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In this paper, we analyse the relation between the use of environmental data in contemporary health sciences and
related conceptualisations and operationalisations of the notion of environment. We consider three case studies
that exemplify a different selection of environmental data and mode of data integration in data-intensive
epidemiology. We argue that the diversification of data sources, their increase in scale and scope, and the
application of novel analytic tools have brought about three significant conceptual shifts. First, we discuss the
EXPOsOMICS project, an attempt to integrate genomic and environmental data which suggests a reframing of the
boundaries between external and internal environments. Second, we explore the MEDMI platform, whose efforts to
combine health, environmental and climate data instantiate a reframing and expansion of environmental exposure.
Third, we illustrate how extracting epidemiological insights from extensive social data collected by the CIDACS
institute yields innovative attributions of causal power to environmental factors. Identifying these shifts highlights the
benefits and opportunities of new environmental data, as well as the challenges that such tools bring to under-
standing and fostering health. It also emphasises the constraints that data selection and accessibility pose to
scientific imagination, including how researchers frame key concepts in health-related research.
1. Introduction

It might seem trivial to say that the environment has an impact on
population health, and yet traditionally epidemiologists have focused their
investigations largely on features of environments that were seen to
interact most directly with populations, such as sources of nutrition and
housing conditions (Rappaport& Smith, 2010). In recent years, biomedical
researchers that study health and disease at the population level have
become interested in the crucial role played by broader environmental
factors in affecting the development of disease, such as climate, landscape,
and socio-economic conditions – an awareness that has yielded conceptual,
methodological, and material changes to disciplines such as epidemiology
and public health.1 In epidemiology in particular, this increasing aware-
ness has led to the development of new framings of the concept of health.
Notions such as ‘global health’, ’one health’, ’planetary health’ have
dominated epidemiological discourse in recent years, each advocating for a
specific framing of what counts as environment and how it relates to
human health. Planetary health has encouraged a more explicit focus on
nali), S.Leonelli@exeter.ac.uk (S
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the properties of the whole physical environment that populations interact
with, including climate and local ecosystems (Horton et al., 2014); one
health has emphasised taking account ofmultispecies environments in order
to understand co-dependences between human and non-human pop-
ulations (Gibbs, 2014); and global health has framed health as a result of
the needs that different populations experience in individual and regional
environments, thus stressing the diverse yet interconnected conditions for
life around the world (Brown et al., 2006). These expansive con-
ceptualisations of health, which share similar political and economic
backgrounds and the backing of national and transnational institutions,
suggest a very broad understanding of the scope and scale of environ-
mental risk to humans (Gaudilliere& Gasnier, 2020). At the same time, the
emergence of new measurement capabilities such as molecular markers
has prompted a renewed and growing emphasis on the effects of envi-
ronmental exposure at different scales on individual physiology and
behaviour (Landecker, 2011; Shostak, 2013). The continuing tensions
between population-level and individual-focused approaches signal how
the concept of environment, so widely used as an overarching notion and
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direction of research for contemporary epidemiology and health science,
can actually refer to different objects and translate into widely diverse
methods and practices of inquiry.2

In this article, we are interested in the recent evolution of studies on
the relations between environmental exposure and population health and
in particular in the conceptual reformulations of the notion of environ-
ment in the health sciences. We discuss three case studies to highlight
how the use of new and heterogeneous data sources on the environment
has led to novel ways of integrating health and environmental data as
well as a reframing of the notion of the environment away from reductive
approaches privileging molecular data over other sources of evidence.
New types of interdisciplinary collaborations are emerging with every-
growing abilities to generate, integrate, and analyse data documenting
many different aspects of life on the planet, ranging from molecules to
climates, to better understand – and intervene in – population health,
despite the heterogeneous sources and methods through which such data
are generated. These newly expansive and increasingly inclusive data-
intensive methods and tools, particularly in projects centred on the
integration of data from multiple sources and concerning multiple phe-
nomena, are in turn affecting researchers’ conceptualisation of the
environment in the biomedical domain, prompting a dynamic under-
standing of its significance for health and disease. We identify these
conceptual changes and discuss the implications of such changes on the
practice, goals, and future scope of epidemiological research.

The last two decades have witnessed a large increase in the volume,
diversity, value, veracity, and volatility of data of potential relevance to
health research (Hogle, 2016; Leonelli, 2016), due to the rise of
data-intensive research as a central model of scientific investigation
(Leonelli, 2016) as well as the expansive digitalisation of health-related
information powered by internet usage, remote sensing technologies,
and personal health tracking (Prainsack, 2020; Sharon & Lucivero,
2019). Epidemiologists have long been concerned with the collection and
analysis of large datasets (Morabia, 2004). Yet the availability of new
sources of data and analytic tools is often presented as a significant
novelty (Holmberg et al., 2013). At the interface of environment and
health, this availability affects environmental findings that are brought to
bear on the study of population health, for instance by fostering data
linkage across vast data collections and reliance on new sources of evi-
dence such as social media, personal health applications, and monitoring
devices (Fleming et al., 2017; Hogle, 2016). Extensive literature in data
studies has investigated the epistemic, political, and economical role of
data in the sciences, discussing the ways in which attempts to link and
integrate highly heterogeneous data sources can create new forms of
interdisciplinary dialogue, which may breach the fragmented epistemic
cultures of the biomedical and environmental sciences and produce
innovative results (Leonelli, 2013; Pietsch, 2015; Ratti, 2015). Relying on
this work, we ask how the availability of new types of data and related
methods has affected views of the environment in population health.
Building on insights from data studies, we argue that novel data practices
are promoting hitherto unexplored forms of dialogue between biomed-
ical and environmental fields, enabling conceptual and methodological
transfers that enrich and expand existing assumptions around the role
and characteristics of the environment of relevance to health.

By detailing changes to the notion of environment involved in the use
of new sources of data in epidemiology, we also ask which benefits and
limitations are connected with such attempts at using data relating to the
environmental, social, and molecular spheres. In this way we contribute
to the critical literature on discussions on genomics and postgenomics
and the limited focus on the environment therein (Gibbon et al., 2020;
Richardson& Stevens, 2015; Shostak, 2013). One of the results of the end
of the Human Genome Project, in the early 2000s, was the discovery that
2 For a historical tour de force across some of the multiple and changing
meanings associated to the notion of environment within the last two centuries
of scientific research, see (Benson, 2020).
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environmental factors played a more prominent role, in determining
human health and disease, than the focus on genetic sequences pre-
supposed (Hilgartner, 2017). This kickstarted discussions on the need to
move beyond gene-centrism and enter a ‘postgenomic era’, where more
attention would need to be paid to environmental and external factors of
health and disease – to the point that some have called for a con-
ceptualisation of the genome in environmental terms (Rheinberger et al.,
2017). Various philosophers, historians, and sociologists have discussed
the differences between genomics and postgenomics, the extent to which
there is anything new in postgenomics, the continuities between the
geneticization of research of the 1990s, and 2000s and the putative shift
towards genomic contexts in the 2010s (Barnes & Dupr�e, 2008; Gibbon
et al., 2020; Richardson & Stevens, 2015; Shostak, 2013). In particular,
we build on well-documented arguments that depict postgenomic fields –
such as, quintessentially, epigenetics – as having defined the environ-
ment in relation to sources of environmental exposure that affect
organismal development (Landecker & Panofsky, 2013; Shostak &
Moinester, 2015). We ask whether the integration of environmental data
in epidemiology can reframe the interrogation of what counts as relevant
environment beyond reductive approaches and understandings.

