one of the members of the influenza group, the prediction 

functionality was developed by D2 independently of the influenza group. It 

first emerged when the WebSurv developer was overhauling the system im-

plementation, including a change in data storage from files to a database. D2 

explained how this the prediction came to be: 

It was actually partially by chance. I was rebuilding the system and I ran a test 
on just any day, not just Monday, when all data [for a full week] is available. 
And I noticed that if I run it on a Wednesday or Thursday it shows the current 
week. At first I didn’t think much of it and I deleted it. During a later discussion 
with the Calici epidemiologist, when we were unsure about whether the Calici 
season[62] had started, we wanted to know what the current week looked like 
on a Wednesday or Thursday. I realized that I had just thrown away the answer 
to this question and ended up adding the functionality I had removed. 

D2 acknowledges that the prediction was developed unintentionally, as part 

of a testing process following changes made to WebSurv to adapt to data stor-

age. Different operations on the data now became possible, such that D2 could 

use an incomplete week’s data to extrapolate to a full week. Initially the pre-

diction was merely part of testing, and was discarded. Subsequently, it was 

realized that this extrapolation would be relevant for surveillance, and it was 

introduced as a candidate for the influenza surveillance system. 

The influenza group decided to try out the prediction functionality in their 

influenza surveillance. However, since it was being trialled for the first time, 

it was not an official metric and was not mentioned in the weekly influenza 

reports.  

4.3.2.1 Evaluating the prediction 

Once the prediction was recognized as a possibility it was presented to the 

influenza group as a new candidate surveillance system. This process of acci-

dentally discovery followed by use and evaluation resonates with the notion 

that the lived work of knowledge production should be considered beyond an 

opposition between use and design (Suchman, 2002). D2’s work in imple-

menting a new metric marked the beginning of a process that could potentially 

result in a change in what comprises an authoritative account in influenza sur-

veillance, but first the influenza group would need to accumulate experience 

with the new metric. 

The prediction served as a point of reference in the influenza meetings that 

followed the initial idea of using the prediction for influenza surveillance. 

While the influenza group’s publications did not include the prediction, it was 

referenced as a point of comparison to the WebSurv graph during the meetings 

                               
62 A virus that can cause inflammation of the stomach and intestines. 
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and was noted on the influenza meeting form, usually together with a line in-

dicating the direction, such as a line slanted upwards if it was increasing. 

At the end of the first season of trialling the prediction, the influenza group 

met with D2 to evaluate the experience of using it for influenza surveillance. 

Epi1 shared an Excel sheet where each week’s prediction was evaluated in 

relation to the actual WebSurv value for the same week. During the first weeks 

following the beginning of the new year, as the influenza epidemic was head-

ing to its peak, the prediction did not work well. As they were discussing these 

numbers, they recounted what they had been thinking at the time: ‘That’s 

when we were wondering when it [the increase] would break off.’ While the 

prediction seemed to work on the way down from the peak of the influenza 

season, the group observed that the prediction ‘doesn’t quite manage to follow 

[the influenza incidence] on the way up’. The group discussed several possi-

bilities for improving the prediction, but initially decided to accept D2’s sug-

gestions that it might be possible to improve it by taking into account differ-

ences in search patterns depending on the day of the week. The prediction 

could be weighted differently, such that the two days from which a full week 

was extrapolated would better correspond to the proportion of the weekly 

searches. 

I joined D2 as he was working on this improvement. The work itself un-

folded in short sprints of development over multiple days. Firstly, it was nec-

essary to determine which frequency was going to be weight-adjusted, since 

WebSurv consists of twenty components, each a search term, which are 

weighed together to form the surveillance system. Hence, D2 decided to in-

vestigate whether the components had different weekly patterns, in order to 

determine whether components should be weighted differently. The result was 

‘as expected, different for different components’. Once D2 had calculated the 

weighting for the different components, he repeated the evaluation of the new 

version against actual WebSurv values for the corresponding weeks. Compar-

ing the new and old version of the prediction, it was not apparent which one 

was better. D2 noted, ‘It’s not exactly a success.’ Some other way of improv-

ing the prediction would be required.  

While this particular attempt to improve the prediction did not work out, it 

is illustrative of the way in which the authority of a metric is determined over 

multiple events. During the meeting between the influenza group and D2, an 

accumulation of data as well as an accumulation of experience with the metric 

served as the basis to evaluate the candidate metric. Furthermore, the evalua-

tion itself extended over multiple work days for D2, highlighting how valua-

tion of the prediction is a process that may have its conception as a necessary 

condition, but the authority eventually attributed to it is determined in subse-

quent meetings and work practices, which draw on accumulated data and the 

experience of the influenza group. 

The example of the prediction indicates that developing a new surveillance 

technique is not confined to the event of its conception but involves a series 
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of events and a gradual accumulation of experience, after a possible metric 

has been proposed. The new metric needs to be trialled in order to accumulate 

experience and data. Datafication as an authoritative account can thus be 

thought of as what Suchman (2002) terms artful integrations, where a new 

metric needs to be integrated into a specific environment and work practices 

in order to be regarded as such. Hence, datafication is not fully determined by 

the mere possibility of turning something into a metric. Rather, it implies a 

temporalization of the determination of a design activity, as the full signifi-

cance of the possibility of the prediction unfolded over an extended period of 

time, which might (or might not) affirm the prediction as a new surveillance 

system. This is in line with Stengers’ thinking when she suggests that the event 

does not hold within itself the definition of its consequences [source]. 

4.4 Summary 

PhoneSurv data is used to illustrate the dynamism of data in the datafication 

of public health and the work needed as a consequence. Datafication involving 

a continuously growing data set creates a dynamism over time, as the user 

experience changes. In the case of the PhoneSurv administrative application, 

the growing size of the data set had consequences for usability, which 

prompted a change in what data was available for comparison. Comparability 

with PhoneSurv was also affected by changes in the medical advice line, 

where contact reasons could change and new reasons could be added. Since 

HlthOrg only uses a subset of contact reasons, what is included in this subset 

can also be subject to change. 

Datafication is also affected by the relationship dynamics between the sys-

tem repurposing the data and the data provider. Data can also be dynamic in 

so far as the data-providing organization changes the way the data is provided. 

Here the relationship with the data provider affects how these data dynamics 

play out in practice. In the case of PhoneSurv, asymmetries existed between 

it and the data provider DP2 in terms of differing priorities. There were also 

limits to what D1 was able to ask of DP2 because of the need to strike a bal-

ance between making demands and ensuring that DP2 did not pull out of the 

agreement to provide data.  

Similar asymmetries in the relationship with the data provider are also ap-

parent in the case of WebSurv and the changes in the health information portal 

(HIP) from which WebSurv data was first generated. Despite wanting to be as 

forthcoming as their resources allowed, the consultants working with the HIP 

design changes had different priorities from those of D2, working with Web-

Surv. At the same time, when the maintenance of the HIP was transferred to a 

new organization, D2 was able to get clearer insight into the testing practices 

of the maintenance organization, which affect WebSurv data. The cases of 

PhoneSurv and WebSurv suggest that the dependency relationship with the 
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data provider in datafication can be enacted in different ways, with different 

consequences for the ability to evaluate the output, which in turn could have 

consequences for the authority granted to these numbers. 

When the dynamism of data leads to the production of multiple versions of 

a data set, it can lead to ambiguities in what numbers are considered  authori-

tative. As in the case of PhoneSurv, making datafication work and ensuring 

comparability in such instances may entail determining the sources of differ-

ences. Section 4.1.2 illustrates this with an example of what occurred when 

the historical PhoneSurv data set needed to be reread. The rereading made it 

possible for multiple versions of PhoneSurv data and its derived MEM values 

to exist at the same time. This, in turn, meant that the participants needed to 

uncover the source of the difference. 

This chapter has also highlighted the co-constitutive relationship between 

data, infrastructure and datafication in attempts to explore alternative data 

sources for WebSurv as a response to design changes in the HIP from which 

WebSurv draws data. The inability to use data from a search engine, SE, in-

stead of the HIP data highlights the way in which the model underpinning the 

datafication is co-constituted with the data set. Furthermore, the incompatibil-

ity of the SE data also stemmed from the way in which it was timestamped 

compared to existing surveillance systems, showing that data is part of tem-

poral structuring in datafication. This incompatibility also indicates the signif-

icance of place for the infrastructure underpinning datafication, in particular 

how it relates to time zones. Furthermore, what constitutes data is also related 

to the standards that are used for encoding data, where a change in the encod-

ing of search terms when the HIP search engine changed meant that searches 

in minority languages could be retrieved for WebSurv.  

WebSurv data is unstructured when it arrives from the data provider and 

requires parsing. In order to make WebSurv data comparable over time, it has 

to be parsed depending on the specific circumstances under which parts of the 

data set were created. This means that there are multiple parsers parsing spe-

cific segments of the unstructured data. During this study, the need for a new 

parser for WebSurv was brought about through the discovery of changes in 

the patterns in the data, as well as changes in the relationship with the data 

provider. While multiple parser versions co-exist over the full data set, they 

share common elements of extracting parts of the unstructured data to make it 

amenable to analysis and to filter out what is undesirable. Patterns in the data 

can help determine what to filter out. These patterns are also evaluated in re-

lation to how data is generated, an evaluation that is facilitated by an under-

standing of the way the HIP is used.  Furthermore, determining what to filter 

out requires an understanding of the maintenance practices of the infrastruc-

ture underpinning WebSurv and HIP. Hence, the specific dependency rela-

tionship with the data provider and the extent to which there is room to make 

requests on behalf of WebSurv also affect how data is parsed. 
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In this chapter I have also highlighted valuations in the maintenance of da-

tafication. The implementation of the parser is evaluated in epistemic terms, 

as reflected in the desire to filter out searches unrelated to health information 

seeking at the HIP. Furthermore, the parser is implemented in a way that re-

flects valuations related to the treatment of personal data, in this case by mak-

ing sure to avoid processing personal data. The parser is also valued in a reg-

ister related to good coding practice. D2 favoured solutions that were main-

tainable, and he also valued the aesthetics of implementations. Using a more 

up-to-date standard for encoding data, with greater uptake, was considered 

better practice than what had been used until that point. In this case, valuations 

can be considered in relation to both epistemic registers and those related to 

good coding practice, as this new standard was considered better since it was 

possible to store more parts of the data. 

Finally, this chapter has shown how the work of maintaining WebSurv can 

serve to ensure continuity of datafication, and also be productive of difference. 

D2’s work to adapt WebSurv to the new search engine, as well as the changes 

in the way the search engine encodes what eventually becomes WebSurv data, 

made it possible to retrieve searches in minority languages. This, in turn, 

opened up the possibility of accumulating data on searches in minority lan-

guages that could potentially be used for public health surveillance. Another 

example of how maintenance work can be productive of difference relates to 

the redevelopment of data storage for WebSurv. Redevelopment enabled, 

WebSurv data to be analysed in a new way, which opened up the possibility 

of accidental discovery of a new candidate metric for influenza surveillance. 

Hence, working to maintain datafication can also open up new ways of data-

fying. 

While the next chapter will focus specifically on the work of exploring new 

possibilities for datafication, this chapter has also highlighted a part of the 

evaluation, which is the work of developing a new metric that extends beyond 

the event of its conception. The mere existence of data and its further pro-

cessing into a metric is not sufficient for the metric to be treated as a public 

health surveillance tool in practice. Before a new metric can be considered an 

authoritative account in influenza surveillance, there was a need to accumulate 

experience with it in practice. Furthermore, evaluation is predicated on the 

accumulation of data, such that the use of a metric can be evaluated together 

with data on its ability to track influenza-related outcomes. The development 

of datafication unfolds over multiple events, where accumulation of experi-

ence and data eventually comes to affirm (or not) a new approach to datafica-

tion as authoritative.  
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5. Exploratory Datafication Practices  

The previous chapters dealt with the work of maintaining existing datafication 

as well as how it is made to work for influenza surveillance in practice.  This 

chapter will delve deeper into practices aimed at developing new surveillance 

tools with datafication, or exploratory datafication practices. ‘Exploratory’ is 

used here to signal a future-orientation and open-endedness in the participants’ 

work.  

Section 5.1 centres on a hackathon aimed at exploring the use of PhoneSurv 

and WebSurv for tick-borne encephalitis (TBE) surveillance as well as a meet-

ing to discuss a paper related to TBE surveillance. As examples of exploratory 

datafication practices, the hackathon and the work on writing the paper illus-

trate how values are enacted in the course of making tick bites datafiable for 

public health surveillance of TBE. The results show that participants were en-

gaged in valuations that can be associated both with a hackathon and with 

scientific research. Furthermore, the results show the value attached to scien-

tific publishing and actionability in public health practice. The rest of the sec-

tion is devoted to showing how developing a TBE surveillance tool for antic-

ipatory action also entailed making TBE seasonal in a specific way.  

Section 5.2 focuses on a small-scale pilot project I conducted with one of 

the participants, D1, in order to examine whether natural language processing 

(NLP) could be used to also take advantage of unstructured data from the med-

ical advice line in PhoneSurv. In focusing on valuations, I illustrate how ex-

ploratory datafication and human subjectivity are produced in the event. While 

identities, as societies of actual occasions, can be regarded as the same in ab-

straction, subjectivity is formed relationally in the event. Comparing different 

valuations highlights how subjectivity can be produced differently from one 

event to the next. Furthermore, the NLP project highlights value as dynamic 

and unfolding in relationship to the developer, code, data sensitivity, data ac-

cess, project objective, and the community of colleagues. Finally, this section 

emphasizes the affective dimensions of valuations of datafication. 

5.1 TBE Surveillance  

During my time at HlthOrg, the participants explored the possibility of devel-

oping PhoneSurv and WebSurv into a surveillance tool for TBE, a virus can 

be transmitted to humans via tick bites. While most recover from the disease, 
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it can lead to long-term complications in up to a third of cases (ECDC, n.d.). 

TBE vaccination is recommended for those at risk of being exposed to TBE-

infected ticks.63 

This section describes parts of the process of developing a TBE surveil-

lance tool, based on two research events. The participants referred to the first 

as a hackathon, where D1, D2 and P5 tried to work out whether it is possible 

to predict the number of TBE cases in the ongoing season as early as possible 

based on incoming calls about tick bites to the medical advice line. The other 

research event was a meeting between the hackathon participants and a TBE 

epidemiologist to discuss a paper the participants were writing on a TBE sur-

veillance tool. 

5.1.1 Hacking TBE 

The concept of hackathons developed in the open source community. Mem-

bers of the community, who were otherwise dispersed globally, would use 

such occasions of being in the same geographical location to work intensively 

on a bounded project over a bounded period of time. Hackathons have since 

been adopted more broadly, including in government agencies. Although 

‘early open-source hackathons often focused on improving, repairing, and 

maintaining shared infrastructures, the hackathons have also grown to culti-

vate speculation about technological futures’ (Irani, 2015, p. 804). As this sec-

tion will illustrate, in the course of hacking TBE the participants engaged in 

valuations in registers of entrepreneurialism, the repurposing of existing sys-

tems, and an orientation towards speed and progress, all of which resonate 

with the practices of the hackathon. 

The hackathon was to explore new possibilities for TBE surveillance. An 

initial idea for the TBE surveillance tool had been developed by P5. Before 

the hackathon, she had done a feasibility study to determine whether 

PhoneSurv and WebSurv data could be used for TBE surveillance. Her inves-

tigation had resulted in a model based on PhoneSurv data of calls to the med-

ical advice line related to tick bites. This model was able to predict TBE cases 

four weeks in advance. She also created a model based on WebSurv data, 

which was able to predict TBE cases ten weeks in advance, although with 

lower statistical significance.  

During my time at HlthOrg, I encountered several examples of attempts to 

redevelop and apply data from WebSurv and PhoneSurv for new purposes, 

such as heatwave surveillance. These attempts, including the TBE hackathon, 

can be understood as a kind of entrepreneurialism that seemed to be encour-

aged at HlthOrg. According to one of the hackathon participants, the focus of 

                               
63 The risk of contracting TBE is related to the prevalence of ticks in an area, the proportion of 
TBE-infected ticks, and human behaviour (ECDC, n.d.). 
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their work and what they pay attention to is largely determined from the bot-

tom up. This approach stems partly from a view that by working closely with 

a particular surveillance system, one is able to assess needs and make sugges-

tions for what to prioritize. This participant contrasted theirs with a top-down 

approach, where an overarching strategy mandates what needs to be done. 

Both the initiative by P5 and the hackathon reveal the participants as entre-

preneurial in coming up with new ideas for surveillance techniques. This is in 

line with Irani’s (2015) findings that a hackathon ‘rehearses an entrepreneurial 

citizenship celebrated in transnational cultures that orient toward Silicon Val-

ley for models of social change’ (p. 801). The TBE hackathon, and the explor-

atory practices of datafication it produced, can be considered as an event pro-

ductive of the entrepreneurial HlthOrg employee, which resonates with 

Hjorth’s (2013) conceptualization of a becoming-subject of the entrepreneur 

with a desire to create. 

Reuse is another important aspect of the success of hackathons, which are 

partly premised on ‘taking advantage of the proliferation of the Internet indus-

tries’ software libraries, cheap servers, and skilled programmers’ (Irani, 2015, 

p. 811). During the TBE hackathon, was prominent both in terms of the par-

ticipants reuse of existing data and models and how they viewed their own 

work. At the start of the TBE hackathon, the participants decided to work in 

English as this would make it easier for others to build on their work. They 

also recognized that developing a new surveillance tool would entail recom-

bining existing elements. P5’s earlier model was used as a point of reference 

as the participants were thinking about what to do: ‘I used the incidence rate 

and calls in my model.’ Later, they explored the possibility of using the orig-

inal model as input to the new one as they considered using the ‘predicted start 

of [P5’s] model and relating it to [their] model.’  

The work on the new TBE surveillance tools also took the PhoneSurv data 

as a point of departure, which kicked off some brainstorming:    

D2: Let’s do a model based on PhoneSurv. 

D1: It should predict the number of cases per season, right? 

D1. We could start by having a look at the data first. 

D2: It’s good that we start with the data. Need to create the model. 

D1: We could build it in Excel based on the real data. 

Here the participants suggest using PhoneSurv data as the basis for predict-

ing the total number of TBE cases for a season. This exchange suggests that 

the participants adopted a datacentric approach, but also took the time to de-

fine their task: ‘We could start by thinking about what we want to do first.’ 

For the hackathon they ended up pursuing whether it would be possible to 

predict the total number of TBE cases based on phone calls to the medical 

advice line related to tick bites. 
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In the participants’ discussion of what to do, their valuations resonated with 

a hackathon’s proposition that ‘small groups could move fast and possibly 

accomplish great things’ (Irani, 2015, p. 817).  As the participants suggested 

that they ‘keep it as simple as possible’ and ‘start by just making up a dataset’, 

the TBE hackathon became cast as a site where fast-paced development of a 

new idea for TBE surveillance was valued. 

The meeting itself took place in D2’s office, where we had gathered around 

a whiteboard next to D2’s desk, discussing what to do and scribbling on the 

whiteboard. The participants were standing in front of a whiteboard on which 

they had written down dummy data in a first attempt to try to come up with a 

model to predict the total number of cases. The numbers were initially written 

as integers, but variations in call rates over time brought up the question of 

whether to use fractions instead of integers. The question of the comparability 

of data also came into focus for the TBE surveillance data would need to be 

comparable over time. P5 argued that the numbers should be fractions. At this 

stage of development, the importance of using fractions in order to make data 

comparable over time was weighed in relation to the ease of calculation. 

P5: I used population as a denominator. 

D1: Population is constant.  

P5: It’s arguable whether it’s constant. 

P5: There could be a problem with the number of calls because of the heat-
wave. 

D1. Call rates also change. That’s why we want a fraction. 

D2: As long as both are rates, they are more comparable. 

D1: It’s easier if we use integers. 

At this stage they were brainstorming and doing manual calculations on the 

whiteboard, which made the participants value the ease of calculation for the 

purpose of developing the model. Nevertheless, the problem of comparability 

due to the variation over time in the total number of calls to the phone service 

remained, and other than when writing on the board, fractions came to be fa-

voured by all participants.  

The emphasis on keeping up the pace and progressing was also expressed 

in the way participants evaluated their model during the hackathon, which re-

flected a kind of trial-and-error approach: 

D2: You mean to use actual cases as parameters next to the calls? 

P5: We should do it on calls and see how well it works.  

Once people who have been bitten by ticks are diagnosed with TBE, case 

data becomes available alongside the PhoneSurv data on calls to the medical 

advice line about tick bites. Hence, the participants asked themselves how they 

should treat the reported TBE case data and how it could be fed into the model. 
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Their approach suggests a kind of experimentation to find out whether the 

model works well enough. 

The pragmatism and speed of moving along in the hackathon can be com-

pared to what Gabrys et al. (2016) refer to as ‘“just good enough data” to 

provide patterns of evidence’ (p.11) in the context of citizen-generated envi-

ronmental data. Here the TBE surveillance tool is hacked to be just good 

enough to warrant further development and investigation. There is also reso-

nance between the account above and big data and datafication, which has 

been characterized in terms of the relationship between data collection and 

data as a basis for knowing. Agarwal and Dhar (2014) suggest that big data 

implies a change in the order in which we ask questions and generate data to 

find answers to these questions. Data are collected without a pre-defined pur-

pose at the time of collection on the grounds that it is inexpensive to store. 

Hypotheses, formulated after the collection of data, are then tested on the 

available data. 

The grouping of valuations in this section is grounded in a reading of Irani 

(2015) and is meant to foreground differences in valuations. The participants’ 

valuations show that the process was a hackathon in more than just name. 

However, groupings of registers are at best contingent, as the value of reuse is 

by no means confined to hackathons, for it is also associated with data-based 

value creation in health social media (Tempini, 2017), as well as in scientific 

work (Faniel & Jacobsen, 2010).  

Given that the work at HlthOrg is grounded in public health research, the 

above account of what was valued in the hackathon is incomplete. Hence, the 

next section will show the participants’ valuations in registers that can be as-

sociated with the ideals of rigor in scientific research, which co-existed with 

those of the hackathon register. 

5.1.2 Hacking made rigorous  

P5: The model [P5’s] needs to be evaluated more. We need to do more valida-
tion of it. 

D2: It’s better than this [refers to the Excel sheet]. It’s a hack. 

P5: Does that mean you can do anything? 

Hacking, as much as it was exploratory, was still being conducted in ways that 

valued a rigorous procedure in specific ways – the participants could not do 

just anything. In fact, their valuations can be associated with the scientific en-

terprise as they valued reproducibility, authorship and mathematization. Such 

valuations could coexist with those of the hackathon, even as they clashed 

with hackathons’ valorization of speed and solutions that are ‘just good 

enough’. 

Despite being framed as a hackathon and the participants adopting an ex-

ploratory approach, they scrutinized their procedure:  
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D2: This is so reproducible [sarcastic tone]. 

P5: Not. 

D2: It’s reproducible-ish [laughs a bit to himself]. 

This exchange show that  the participants valued the scientific norm of re-

producibility (Munafò et al., 2017). Later, D2 opened up Word to take notes 

on what they were doing, naming the document ‘Actual Implementation 

(hack)’. Smiling, he said, ‘It’s not so reliable.’  

The commitment of the participants to the values of a rigorous process can 

also be seen in the mathematization of the problem they were trying to address. 

As they were trying to decide how to build their model, P5 wanted to formalize 

what they were doing in mathematical terms, insisting that they ‘need a math-

ematical structure’: 

D2: Should we not sum up all first weeks? Or take the average of the total?  

P5: That’s what I didn’t understand. It would mean relating different weeks. 

D2: I have 8 of week 1 and 8 of week 4. 

P5: I can only do this in mathematical terms. 

P5 stood up and started writing an expression on the whiteboard, as shown 

in the lower right corner in figure 9 below. This exchange shows how in the 

process of developing a new surveillance tool, exploratory datafication pro-

cesses involve mathematization. While P5 is most explicit about the value at-

tributed to it, this was also reflected in the approach adopted by D1 and D2. 

As such, the work in the hackathon reproduces a value already associated with 

research in a variety of fields (cf. Lynch, 1988; Roux, 2010). 
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Figure 9: A picture of the whiteboard with dummy data and mathematical formulas 
taken during the TBE Hackathon. 

The ways in which they were working with the data also involved valuations 

of how to treat data. This was reflected in the participants’ attribution of own-

ership and credit for work that had been put in: 

D2: Easy, now we just need your data. 

P5: Actually it’s M’s data. 

D2: Well, it’s the institute’s data. 

This line of thinking coincides with how the paper, subsequently published 

in the journal Ticks and Tick-borne Diseases, breaks down authorship. In the 

paper, different author contributions are distinguished, in line with the contri-

butions articulated in relation to the data here. 

There was a proper way of working with data as well. The participants were 

reusing data from PhoneSurv and combining it with another data set that had 

been prepared by an epidemiologist who works with TBE. P5 showed D1 and 

D2 the data structure in the programming language R. D2 commented on how 

many different version P5 had made of the data, with differing structures. P5 
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explained that she had tried it in many different ways so she had different data 

fields. D2 seemed to approve of this.  

 In addition to valuations that can be deemed to come from scientific norms 

about practice, the participants also attributed value in registers of automation 

and manual labour. As mentioned previously, the participants decided to work 

with the data in Excel: 

D1: We can start with a model in Excel. 

D2: But it’s shitty for shifting. 

D2: We can get a feeling for how constant the beta is.  

D2: Beta should be quite constant, but what will vary is the number of incom-
ing calls. 

D2: Let’s not do the shift in Excel. 

Although D2 was sceptical about the use of Excel, the participants decided 

to use it for the hackathon. A portion of the work in Excel entailed copying 

and pasting the PhoneSurv data so that the beginning of the different seasons 

aligned. D2 warned, ‘I probably made a sorting error.’ He then proceeded to 

recount a copy-paste mistake a researcher had made while working in Excel. 

That researcher had copied data into Excel and subsequently sorted it, but only 

one column had been sorted. The researcher then went on to find a correlation 

between data in columns that were sorted in a different way. The person had 

gone as far as submitting their work to a journal before this error was spotted. 

‘That’s why you don’t use Excel.’ 

D2 also recounted a mistake he had found in the process of doing mainte-

nance and redevelopment of WebSurv. The person who developed WebSurv 

had entering the wrong year when writing a date, so adding a whole week to 

another year. P5 said that she had added the data they were currently working 

with manually while working on her first model: ‘It’s hard to work with dates.’ 

D2 continued struggling with Excel and complained about it aloud, to which 

P5 responded ‘and yet you are still using Excel.’ 

In the above exchanges, what is done automatically is considered more re-

liable than to what is done manually, which is considered fallible. Using Excel 

in particular was considered poor practice. But working in Excel was an at-

tractive option given the simplicity and speed valued in hackathons.  

While the participants thought automation better than manual labour in this 

particular case, speaking of these valuations in terms of a registers of automa-

tion and manual labour points only to a shared relevance in valuation. One 

should be cautious about drawing any conclusions about what value is at-

tributed to automation in general, and instead attend to the multivalence of 

automation in practice (Lee & Helgesson, 2019). 

After a break for lunch D1, D2 and I reconvened without P5. Up until this 

point, most of the hackathon work had been devoted to developing the idea 



 124 

and preparing the data. What remained to be done was to try to make predic-

tions and evaluate the result.  

5.1.2.1 A future too far ahead 

D1 and D2 worked to build models based on historical data from the years 

2010–2017. As a first trial, they built a model to predict the total cases in 2017, 

week by week, based on the cumulative number of calls to the medical advice 

line regarding tick bites. This first model was built with the 2010–2016 data 

and left out 2017 for validation of the predictions. Dissatisfied with the results, 

they made a calculation based on data from 2010–2015 in order to predict the 

total cases in 2016. As these results looked promising, they proceeded to cal-

culate the standard deviation.  

The calculated standard deviation gave a span so wide that all they could 

predict about the total TBE cases was that it would be ‘between the lowest and 

the highest value in the season.’ Next, they tried a different set of years, re-

sulting in a better standard deviation but a worse prediction. They tried once 

more, and the atmosphere grew heavier: ‘This didn’t turn out very well.’ They 

considered using reported TBE case data64 as well, but decided there were too 

few cases. They considered optimizing the model ‘to find the beginning of the 

season’ and made modifications that yet again disappointed: ‘Let’s forget 

about this and do something else. It doesn’t feel like it’s good enough to use.’ 

We decided to have a coffee break and D2 predicted that there would be cook-

ies in the kitchen. There were indeed cookies, and D2 noted the relatively 

more successful cookies prediction compared to what we had accomplished 

with TBE. 

We sat down with P5 at a table in the kitchen, and D1 and D2 explained 

that their attempts had been unsuccessful. P5 explained that they were trying 

to predict something too far in the future. She looked at me for confirmation 

that she had told them about this before lunch. There are too many uncertain-

ties when looking far ahead. The model she had made looked at the near fu-

ture: ‘With the four-week prediction, we are not looking far into the future 

because it takes time from when the person gets sick to when it gets reported 

as a case.’ The four-week prediction is not as sensitive as the total cases. P5 

suggested that they should first work on improving their linear model, and 

then perhaps they could use the improved version to work on what they were 

trying to do. 

The standard deviation showed that the predictions did not hold. The spe-

cific goal was eventually framed as trying to predict something too far into the 

                               
64 Up to this point, they had been using phone call data. The prediction was done week by week, 
and later in the TBE season cases reported could be used as input to the model instead of relying 
only on the calls. 
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future that had too much uncertainty. Regardless, the work in which the par-

ticipants engaged speaks to the value attributed to early action, wanting to 

intervene in order to prevent the spread of TBE. 

This lack of success is also a feature of hackathons, as it is possible to en-

gage in exploratory practices without achieving the desired results (Irani, 

2015). While the hackathon’s attempt to predict the total cases was unsuccess-

ful, D1, D2 and P5 went on to publish a paper together with a TBE epidemi-

ologist on novel approaches to TBE surveillance using the same data as in the 

hackathon. This highlights how the participants’ work was formed in relation 

to an intended audience. Hence, the next section will throw light on this rela-

tionship, and show how the TBE surveillance tool was developed in relation 

to both public health practice and scientific publishing. 

5.1.3 Practising and publishing TBE surveillance  

Occasionally, the participants’ valuations entailed a consideration of how their 

work would be received by others when it was taken up in public health prac-

tice and scientific publishing. During the hackathon, the participants consid-

ered whether practitioners working in the public health domain would be able 

to understand what the surveillance tool does. This was evident in the value 

attributed to explainability: ‘a stupid model is good so you can explain it to 

someone.’ 

The concern for usefulness in public health practice was also reflected in 

the work that followed the TBE hackathon. The participants continued work-

ing with PhoneSurv and WebSurv data towards the eventual publication65 of 

a paper by P5, D1, D2 and a TBE epidemiologist. As part of writing the paper, 

they set up a meeting to ‘try to incorporate some idea about what [they] could 

potentially use it for. How it can be used.’ 

In addition to being constituted in relation to public health practice, the 

development of a new TBE surveillance tools was thus done in relation to 

scientific publishing of public health research. During a Skype meeting, the 

authors discussed how they could address the actionability of the TBE surveil-

lance tool they had investigated: 

D1: It’s up to you if you want to do it already this year, to say something or 
wait if we don’t dare. This is not published yet. So maybe it would be strength-
ened if we publish it. But it’s not like it’s new, we use PhoneSurv for other 
things. We just use it in new ways. Maybe it doesn’t matter if it’s not published. 

P5: Don’t know, I mean we’ve presented it. 

                               
65 This paper is omitted from the references in order to preserve the anonymity of the partici-
pants. 
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D1: Would be nice when we publish, that we link it, that we use it, and they’ll 
strengthen each other. But this won’t be published yet. But perhaps [the public 
health communication regarding TBE] is later so there’ll be time. 

P5: There’s an idea to do it internally first. You don’t have to think about 
broadcasting things you’re not completely familiar with. 