To answer this question, in the paper we focus on the ways in which the
environment is conceptualised and operationalised in current epidemi-
ology, as an entry point into the analysis of the impact, benefits, and
challenges of data-intensive approaches in biomedicine as well as the role
of environment as a foundational concept of epidemiological research. We
identify three shifts in how the environment is conceptualised by data-
intensive approaches to epidemiology, each of which is exemplified
through a case study of existing attempts to diversify and increase the use
of environmental data as epidemiological evidence. These conceptual
shifts are: (1) a novel understanding of the relation between external and
internal exposure and thus the location of processes and phenomena of
interest in external or internal environments; (2) a reframing of the notion
of environmental exposure to expand the focus on internal and individual
phenomena and the extent to which these underpin the linkage of data
produced by social media, personal health monitoring devices, remote
sensing technologies and social/medical services; and (3) an innovative
approach to attributing causal power to environmental factors, tied to the
degree of resolution and understandings of location facilitated by access to
– and computational analysis of – large volumes of digitalised socio-
economic data. These shifts involve an expansion of our focus
throughout our analysis: first starting from more biological approaches to
health, which are benefitting from the increasing volume and tractability
of molecular data extracted from individuals and populations; thenmoving
on to studies focusing on the relation between human health and climate,
thus building an improved understanding of the role of landscapes in
public health; and finally examining work that links climatic and health
data with newly emerging socio-economic data, hence providing insight
into how specific social as well as environmental conditions may foster or
prevent disease. Our conclusion is that despite continuing challenges in the
required multidisciplinary dialogue, the use and integration of new envi-
ronmental data for epidemiology is playing a decisive role in fostering the
integration of insights from climate and environmental research beyond
existing reductionist leanings.

To ground our discussion in specific research practices, we consider
three case studies that in our view exemplify these shifts: (1) EXPOsO-
MICS, a consortium based at Imperial College London, that run between
2012 and 2017 on the basis of funding from the EU Commission (Vineis
et al., 2017); (2) the Medical and Environmental Data Mash-up Infra-
structure (MEDMI), which was run between 2013 and 2019 by several
leading UK organisations in climate, weather, environment and human
health including and funded by the UK Medical Research Council and
NERC; (3) the “100 Million Brazilians” cohort, one of the largest cohorts
in the world focused on a low-income population, based at the Centre for
Data and Knowledge Integration for Health (CIDACS) in Salvador,
Bahia-Brazil. For each of these cases, we identify changes to the
evidential basis of epidemiological research in connection to an increase



3 Benson notes how understanding the notion of environment relationally
means accepting that "the history of the concept of environment and the diverse
environmentalisms associated with it is also a history of the emergence of sur-
rounded entities, and of how various groups of people have imagined their ideal
relationship to their surroundings" (Benson, 2020, p. 13).
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of the diversification of relevant sources of data, the scale and scope of
the data, as well as the emergence of novel techniques to quantify the
impact on environmental factors on health and disease.

The paper is structured as follows. In Section 2, we briefly review the
role that environmental data have played in the history of population
health and introduce the significant role of diverse concepts of exposure
in shaping biomedical, epidemiological and public health approaches. In
Section 3, we discuss newly emerged work on the exposome as an
example of the shifting boundaries between internal and external envi-
ronment in more biomedically-focused research. To exemplify this, we
consider the case of the EXPOsOMICS project, which applied the expo-
some approach to the study of chronic disease in ways that exemplify the
use of genomic data as a platform for the linkage of biological and
(mostly climatic) environmental data and the study of exposure. In Sec-
tion 4 we expand our focus beyond molecular approaches, to consider
epidemiological research that attempts to combine climate and health
data to improve and potentially transform the existing understanding of
environmental exposure and its implications for human populations. Our
case for this strand of research is MEDMI (https://www.data-mashup.
org.uk/), which was devoted to the creation of “data mash-ups”
bringing medical records together with climate environmental data and
exemplifies the attempt to model spatial and temporal patterns of envi-
ronmental exposure and its effects on health with high predictive accu-
racy. In Section 5 we then turn to population studies attempting to
consider not only the wealth of biomedical and climate data now avail-
able to health researchers, but also the increasing availability of socio-
economic data coming from extensive cohort studies and related socio-
political interventions, and the impact of such influx of data and
related analytic and multidisciplinary methods on existing un-
derstandings of environmental factors as causes. Our example for this
work is the computational analysis of the 100 Million Brazilians cohort,
whose study exemplifies the changing opportunities for causal inference
generated by the availability of big data and effective forms of analysis on
both a population and its environment. Much of this work is carried out
at CIDACS, which was launched in 2016 to ensure the secure and reliable
storage, handling, and analysis of sensitive data of potential relevance to
public health. In Section 6, we interrogate and discuss the scope of and
intersections among the shifts we identified and highlight the extent to
which each of the empirical cases we discussed is affected by all three
shifts. To close, in the final section of the paper we discuss the benefits
and opportunities provided by new sources of environmental data as well
as the challenges and issues faced by data-intensive epidemiology.

Our analysis is empirically grounded on reviews of scientific publi-
cations, reports and presentations resulting from the projects used as our
case studies; research visits to the project sites carried out between 2016
and 2019 (including at the Department of Epidemiology and Biostatistics
of Imperial College London in 2017, where EXPOsOMICS was based; the
campuses of the University of Exeter where MEDMI was based in
2016–2018; and the CIDACS headquarters in Salvador in 2019), during
which we had the opportunity to engage in participant observation, take
part in project meetings, and visit the related facilities; and conversations
with researchers involved in the project, which ranged from informal
collaborative exchanges in the context of preparing joint grant applica-
tions to in-depth, semi-structed, qualitative interviews conducted as part
of the authors’ projects.

2. How data practices relate to understandings of the
environment in the study of human health

While research on population health in epidemiology often involves a
study of the environment, we start our analysis with the observation that
this study has not typically engaged with direct sampling of environmental
features, specific focus on environmental factors, and discussion of their
active influence on health. Historically the development and success of
epidemiology, as the area of biomedical research that directly focuses on
the distribution and determinants of disease and health in populations
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(Broadbent, 2013), has beendeeply connected to themanagement of public
health through environmental interventions, for example with the sanitary
revolution and successful management of cholera epidemics through
sewage and water supply systems widely recognised as a crucial reference
point (Morabia, 2004). Here a way to conceptualise the environment has
been as an external and indirect source of exposure and disease risk for
individuals and populations. As a consequence, in epidemiology con-
ceptualisations of the environment are deeply connected to what is inves-
tigated as exposure to a wide range of different phenomena, which may
range from air and water pollution to poverty and levels of education, from
occupational settings to dietary conditions, and all the way to the internal
chemical features of the body. In other words, the environment is con-
ceptualised relationally, by defining a target object (a landscape, a popu-
lation, a genome) in relation to the features of its surroundings that aremost
likely to affect its functions and future behaviour.3 This corresponds to
variations within epidemiology itself, with fields such as environmental,
social, and occupational epidemiology focusing on vast environments such
as ecosystems, society, and the workplace respectively; while clinical and
genetic epidemiology remain mostly concerned with the human body as
key environment for investigation, thus supporting a much narrower view
of the environment and of what it is an environment of (Rogawski et al.,
2016).