The value of the surveillance tool is determined in relation to scientific 

publishing and its use in public health practice, both of which lend it credibil-

ity. Furthermore, there are degrees to which a surveillance tool can be inte-

grated into scientific discourse, as D1 values a publication over a presentation 

at a scientific venue in terms of how publication lends credibility to the sur-

veillance tool for public health communication. Credibility is also invoked by 

virtue of reusing PhoneSurv, which is a well-established surveillance tool at 

HlthOrg and had already resulted in several publications. The values attributed 

to use in practice and scientific publishing are mutually reinforcing. P5’s sug-

gestion to hold off on the communication also enacts the value of the surveil-

lance system as something that unfolds over time with experience.  

In the published paper, the participants argue that the use of the approach 

‘for national planning and preparedness in real-time should be investigated’, 

thereby also making the use of the TBE surveillance tool in practice an object 

for public health research. The connection to public health practice extends 

down to what is being developed in terms of surveillance tools. The next sec-

tion will show how actionable predictions are central to both the hackathon 

and the paper, valuing anticipatory action resulting in specific temporalities of 

TBE. 

5.1.4 Actionable predictions 

The stated aim of HlthOrg is to prevent disease and protect against health 

threats. Both the hackathon and the paper the participants later published 

frame the task in hand as one of making actionable predictions about TBE 

outcomes in public health interventions geared to TBE prevention. These ac-

tionable predictions, as well as the aims of HlthOrg, entail valuations of an-

ticipatory action, which is when ‘a future becomes cause and justification for 

some form of action in the here and now’ (Anderson, 2010, p. 778). 

During the hackathon lunch break, I had a chance to speak to D2 about the 

purpose of the surveillance tool they were trying to develop. The goal of the 

hackathon was to predict the number of TBE cases in a season as early as 

possible based on calls to the medical advice line. D2 explained that whether 

a surveillance tool is valuable depends largely on whether the information it 

provides is actionable in public health practice. Public health interventions re-

lated to TBE focus primarily on communication to encourage vaccination. For 

this purpose, it is useful to identify the beginning of the TBE season as early 

as possible. Furthermore, predicting the total number of cases was considered 
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useful because it would enable HlthOrg to communicate the expected severity 

of the season in order to encourage people in risk areas to get vaccinated. They 

were hoping that communication would bring down the number of cases even 

in serious seasons because people would be vaccinated or would change their 

behaviour. 

During the meeting to discuss actionability of the proposed TBE surveil-

lance tool in their paper, the participants considered its potential to provide 

early awareness. A surveillance tool based on PhoneSurv data would be based 

on calls to the medical advice line related to tick bites. The data would thus be 

created at the time of risk exposure to TBE, so providing early awareness 

compared to reported TBE case data, which is preceded by an incubation pe-

riod and onset of symptoms followed by contact with healthcare TBE testing. 

The participants discussed whether the beginning of tick season could be used 

in public health communication, with an announcement ‘that ticks have woken 

up and people are getting bitten.’ The susceptibility of the public to TBE-re-

lated communication would still take precedence: ‘It wouldn’t change the tim-

ing, but the specificity of the messaging.’ The benefit of the proposed surveil-

lance tool was that it would strengthen the public health messaging on TBE 

vaccination by referring to the prevalence of tick bites:  

D1: With these results we could be more systematic when we communicate 
and communicate with more specificity. We know that there are people getting 
tick bites and that might encourage vaccination. It’s a stronger message in a 
way. 

P5: Communicate back to the public what they are doing. 

Epi: We have considered the weather, but now it’s obvious that there really are 
ticks. 

P5: Yeah, a piece of the puzzle that was not visible before. Maybe marked by 
the weather, but this is an actual next step. 

The TBE surveillance tool would help ground the TBE vaccination com-

munication on evidence of activity of the disease vector for TBE. Preventative 

measures such as TBE vaccination could be encouraged by reference to the 

awakened ticks. Such a message was seen as stronger than simply relying on 

reported TBE case data from previous years or weather patterns associated 

with tick season.  

In the case of both the hackathon and the paper, the surveillance systems 

were considered to have potential to add to public health communication to 

encourage vaccination as a way of preventing TBE infections. As such, they 

both value anticipatory action in preventative public health strategies, but with 

a difference in the temporality of the qualitative shift they enact. The goal of 

trying to find the total number of cases was premised on the value of being 

able to communicate the severity of a coming TBE season. The surveillance 

tool could predict a TBE future of a particular severity, which could be pre-

vented, or at least abated. The surveillance tool in the paper, on the other hand, 
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was intended to strengthen communication about the beginning of tick season. 

This proposition involves a qualitative shift to focus on the present, with the 

message that ‘ticks have woken up’ used to encourage vaccination. While both 

of the proposed surveillance tools entail valuations of anticipatory action for 

public health, the latter encourages preventative public health interventions by 

noting the present tick prevalence, while the former focuses on future TBE 

severity.  

These two approaches differ in how they relate to successful public health 

communication. In the case of reduced incidence of TBE as a consequence of 

preventative strategies, the communication of the presence of a disease vector 

would still be valid whereas the predicted severity of the season would not. 

These differences point to how surveillance tools are part of how futures are 

made knowable and actionable, with particular justifications for action in the 

present. Furthermore, there can be differences in what evaluations the surveil-

lance tools can be subjected to, depending on whether they enact a present or 

a future; if preventative strategies called upon by an enacted future are suc-

cessful, that very future is invalidated. 

Relying on PhoneSurv data to think about TBE futures raises the question 

of how such futures are produced from historical data. The next section will 

delve deeper into the co-constitution of the surveillance tool and the phenom-

enon under surveillance, drawing inspiration from Levin’s (2014) analysis of 

the co-constitution of multivariate methods and metabolomic complexity. It 

will look in depth at the data work involved in creating a prediction, showing 

how valuation of anticipatory action in the hackathon is co-produced with the 

TBE data set and TBE as a seasonal phenomenon. The seasonality that is pro-

duced in the data work is then compared with the way participants reason 

about TBE transmissions, which foregrounds human-tick-temperature rela-

tionships.  

5.1.4.1 Making TBE seasonal  

Once the participants had a preliminary idea of the TBE surveillance tool and 

had settled on working in Excel, they proceeded to work with the data. As 

described earlier, this involved manually pasting data of TBE cases and phone 

calls about tick bites into Excel.  

Key to building the model was considering TBE as exhibiting yearly sea-

sonal dynamics.66 Each part of the full data set corresponding to a year was 

treated as a season, and pasted into Excel as such. Making TBE into a seasonal 

phenomenon enacted the TBE data set as consisting of seven seasons (2010–

2017), each with a beginning, ending, length, and a total number of TBE cases 

per season. The total per season was ‘just the sum’ of cases in a given year; 

this season total was what they were trying to predict with the model.  

                               
66 Seasonality is a well-established temporal order for infectious disease (cf. Altizer et al., 2006; 
Fisman, 2007). 
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The participants needed to render the different seasons comparable in order 

to be able to build a model. The temporal order of seasonality assumes a be-

ginning and an ending, which cast some TBE cases as outside of the season. 

Looking at the few cases that were scattered outside of what they would expect 

to be the season, the participants decided that it did not affect the calculations, 

and even if it did there ‘are methods to exclude outliers.’ Another aspect which 

had to be contended with was week 53:  

D2: What do we do with W 53? 

P5: There shouldn’t be any cases in week 53. 

However, as they started working with the data. they found a case: ‘Here’s 

a case in w 53.’ After a brief moment of consideration, they decided it must 

be an imported case, or else a case of somebody who had health problems for 

some time before TBE was suspected and tested for. Building a model in this 

hackathon meant treating the disease as seasonal and having multiple seasons 

to compare. The different years of TBE cases were made comparable by ex-

cluding week 53 on the grounds that there should not be any cases. The data 

on TBE cases is thus co-produced together with the seasonality of TBE and 

the participants’ understanding of the conditions for transmission and report-

ing result in a TBE case.67  

A challenge presented itself when it came to finding the start of the season. 

The model they were developing was sensitive to the choice of what was to 

be the first week: ‘You need to be sure you are in the first week.’ While they 

needed to align the first weeks of the different seasons, they would first need 

to determine when a season started. P5 had chosen to count the week with the 

first TBE case as the start of TBE season. Going over the data on confirmed 

TBE cases, D2 thought it was ‘easy to see when it actually starts.’ Initially, 

they considered a definition of the start of the tick season based on the number 

of calls to the medical advice line relative to what they considered to be the 

start of the TBE case season:  

D2: But we need to make a decision as to what is the beginning for phone calls 
[to the medical advice line about tick bites]. 

P5: We can assume the four-week difference. 

D2: So we can simplify calls by going 4 weeks back from the case limit.  

They ended up defining the start of the tick bite-related calls season as four 

weeks before the start of TBE cases. This definition ended up being something 

of a placeholder for one based only on the phone calls. D2 wrote up an to-do 

in the documentation stating that the placeholder start of the season should be 

replaced by a definition of the season start based on calls and not on confirmed 

TBE cases. In going back to thinking about how to implement the model, they 

                               
67 The assumption around the case in week 53 rests on it being in the middle of winter when 
ticks are assumed to be dormant. 



 130 

began to question their placeholder and found that they would have to address 

the to-do. They considered whether to use the first tick-bite-related call as 

marking the start of the season or to use the predicted start based on P5’s 

model. However, they thought that the ‘calls don’t look nice’ and debated 

whether to use a cumulative measure of five calls as the start of the season. 

The participants continued tweaking the definition of the start during the 

hackathon, showing the importance of getting it right: ‘If we get the start of 

the season wrong, the whole predictor is off.’ 

The participants’ work shows that in order to build the surveillance tool, 

the TBE data would have to undergo a series of transformations. The process 

of making the surveillance tool also co-produced the temporality for the data-

fied phenomenon, in this case enacting it as something seasonal. In order to 

arrive at this seasonality, the participants had to make historical data amenable 

to model building by making inclusions and exclusions, marking beginnings 

and endings, and thus making TBE seasons comparable. This seasonality not 

beholden to calendar dates but enacts a tick bite season temporality that is 

immanent in the patterns of calls to the medical advice line, with the TBE case 

data as reference. 

At the same time, a different kind of seasonality was enacted in their con-

versations. This was evident in the way the participants reasoned about a par-

ticular summer with a heatwave:  

Epi: [the graph of calls related to] tick bites is reflecting the cases so well. I 
don’t know about the week numbers but based on the shape [of the graph].  

Epi: I think the dip [in the graph over the summer] was because it was so dry.  

D1: That was the heatwave. And that’s when you have the dip. 

P5: In percentage.  

D1: You get the same in number of calls. That’s cool that it goes down.  

Epi: The ticks crawl down [into the ground]. 

D1: Then maybe they wake up again.  

P5: It would be cool to look at that season and the weather, how it affected [it]. 

The way the participants discuss the graphs above now adds questions of 

weather, temperature, human behaviour and tick behaviour to seasonality. 

Furthermore, the boundaries of the season are set in relation to cold tempera-

tures and their distribution across the country. The few cases in the winter 

months were people ‘who must have been bitten abroad’ or ‘perhaps in the 

[southern-most county].’ TBE seasonality was thus cast as a spatiotemporal 

phenomenon. The participants also thought about the data in terms of ticks as 

vectors of disease and human behaviours that lead to exposure to tick bites as 

they ‘expect an autumn peak because of mushroom picking.’ At the same time, 

the participants noted the difficulty in actually determining the risk of being 

bitten by a TBE-infected tick as their prevalence was hard to determine.  
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A further confounding aspect had to do with the relationship between calls 

and TBE. In this respect Lyme disease, for which ticks are also vectors, poses 

a challenge: 

P5: The people who call are potentially calling for Lyme disease. It’s the same 
tick but the distribution of disease is not the same. It’s hard due to low number 
of cases to look at counties and assume that calls are related to TBE. 

A call related to a tick bite might, in fact, be related to Lyme disease but 

there was no way of distinguishing such calls from calls related to TBE. At 

another time participants were concerned by the call patterns of the medical 

advice line, since ‘there could be a problem with the number of calls because 

of the heatwave.’ Furthermore, P5 noted that  

This obviously isn’t showing that they are getting infected but that they are 
getting bitten. It’s somewhat of a weakness that it is an exposure category ra-
ther than a symptom category. Exposure isn’t perhaps right, bitten rather than 
symptom. 

The seasonality of tick bites and TBE is complicated because of, amongst 

other things, the climate-weather-tic-human-relations that play a part in the 

rates of TBE infections. Furthermore, the participants note that there are lim-

itations when connecting TBE to tick bites and to calls about tick bites. The 

participants’ work on defining seasonality for the model shows how seasonal-

ity can be produced in multiple ways.  

5.2 NLP project 

This section picks up on the finding in the previous section that exploratory 

datafication practices entail valuations in a range of registers and goes more 

in depth into how this relates to the formation of subject-object-relations in 

the event, rather than being pre-existing and fixed prior to experience. Here I 

draw on my own experience of exploratory datafication practices, supplement-

ing the findings in the previous sections that are based on observations of the 

participants’ exploratory datafication practices. 

I conducted a small-scale pilot project with D1 in order to examine whether 

natural language processing (NLP) could be used to also take advantage of 

unstructured data from the medical advice line in PhoneSurv. Based on this 

experience, I show how exploratory datafication and human subjectivity are 

produced in the event of valuation. While identities can be treated as some-

thing that remains the same in abstraction, subjectivity is taken to be formed 

relationally in the event; comparing different valuations highlights how sub-

ject-object-relations can be produced differently from one event to the next. 

Furthermore, the NLP project highlights value as dynamic and unfolding in 

the relations of developer, code, data sensitivity, data access, project objective, 
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and the community of colleagues. Finally, it emphasizes the affective dimen-

sions of valuations of datafication. 

In section 5.2.1, through a description of the process of determining the 

scope of the NLP project, I highlight valuations productive of career trajecto-

ries and my career subjectivity in different ways: becoming a PhD student, 

becoming a researcher, and becoming a teacher. These findings fit with those 

of Jackson et al. (2011), which emphasizes biographical rhythms in the organ-

ization of collaborative work in the sciences. With respect to the NLP project, 

the biographical can be said to intertwine with the development of new data-

fication approaches. Furthermore, the resolution of a challenge with data ac-

cess through the use of dummy data highlights the importance of timing for 

the resolution of clashing valuations in exploratory datafication practices.  

Valuations in exploratory datafication practices also show how value is dy-

namic and unfolding. Section 5.2.2 follows the valuations of the implementa-

tion of the NLP project in relation to a register valuation of data treatment. 

The valuations of treatment of data unfolded in relation to reused code as well 

as discussions with colleagues. 

5.2.1 The scope of the project 

This section will show how, in the course of defining the object of the NLP 

project, I also came to be defined in relation to the project as well as in relation 

to my supervisor, the PhD project, the research participants, PhoneSurv, my 

own distinction between and valuation of methods as quantitative and quali-

tative, and the future career I hoped for.   

The first step to getting the project on course was to check in with my PhD 

supervisor. Firstly, this was to determine whether it would be possible for me 

to take the PhD course I needed in order to acquire the necessary skill set for 

the NLP project, and secondly, I needed to know whether I could devote the 

time needed to complete a project on NLP. I sent an e-mail explaining my 

reasons, providing four reasons for why I should take a PhD course in text 

mining despite being pressed for time. Given my interest in examining what a 

design ethnographic approach could produce in terms of empirical material, I 

justified the study to my supervisor as an opportunity to use the course assign-

ment as a way to be more hands-on as a full participant in PhoneSurv devel-

opment. I claimed that working with the phone data as part of the course as-

signment would be valuable for my research profile, as someone working 

within a specific research tradition of design ethnography. 

In the same message to my supervisor, I also made the case that the course  

was important for me as a PhD student and a teacher. My course load at that 

point did not contain any courses involving quantitative methods, and I sug-

gested that it might be good to have something that ‘sounds quantitative’ in 

my PhD course work. Furthermore, I argued that it would be good for me to 

expand my knowledge of Python and data mining, as I was unsure whether 
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my current knowledge would be sufficient ‘to apply this knowledge in a re-

search project.’ As someone researching and teaching about information sys-

tems, the value of improving my knowledge of Python seemed self-evident to 

me. 

The arguments I made to my supervisor to justify taking the course con-

tained valuations in terms of the register of my career trajectory. I related my-

self and my career to the project in a variety of intersecting ways. With one of 

my arguments for conducting the project, I became enacted as a researcher 

working in a particular research tradition, tied to the research practice in which 

I engage during my fieldwork. At other points, I based my argument on my 

role as a teacher, PhD student and future researcher, claiming that the project 

would improve my standing with respect to a teaching position and future re-

search, while the course credits would show me to be a researcher with com-

petence in multiple research methods. The subject-object relations were 

formed in making a case to my supervisor, in innumerable relations that are 

abstracted in practice, but include at least my supervisor, the PhD project, the 

research participants, PhoneSurv, a distinction between and valuation of meth-

ods as quantitative and qualitative, and my future career.   

5.2.1.1 The initial project goal 

Once I had received my supervisor’s approval to apply to take the course and 

conduct the project, the next step was to reach out to D1 in order to make 

plans. At that time, before discussing the project with D1, I was very aware of 

the content of a specific exchange between him and another participant that I 

had observed earlier during the fieldwork:  

I became aware of D1’s (vague perhaps) interest in NLP during a meeting with 
the IT development organization, one of those monthly meetings, when one of 
the people who usually attends started some kind of sales pitch about AI. They 
have good AI people, and they might be able to offer something to improve 
PhoneSurv. After the meeting, D1 and I spoke briefly about it. He seemed un-
certain about what it was they could offer, uncertain if it’s something that could 
be useful. Not sure whether this was because he knew enough or because he 
wanted to know more. He mentioned that some kind of NLP would be inter-
esting to get more out of the unstructured data, to know what symptoms co-
occur.  

As soon as I had been accepted to the PhD course, I scheduled a Skype 

meeting with D1 to sort out the goal of the project. We settled on investigating 

whether it would be possible to somehow extract symptoms from the unstruc-

tured text of the nurses’ record produced when calling the phone service. At 

the time, PhoneSurv was based on a structured part of the nurses’ records 

called ‘contact reason’. When someone calls into the phone service, a nurse 

records the contact reason, the main cause for contacting the service. To help 

determine the contact reason, the nurse uses a decision support system. Once 
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a contact reason has been established, the nurse can refer to the decision sup-

port system in order to provide advice to the caller. In addition to the struc-

tured data element of ‘contact reason’, there is a field for unstructured data 

where the nurse can record free-form notes on the caller’s condition. The de-

cision support system makes it possible to select ready-made sentences to en-

ter into the free text as the nurse sees fit. These sentences can then be edited 

if necessary to better describe the caller’s symptoms. D1 was interested in 

whether it would be possible to use this unstructured data for added insight, 

together with the structured data. 

The suggested proof of concept would be influenza. According to D1, this 

would be low-hanging fruit. At the time, PhoneSurv was used for influenza 

surveillance by examining the percentage of calls to the medical advice line 

relating to fever in children. However, the case definition of influenza includes 

a set of symptoms that, if present, increase the likelihood that a call is about a 

case of influenza-like illness (ILI). Looking only at the contact reason ‘fever’ 

meant that cases that could signal something about ILI are lumped together 

with ones that are not ILI. By extracting the symptoms from the unstructured 

data, the project was to determine whether it would be possible to use the con-

tact reason together with the symptoms that accompany the case description 

for ILI to improve the accuracy of influenza surveillance. 

Here the value of the NLP project was related to being able to do more with 

PhoneSurv. Comparing the conversation between D1 and myself, with my e-

mail to my supervisor shows that each occasion entailed different valuations. 

My meeting with D1 did not take my career trajectory into account. Rather, 

the value attributed to extracting more data from the nurses’ records was con-

cerned with public health practice and the ability to better support influenza 

surveillance. Hence, the event is productive of specific valuations, where the 

NLP project is valued differently depending on the specific relations pro-

duced. 

5.2.1.2 Adapting the scope of the project to data access 

Following admission to the course to learn the techniques necessary for the 

NLP project, and the initial discussions with the developer, the next step was 

to work on an ethical review application in order to gain access to the data. 

The initial plan was to use free text notes from the nurses’ records. An ethical 

review application had to be submitted to an ethical review board in order to 

gain access to this data. Neither I nor the developer had previous experience 

writing such an application. After an initial meeting to start the ethical review 

process, I proceeded to work on the application, and we continued the discus-

sion on the ethical review application by e-mail.  

The ethical review application required a principal organization to be in 

charge. I came to understand the review process to imply that data access 

would be tied to my university. The developer suggested that this would be 

the better option as I had more time to work on the application, which would 
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also be delayed by the formal processes at his organization. I began to question 

whether it would be appropriate to continue working on the ethical approval 

application: 

I’m a bit sceptical about having my university be the responsible organization. 
If this project is useful, HlthOrg would still have to get approval to do it, I 
think, because I won’t have time to work on the project when and if that hap-
pens. So they’d have to get ethical approval anyway. So the question is whether  
it’s worthwhile. For my part, I believe I’ve done enough for my course assign-
ment and I have managed to get some interesting data in the process that I will 
be able to turn into at least a course paper. And I’d rather not spend time on 
something that I don’t need unless it is going to be beneficial to them. Also, 
the application would cost my department money, which I can’t really justify 
unless I need it for my PhD, which doesn’t seem to be the case.  

I let the developer know that I didn’t mind if the data access was delayed, 

upon which he suggested that we could settle for working with the texts used 

in the nurses’ decision support system, since nurses can insert the decision 

support text into their notes. He thought it would require a lot of work to gain 

access to the records, and the decision support text would be fine as a first 

step. Thus I started to work on a way to extract all text from the decision sup-

port documents into a format in which I would be able to test the solutions for 

extracting symptoms.68 

The example above shows how the project goals and the project implemen-

tation changed in the course of the ethical review process, in particular in re-

gard to the conditions for gaining access to data. The project goals were eval-

uated and adapted in light of this ethical review process. Continuing with this 

review was also evaluated with respect to what was needed for my PhD 

course. 

The scope of the project evolved from the point of initiation to the actual 

work it entailed. Kicking off the project meant gradually involving different 

parties, each of whom shaped the scope of the project in different ways. Once 

the project had been approved by my PhD supervisor, its scope evolved in 

relation to D1, and with consideration of ethical approval applications and the 

timeliness of data access in relation to what I was trying to accomplish. The 

process of defining the scope shows how working on the project was produc-

tive of multiple and intertwined ways of relating to datafication in becoming 

a PhD student, teacher, researcher, and a future professional.  

The initial attempt to investigate whether unstructured data could supple-

ment the existing PhoneSurv surveillance approaches suggests the kind of data 

rich environment characterized as big data by Agarwal and Dhar (2014). How-

ever, my experience above highlights the contingent nature of data availabil-

ity. It is not simply a matter of whether the data exists but also of its accessi-

bility in practice. It can be helpful to consider the distinction made by Jones 

                               
68 A command line tool from pdfminer.six was used to extract the text from the decision support 
documents available in pdf format. 
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(2018) between ‘data in principle’ and ‘data in practice’. While the unstruc-

tured data was deemed interesting for the purposes of the project, the question 

of timely access became a determining factor in the valuation. The value of 

data access is determined along multiple registers of valuing, which can clash. 

Data in practice took precedence in what became the purpose of the project. 

In this case, the resolution of the clash also transformed the questions that 

were being asked, from a consideration of what data exists to what data can 

be accessed in a timely manner. Hence, the mere existence of data does not 

tell the full story of what can be datafied, but must be considered in relation 

the possibility and cost of retrieving it. 

In the next section, I turn to the actual work of trying to achieve the project 

goals in the NLP project. The work of implementing a means of extracting 

unstructured data had to contend with the issue of what is the appropriate way 

of treating the data.  

5.2.2 Data becoming sensitive 

After a few detours around different options for extracting the symptoms, we 

decided to adapt a system originally developed for extracting diagnoses in 

medical records. The system also takes into account moderating words, deter-

mining the occurrence of such words in the text, as well as nuances such as 

‘definite’.  

PyConTextNLP uses a collection of target words, meaning words that are 

searched for in a text. While the original use for pyConTextNLP was diagno-

ses, in this case the targets are symptoms. This collection of target words is 

predetermined and was loaded from a file format called YAML. Once I man-

aged to load this file, I was met with t warning message shown in figure 10 

below. 

 

Figure 10: A screenshot of the warning message 

Given that the NLP project was related to the extraction of unstructured data 

from health records, the word ‘unsafe’ caught my attention. While the link in 

the warning message directed me to a GitHub page for further details, I was 

uncertain about the implications of this warning. Thus I also searched to find 

some reassurance about what the warning meant. It appeared to me that I could 

make a modification in order for the loader to be ‘safe’. While I thought it 

would be appropriate to use the safe option, I did not feel entirely confident 
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changing the code in the pyConTextNLP module. At the next follow-up meet-

ing with the developer over Skype, I shared my computer screen and brought 

up the warning message as I reached it in the code. I had prepared for the 

meeting: 

I have been thinking about if I should do something about this [moves mouse 
over error message], but, there’s actually a function called ‘safe load’ but py-
ConTextNLP is implemented with this ‘load’. I think, I read up a bit and if I 
understood correctly they’ve changed the implementation so that the default 
loader is safe, but there is a convention within Python that you should always 
be explicit and that’s why it’s called ‘safe load’ when it’s safe, but in the im-
plementation of pyConTextNLP they are using ‘load’. I thought about if I 
should go in and change it but, well, I haven’t, but perhaps it doesn’t matter. 
Don’t know. 

The developer was not sure about what ‘safe load’ implies, and neither was 

I. I understood the risk of ‘unsafe’ loading as related to possibility of reading 

malicious code in a YAML file. While recognizing my naivety, I suggested 

that it might be acceptable since the pyConTextNLP developers had decided 

to implement it in this way and that they chose the YAML file format. The 

developer said, ‘Let’s go for it. If we’re doing it on real records, then we might 

have to think about it.’ 

The warning message prompted an evaluation of implementation in a reg-

ister of correct treatment of data, followed by my consulting the documenta-

tion on the method. The warning message prompted me to evaluate whether it 

would be safe to proceed. At the same time, the information available about 

the loader on GitHub suggested that the loader was in fact safe by default. 

During the meeting with the developer, the correct treatment of data was first 

enacted as ambiguous and then as safe enough for the early proof-of-concept 

stage. 

This vignette illustrates how the value of correct treatment of data is en-

acted in a sociomaterial process. The warning message suggests that the im-

plementation is unsafe. The discrepancy between the warning message and 

the explanation found on GitHub highlights the mutability of algorithms. It 

also highlights how the role of the software and Python conventions contribute 

to the way safe treatment of data is valued. Furthermore, it is the choice of the 

pyConTextNLP developers to implement the module with the ‘unsafe’ loader. 

All this suggests that valuation of the correct treatment of data is enacted as a 

spatially distributed phenomenon over multiple developers, modules, and 

files, as well as temporally, since ‘the same’ algorithm can do different things 

at different times. Hence, evaluating correct treatment of data can be challeng-

ing due to a certain degree of an opacity, which can, in turn, have an impact 

on the ability to prevent harm (Burrell, 2016). This vignette also suggests an 

extension of Lagoze’s (2014) way of thinking about the shift associated with 

big data through the notion of control zones. It highlights the trust fabric sup-

porting data integrity: ‘fractured control zones, and the resulting uncertain 
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provenance and trust, only intensify through the lifecycle of sharing, reuse, 

and circulation of data in an open network in which not all participants are 

deemed trustworthy according to established norms’ (Lagoze, 2014, p. 8). The 

problems associated with a fractured control zone can be extended from data 

integrity to include correct treatment of data as data circulates, potentially 

making implementations vulnerable to attack. 

Finally, this vignette highlights how the correct treatment of data is valued 

differently in the process of development compared to when it is in use. Given 

the sensitive nature of health data, the point at which correct treatment of data 

is considered important enough to be addressed depends on whether people’s 

sensitive data is at stake. Nevertheless, valuing a secure implementation as an 

essential element emerges during the development phase and it is thus not 

consistently valued the same way.  

5.3 Summary 

In the course of their exploratory datafication practices at a hackathon for de-

veloping a new TBE surveillance tool, the participants engaged in a range of 

different valuations, which sometimes aligned and sometimes clashed. Some 

of the participants’ valuations were associated with the practices and social 

order of hackathons, as they engaged in valuations in registers of entrepre-

neurialism, the repurposing of existing systems, as well as an orientation to-

wards speed and progress. These registers are grounded in Irani’s (2015) work 

on hackathons. The other registers of valuings, which are related to scientific 

rigour, were grounded foremost in the coding of the empirical material. The 

participants’ work in the hackathon also suggested that they valued reproduc-

ibility, authorship attribution, and mathematization. Furthermore, valuations 

of rigour related to risk of error were also expressed in the primacy attributed 

to automation over manual work with data. These different registers are ab-

stractions that are meant to highlight how valuations can both align and clash, 

rather than an exhaustive account of the kind of value that can be produced by 

datafication. The specific task the participants had set for themselves during 

the hackathon also showed that they valued early action in relation to public 

health intervention. This aspect was also reflected in the participants’ contin-

ued work on the TBE surveillance tool for a scientific publication. While the 

discussions on TBE surveillance were less explicit than the discussions about 

influenza surveillance prediction, they were also suggestive of the value at-

tributed to anticipatory action for public health intervention. 

At a meeting to discuss a publication based on the TBE surveillance, the 

registers in which the participants’ valuations were conducted can be grouped 

according to public health practice and scientific publishing. For public health 

practice, actionability was deemed valuable. One of the ways in which a TBE 

surveillance tool could contribute to action in public health practice is through 
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early awareness. It was also important that the proposed solution be explaina-

ble to public health practitioners.  

The surveillance tool was evaluated in relation to scientific peer review. 

While both a conference presentation and publishing an article about the TBE 

surveillance tool were considered valuable, the latter was more desirable to 

some participants. The participants also expressed a mutually reinforcing re-

lationship between the authority derived by a surveillance tool from scientific 

peer review and the experience of using it in public health practice. Further-

more, authority could in some ways be inherited when redeveloping an exist-

ing surveillance tool for a new purpose. Prior surveillance experience with 

PhoneSurv for other purposes (such as influenza surveillance) and a publica-

tion track record were treated as markers of credibility for a new surveillance 

tool based on PhoneSurv data. These valuations in terms of scientific publish-

ing and public health practice both point to authority as something that is es-

tablished over time. 

This chapter has also shown that public health datafication can be done in 

different ways, which has consequences for the evaluation of public health 

interventions. Both the TBE surveillance tool proposed in the hackathon and 

in the paper aim for anticipatory action, but they do so in different ways, which 

has consequences for their impact on public health practice. In the hackathon, 

the surveillance tool proposed to use TBE season severity as a way to encour-

age public health interventions. The problem with this approach is that it 

would be difficult to evaluate a successful public health intervention as it 

would also imply that what the surveillance tool predicted was not true (be-

cause a successful intervention would avoid the predicted results). The article, 

on the other hand, drew on the presence of the disease vector, which would 

still be present even with a successful public health intervention.  

Adding to the discussion in chapter 4 on the co-constitution of data and 

datafication, this chapter describes the process of turning TBE into a seasonal 

phenomenon in order to create a model during the TBE hackathon. This pro-

cess shows that what constitutes data to be included and excluded is co-con-

stituted with the temporal order of seasonality and the understanding of the 

conditions of transmission and reporting of TBE cases. Hence, in these ex-

ploratory datafication practices, data does not arrive ready-made but is mutu-

ally determined with the model developed for the datafied surveillance tool. 

At the same time, in the participants’ discussion, seasonality was enacted dif-

ferently as it also took into account how TBE infections emerge in climate-

weather-tic-human-relations. 