What is most notable for our purposes is the tight relation between
these disparate conceptions of the environment and the ways in which
exposure is measured, documented, and reported – in other words, the
data practices and related expertise surrounding the study of environ-
mental exposure, including sampling, selection, storage, and linkage of
data of potential relevance (Warde et al., 2018). A crucial aspect of this
relation is that the epidemiological study of the environment through the
lens of exposure has traditionally led to few interactions with environ-
mental data collected outside the realm of biomedical research, such as
data on landscape or climate. Consider, for instance, the wealth of clinical
studies which over the last three decades have collected and analysed
biological data about molecular mechanisms of disease, genomic markers,
and related associations: here the study of population health has focused
on individual behaviours and lifestyle choices, rather than the broader
socio-ecological settings of different populations (Boniolo & Nathan,
2017). At the other end of the spectrum, many studies focusing on climate
and environmental data have prioritised existing techniques to measure
pollution, such as the analysis of air quality and its relation to population
health – thus again paying little attention to socio-ecological dimensions
beyond what such data could document (Shostak, 2013). As a result, the
methods used to analyse the relation between population health and
environmental exposure in epidemiology have traditionally been devel-
oped in independent ways from the experimental methods, modelling, and
simulations employed in environmental research. Data practices in
epidemiology have rather prioritised the collection of observational, bio-
logical, and biomedical data on exposure at the individual and population
levels, their assemblage in specific configurations, and the study of cohorts
over extended periods of time (Bauer, 2008; Morabia, 2004).

Therefore, in epidemiology the study of the environment and popu-
lation health through the focus on exposure and use of population data
has not typically led to the direct study of the environment. For instance,
in molecular epidemiology, exposure profiles based on molecular data
are used to study the potential exposure of a population to environmental
toxicants such as pollutants (Russo & Vineis, 2016). In most cases, no
direct sampling of environmental pollutants is conducted and data about
the internal biochemical environment are used as a proxy for variables
tracking specific features and changes in the environment. A more direct
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focus on the environment is also made difficult by differences between
the types of data collected for environmental and health research,
including varied time scales and frequencies (Fleming et al., 2017). While
epidemiologists have traditionally been mostly interested in the moni-
toring and surveillance of population health, climate and environmental
scientists have developed tools and methods for the estimate and pre-
diction of climate events, which are not easily redeployed for biomedical
research (Parker, 2018). In addition, epidemiological methods usually
employ regression approaches that focus on few exposure factors for
small groups and single health outcomes, which is problematic when
trying to address the overall impact of the environment on health.

This fragmentation and lack of intellectual and social links between
research fields involved in environmental research, combined with
broader changes affecting the evidential basis of scientific and biomed-
ical research, explain why new attempts to the use and integration of
climate and weather data into the epidemiological study of population
health are so significant. Epidemiological research and the study of the
environment have been distant, and this is connected to important dif-
ferences at the conceptual, methodological, and disciplinary level. This is
why attempts to go beyond these differences by using new and hetero-
geneous types of environmental data and developing novel ways to
integrate them for epidemiology offer a window through which episte-
mological changes for both biomedical and environmental research can
be analysed. We argue that new uses and integration of environmental
data in the study of population health have led to re-formulating what
count as environment and exposure, conceptually and methodologically,
as shown by the three cases we discuss in the remainder of the article.4

3. Environment and the exposome: Reframing boundaries
between external and internal in the EXPOSOMICS project

Considering the centrality of exposure to the study of the environ-
ment in epidemiology, we start our discussion of the relation between
environmental data and conceptualisations of the environment with the
case of the exposome, a new conceptualisation of exposure that was
introduced to include and quantify all the different levels of internal and
external exposure (Wild, 2005). In the last decade, the exposome has
been proposed as a novel approach to conducting epidemiological
research, in connection with more focus on environmental determinants
of health and disease, the use and integration of molecular and envi-
ronmental data, the establishment of dedicated funding streams and
research institutes (Canali, 2020a), and – as we argue – a reframing of the
boundaries between internal and external environments.

The exposome has several connections to discussions on the role of the
environment for population health. Among the first proponents of the
exposome, one of the rationales for the introduction of the concept was
based on the need to focusmore on the causal role of the environment in the
determination of health and disease. For instance, in a crucial publication
for the (re)introduction of the exposome (Siroux et al., 2016), Stephen
Rappaport and Martyn Smith explicitly called out that “70–90% of disease
risks are probably due to differences in environments” and, yet, epidemi-
ologists paid little attention to the environment and mostly relied on
gene-based solutions (Rappaport & Smith, 2010, p. 460). The exposome
was introduced precisely to shift this focus to the environment and in
particular to approach exposure in broader, more comprehensive, and
specificways. In particular, the exposomeapproach to these issues has been
to try and improve the precision of measurements of the environmental
impact on population health by including new sources of quantitative data,
particularly genomic and climatic data. This has implied moving closer to
4 These and other shifts we identify in epidemiology have run in parallel with
similar changes in environmental research, where there has been increasingly
more work on the impact of climate changes on population health and inter-
disciplinary collaborations to integrate environmental and biomedical data
(Fleming et al., 2017).
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the methodology and evidential basis of environmental and climate sci-
ences, while also incorporating results from molecular studies. This is why
several exposome projects have established collaborations with commu-
nities in geography, information science, and genomics to transfer and
integrate their data practices. For example, the EXPOsOMICS project
established and coordinated a consortium of 13 research centres in Europe
and the US including experts in genomics, information systems, personal
exposure monitoring, etc. EXPOsOMICS has been among the most promi-
nent exposomeprojects in Europe, one in a series of projects coordinated by
the team at Imperial College London, and was funded by Horizon 2020, the
funding programme of the EU Commission. The project focused in partic-
ular on the application of the exposome approach on the study of the re-
lations between exposure to air andwater pollution and disease risk (see an
exemplary study in (Fiorito et al., 2018)).

The exposome approach to the use of environmental data for the
study of population health, as exemplified in EXPOsOMICS, has been
grounded on the conceptual, methodological, data expansion of the
boundaries between internal and external environments and related
types of exposures. This expansion has included a new conceptualisation
of the internal environment as a source of internal exposure, using
genomic data as evidence; a new framing of the external environment as
a source of both generic and specific external exposure, based on the inte-
gration of climatic and geographic data; and a new understanding of the
strictness and continuity between boundaries and environments, which
are interpreted as largely open and flexible categories.

At the internal level, this expansion has focused on extending the
developments of sequencing and genomic projects into epidemiology, in
particular omics approaches. Omics are techniques used to study and
quantify molecules and processes within the cell, such as RNA-
transcription, metabolism, proteins, etc. In EXPOsOMICS, omics tech-
niques were used to develop ‘exposure profiles’ that measure the pres-
ence of molecules or processes that can be connected to exposures to
environmental elements. For example, on the basis of blood samples
collected in longitudinal studies, omics analyses were run to measure
adducts that can form between human albumin and pollution toxicants
(Canali, 2019). As a result, exposure profiles based on molecular data
were used as evidence of the internal environment of the human body –

and yet, it was clear to EXPOsOMICS researchers that omics data could
also be interpreted as evidence of external exposure and environmental
processes. For example, exposure profiles were used to study responses to
external exposure in the internal processes of the cell, such as inflam-
mation and oxidative stress.

At the other end of the spectrum, the use of omics data for internal
exposure in exposome research has elicited the need for the collection
and employment of climatic data on external exposure, to match the level
of specificity and resolution of omics data. One of the teams in EXPO-
sOMICS developed Geographical Information Systems (GIS), which used
environmental sampling to estimate the specific amount of pollutant that
an individual could have been exposed to during a study period (Gulliver
et al., 2018). In the project GIS data were analysed as evidence of features
and processes in the external environment, with a focus on the very
specific environment that would have surrounded the specific subjects of
molecular analysis, for instance at the level of particular air matter. Thus,
data collected from GIS, omics, and other, more traditional epidemio-
logical methods such as longitudinal studies, were analysed in EXPO-
sOMICS through univariate and multivariate methods in regression
models, to study the relation between exposure and disease at different
spatial and conceptual levels.5 For example, this approach was used to
study the relation between air pollution and cardiovascular and
5 This use of genomic data and analytics as a platform to integrate environ-
mental data in EXPOsOMICS is also mirrored in the idea of conducting
Exposome-Wide Association Studies, a methodology that quantifies and analyses
the totality of exposure and its link to disease risk in similar ways to the
Genome-Wide Association Studies (Vineis et al., 2017).
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cerebrovascular disease (Fiorito et al., 2018) by developing regression
models that integrate one individual exposure profile and one individual
omics feature at a time and look for the strongest statistical associations
between omics features and external sources of exposure (Canali, 2020b).

EXPOsOMICS thus exemplifies the use of specific new types of envi-
ronmental data, which are integrated with new approaches from epide-
miology. Conceptually, exposome researchers have approached this way
of linking biological and environmental data for the study of population
level as a way of bridging gaps between internal and external analyses of
the impact of the environment on health. In particular, EXPOsOMICS
researchers ordered omics, GIS, and other types of data as ways of
quantifying three levels of exposure and interrelated types of environ-
ments: generic external exposure (e.g. social capital, education, financial
status); specific external exposure (e.g. radiation, infectious agents,
chemical pollutants); and internal exposure (e.g. metabolism, endoge-
nous hormones, physical activity). In this way, the new use and inte-
gration of data-intensive sources of data such as omics and GIS has led to
new interpretations of divisions between these types of exposure and,
more broadly, the distinction between what count as internal and
external environments. In particular, the increase in diversity, scale, and
scope of exposure data and their linkage in regression models are pushing
for new interpretations of exposure as a continuous process that is not
limited to the external environment and spatially happens at the inter-
section of different types of environments, to the point that distinctions
between types are largely flexible and dependent on the goals and in-
terests of a specific study.6 This is a significant conceptual formulation in
comparison with traditional epidemiology, where as we have seen the
environment is considered an indirect source of exposure as an external
element to which individuals, population, and bodies are exposed to –

with the result that boundaries between external and internal are clearly
fixed and coincide with boundaries between the body and the
environment.

The availability of environmental data at more scales and their use as
evidence for exposure have led to re-interpretations of these boundaries:
since exposure can be measured at different levels and can happen
internally, the environment as a source of exposure can be interpreted as
external to very different entities, including populations and bodies but
also foetuses and metabolism. For instance, the molecular processes
analysed on the basis of omics techniques are clearly internal to the
human body, but they are also considered as direct continuations of
external processes such as exposure to air and water pollution. In similar
terms, phenomena such as pollution are clearly external to individuals
and populations, but what is interesting for population health and
studied by exposome researchers is their concrete impact on the specific
environment surrounding individuals and as such these processes can be
interpreted as pertaining to both the internal and external environments.
While regression models of the type used in EXPOsOMICS assign either
internal or external levels to exposure, through the ordering and
modelling in terms of omics and exposure profiles, the processes under
study are conceptualised as concerning both levels. The study of omics is
in this sense intended to capture the continuity of these processes and in
particular the internal component of processes elicited at external levels.

Challenging simplistic distinctions between internal and external in
these ways is a significant step beyond the traditional understanding of
fixed boundaries between internal and external environments and has
enabled exposome researchers to operationalise environmental data as
6 Many thanks to an anonymous referee for pushing us to revise our use of the
notion of continuity, which here is intended to capture the continuity between
processes of exposure at the internal and external level, and thus not in terms of
the contrast between discrete and continuous or interpretations being
continuous.
7 As one anonymous reviewer helpfully suggested, this can be considered a

“transgressive interpretation”, changing the definition and strictness of the
boundaries between internal and external environments.
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evidence of different types of exposure and environments.7 The approach
to data integration of exposome research and EXPOsOMICS is thus an
attempt to reframing the environment in terms that are not only genetic
or molecular and thus reductive (Shostak&Moinester, 2015). As a result,
in exposome research the notion of environment is used to discuss en-
tities at very different levels of analysis and has been considered to
include anything that is non-genetic (Wild, 2008), what is relevant to a
specific analysis (Rappaport, 2011), as well as the maternal body (Rob-
inson & Vrijheid, 2015). This juxtaposition between the external and
internal dimensions of the analysis runs parallel with interpretations in
continuous terms of the processes that population health studies intend
to capture. In this sense, one of the main goals of the exposome approach
in EXPOsOMICS was indeed to trace the development of disease as
moving through stages and levels that are difficult to ascribe clearly to
either an external or internal level.8 Our analysis of the EXPOsOMICS
project shows an approach to integrating environmental and health data
that is based on the use of climatic and molecular data and the reframing
of the conceptual boundaries between internal and external
environments.

4. Environment and the semantics of exposure: Data mash-ups in
MEDMI

While the biomedical turn towards data-intensive gene-environment
analysis has clearly affected how researchers understand the role of the
environment vis-�a-vis the human body, this is by no means the only di-
rection from which change has come to the health sciences. Another
important movement has been towards integrating climate and health
data on an unprecedented scale, through the semi-automated linkage and
analysis of very large volumes of heterogenous data. In this section, we
argue that this attempt has shifted the very semantics of what researchers
mean by exposure, expanding the boundaries of what are considered as
relevant aspects of the environment to include information about climate
(e.g. altitude, temperature, humidity, rainfall and related weather con-
ditions) and territory (e.g. population density, residence information,
characteristics of urban, rural and coastal landscapes).