This chapter has also described the NLP project, which was studied from a 

first-person perspective when I engaged in exploratory datafication practices 

in collaboration with D1. The NLP project explored the possibilities of using 

natural language processing to supplement existing PhoneSurv data by ex-

tracting unstructured data from the nurses’ records.  
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By describing the way in which the project goals of the NLP project 

evolved through the lens of registers of valuing, I highlight how subject-object 

relations are produced in the event. In the course of defining the initial project 

goals with my supervisor, exploratory datafication practices were productive 

of my assuming different professional roles. There were also differences in 

the corresponding values attributed to the NLP project, for example, as being 

important for completion of my PhD degree or for my teaching. After working 

directly with D1 once the project had started, the valuations produced in the 

relations between myself, D1 and the project goals reflected what is valuable 

to public health practice. As the project proceeded, data access came to the 

forefront of our concerns. The need to consult an ethical review committee 

emerged, and the value of the NLP project for me as a PhD student and re-

searcher clashed with that of public health surveillance with PhoneSurv. This 

led to a reformulation of the project goals to effect a compromise that would 

be valuable both to me and to D1. Hence, this section demonstrates both the 

different subject-object relations produced in valuations in the exploratory da-

tafication practices, and how they evolved relationally over time. Together 

these accounts show how subject-object relations are produced in different 

ways in the event, where valuations are co-constituted with subject-object 

constellations. Furthermore, this section shows how valuations can both align 

and clash. In the case of the NLP project, a clash led to a reformulation of the 

object of the exploratory datafication practice, suggesting that clashes can be 

the beginning of a transition rather than an ending.  

Finally, the chapter describes the implementation work in the NLP project, 

and shows how reused code and data can be implicated in the valuations in 

exploratory datafication practices. In this part, existing approaches to extract-

ing unstructured data were tested for their viability for use with PhoneSurv. 

The most promising approach had an implementation that prompted an eval-

uation of whether the treatment of data was appropriate for nurses’ records. 

This section highlights how valuations in exploratory datafication practices 

are distributed spatially and temporally in the choices involved in reusing ex-

isting code. Furthermore, it shows that the correct treatment of data can be 

valued differently in exploratory datafication practices compared to datafica-

tion in use. 
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6. Creating a datafication rapport 

The three preceding chapters constitute an empirical contribution to the lim-

ited work on datafication practices in public health surveillance (cf. Sanches 

& Brown, 2018) and add to the growing body of research on data work in 

data-intensive environments (cf. Passi & Jackson, 2018; Passi & Sengers, 

2020; Tanweer et al., 2016). In this chapter, the concept of datafication rap-

port is first introduced to capture that something that matters has to have hap-

pened to authorize the definition of an approach to datafication. This concept 

is elaborated in the two subsections that follow using the concepts patchwork 

data narration and asymmetric de/serialization in relation to PhoneSurv and 

WebSurv. While patchwork data narration highlights the work of producing 

authoritative accounts with datafication, asymmetric de/serialization points to 

the ways in which the necessary relationships are first put in place as part of 

the establishment of datafication rapport. The concepts are developed follow-

ing sociomaterial theorizing that draws on the generativity of wordplay (cf. 

Mazmanian et al., 2014) to contend with how the ‘thingifying nature of lan-

guage […] limits the ways in which phenomena can be theorized’ (Schultze 

et al., 2020, p. 819). The third subsection of this chapter shows how the estab-

lishment of a datafication rapport is productive of a multiplicity of values as 

well as an orientation of care among the human participants. 

The concept of datafication rapport draws inspiration from Isabelle Sten-

gers’ (2011) account of how objectivity and comparisons are achieved in mod-

ern science.69 Citing Galileo’s use of an inclined plane as an experimental de-

vice to compare the varying velocities of bodies in motion, she argues that this 

experimental device creates a ‘very unusual kind of rapport: a rapport that 

authorizes claiming that what is measured lends itself to the measurement’ 

(Stengers, 2011, p. 50). This rapport is bounded with respect to its relevance, 

for its refer only to a specific kind of motion and specific kinds of bodies. 

Schinkel (2016) suggests that the establishment of rapport entails ‘rendering 

a particular relation useful for comparability purposes’ (Schinkel, 2016, p. 16) 

and emphasizes the painstaking work it involves. It follows that ‘objectivity 

is not the name for a method but for an achievement, for the creation of a 

rapport authorizing the definition of an object. Each such creation is an event, 

                               
69 She is writing against both the relativisation of the sciences and the over-extension of scien-
tific findings beyond the specific context in which they matter. 



 142 

the production of a new way to measure that the rapport itself specifies’ (Sten-

gers, 2011, p. 50). While objectivity is relevant in the context of public health 

practice, the concept of datafication rapport is introduced in order to make 

room for registers of valuing in the datafication of public health that go beyond 

the concerns of experimental science. This opens up space for a rapport spe-

cific to datafication in public health surveillance, which includes valuations 

that go beyond epistemic value. The establishment of a datafication rapport 

authorizes the definition of a surveillance system based on datafication, for 

example, PhoneSurv for influenza surveillance or ‘the prediction’. 

When datafication involves a continuous stream of data, the kind of rapport 

that will need to be established reflects the need to maintain continuity. This 

aspect is captured in the concept proposed in the next section, in which the 

ongoing task of making datafication work (as described in chapters 3 and 4) 

is elaborated as patchwork data narration. 

6.1 Patchwork data narration 

 

She had been working on it for fifteen years, carrying about with her a shape-
less bag of dingy, threadbare brocade containing odds and ends of colored fab-
ric in all possible shapes. She could never bring herself to trim them to any 
pattern; so she shifted and fitted and mused and fitted and shifted them like 
pieces of a patient puzzle-picture, trying to fit them to a pattern or create a 
pattern out of them without using her scissors, smoothing her colored scraps 
with flaccid, putty-colored fingers. (Faulkner in Deleuze & Guattari, 1987, p. 

476) 

 

The concept of patchwork data narration is introduced in order to answer the 

first research question about how comparison is accomplished with datafica-

tion. It draws on Dourish and Gómez Cruz (2018), to propose that influenza 

surveillance with datafication, comes to refer to some aspect of influenza in-

cidence and becomes comparable over time in patchwork data narration. Also 

borrowing from Deleuze and Guattari’s (1987) account of the patchwork quilt, 

here understood as at least ‘two layers of fabric stitched together, often with a 

filler in between’ (Deleuze & Guattari, 1987, p. 477), the addition of patch-

work to data narration should act as a lure to orient thought in a particular way, 

drawing on the obvious association to with textiles. Here the word patchwork 

takes on a meaning specifically in relation to the case; and the concept of data 

narration should be considered as distinct from patchwork as it is used in re-

lation to textiles. However, the needlework analogy facilitates understanding 

of the processes discussed in the results, based primarily on chapters 3 and 4. 
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While the concept is specifically meant to illuminate how authoritative ac-

counts are produced with datafication, it also contributes to sociomateriality 

research grounded in a process ontology (Aroles & McLean, 2016; cf. Cecez-

Kecmanovic et al., 2014) by providing a way to consider the co-existence of 

stability and change.70 

The first useful association between patchwork and datafication is that just 

as patchwork makes use of leftover fabric, so patchwork data narration in-

volves reuse of data traces. In the context of influenza surveillance, WebSurv 

reuses web searches and PhoneSurv reuses structured data from nursing health 

records. In both of these cases, data that was initially produced for a different 

purpose becomes useful in influenza surveillance practice. In this sense, patch-

work data narration could be a useful concept for other public health surveil-

lance practices, such as monitoring food-borne diseases (cf. Boyce, 2016). 

When making a patchwork, pieces of fabric are sewn together, but the in-

dividual pieces remain distinct even when they are part of a pattern or theme. 

Similarly, in the week-to-week data narration for influenza surveillance, the 

epidemiologists used different surveillance systems placed side by side, bring-

ing them all together in a cohesive narrative about the state of influenza for a 

specific week. In patchwork data narration, the respective surveillance sys-

tems remained distinct accounts of influenza outcomes, yet together they al-

lowed the participants to produce a data narrative about of the current inci-

dence of influenza incidence. 

When stitching a patchwork, some filler is needed to hold the piece together 

without straining at the seams. Similarly, in patchwork data narration some 

‘filler’ is needed to render the different surveillance systems comparable to 

each other. In influenza surveillance, the week and the rate of change function 

as the filler as the epidemiologists compare the different graphs. The surveil-

lance systems are comparable by virtue of belonging to the same week and 

pointing to a particular dimension of influenza incidence in the population. 

When the regional graphs are compared, it is the week and the geographical 

regions that function as the filler and make the surveillance systems compara-

ble. When the participants review peaks and intensities according to MEM 

values, it is the location on the epidemiological curve that serves as the filler 

and point of comparison. The use of filler to understand how the surveillance 

systems are fitted together resonates with Leonelli and Tempini’s use of the 

notion of invariant parameters (2018) to describe how different data sources 

are made to work in data mashups in public health surveillance. 

Another useful element of the patchwork in relation to the case study is that 

pieces can be added to any edge, and those pieces do not need to repeat in a 

                               
70 This theorisation draws on Hussenot & Missonier (2016), and can be distinguished from a 
weak process view, describing entities undergoing change from one state to another, and also 
from a strong process view that privileges novelty and emergence (cf Bakken & Hernes, 2006; 
Hussenot & Missonier, 2016).  
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certain way in order for it to still be a patchwork. A patchwork does not need 

to have a dominant pattern, nor is it dependent on any one particular scrap of 

fabric. This is helpful to keep in mind in relation to the influenza surveillance, 

where there would be weeks when some of surveillance systems were una-

vailable. Yet the epidemiologists made do with the pieces they had at their 

disposal at that point. It is as if patchwork quilts were made continuously with 

scraps from the same set of production lines, with the same set of machines, 

stitched together in the same way. Even if one of the production lines failed, 

a quilt could still be made with the scraps from the other lines. In patchwork 

data narration, on a day when the production of data had failed in some way 

and some of the usual ‘scraps’ were missing, the influenza group could still 

do their patchwork. The pattern for that week was different, but it was still a 

pattern. Returning to the situation in the epigraph, if we had set out to make a 

patchwork blanket with the dingy fabrics in the bag we thought we had at our 

disposal, say a bit of corduroy, denim, and wool flannel, and it turned out that 

the flannel was moth-eaten, stitching the pieces we had left could still result 

in a patchwork. A patchwork accommodates adding and subtracting elements 

wherever they fit. 

The absence of a requirement for a dominant pattern does not preclude the 

existence of hierarchies in patchwork data narration. Indeed, the order in 

which the influenza group reviews the surveillance systems could be said to 

be a hierarchy with the laboratory data as the starting point, to which more is 

added with every subsequent surveillance system reviewed. Hierarchies 

should be seen as possible but not necessary aspects of patchwork data narra-

tion, as was evident in the way the work proceeded during the holiday season 

when PhoneSurv and WebSurv data were the most easily accessible for the 

epidemiologist on call. 

Repeatedly returning to influenza meetings enacts repetitions, with distinc-

tive aspects that make one recognize ‘there’s WebSurv again’. This is analo-

gous to studying a patchwork quilt and recognizing different types of fabric 

(‘there’s denim again’ or ‘that’s corduroy’). In the same way, as data traces 

are continuously drawn from the same source, a patchwork can be made to 

repeat in a certain pattern by using the same type of fabric if it is available. At 

a certain level of abstraction, the data traces will seem to repeat every week in 

which they function. However, when we look closely enough, there can be 

variations in the kind of data available. While the data traces repeat, the pro-

duction can fail in a given week, or something can change in the way the data 

is generated that slightly alters its quality in a given week or completely 

changes it from a particular point onward. Similarly, the fabric used in a patch-

work quilt consists of threads and fibres with their own histories; if you zoom 

in sufficiently, these differences become visible. 

If we are to stitch scraps of fabric together into a patchwork, the pieces may 

need to be adapted to produce a pattern. Whereas in the epigraph a neat patch-

work seems unattainable as the scraps of fabric are constantly shifted without 
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alteration to fit them into a pattern, in constructing a data narrative we are 

rather more scissor-happy. In addition to variations in which the surveillance 

systems become part of the narrative, certain elements are occasionally 

brought in to contextualize WebSurv and PhoneSurv and so fit together in a 

data narrative involving the other surveillance systems available to the influ-

enza group. For example, the epidemiologists might, depending on the cir-

cumstances, consider aspects of the conditions for transmission of influenza 

in order to contextualize the data. Another aspect that would be brought into 

the narrative was the conditions under which the data was generated, some-

times taking into account media influences on WebSurv or the changes in 

rapid PCR equipment for laboratory testing results. 

Just as scraps of fabric may need to be cut to fit together in a pattern, so the 

data from a specific surveillance system may need to be made comparable to 

the data from the others. The influenza group may need to draw on knowledge 

of geography, past influenza seasons, expected futures, seasonal patterns in 

weather and holidays, behavioural patterns, influenza virus knowledge, 

knowledge about vaccines, the origination of data and the practices of collect-

ing the data in order to produce a data narrative. This aspect of incorporating 

data generation and the conditions of its transmission into patchwork data nar-

ration resonates with Leonelli and Tempini’s (2018) argument for adopting 

what they refer to an ideographic71 approach when linking heterogeneous data 

in ‘data mashups’. 

Grounding patchwork data narration in the event  (Halewood, 2013; cf. 

Hussenot & Missonier, 2016; Stengers, 2008; Stenner, 2008) makes it possible 

to think about stability and change. While PhoneSurv and WebSurv data are 

produced in each actual occasion, there was something ‘there’ for me to study 

again and again, as I repeatedly went to influenza meetings and sat with the 

developers when they were developing and maintaining the systems. We 

might do well to heed the Savransky’s warning of relational reductionism 

(2016) and consider PhoneSurv and WebSurv as societies of actual occasions. 

Here ‘societies refer to the achievement of groups of entities, of any kind, in 

managing to cohere and endure and thus to constitute some kind of unity. The 

                               
71 Windelband (1998) refers to the idiographic as the ‘particular in the historically determined 
form […] the unique content, determined within itself, of an actual happening’ (p.13). Nomo-
thetic can act as a contrast to the idiographic where ‘the former names the focus of pursuits of 
law-like generalizations, while the latter names the focus of causal explanations of historical 
sequences of particular unique cases and circumstances’ (Shavit & Griesemer, 2009, p. 275). 
Windelband proposed that these categories be used as a way to classify methods, without spec-
ifying what kind of subject matter they address. With nomothetic methods, it is relationships of 
the general that are of interest whereas with idiographic methods it is ‘painstaking characteri-
zation of the particular’ (Windelband, 1998, p. 15). Furthermore, the two methods, one dealing 
with the enduring and the other with the unique, are treated as relative: ‘That which within a 
considerable period of time undergoes no directly noticeable change, and thus in light of its 
unchanging form may be treated as nomothetic, can nevertheless show itself, upon further in-
spection, to be something which, at that, holds for only a limited time period, which is to say, 
as a one-time occurrence’ (Windelband, 1998, p. 13). 
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term social refers to the manner and milieu in which such endurance is gained’ 

(Halewood, 2013, p. 85). This recognition does not detract from PhoneSurv 

and WebSurv as constituted in mutually determining relations. Halewood and 

Michael (2008) draw on Whitehead to discuss what they refer to as poly-in-

gression of Velcro, or ‘the pursuit of an actual occasion [Velcro], once it has 

undergone its transition and as it becomes prehended into consequent actual 

occasions’ (Halewood & Michael, 2008, p. 47). Poly-ingression is a useful 

concept when thinking of the way the actual occasion of data narrative is con-

stituted with surveillance systems, as well as their occasional absences in the 

repetitions. In a given meeting there is a real potential that a specific surveil-

lance system will become part of the data narrative. If a patchwork is formed 

with a particular set of pieces (of which we might say ‘there is WebSurv 

again’), while another actual occasion is formed with a different set of pieces 

(perhaps because WebSurv has failed), a data narrative is still formed in either 

case. Patchwork data narration captures the way in which for an actual occa-

sion a surveillance system could be missing, but a narrative is nonetheless 

formed with the pieces that are available. It points to a kind of flexibility in 

how the data narrative is formed. 

Patchwork is also meant to function as a sensitization to data narration as 

encompassing more than just language, for it is a sociomaterial process. There 

is a tactile element in influenza meetings as papers are passed around and ar-

ranged on the table. The participants write and draw on the papers with graphs 

and look at computer screens. Notes are taken on the influenza meeting form. 

There is also something evocative of a patchwork in the sight of the table cov-

ered in graphs as an influenza meeting unfolds, as more and more papers are 

laid out on the table. For the members of the influenza group, the data narra-

tion involved picking up pieces of paper and looking at the graphs depicted on 

them. These would then be placed on the table, picked up again, compared, 

questioned, and dismissed. 

The event of patchwork data narration is co-produced in relation to bodies 

and space. There are people in the room, or communicating with each other 

over phone and VOIP, and perhaps mishearing. Their presence means that 

patchwork data narration cannot go every which way, even though each actual 

occasion brings with it the possibility of creativity. Furthermore, the subject-

object relations of patchwork data narration should be regarded as a more-

than-cognitive process, for it also involves emotions. The data induces feel-

ings in the one reading it, and these feelings inform a sense of the urgency of 

the situation as well as empathy for the people whose experiences with influ-

enza relate to the epidemiological objects discussed in the meetings. This af-

fective aspect of establishing datafication rapport is discussed in section 6.3, 

but the presence of emotion is emphasized here, as well as in the empirical 

chapters, because sociomaterial theorizing has tended to occlude the ‘felt qual-

ity’ in the phenomena studied (Stein et al., 2014). 
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By considering subject-object relations as formed in the event, patchwork 

data narration draws attention to the diverse elements that contribute to being 

able to participate remotely and still understanding what is happening. Think-

ing of influenza meetings as societies of actual occasions is also illuminating 

as aspects of the meeting endure. As an actual occasion it takes past occasions 

as datum; someone not being in the room but relying on the verbal descriptions 

of other participants speaks to how trust plays into participating in data narra-

tion remotely. This trust may be grounded in a shared history with other mem-

bers of the influenza team or in their professional role, as well as a prior un-

derstanding of the surveillance systems. As illustrated by the way the experi-

ence of having ILI symptoms led me to call the medical advice line and in turn 

discover something about PhoneSurv, personal histories can also be incorpo-

rated into patchwork data narration. 

6.1.1 Patching up patchwork data narration 

Patches are not only used to make patchwork quilts; they mend holes in fabric 

and a patch can also be a fix or improvement of software. As described in 

chapter 4, the maintenance of datafication requires continuous work patching 

up the systems. In this regard, patchwork data narration can be said to also 

encompass some processes associated with infrastructuring and alignment 

work, which are needed in order for datafication to work. 

The way that the patching up works depends on the specific arrangements 

and relations that are productive of a surveillance system. With WebSurv and 

PhoneSurv, the patching up can be distributed in such a way that it is possible 

to patch up a problem in time for when the influenza report needs to be pub-

lished. Other times it might be a problem that requires more time to patch up 

than the timing of reporting affords. Hence, there is a temporal aspect to how 

patching up is accomplished. 

In the case of WebSurv and PhoneSurv, the epidemiologists have a line of 

communication with the developers through which some agency to patch up 

is produced. However, if what needs to be patched up actually occurs farther 

down the line (for example with the data provider), beyond what is accessible, 

there may be limits to what the developers are able to accomplish in terms of 

patching up. Furthermore, PhoneSurv’s and WebSurv’s distributed prove-

nance chains and reliance on data traces from population health information 

seeking behaviour leads to challenges for the way data generation can be in-

vestigated and incorporated into the data narrative. Specifically, there is a 

level of indeterminacy with regards to data generation patterns compared to 

the laboratory data. With the laboratory data, over the course of the study, the 

testing in the different laboratories increased around the country. The mem-

bers of the influenza group had a working relationship with the laboratories 

and regions around the country and were able to investigate changes in labor-

atory testing. Acquiring such information is not without its challenges and 
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limitations, including delays between the implementation of changes affecting 

surveillance systems and the influenza group’s awareness of them. However, 

compared to phone calls and web searches, which can be altered for a variety 

of reasons, they were at least able to inquire about the conditions under which 

data were generated. 

The case of the seniors tracking their own health provides a useful contrast 

to the relationship the influenza group has with the developers, laboratory per-

sonnel and healthcare workers. For the senior citizens, the relationship that 

exists is that between themselves and the activity tracker and other senior cit-

izens using the activity tracker. They have no influence over how the activity 

tracker works. In their case, patching up in the data narration is confined to 

the users’ end, in how they interpret, verbalize and act upon the data. The 

patching up of the surveillance systems and the activity trackers speaks to the 

value of considering superjects in formation with patchwork data narration. 

Another aspect that patchwork foregrounds is the manner in which these 

approaches to datafication endure, as a consequence of how PhoneSurv and 

WebSurv develop when different problems are encountered and addressed 

over time. With WebSurv, multiple parsers adapted for specific segments of 

time make data comparable. While the graphs of multiple seasons may be out-

put as an unbroken data set, the code itself consists of segments in time with 

parsers adapted for the conditions of that specific segment. Hence, patchwork 

points to both the patching up mentioned in the previous paragraph and also 

to the way that the historical data and parsers remain as pieces that are fitted 

together, separate but also put together in something like a patchwork. 

As every actual occasion includes the possibility of creativity, the work of 

patching up to produce more of the same can also be productive of something 

new (see 4.3). The accidental discovery of ‘the prediction’ points to the place 

of serendipity in the development of WebSurv. Similarly, the change in en-

coding arose not because of any intentional effort to include searches in more 

languages but as a response to trying to maintain the connection to the data 

provider. These two examples complicate the notion that ‘every design activ-

ity has a goal or at least an intention’ (Pipek & Wulf, 2009, p. 457). Here, a 

perspective grounded in the event can work to rearticulate this aspect of Pipek 

and Wulf’s infrastructuring. Their perspective distinguishes different types of 

technology development activities in terms of intentionality, while also ac-

knowledging that the border is not clearly defined. According to their infra-

structuring perspective, D2’s work would be considered ‘infrastructural back-

ground work’ (in that his work practice was not oriented towards a particular 

work activity), but would not have been the case if he had instead been work-

ing towards developing a surveillance tool for an epidemiologist. It is in this 

regard that development activities can be thought of in terms of events, by 

considering the distinction in intentionality and goals as relationally produced 

rather than grounded in intentions abstracted from a particular actual occasion. 
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Each event is itself made up of other events, where a given technology de-

velopment activity may be intentional towards a particular goal. This event 

may become a datum of another event, participating in determining it, but in 

a way that cannot be said to be aligned with the intentions or goals of the 

human involved, if these are abstracted from an actual occasion. The develop-

ment of a new metric in the form of ‘the prediction’ was affirmed in the sub-

sequent work of the influenza group, trialling and evaluating ‘the prediction’. 

However, the goal and intention of D2’s activities that led up to the event (the 

possibility of the prediction) were related to changes in the way WebSurv data 

is stored in files in a database. This is not to deny intentionality in the devel-

opment of either the prediction or the change in encoding, but rather to show 

that change that transforms datafication can be instigated unintentionally. 

While intentionality is part of design activity, in both of these cases it did not 

begin with the goal of achieving what was to become the event of a new metric 

or the event of saving searches in minority languages. Hence, the design ac-

tivity is not fully determined in relation to goals and intentions but must be 

subsequently affirmed as a design activity as it becomes a datum for other 

actual occasions. This suggests a decentring of intentionality beyond the sin-

gle subject and makes determining what a design activity is relational, as it 

becomes datum for further actual occasions. 

Both the introduction of the prediction and the change in encoding show 

that while maintenance is geared towards ensuring the continued working of 

WebSurv and PhoneSurv, the attempt to keep doing the same can also be pro-

ductive of difference. The blurring of the line between maintenance and de-

velopment in the cases of the prediction and the encoding change is salient in 

light of the way maintenance and development are valued differently where 

‘productivist imaginings of technology locate innovation, with its unassailable 

standing, cultural cachet, and valorized economic value, at the top of some 

change or process, while repair lies somewhere else: lower, later, or after in-

novation in process and worth’ (Jackson, 2014, p. 227). Such a blurring be-

tween maintenance and development is particularly relevant to consider in 

contexts where remuneration and budgetary constraints are rigidly tied to cat-

egorizations of types of information systems work. 

6.2 Asymmetric de/serialization 

In this section, the concept of asymmetric de/serialization is introduced in or-

der to further articulate the creation of datafication rapport in relation to Web-

Surv and PhoneSurv. It provides a lens with which to understand the produc-

tion of data in practice, as ‘the culmination of long series of steps that lead in 

the first place to the existence of something that we identify as data and then 

to this data having an effect in the world’ (Jones, 2018, p. 13). This concept 

contributes to an understanding of what it means in practice for data to become 
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portable (Günther et al., 2017) in the context of datafication. It supplements 

those perspectives on datafication in information systems which particularly 

emphasize the ease with which data is able to move (cf. Lycett, 2013). These 

conceptualizations provide a useful lens for thinking about the shift to datafi-

cation from something else, as illustrated by Lycett with the move from phys-

ical copies of video content to streaming. However, asymmetric serialization 

is a lens with which to understand how data in practice are co-produced with 

datafication. Furthermore, it adds to previous studies trying to account for the 

socio(-)materiality of data analysis (Aaltonen & Tempini, 2014; Garnett, 

2017). Below I outline the associations of the words ‘asymmetric’, ‘serializa-

tion’ and ‘deserialization’ to articulate the relations constitutive of the 

achievement of datafication rapport with WebSurv and PhoneSurv. 

Asymmetric de/serialization is used to highlight the particular process of 

exploratory datafication practices when reusing data in a new way. To discuss 

how the participants construct72 the data in practice, I build on serializa-

tion/deserialization which is necessary when sharing data across, say, a com-

puter network. Serialization/deserialization are usually considered in a pair, 

where serialization of data occurs at one node before transfer and enables 

deserialization at another node while retaining the data structure present in the 

initial node. By comparison, asymmetric de/serialization should be considered 

one-sided. It is asymmetric in the sense that what is deserialized is not a pat-

tern that existed at the node from which data are being transmitted. This 

matches the situation of repurposing data in the context of influenza surveil-

lance with WebSurv and PhoneSurv in accomplishing datafication. Aside 

from the association with data transmission, the decoupling of deserialization 

from serialization in asymmetric de/serialization emphasizes that, in becom-

ing part of WebSurv and PhoneSurv, the data from web searches or health 

records becomes something that is more than what it was at the point of trans-

mission and when this data was generated. As data are incorporated in Web-

Surv and PhoneSurv, the data undergo a change into a time series for surveil-

lance tools. 

As chapter 5 shows, what constitutes TBE data does not arrive ready-made 

to the participants in the analysis, nor do the models, or the concerns they can 

address. However, the proposition that seasonality and the inclusions and ex-

clusions of data are co-produced does not suggest that anything goes. Both 

data and human are abstractions: 

For humans are, in actuality, always located. They, like molecules, must con-
form, to a degree, to their surroundings: to their education system, media, econ-
omy, but they must respond to these as well. The future is not completely open; 

                               
72 Shaviro explains: ‘Constructivism looks at how truths are produced within experience, 
through a variety of processes and practices. This does not mean that nothing is true, or that 
truth is merely subjective; rather, truth is always embodied in actual process, and it cannot be 
disentangled from this process’ (Shaviro, 2009, p. 48). 
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it must conform to the past. But it is certainly not closed. (Halewood, 2013, p. 
60) 

Drawing on Halewood, we could say that the datafying human subject and 

the object of data in exploratory datafication practices are located and must 

conform to their environment,73 although they do not do so in the same way or 

to the same degree. Furthermore, conformation should not be understood as 

deterministic, since for each society of actual occasions there is the potential 

for novelty in repetition. Asymmetric de/serialization highlights the mutually 

determining relationships that were illustrated in exploratory datafication 

practices as productive of what relationships will hold – how they will hold in 

relation to the data, as well as in relation to the concerns and evaluation meth-

ods in public health surveillance. Adopting such a constructivist perspective 

(Stengers, 2008) suggests that patterns are not so much found, as they are the 

result of experimentation and the gradual cultivation of a set of relations that 

co-produce data in practice. Thus asymmetric de/serialization provides a com-

plementary view to existing views on the challenges at work practice level in 

data analysis that regard it as entailing a balancing act between inductive and 

deductive approaches (Günther et al., 2017). What asymmetric de/serializa-

tion offers instead, in terms of thinking about the production of authoritative 

accounts with datafication, foregrounds data in practice as dynamic and trav-

ersing organisational boundaries. 

In the context of the continuously growing dataset from PhoneSurv and 

WebSurv, the issue of what becomes data in practice is something that is con-

tinuously being resolved. Thus, asymmetric de/serialization draws on the as-

sociations of a serial narrative, where a narrative is distributed over multiple 

instalments. For the surveillance tools used by the influenza group, the re-

peated collection of data and its accumulation are key to being able to compare 

rates of change in the short-term. Hence, the narrative that emerges is serial in 

the sense that it relies on data over multiple weeks. This serialization is also 

relevant for comparisons that unfold over longer periods of time and over mul-

tiple influenza seasons, such as the MEM thresholds, which require data from 

past influenza seasons to be included in the calculation. 

The association with serialization in asymmetric de/serialization is also a 

way to account for the way a new surveillance tool is integrated into public 

health practice, and thus data in practice, as ongoing and unfolding over mul-

tiple actual occasions.74 While ‘the prediction’ as a possible surveillance sys-

tem can be tied to the actual occasion of its ‘accidental’ invention, a decision 

as to whether it would become an authoritative account in influenza surveil-

lance required repeated use. The influenza group tried out the prediction over 

                               
73 ‘Environment’ should here be understood relationally, co-producing in experience what is 
abstracted as data (as a society of actual occasions) as well as the personal interiority (as a 
society of actual occasions) (cf. Stenner, 2008) of the person involved in datafying. 
74 Here it is relevant to consider the enduring aspects, such as WebSurv and PhoneSurv, as 
societies of actual occasion. 
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multiple influenza meetings before evaluating its usefulness in influenza sur-

veillance. This kind of seriality was also evident in the way the participants 

evaluated their proposed TBE surveillance tool, where evaluation in public 

health practice was cast as a subject for further research. In addition, one of 

the participants suggested that the tool should be used internally before being 

broadcast to the public, again suggesting a seriality in what needs to be 

achieved.  

Considering data in practice as an ongoing achievement also suggests the 

importance of the relationship with the data provider in the establishment of a 

datafication rapport. The cases of WebSurv and PhoneSurv are helpful for un-

derstanding aspects of datafication as their particular relationships with their 

data providers highlight the dependency relationship with the data provider. 

In the cases of datafication studied here, the word ‘asymmetric’ has a further 

connotation that is instructive as regards the extent and kind of influence ex-

erted by the developers of WebSurv and PhoneSurv in their interactions with 

the respective data providers. This analysis draws on the work of Boyce 

(2016) in the context of food-borne disease surveillance, which also high-

lighted asymmetries in the relationship with the data provider. The analysis 

also highlights how portability in practice is produced at the intersection of 

what Günther et al. refer to as the work practice level and the supra-organisa-

tional level. 

As illustrated in chapter 4, the way in which the relationship with the data 

provider affected the maintenance work on WebSurv and PhoneSurv. When 

WebSurv’s data provider altered the website design and introduced a new 

search engine, which could potentially affect the comparability of WebSurv 

data, the mitigation of the impact on WebSurv was of secondary priority to 

the developers working on the website change. Hence, asymmetric de/seriali-

zation suggests that the achievement of a datafication rapport also involved 

managing the conflicting goals of the organisation responsible for the systems 

generating the data and the organisation using the datafied surveillance tool. 

It is the relationship between these two organisations that is asymmetric in this 

instance. Furthermore, it highlights the situatedness of the value attributed to 

digital innovation, and shows how the relations productive of datafication can 

cast digital innovation as a destructive force. Portability in the context of pro-

ducing authoritative accounts with datafication involves more than mere trans-

fer of data from one location to another. Data in practice is made portable in 

datafication, but in a way that depends on the extent to which the data provider 

can be influenced. 

Patchwork data narration and asymmetric de/serialization are meant to pro-

vide complementary perspectives on the establishment of datafication rapport. 

The former focuses more on datafication in use, whereas the latter focuses on 

relationships that need to be formed between the data provider and those doing 

the datafication, as well as the relationship between the data traces reused and 

the phenomenon that is datafied. 
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Although epistemic value is implicit in the adoption of surveillance systems 

in public health surveillance practice, what has remained in the background in 

the analysis so far are the concerns of the participants. Therefore, the next 

section considers care in the production of authoritative accounts with datafi-

cation. 