This expansion is exemplified by the idea of “data mash-ups”, which
has recently acquired popularity as a technical approach to managing big
data integration from multiple and heterogeneous sources, with partic-
ular relevance to the domains of biomedicine, climate and environmental
science and with the aim of informing research on social and environ-
mental challenges that require an interdisciplinary knowledge base. A
data mash-up consists of the methods used to process, mix, and analyse
different types of data to produce a unified and unique output which can
be potentially more useful than and accessed independently of the
original individual datasets (Fleming et al., 2017). This data integration
is feasible not only thanks to increasing data volumes, but also and most
importantly thanks to novel – and often open source – software packages,
cloud computing specifically, and interoperability standards designed to
manage geospatial and temporal data used as reference points for cali-
bration and triangulation (Leonelli & Tempini, 2021). In turn, the
development of such novel technologies necessitates input from experts
on the specifics of each data source and potential application, which
involves the establishment of new forms of collaboration across relevant
domains of expertise, including data, health, climate, and environmental
science.

TheMEDMI project was one of the first to attempt tomerge climate and
territory data made available by the MET Office (the main meteorological
research institute in the UK). The main goal was to integrate data garnered
8 It should be noted that this remains one of the tensions of the exposome
approach: the focus on internal exposure and conceptualisations of exposure as a
process crossing boundaries exists vis-�a-vis the reliance on more discrete and
possibly reductive tools such as omics. See our discussion in Sect. 6 for more on
reductionism.



9 The connections between more traditional approaches of disease aetiology,
such as germ theory, and these forms of data linkage require more work, which
however we do not have space to do in this article. See work from Lauren Ross
and James Woodward on disease aetiology in the context of discussions of
causal specificity (Ross, 2018; Ross & Woodward, 2016).
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from patient groups by hospitals and general practitioners in specific re-
gions of the UKwith information about the biology of pathogens known to
be harmful to humans (their life cycle, nutrition requirements and physi-
ology, as relevant to estimate the conditions under which the pathogen is
most likely to be damaging to human hosts, see (Fleming et al., 2014)).
Just as in the case of EXPOSOMICS, the early applications of MEDMI were
also focused on the effects of air pollution on the spread and impact of
pathogens on human populations, such as in studies of the seasonality of
respiratory diseases like asthma and hay fever. Rather than focusing on
molecular data, however, MEDMI exemplifies yet another way of using
and integrating new sources of environmental data for epidemiology.
MEDMI paid the most attention to the intersection between medical data
extracted from hospitalisations and samples collected from patients, and
broader features of the climate and territory, such as shifts in humidity
levels, temperature, and wind speed/direction, as well as the degree of
urbanisation of the landscape and the types of vegetation in the affected
areas. To this aim,MEDMI put together a data infrastructure that facilitates
access to – and joint analysis of – climate, territory, and health data, which
in turn required years of consultations among different types of experts
concerning the choice and/or development of the right formats, metadata,
software and analytic tools to be associated with this effort (Fleming et al.,
2014). This resulted in a fine-grained understanding of the environmental
factors that could be most reliably correlated with the local population
being most strongly affected. In turn, this translated into predictive models
for the climatic conditions under which medical services could expect an
uptick in the incidence of respiratory disease (Djennad et al., 2018, 2019).

To understand just how transformative such research has been,
consider that in biomedicine exposure has long been characterised as
the proximity and/or contact with something that might transmit dis-
ease or other outcomes of interest and has been measured by quanti-
fying the extent to which an individual or a population are exposed to a
specific factor. One of the main conceptual and methodological chal-
lenges for the study of exposure in epidemiology is that individuals are
exposed to endless sources of exposure throughout a lifetime, yet it is
hard to trace and measure several types of exposure at the same time,
and hence to investigate the cumulative impact of these factors on
health. For example, it seems trivial to say that features of the climate
and territory are sources of exposure for a population. Still, when these
are considered together, the intertwined effects of these types of
exposure are difficult to quantify and thus in epidemiology they have
been studied mostly from an internalist perspective, as we have seen
with exposure profiles in the exposome. The increasing availability of
precise and local environmental data on these features of environments
have the potential to revolutionise this area of study. Yet this requires
methodological and technological innovation as well as the capacity to
cross disciplinary, conceptual, and technical boundaries in order to
facilitate communication across the different epistemic cultures that
generate the data and relevant analytic tools. The promise of projects
such as MEDMI is precisely to enable such cross-disciplinary alignment
and link local, environmental data in the study of population health,
thus making it possible to consult and use such data as a single body of
evidence. One important strategy to achieve this in MEDMI has been the
choice of treating some data types – such as geolocation data – as
invariant parameters through which highly heterogeneous data could
be compared and integrated. This work exemplified the extensive la-
bour required to make diverse datasets compatible with each other,
typically by exploring their respective histories and devising ways of
linking them without losing sight of their specific characteristics and
provenance (Leonelli & Tempini, 2021). The progressive refinement of
such techniques is transforming the scope of data mash-ups, making it
possible to devise studies that integrate across medical and climate data
to enhance understandings of population health at specific locations
and times of the year (Fleming et al., 2017).

As a consequence of this use and integration of environmental data
for population health in data mash-ups, exemplified by MEDMI, the
epidemiological notion of exposure has become a broader framing for the
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joint consideration of new internal and external processes. In this
context, exposure can of course still be conceptualised as the contact
between specific individuals and their surroundings, at single points in
time. Yet data mash-ups and the use of environmental data to study both
health and environment at once are instigating a view of exposure as a
process that evolves throughout the life course and can therefore be
treated as a proxy to study elements of interest depending on the specific
study. For example, one of the traditional principles of exposure sciences
has been the need to identify a specific pathogen to model as cause of
disease. New conceptualisations of exposure based on the use of envi-
ronmental data are pushing for more dynamic views, where exposure is
continuously defined through the specific and unfolding relations be-
tween hosts, pathogens, and relevant elements of their surroundings.
Pathogens are considered in relation to their complex microbial and
organismal ecologies, which are in turn highly susceptible to broader
climatic and environmental conditions. Which aspect of the environment
is most relevant to understanding host-pathogen interactions, and even
the very characteristics and causal role of the pathogen, can and does
vary over time; and approaches such as data mash-ups provide novel
avenues for researchers to align information documenting such changes
in great detail and at different levels of resolution. New forms of data
linkage are thus moving away from the idea of obligate pathogen, which
are modelled as causes of disease no matter the circumstances, and to-
wards a more dynamic understanding of health and disease as functions
of the relation between organisms, their microbiome, and their sur-
roundings.9 Our analysis of the MEDMI project shows a specific and new
way of using and integrating environmental data for epidemiology,
which reframes the role of exposure for notions of the environment.

5. Environment, sociality, and causality: Linking health and
social data at CIDACS

When considering such a broad nexus of environmental factors that
could be regarded as sources of exposure, an obvious epistemic question
that emerges is how to determine the causal significance of such diverse
factors, as well as their respective causal role in relation to the effects
being studied. And indeed, causality continues to be at the centre of
theoretical discussions in epidemiology and population health: particu-
larly in the age of big data, where so much emphasis has been placed on
correlations as potential sources of causal understanding (Broadbent,
2015; Pietsch, 2015; Illari & Russo, 2016), and in epidemiology, where
explicit causal claims and terms such as cause and effect are often avoi-
ded (Russo, 2009). In this section, we consider how conceptions of
causality – and particularly of what may constitute a causal factor – have
shifted in relation to data-intensive practices for the use and integration
of environmental data, as well as related changes in conceptualising
exposure that we discussed in the previous sections.

The availability of new and different sources of data on the envi-
ronment, together with new methods of data analysis and linkage, has
led to a shift in population thinking, whereby environmental factors are
attributed a specific and distinct causal role. This has been further
strengthened through the introduction of novel, extensive sources of
longitudinal socio-economic data on specific populations, which can
then be combined with environmental and biomedical data to produce
ever sharper analyses and innovative approaches to causal inference. As
an example, we consider the epidemiological studies carried out on the
incredibly rich dataset derived from the “100 Million Brazilians” cohort
study, which includes over 114 million low-income Brazilian citizens
enrolled in the Unified Registry for Social Programmes (CadUnico)
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since 2003. This Brazilian government registry, which serves as a pri-
mary data source for CIDACS, routinely collects data on citizens
wishing to obtain access to social protection programmes such as Bolsa
Familia. In order to access such programmes, individuals are required
to provide up-to-date data on a regular basis, resulting in a large re-
pository of high-quality, reliable longitudinal information on several
socio-economic and demographic parameters including family units,
education levels, employment history, housing conditions, and access
to social and medical services. Data derived from the 100 Million
Brazilians cohort have been linked to other governmental databases
containing information on deaths and births, the incidence of infectious
diseases, nutritional status, etc. These data are of the highest possible
sensitivity given their confidential nature and the potential they have to
damage data subjects and their communities in case of breaches. The
data are therefore anonymised and securely stored by the CIDACS
centre, which is also the key Brazilian institution with responsibility for
regulating access to the data and conducting a wealth of studies on their
basis (Almeida et al., 2018).10

Given the breadth and scope of these data, the 100 Million Brazil-
ians cohort arguably constitutes one of the most extensive longitudinal
data repositories ever assembled, and a precious resource to investigate
the long-term implications of specific policies and socio-environmental
conditions for the health of the poorest members of the population in a
setting plagued by large social inequalities. Unsurprisingly, given the
new opportunities offered by data integration strategies and the
availability of extensive environmental datasets, as already discussed in
previous sections, CIDACS has become increasingly interested in
developing methods to link such administrative data to environmental
as well as biomedical (including genomic) data, which in turn involve
creating strategies to foster multidisciplinary work. Hence CIDACS has
formed extensive collaborations with other specialist centres around
the world to devise in-house algorithms that can increase the accuracy
and scalability of data linkage and modelling over the cohort data, as
well as pools of experts from diverse disciplines to help evaluate the
reliability and plausibility of results given existing knowledge of the
social contexts in question. Both algorithms and multidisciplinary col-
laborations are seen as crucial ways to improve the reliability of related
causal inferences, particularly for the purpose of informing policy
(Harron et al., 2017; Pita et al., 2018).11 Practitioners have argued that
these data linkage studies and interdisciplinary collaborations are
indispensable to obtaining the kind of granular understanding of pop-
ulation segments required by precision medicine, and that this is in turn
increasing the robustness and accuracy of causal inferences from big
data (Barreto & Rodrigues, 2018). This is not solely a matter of data
volume, though the richness and comprehensiveness of the 100 Million
Brazilian cohort certainly plays an important epistemic role. The
emphasis is on how data are managed once they are stored on the
CIDACS servers, including which forms of data governance are used to
10 The security conditions at CIDACS are worthy of a paper in and of them-
selves, given the care and attention devoted by the CIDACS team to ensuring
that no breach of privacy and confidentiality occurs – especially given the
ongoing political tensions in the country as well as the ease with which these
data, given their comprehensiveness, could lead to subject re-identification and
discrimination against communities and minorities. In the words of CIDACS
staff, “the minimal risk is already too high” (pers. comm, 2019). The scrutiny
associated to data access and re-use is therefore extensive and detailed, with
procedures aimed at monitoring the goals, methods, and results of those
authorised to work with the data (Almeida et al., 2018).
11 This approach is common to other epidemiologists and public health re-
searchers involved in the analysis of cohort studies, including for instance the
UK Biobank – a data collection exercise encompassing the longitudinal acqui-
sition of a vast set of biometric measurements and samples (including genetic
data) on half a million UK-based participants since 2006, which has been used
by over twenty thousand researchers to date to perform a variety of studies,
many of which aiming to link the biobank data with other data sources.
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regulate the conditions for data use, including access, visualisation,
analysis and even the goals of research.

There is a strong interest, for instance, in identifying conditions
which may play a causal role in creating or reproducing social in-
equalities, with a view to support specific interventions. For example,
CIDACS researchers have demonstrated how juxtaposition of data
documenting mortality rates by ethnic group with data about the ter-
ritorial distribution of primary healthcare yields strong evidence for the
effectiveness of primary care in offsetting existing racial inequalities in
Brazil (Hone et al., 2017). There is also an interest in increasing the
evidence base – and particularly the scope and size – of such epidemi-
ological investigations by developing new methods to harmonise and
link data from different sources across national borders. An example is a
recent study of mortality registries from seven different countries, to
which CIDACS participated, which mined data pertaining to 1.7 million
individuals to obtain an increased understanding of risk factors
(Stringhini et al., 2017). Last but not least, CIDACS is invested in
increasing confidence in the causal power of data analysis through
ongoing innovation in mathematical modelling tools, whose import and
reliability can be expanded to take advantage of the dramatic growth in
scale and quality of data available as empirical input. Recent work on
the impact of COVID-19 on the population of the Bahia region is a
particularly poignant example of the power and speed of deployment of
such tools, once they are applied to a well-maintained, high quality
dataset (Oliveira et al., 2021).

The ways in which more causal consideration has been given to
environmental factors and data in CIDACS are thus based on the acqui-
sition of observational data on various socio-environmental conditions, a
sustained focus on the quality and multidisciplinary contexts of data
practices, and triangulation with biomedical datasets. This aligns CIDACS
with other approaches in epidemiology and biomedicine, where causal
attribution to social, economic, and environmental factors is considered
more robust when observational evidence is supported by laboratory
studies, clinical trials, meta-analyses, etc. (Clarke et al., 2013). CIDACS
thus exemplifies an additional use of new types of environmental data,
which are integrated with new approaches to re-formulate notions of the
environment. This is particularly evident in the type of causal inference
applied in CIDACS, which resembles ‘multifactorial’ models of causality
that frame disease as resulting from the aggregation of several different
causes instead of focusing on specific causes (Vineis, 2003). These models
have received significant criticism in the philosophical literature: for
instance, according to Alex Broadbent the fact that disease ethology is
traceable to several causal factors (e.g. many socio-environmental factors)
does not mean that epidemiologists should embrace multifactorialism and
abandon the strategy of identifying some causes that have a special status
(Broadbent, 2013, 2015). In contrast with this position, Sean Valles has
argued that multifactorial thinking can be successfully refined and applied
in particular to socio-environmental causes of the incidence of disease in a
given population (Valles, 2021). This is the direction that CIDACS efforts
to triangulate and link environmental data seem to go towards. Rather
than aiming to identify a specific cause or focusing on a factor that needs
special focus, for instance environmental pollution, data integration in
CIDACS has aimed to identify a variety of factors that can, by operating
together, have significant causal effects and may thus serve as special loci
of policy interventions. This parallels Valle's argument for multi-
factorialism and a focus on the intersection of several different causes,
particularly socio-environmental causes. Even in cases where disease has a
central biological cause (for instance viral infection), other factors and
particularly socio-environmental factors crucially influence the develop-
ment of disease (for instance developing symptomatic disease after
infection, (Valles, 2021). In addition, socio-environmental factors can
often lead to multiple disease outcomes, by influencing multiple risk
factors and multiple mechanism (Valles, 2019 Chapter 5). Integrating
diverse sources of data on socio-environmental factors in this direction, as
exemplified by CIDADS, is not necessarily new – multifactorial models
have been very influential in epidemiology over the last century (Vineis,
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2003) – but constitutes an innovative way of implementing this specific
approach to causal inference.12