6.3 Care and the multivalence of datafication 

The concepts care and register of valuing were introduced to describe what 

matters and is valued in the context of the development and use of PhoneSurv 

and WebSurv in order to show how datafication is enacted as valuable. Care 

provided a way to understand how people relate to the object of datafication. 

The practices of exploratory datafication described in chapter 5 allowed the 

articulation of valuations that are part of the establishment of datafication rap-

port in instances where what is valued was made explicit. Stengers (2011) 

makes the ‘distinction between measurements as usual, acting like a unilateral 

sieve, retaining only what can be measured, and measurements as related to 

the creation of a rapport’ (Stengers, 2011, p. 49). Furthermore, the creation of 

rapport ‘cannot be separated from the community for which it crucially mat-

ters and which is to test it and to imagine and verify its consequence’ 

(Stengers, 2011, p. 59). Hence, registers of valuing and care help to articulate 

a datafication rapport as a specific achievement that involves a particular set 

of relations authorizing an approach to datafication. This is in contrast to turn-

ing any proliferating data stream into a number of different metrics through 

algorithmic manipulation, with limitless possibilities for datafication (but 

without the creation of a datafication rapport). In order for datafication rapport 

to be established, the data stream and its treatment have to have epistemic 

value in work practice, in this case in public health surveillance. At the same 

time, drawing on the concept of care (Heuts & Mol, 2013) suggests an open-

endedness in the work towards establishing datafication rapport. Indeed, the 

case of the TBE hackathon shows that to care and value something, such as 

working towards the ‘good’ of epistemic value in TBE surveillance, does not 

mean that it will be successful. 

The registers of valuing add to our understanding of data analysis in data-

intensive environments (cf. Passi & Jackson, 2018) by showing how datafica-

tion entails valuations beyond the epistemic. Furthermore, these findings con-

tribute to the growing number of studies in information systems that consider 

more than economic value (cf. Barrett et al., 2016; Tempini, 2017). While the 

epistemic value of datafication is implied by its use and development in the 

context of public health surveillance, chapter 5 shows that the value attributed 

to datafication is multivalent. The work during the TBE hackathon showed 

that valuations in exploratory datafication practices can be thought of in terms 
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of different registers, such as fast progress, rigorous procedure, and entrepre-

neurialism. As abstractions, the registers of valuing identified in chapter 5 

serve primarily to illustrate differences in what is produced as valuable or not 

in exploratory datafication practice. However, the valuations also highlight 

that the work towards establishing a datafication rapport is animated by care, 

which is articulated in a range of registers of valuing, including the epistemic 

register.  

What is emphasized is valuation as an activity which happens and then per-

ishes, but still leaves room for it to become a datum in another actual occa-

sion.75 This means that while one event may be productive of valuations in 

registers related to the entrepreneurialism or career goals, such concerns can 

but need not carry over into a future event, whether they be related to 

PhoneSurv, WebSurv or another case. As was illustrated in the TBE hacka-

thon, valuations draw on past events, such as when the participants decided to 

reuse data. In the case of the NLP-project, my understanding of the value of 

the project was produced in relation to my existing conception of myself as 

PhD student, teacher and future researcher76 with the expectations this might 

entail.  

The value attributed to datafication can be considered mutable both in the 

case of datafication in use as well as in exploratory datafication. These find-

ings supplement previous research which shows that the value attributed to 

data varies across social settings (cf. Fiore-Gartland & Neff, 2015). Such was 

the case when I discussed the NLP project with my PhD supervisor compared 

to when I discussed it with D1. While values related to my professional role 

were brought up at the point of initiating the NLP project with my supervisor, 

when discussing the NLP project with D1 it was epistemic value in surveil-

lance that was valued. Furthermore, chapter 5 shows another aspect of the 

mutability of valuations concerning the proper treatment of data. The way the 

proper treatment of data was valued in the NLP project was different at the 

point of exploratory datafication compared to when it came to an actual im-

plementation with sensitive data. The results also show how datafication can 

be valued differently within the same setting.77 As described in chapter 3, the 

epistemic value of WebSurv and PhoneSurv is relationally produced with 

other surveillance systems. This was reflected in the way PhoneSurv could be 

valued primarily for its ability to add nuance to the influenza incidence in a 

given week. However, at another point, such as the Christmas holiday season, 

                               
75 The values referred to with the registers of valuing do not transcend the actual occasion. 
However, this does not preclude the possibility of valuations being abstracted into a more com-
plex systems of (cf. Bakken & Hernes, 2006) evaluation and valorisation.  
76 Personal experiences can be thought of as ‘another instance of a society of actual occasions. 
Each occasion of experience is a self-realizing event that becomes and then perishes. Each oc-
casion has its direct ‘‘inheritance’’ from its past and its anticipation of what it will become in 
the future’ (Stenner, 2008, p. 105). 
77 The ‘same’ should here be understood as relationally produced repetitions, producing socie-
ties of actual occasion. 
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the value of PhoneSurv to the influenza surveillance practice changed as a 

result of the difficulty in obtaining complete data from the more manual la-

bour-intensive laboratory-based surveillance system.  

A further contribution relates to illustrating that non-cognitive aspects of 

subjectivity (Thompson, 2012) can be addressed in sociomaterial inquiry. It 

shows how value is co-produced with self-identity in exploratory datafication 

practices. The initiation phase of the NLP project, when I considered the value 

it would have for me as a PhD student, teacher and future researcher, shows 

how valuations in different registers can align. This suggests that valuations 

of the object of datafication are co-produced with the professional identity of 

the one doing the datafying. The initial course of the project eventually led to 

a clash in valuations when encountering challenges with data access. The ini-

tial goals set out thus needed to be adapted to fit my role as PhD student, but 

in a way that would still have epistemic value for D1. In this instance, the 

clashing valuations can be separated analytically into two registers, but were 

produced relationally when the project moved to the stage of trying to access 

data. This shows that value is produced in relation to personal motivations and 

the inclusion of biographical and professional considerations, in addition to 

the epistemic value in relation to the object of datafication. As such, it shows 

how caring and the value attributed to datafication are constituted together 

with the datafying person and the object of datafication, such that ‘objects 

being valued and valuing subjects come to gradually co-constitute each other’ 

(Heuts & Mol, 2013, p. 141).  

The enactment of care in processes of datafication has implications for how 

valuations become related in analytical abstractions. Because of the gradual 

co-production of what is valued together with the person valuing, the word 

clash was chosen in the analysis. Inspired by Stengers’ discussion on clashing 

values and Bakken and Hernes (2006), a clash of values is here contrasted 

with values in tension (cf. Barrett et al., 2016; Passi & Jackson, 2018). To 

speak of tension in values is to speak of the relationship between values in 

static and oppositional terms. The static figure of value tensions occludes the 

creative work of tinkering that the participants engage in. Furthermore, two 

values in tension require that we first make the leap of abstraction from em-

pirical material towards two values, and then relate these two abstractions. 

Stengers’ (2014) definition of a clash in values provides a helpful alternative: 

‘A clash can be an obstacle and a limit, or it can “evolve” into a durable, even 

symbiotic new harmony. Or else it can create problems’ (Stengers, 2014, p. 

160). A clash in valuations is thus indeterminate in its result and it also fore-

grounds the way in which people and their objects of care are co-produced.  

While both ‘clash’ and ‘tension’ recognize differences in valuations, with 

tension the valuations are defined independently of each other. Furthermore, 

the clash points to the process through which this difference is produced, such 

that the clashing values are co-produced in the event of the clash. Unlike the 

static figure of tension, a clash entails the creative potential of differences. 
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While the clash is assumed to be neutral in terms of the outcome, it does not 

preclude differentiation in terms of power relations. In the case of the relation-

ships between WebSurv and PhoneSurv and their respective data providers, 

the clash in priorities played out in a relationship characterized by asymmetry. 

However, with a different agreement with the data provider, a clash in priori-

ties could just as well have resulted in the data provider having to make further 

concessions. What is proposed here is that when theorizing value grounded in 

a relational ontology, it is important to consider to what extent the words de-

scribing relationships between values are compatible with the ontological as-

sumptions. Clashing valuations make it possible to think about how values are 

relationally produced, and better captures the processes through which they 

are resolved, whether through innovative solution or as an ending. 

According to Thompson (2012), there has been a tendency to neglect the 

affective in information systems research, and this neglect has also been re-

produced in socio(-)material theorizing (Jones, 2014). Hence, a further contri-

bution of this thesis has been to show how the emphasis of the affective in 

care (Puig de la Bellacasa, 2011), in conjunction with a perspective grounded 

in Halewood (2013) and Stengers (2014), makes it possible to account for non-

cognitive aspects, or the ‘felt quality’ (Stein et al., 2014), in the enactment of 

datafication as valuable. In influenza surveillance, the positioning of myself 

and the participants as involved observers highlights that the process of nar-

rating data involves more-than-cognitive relations to data and other human 

participants. The data on people’s health could elicit responses with an emo-

tional tinge of compassion. Furthermore, the way the participants visually ap-

praised code and graphs also points to a way of relating that involves intuition, 

such as when the influenza group found a graph to be abnormal, or when D2 

assessed code in terms of its elegance.  

The importance of considering the felt quality also became apparent in ex-

ploratory datafication practice. While working on the NLP project, solving a 

problem was not only a matter of finding what parts of the code needed to be 

altered but also involved calming the fear of making an error. Hence, fear of 

the consequences of doing something wrong affected the project implementa-

tion.  

Finally, my way of relating to the participants was also more-than-cogni-

tive when I felt a relief at the end of the influenza season or disappointment 

when the TBE hackathon did not work out. Drawing on the concept of care 

has thus allowed for the articulation of the emotional aspect as part of under-

standing how authoritative accounts are produced with datafication. As such, 

these findings resonate with Stein et al.’s (2014) observation that an account 

of information system phenomena without the felt quality run the risk of being 

incomplete and flat. 

Drawing on the concept of care makes it possible to produce a fuller ac-

count of datafication as both cognitive and emotional. Care can be said to an-
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imate practices of datafication in use, datafication maintenance, and explora-

tory datafication, which are valued in different registers and produce datafica-

tion as multivalent phenomenon. Hence, care, patchwork data narration and 

asymmetric de/serialization are analytically separated but are proposed to-

gether as a way to understand the establishment of datafication rapport. 

 



 158 

7. Conclusion 

This thesis proposes a pragmatic approach to problems related to the produc-

tion of authoritative accounts based on data streams that traverse organiza-

tional boundaries. Rather than thinking about authority as emanating from es-

sential qualities of an account based on datafication, the processes that are 

productive of an authoritative account are foregrounded. Below I outline the 

main findings in response to the research questions that have guided this study 

of how datafication becomes an authoritative account in public health practice. 

In addressing the first research question, on how comparison is accomplished 

in practice with datafication, I have drawn on Stengers (2011) to introduce the 

concept of datafication rapport as a particular accomplishment that authorizes 

the claim that what is datafied lends itself to datafication. Datafication rapport 

is further elaborated in relation to the two cases of datafication, WebSurv and 

PhoneSurv, with the two concepts of patchwork data narration and asymmet-

ric de/serialization. In addressing the second research question, I draw on the 

concept of registers of valuation (Heuts & Mol, 2013) and the concept of care 

(Heuts & Mol, 2013; Puig de la Bellacasa, 2011) as I show how datafication 

is enacted as valuable. 

Patchwork data narration provides a way to think about datafication rapport 

as an ongoing accomplishment. It uses associations with patchwork quilting 

as a lure to thinking about how comparison is accomplished in practice with 

datafication. The association relates the reuse of scrap pieces of fabric to the 

reuse of data generated for a different purpose than that of the particular data-

fication. The graphs of influenza outcomes are made comparable by using 

rates of change and algorithmically determined thresholds that function like a 

filler in patchwork, fitting different pieces together and allowing them to re-

main distinct while forming a coherent narrative. Thinking with the figure of 

patchwork also highlights the point that a narrative can be formed regardless 

of whether a particular piece is missing or a particular surveillance system is 

unavailable in a given week. Furthermore, datafication involves constructing 

a data narrative by flexibly bringing in elements, such as foregrounding data 

generation or articulating conditions for influenza transmission, in order to 

make data comparable over time. What is included in the data narrative to 

accomplish comparison is not determined in advance, and there are elements 

which are stable as well as those which change. 

Adding patchwork to data narration is also a way to highlight how narration 

involves more than words. It also includes the information technologies and 
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humans that are part of producing a data narrative. It entails the work of patch-

ing up the system models and data streams in order to compensate for changes 

in the way data is generated over time. The results are something that can be 

thought of as a patchwork of fixes, evocative of the way in which historic data 

can be segmented depending on how data was generated and parsed for a par-

ticular time interval. Patching up also has creative potential, opening up the 

possibility for new datafication practices to emerge even as the intention is to 

return to that which has been. 

While patchwork data narration highlights the work of ensuring compara-

bility over a data stream where the data set is continuously growing, asym-

metric de/serialization provides a way to think about how datafication rapport 

is accomplished in the first place. By highlighting asymmetries in the relation-

ship to the data provider, it foregrounds how this relationship can affect the 

way comparison is accomplished. Furthermore, asymmetric deserialization 

draws on the association with serialization/deserialization in data transfer to 

highlight the point that with the reuse of data, what gets serialized and sent 

from the data provider becomes something more as it is deserialized and en-

rolled in datafication. Finally, serialization points to the way in which the par-

ticular accomplishment of establishing datafication rapport unfolds over mul-

tiple occasions. This is both in terms of being a serial narrative in that influ-

enza surveillance is conducted on a weekly basis, but also in that authority is 

something that can be established only once sufficient experience and data 

have been accumulated. 

To answer the second research question, drawing on the concept of care 

and registers of valuation, this thesis has shown how datafication is enacted as 

valuable in the course of doing influenza surveillance, in the maintenance of 

datafication and in exploratory datafication practices. Drawing on the concept 

of care also makes it possible to produce a fuller account of the valuation of 

datafication as both cognitive and emotional. Care can be said to animate prac-

tices of datafication in use, datafication maintenance, and exploratory datafi-

cation, which are valued in different registers and produce datafication as a 

multivalent phenomenon. Hence, care, patchwork data narration and asym-

metric de/serialization are analytically separated but are proposed together as 

a way to understand the establishment of a datafication rapport. Care also 

highlights the open-endedness of producing an authoritative account, a tink-

ering that produces both datafication and the datafying person in the process, 

beholden in a non-deterministic way to what is inherited from past experi-

ences. The enactments of datafication as valuable in particular registers are 

also produced in relation to the intended audience of an information systems 

research community, situating the account of valuation in particular ways, in-

cluding how different registers are distinguished from each other. 
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7.1 Locating future directions – theoretical and practical 
concerns 

This thesis can feed into future studies following the ‘sociomaterial turn(ing)’ 

(Schultze et al., 2020), especially those drawing on perspectives grounded in 

Whitehead. Thus far, the literature on the methodological implications of this 

turn has been limited. I have tried to be sensitive to the epistemological impli-

cations of grounding a perspective in the event (Hussenot & Missonier, 2016), 

so involving a different set of commitments than those of the interpretive tra-

dition in IS, some of which have to do with the limits and performativity of 

language (Schultze et al., 2020). While the phenomena studied can be treated 

as something that endures, as a society of actual occasions, to encounter it is 

to enter a dynamic becoming with the phenomenon which ‘invites us to pay 

due attention to the kind of relations we are in, and the possibilities certain 

patterns of relationality may enable, or, instead, inhibit’ (Savransky, 2016, p. 

14) and to offer a view from somewhere (Suchman, 2002). This does not sug-

gest a need for new methods, but it does give pause to the goal of dispassionate 

methodological purity (Schultze et al., 2020).  

The topic of my thesis tended to fold back on my own practice. The study 

of datafication has affected the way I have come to think of something as em-

pirical material in the first place, as well as the question of how to produce an 

authoritative account of datafication in public health surveillance. In light of 

this, the concept of rapport could be worth exploring in future work as a way 

to understand the production of authoritative accounts in information systems 

research. Below I provide some reflections on my own practice, drawing in 

particular on the notion of symbolism (Halewood, 2013). This involves think-

ing about rapport as an accomplishment formed in the cultivation of relation-

ships involving this text, myself, the empirical material, literature, research 

participants, my supervisors and the part of the research community with 

whom I engage directly. In doing this, the aim is also to situate the account 

offered in this thesis.  