While causal inference is a clear focus of the project, we must note the
reluctance of CIDADS staff to even use the language of “causality” to
discuss their research. A notable feature of their published work and
group discussions is a preference for terms such as “determinants” over
the term “cause”, which is meant to highlight the uncertain and possibly
contingent nature of the correlations being uncovered, and thus the
fallible nature of any causal generalization derived from data triangula-
tion (pers. comm. 2019). For example, an overview of CIDACS research
contributions presents their work as investigating “the social de-
terminants of health and the effects of social and environmental policies
on different health outcomes” (Barreto et al., 2019).13 In our analysis, we
take on board this carefulness in attributing causal powers to social
factors, which follows on a well-established tradition of epidemiological
thinking. We however see the reference to “determinants of health” as a
clear reference to causal power,14 especially given that researchers
working with CIDACS data typically present their hard-earned insights
on such determinants as ground for policy interventions. What is notable
in CIDACS work is, on the one hand, the willingness to expand the range
of environmental factors considered as potential candidates for causal
attributions (hence our previous point on multifactorial models); and on
the other hand, to strengthen the confidence with which causal attribu-
tions are made in relation to specific determinants and populations. As
CIDACS staff put it, their methodological sophistication, newly devel-
oped software, data richness and emphasis on working across disciplines,
publics, and countries “enable the addition of new exposures or out-
comes, the study of outcomes at different times of exposure, including
over the long term, and the evaluation of various social protection pol-
icies on health outcomes” especially in relation to the poorest pop-
ulations in Brazil (Barreto et al., 2019).

6. How strands intersect: A closer look at links between our case
studies, and their conceptual implications

An obvious question emerging from our analysis is the extent to
which the shifts we identified are compartmentalised and contained
within the specific cases and areas of health research that we have dis-
cussed. Our answer is that, while these shifts are readily apparent in
relation to the examples and domains we identified, they are much
wider-ranging in scope and may be argued to appear within each of our
empirical cases.

As we briefly noted already, the work carried out withinMEDMI bears
some parallels to the case of exposome research with respect to the
reframing of boundaries between external and internal environment. Just
as in the EXPOSOMICS project, the possibility of linking medical, envi-
ronmental, and climate data in MEDMI has enabled a conceptualisation
of disease as involving both internal mechanisms in the interactions
12 Notably, CIDACS staff integrates such studies with a methodological rein-
vention of natural experiments in epidemiology, a fascinating approach which
we cannot however cover within the scope of this paper (Pescarini et al., 2020).
13 A well-known subfield devoted to the analysis of administrative data such as
those stored by CIDACS is “health technology assessment”, which specialises in
data-intensive research towards evaluating the effectiveness and implications of
health-related innovation (Ali et al., 2019). CIDACS staff and users of their data
resources, however, go well beyond this approach, with ongoing projects
spanning several areas of epidemiology and biomedicine, and a strong emphasis
on supporting multidisciplinary and interdisciplinary research teams (Barreto
et al., 2019).
14 We read this as an instance of the understanding of causality as probabilistic
(often interpreted in terms of “difference-making” in philosophical literature
(Hitchcock, 2021)), and particularly the ways in which “difference-making helps
us discriminate the different effects of multiple or complex causal paths”, often
in the absence of a mechanistic understanding for the phenomenon under study
(Illari & Russo, 2014, p. 55).
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between pathogens and hosts and the external environments of the
pathogen and the host. Even more evidently than in exposome research,
what counts as external and internal within data mash-ups ends up
depending on the interests, goals, and level of abstraction of specific
analyses: depending on how much detail is necessary, processes can be
interpreted as internal or external to the interactions under study.15 A
more general consequence of this shift is a reframing of the boundaries
between healthy and diseased individuals. In MEDMI, the linkage and
integration of data has shaped a dynamic understanding of health and
disease, according to which states of health or disease come in degree and
are a function of the changing relations between organisms and their
environments. A similar dynamic understanding of health and disease is
at the basis of the exposome approach, which has been presented as a
“highly variable and dynamic entity that evolves throughout the lifetime
of the individual” since its initial introduction and as a way of charac-
terising the totality of exposure that individuals experience in their life-
course (Wild, 2005, p. 1848). The conceptual basis for these approaches
is clearly connected to increases in the diversity, scales, and scopes of
data sources, which can be used to move away from single measurements
at individual points in a lifetime and towards bio-monitoring that covers
a complete lifetime (potentially).

In addition, this diversification of data sources has led to moves
beyond the dichotomy between externalist or internalist approaches to
the environment in population health. In exposome research, the focus
on the external dimension of exposure has been expanded to include
different types of external environments as well as an internal compo-
nent. In EXPOsOMICS, this was achieved with the inclusion of omics
techniques, data, and analytics to develop exposure profiles at the indi-
vidual level. A similar expansion is at the basis of data mash-ups too,
although in a opposite direction to EXPOsOMICS: in MEDMI, the external
levels of exposure have been studied by combining diverse data relating
(also) to territories, climate, and microbiomes. As we have shown, these
reformulations of the environment are crucially tied to new uses and the
integration of environmental data. In turn, this brings the validity of
these shifts to bear on the robustness of the linkage and integration of
diverse datasets (Leonelli, 2013). While the inclusion of new perspectives
and dynamic understandings beyond dichotomy are promising, we also
find significant limitations tied to data integration. For instance, omics
data are still difficult to integrate with more traditional exposure data
and their use often implies assumptions and values that are not trans-
parent to epidemiologists. This has been an important issue for MEDMI,
where the combination and linkage of large datasets was brought to bear
on a critical approach towards the limitations, scopes, and assumptions
incorporated in the datasets that are being mashed together (Leonelli &
Tempini, 2021). The documentation and discussion of contextual fea-
tures of data has allowed MEDMI researchers to assess correlations and
causal relations between biological, climatic, biomedical, and environ-
mental factors and integrate markedly diverse sources of data. The case
of data mash-ups may thus show a way of dealing with expanding dis-
tinctions between boundaries and environments without blurring sig-
nificant differences in the qualities, limitations, and evidential values of
individual datasets.