The notion of symbolism first became interesting in considering the rela-

tionship between my experience and the empirical material. This is perhaps 

most salient in relation to the challenge of writing down field notes based on 

the experience of human and non-human participants,78 and putting my emo-

tions during fieldwork into words.79 Here Halewood’s (2013) account of the 

                               
78 This is by no means a new consideration in information systems, where accounting for the 
non-human has been problematized in comparison to speaking for humans, who after all can 
express their views. Furthermore, Pouloudi and Whitley (2000) show that speaking with au-
thority on behalf of either human or non-human participants is problematic. 
79 Whitehead could also be relevant for how to include affective aspects in sociomaterial theo-
rizing. The affective is central to experiences of perception. From such a perspective, the expe-
rience of subjects is foundational. Here the status of feelings in Whitehead’s framework should 
be distinguished from the analytical abstraction of empirical material as being emotional. For 
Whitehead, everything that happens is a feeling, ‘before [it] can be cognized and categorized’ 
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relationship between body and language, based on Whitehead’s notion of 

symbolism, could provide a way to think about empirical material about hu-

man, non-human and embodied experiences together with ‘an approach which 

does not presume the founding gulf of signification, yet which still enables 

communication between and about bodies’ (p. 114). The crucial step in this is 

to think about symbolism not as something that is confined to humans, but 

rather as something that ‘refers to the fact that elements in experience tend to 

evoke or produce other elements within experience’ (p. 116). This makes it 

possible to think of it as being ‘firmly placed in the world and not in the mind’ 

(p. 116). While this definition does not require consciousness and language as 

a basis for symbolism, it does not deny that there is something particular about 

speaking on behalf of other humans compared to non-humans. Furthermore, 

the body is central to such symbolism, as that which makes it possible in the 

first place,80 providing continuity of experience in which one thing can evoke 

another. Hence, language and meaning are not something that is added on or 

done to bodies, but rather an aspect of bodies, a complex mode of symbolism 

(Halewood, 2013). The act of note-taking is not about relaying meanings on 

behalf of participants or my emotions, but rather a cultivation of symbols 

evocative of the fieldwork experiences in a manner that is unavoidably subject 

to the ‘“thingifying” process-reducing tendencies of language’ (Schultze et 

al., 2020, p. 824), whether it pertains to human or non-human doings as well 

as personal affective experiences. Regardless of whether I was writing an ac-

count of what the participants were doing, or what the software was doing, or 

what I was feeling, my field notes were partial, but written to be evocative of 

experiences that would come to authorize the writing and rewriting of ac-

counts of datafication in public health surveillance. 

While drawing on symbolism can provide a resource for thinking about 

giving an account of an information systems phenomenon that is evocative of 

an experience, doing information systems research is not a wholly imaginative 

enterprise (Fraser, 2009). Hence, what such an account evokes in the partici-

pants who are part of the account matters for the authority that can be granted 

to the account. Checking in with the influenza team members and allowing 

participants to read chapters 3–5 should not be regarded as confirmation that 

the descriptions are complete or final, but rather that what those chapters 

evoke resonates with their experiences. Sharing the empirical chapters with 

the participants also affected the way the chapters were written. The use of 

                               

(Shaviro, 2009, p. 59). Furthermore, what we perceive cannot be separated from the body; ‘We 
do not first perceive what is before us, and then respond emotionally to these perceptions’ 
(Shaviro, 2009, p. 57). The methods employed have consequences for the implications in prac-
tice. 
80 A flower turning to the sun, a dog hearing a sound that suggests food, or a human reading a 
text are modes of symbolism, where the latter, also referred to as ‘symbolic reference’, is more 
complex and where the relationship between the symbol and the experience it evokes are not 
necessarily stable over time (Halewood, 2013).  
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concepts, or theory signalling, was kept to a minimum so that the description 

would be accessible. 

When it comes to the relationship between conceptualization and partici-

pants, one of the strategies employed is grounded in the work of Neff et al. 

(2017), who propose that social scientific studies of data practices affords the 

opportunity to critique and contribute to the participants’ practices being stud-

ied. Here this took the form of as an interrogation of one of the metaphors 

employed in the influenza group’s own practice, namely thinking about their 

work as a puzzle. I originally started with this metaphor, but found it inade-

quate in relation to my empirical material. I began to explore alternatives and 

eventually arrived at patchwork. 

There was also a need to cultivate relationships within the wider research 

community of which I am part, ‘to tell a story in which the new phenomenon 

speaks to what we know, and vice versa’ (Henfridsson, 2014, p. 357). This 

was the purpose of intertwining empirical material with previous research in 

the empirical chapters. Furthermore, it involved writing in a way that would 

be evocative of the problem in focus in this thesis for colleagues reading it 

(rather than, for example, evoking problems like the issue of perceived vs. 

actual security). 

A relationship is also cultivated between the concepts and the empirical 

material. In studying datafication as a complex and extended phenomenon, I 

made choices about what deserved my attention, constructing the field in so 

doing (cf. Karasti & Blomberg, 2017). To be able to conceptualize data narra-

tives in influenza meetings as encompassing both stability and change in terms 

of the patchwork, I had to have already made the choice of repeatedly going 

to the same meeting (a choice I sometimes questioned when it felt like ‘noth-

ing’ happened). Thus patchwork data narration can be considered as  a con-

ceptual-empirical mixture (Jensen, 2014). It also opens up the possibility of 

cultivating other conceptual-empirical relationships, such that patchwork 

could be a useful way of thinking about other phenomena which encompass 

both stability and change.  

There are also aspects that are occluded by virtue of my entry point and the 

scaling of infrastructure. For example, consider the server infrastructure that 

underpins both cases of datafication in this thesis. Here my understanding of 

the role of server infrastructure in the production of authoritative accounts is 

related to influenza meetings and the maintenance of the surveillance systems. 

While this scaling of the infrastructure is relevant to the purpose of this study, 

the field could have been constructed quite differently. The study could  also 

have included the work practices of server maintenance as well as those of the 

data providers. What unfolded in the course of my learning about the role of 

encoding which data are datafied (and that data in minority languages are not), 

is that a particular part of the infrastructure became visible. This showed that 

my understanding of the phenomenon had been ‘implicitly partial, unrecog-

nizingly narrow, and unreflectively local’ (Dourish & Mainwaring, 2012, p. 
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7). This point is made more salient in light of the unequal distribution of the 

effects of the Covid-19 pandemic (Kirby, 2020).  

Some of the registers of valuing described in chapter 5 also suggest a pos-

sibility to explore how such valuations could be made to resonate with valua-

tions outside the specific context studied. Stengers suggests that the creation 

of a rapport authorizing the definition of an object needs more general condi-

tions in place (e.g., Galileo needed more than just an inclined plane). The birth 

of modern science required a change in how qualities were understood .81 Sim-

ilarly, a number of events may have to occur to make a difference before the 

creation of a rapport, with each event constituting a necessary but insufficient 

condition for the establishment of rapport.  

One interesting example that could have been examined is the register of 

anticipatory action. This register resonates with a pandemic preparedness 

checklist put out by the World Health Organization in 2005, which asks: ‘Are 

you prepared to prevent or minimize the human morbidity and mortality, the 

social disruption and the economic consequences caused by an influenza pan-

demic?’ (World Health Organization, 2005). There are also resonances be-

tween the register of anticipatory action and publications that predate the time 

when I did fieldwork. Ekbia et al. (2015) refer to this as the futurity of big 

data. Such considerations have also been extended beyond datafication; ‘An-

ticipatory action is a key means through which life in contemporary liberal 

democracies is secured, conducted, disciplined and normalized’ (Anderson, 

2010, p. 792).  Another example can be found in Adams et al. (2009), who 

argue that few ‘question whether or not “the future” can, and therefore must, 

be anticipated’ (p. 247).  One avenue for future exploration would be to follow 

Barrett et al. (2016) and also include a study of government policy documents.  

The accidental invention of something new during datafication mainte-

nance illustrates that intentionality is not necessary for something new and 

potentially valuable to be produced. It suggests an open-endedness in the paths 

datafication can take, a perspective opened up by engaging with the concept 

of care. Henfridsson et al. (2018) suggest a framework for thinking about dig-

ital innovation in which one of the key constructs is explained in terms of the 

steering of value paths. The centrality of intentionality in this conceptualiza-

tion in terms of steering has been criticized, as it does not attend to the inherent 

side-effects of action (Monteiro, 2018). The concept of care could provide a 

way forward for thinking about value paths in a way that foregrounds the 

open-endedness and the tinkering involved in the creation of value. Further-

more, adopting a lens of care also opens up the option of exploring aspects of 

                               
81 According to Stengers (2011), who  draws on physicist and science historian Pierre Duhem, 
a change was first needed in how qualities were thought of in order to make way for the birth 
of modern science. Whereas qualities had  previously been thought of as opposites, it became 
possible to think of them as varying in degree. Instead of hot or cold, it became possible to think 
of an increasing or decreasing intensity of hotness/coldness, which today is thought about in 
terms of temperature. 
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value creation beyond the economic. Clarke and Davison (2020) found that 

economic aspects accounted for more than ninety per cent of the articles they 

surveyed in the AIS basket of eight journals. Maria Puig de la Bellacasa (2011) 

emphasizes that care involves engaging with neglected things, including ‘par-

ticipants and issues who have not managed or are not likely to succeed in ar-

ticulating their concerns’ (p. 94). These considerations become salient in rela-

tion to caring about the kind of world information systems researchers want 

to help produce (cf. Schultze, 2017).  

There are also practical implications for future attempts to predict the pre-

sent through real-time monitoring, also known as ‘nowcasting’. While ‘real-

time’ and ‘now’ suggests an orientation towards the present, and although the 

goal is to study changes in what is datafied, the present is constituted in rela-

tion to historical datasets, which provide the basis for comparison in order to 

be able to say something about the present. Furthermore, using thresholds to 

categorize quantities, and thus highlight qualitative difference, is also deter-

mined in relation to historical data. In order to determine the threshold for a 

qualitative difference, historical data is needed to provide grounds on which 

to define the threshold in the first place. Hence, in such cases of datafication, 

what is produced as the present is always determined in relation to a historical 

data set and its possibilities and limitations. 

Doing datafication requires reflexivity and thinking critically about the 

choices that are made. It is not that anything goes, but the data narrative is 

determined in relation to who and what are part of the narration. The narrative 

emerges in relation to what surveillance systems may be available at a partic-

ular time. Datafication can function as a supplement to other surveillance sys-

tems, but it can also become central to the data narrative on occasions when 

surveillance systems based on datafication are the only available systems. 

What is foregrounded in the surveillance system also affects how something 

is discussed. Categorizations and the particular ways of viewing data through 

such categories also mean that what is easily accessible is also easy to discuss 

and integrate into a data narrative. Such categorizations participate as they are 

part of determining that some aspects are more important, with inevitable in-

clusions and exclusions.  

Datafication is also determined in relation to who participates. My own 

presence during meetings in which the participants discussed influenza sur-

veillance systems affected what was said. In order to include me in the pro-

cess, they would add explanations on my account. Similarly, meetings which 

involved a remote participant who could not see the graphs being discussed 

resulted in the participants adding explanations of what they were looking at. 

Such remote participation also suggests that participation presumes a certain 

level of domain knowledge as well as familiarity with meeting routines. 

Hence, what is said is partly determined in relation to who is there. To say that 

which particular humans and technologies participate in datafication matter 

for what becomes visible is not to relativize or diminish the epistemic value 
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of datafication. Rather it is a way to foreground the limitations and situated-

ness of claims made with datafication, to encourage reflexivity about what 

choices are made in arriving at a particular conclusion, and to stave off any 

impulse of overextending the reach of claims that can be made with datafica-

tion beyond the context for which such claims are valid. 

Datafication is also determined in relation to a history, which matters for 

the accumulation of a sufficient amount of data as well as the accumulation of 

experience. Hence, the narration of data in the context of real-time monitoring 

accomplished with datafication is about living and working with the data for 

a longer period that extends beyond the ‘now’. The detection of an anomaly 

by the influenza group through visual inspection showed that experience with 

datafication allows the development of an intuitive understanding of what is 

normal and what is not. The way in which the epidemiologists in this study 

were able to intuit a failure from looking at the graphs speaks to the role of 

experience in the narration of data. Datafication is thus an accomplishment 

that emerges over time, where living and working with data contributes to the 

development of a sense of what is (ab)normal. Furthermore, experiences of 

failure can be formalized into automated checks if failure can be expressed in 

algorithmic form. In such cases, both humans and algorithms can participate 

in the detection of the abnormal based on an accumulation of experience.  

The ability of humans and algorithms to detect abnormalities in datafication 

is limited to historical experiences. In the context of a fractured control zone 

(Lagoze, 2014), limitations in the understanding of the provenance of data 

pose a risk to the insights that can be gained about anomalies in what is being 

measured from continuously updating data. The provision and reuse of data is 

made possible with infrastructure. However, when the patterns in data used in 

datafication are sensitive to changes in infrastructure, there are at least two 

risks to consider. The first is that the changes detected with datafication stem 

not from that which is being measured, but from changes in the infrastructure 

due to, say, maintenance or a lack thereof. The second risk is that changes due 

to infrastructure changes may coincide with changes in what is actually being 

measured. In such cases, the measured changes may be cancelled out, ampli-

fied, or modified, by changes in the infrastructure. Thus, the dependency on 

infrastructure means that there is a level of indeterminacy in arrangements for 

real-time monitoring. Often changes in infrastructure are beyond the purview 

of those doing the datafication. Future research could investigate and try to 

develop normative guidelines for how to prepare for and manage previously 

unknown sources of breakdowns in datafication.  

This indeterminacy highlights the importance of the nature of the relation-

ship with the data provider as this relationship influences the ability to inves-

tigate how data is generated. If those doing the datafication are able to reach 

out to the data provider in order to inquire about aspects of the data, the result 

of such inquiries can be integrated into the narrative. This also highlights the 

challenge of forming a narrative when one only has access to the patterns in 
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the data. It also highlights the importance of the ability to investigate the dy-

namics of the production and transfer of data and assess the quality of data in 

real-time decision-making. As such, it suggests that the arrangements that are 

in place with the data provider are also part of determining how a data narra-

tive can form. Furthermore, it means that the ‘now’ is subject to future revision 

if the relationship with the data provider means there are delays in notifying 

those doing datafication of changes that affect the comparability of data. There 

are also vulnerabilities involved when comparability in datafication is depend-

ent on stable infrastructure to be able to distinguish changes in patterns related 

to the phenomenon being datafied. Here the pace of innovation and distribu-

tion of its control and initiation also become part of the consideration for 

whether or not datafication is sustainable over time. 

The findings have practical implications for datafication maintenance 

work, which is implicated in making data comparable, thus linking mainte-

nance to the production of epistemic value with datafication. The work of do-

ing maintenance on datafication can also lead to the invention of new ap-

proaches to datafication. This means that it is difficult to draw a clear bound-

ary between development and maintenance. Such ambiguities could have con-

sequences for remuneration of work with datafication in contexts where a 

strict distinction is made between development and maintenance. 

Public health surveillance can include surveillance systems other than those 

based on datafication. The epistemic value of datafication in such a context 

should be considered in relation to its specificity, both in terms of what it 

measures and in terms of its vulnerabilities and strengths with respect to main-

taining a continuous data stream and comparability of data. In the cases stud-

ied here, datafication usually functions as a supplement. However, on occa-

sion, the partial automation of data transfer and processing with datafication 

provided an advantage over other surveillance systems in terms of its availa-

bility in time for decision-making, in which case it had a more central role. 

Attending to the specificity of datafication, the benefits it may afford and its 

pitfalls, suggests that it cannot be assumed to be a replacement of existing 

methods. Furthermore, when considering the introduction of datafication as a 

replacement for an existing approach, it is relevant to consider what processes 

need to be in place in order for data to be comparable over time.  

What emerges with datafication is not a complete representation but a spe-

cific way of purposefully representing a phenomenon in order to support ac-

tion. With a continuously updating data set relying on a vast infrastructure, 

there will be failures. In order to ensure comparability over time, consideration 

have to be given to how to patch up the constituent parts over time. 
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