Another element that runs across our case studies is causal inference,
which is a crucial concern well beyond the work of CIDACS. For example,
in EXPOsOMICS researchers employed the statistical approach that is
known as the Meet-In-The-Middle approach (MITM) to “investigate the
temporal sequence of exposure, biological pathway perturbation and
disease onset” (Vineis et al., 2017, p. 143). The MITM is based on the use
and identification of biomarkers, i.e. elements of an organism or its
surrounding environment that can be measured and at the same time
used to measure other entities and processes, which in the case of
15 In MEDMI, this interpretation of internal and external dimensions was
closely aligned with an idiographic conceptualisation of locality (Leonelli &
Tempini, 2021).
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exposome research are used to track the development of disease at
different stages (Strimbu & Tavel, 2010). When biomarkers of disease
and biomarkers of exposure are associated, the idea of approaches such
as the MITM is to look for an intermediate biomarker that can connect
exposure and disease (Chadeau-Hyam et al., 2013). In the philosophical
literature, Phyllis Illari and Federica Russo have argued that intermediate
biomarkers lie in the middle of a causal continuum that link exposure to
disease (Illari & Russo, 2016). According to their informational account
of causation, the MITM should be interpreted as a way of moving beyond
correlations and associations and towards identifying whether exposure
caused the disease and through which pathways the effects were pro-
duced (Illari & Russo, 2014). This is one way of attributing causal power
to environmental factors in data-intensive epidemiology, which goes
hand in hand with a more explicit focus on how the environment brings
about effects. These causal attributions can constitute a significant shift
from the traditional epidemiology, where the focus has rather been on
associations and determinants and epidemiologists have been reluctant
to use causal inference vocabulary (Russo, 2009).16 A similar combina-
tion and shift in the approach to causality and the environment is evident
in the case of MEDMI. As we have seen, one of the main benefits of data
mash-ups is the possibility of integrating data that were not brought
together before, with the goal of exploring correlations and causal links
between environmental, biological, and medical factors. In this direction,
the employment of data-mash-ups is an attempt to develop a compre-
hensive analysis that can capture the development of disease through
possible causal links between human health and the environment.
Similarly, the approach to integration of CIDACS exemplifies efforts to go
beyond the study of variations and correlations and improve our un-
derstanding of the socio-economic factors that determine health and
disease in populations.

In all our three cases, we thus see a shift towards a more direct focus
on causal inference and the causal connections between the environment
and health, as a result of new sources and integrations of data and for-
mulations of notions of the environment. Still, the extent to which
environmental factors are interpreted in causal terms remains a challenge
for all of our case studies. For instance, EXPOsOMICS researchers insisted
that the MITM approach is a statistical method that can be causally
interpreted but is primarily aimed at validating statistical associations,
rather than detecting causality – as a result, omics techniques were only
rarely used to detect mechanisms and pathways of disease development
(Canali, 2019). Similarly and even more strikingly, given their invest-
ment on providing evidence for policy, we discussed how some of the
more methodological publications by CIDACS researchers avoid the
language of causality altogether and highlight how problems with the
very structure and management of data linkage can affect the robustness
of the analysis, and yet remain hard to avoid (in their words: “the dy-
namic, error-prone and incomplete nature of administrative data makes a
certain level of linkage error inevitable, and this is compounded when
data are required to be anonymised before linkage” (Harron et al., 2017,
p. 5)).

Another worry related to causality is the extensive use of genomic
platforms in the study of population health. The new opportunities to
study and document physiological shifts at the molecular level are
arguably fostering a “molecularization” of epidemiology, where the focus
16 As suggested by an anonymous reviewer, traditional notions of cause involve
an ordered series of relationships between boundaries, such as between inside
and outside. The reframing of boundaries and particularly boundaries between
inside and outside in exposome research, combined with approaches such as the
MITM, can go beyond these notions of cause. This is the direction presented by
(Illari & Russo, 2016), with their informational view of causality as flowing
throughout the series of relationships between boundaries. This is a promising
and innovative direction for causal inference in the health sciences, but we cast
doubt on the extent to which it has been adapted in research practice and is
actually supported by new data sources.
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is increasingly on microscopic pollutants and toxicants produced by
environmental exposure and detected in the internal, chemical envi-
ronment. This can have the effect of prioritising the study of only those
environmental stressors that affect molecular processes, which is
particularly problematic given the significance of social determinants
that might be difficult to study at the molecular level (Shostak &
Moinester, 2015; Valles, 2019; Ghiara & Russo, 2019). We see the
attribution of causal power to a broader range of environmental factors in
our cases as a step in the direction of more dynamic views of the envi-
ronment and focus on processes and interventions at the broader social
level. But this is only possible when molecular studies are conducted in
combination with environmental and climate research, such as informing
data mash-ups like MEDMI, as well as public health research, such as
expansive administrative data linkage like CIDACS. The importance of
expanding and diversifying both data sources and relevant methods of
analysis is ever more evident given the continuing risk that the wide
availability and high evidential status attributed to genomic data and
related analytics fosters a renewed, data-related version of biological
reductionism.

7. Conclusions

How is the use of data-intensive methods and environmental data
shaping the health sciences and the study of environmental health im-
pacts therein? We have identified three major shifts and argued that
current strategies for the integration of environmental data in epidemi-
ology are yielding new approaches to the conceptual and material
boundaries between environments, methods for the study of environ-
mental exposure, and attributions and modes of causal inference. The use
of genomic and climatic data in the study of the exposome is connected to
a revised view of the relation between external and internal exposure, as
exemplified by EXPOsOMICS, and of the boundaries between external
and internal environments. Shifts in the conceptualisation of the envi-
ronment do not concern biological approaches to health only, but also
studies of the relation between human health and climate – such as in
MEDMI, where the integration and linkage between new sources of data
has yielded to a framing of environmental exposure to include internal
and individual processes as well. The collection, computational analysis,
and integration of digitalised socio-economic data with climatic and
health data in projects such as CIDACS are expanding the range of social
and environmental factors considered as potential causes, and thereby
shifting epidemiological attention towards innovative analyses of com-
plex phenomena such as poverty and disease transmission.

We have framed this article as a contribution to the study of the
epistemic role of data in scientific research (Leonelli, 2016). Focusing on
the interconnections between changes at the level of sources of data and
shifts at the conceptual and methodological level, our analysis yields a
picture where conceptual framings often need to be updated vis-�a-vis the
availability of new data – yet it is typically the alignment of data with
other material and conceptual components of existing research reper-
toires that yields change (Ankeny & Leonelli, 2016). The conceptual
expansions of exposure that we have identified in data mash-up studies
and exposome research are connected to the expansion in data sources
and techniques to link and analyse them. Yet these re-framing of envi-
ronmental exposure are not solely a result of evidential strategies
employed to integrate traditional and new sources of environmental
data. Just as crucial has been the work employed by research consortia
such as MEDMI to foster and facilitate interdisciplinary dialogue and the
forging of new conceptual frameworks within which researchers in
public health, biomedicine, climate science, data science and environ-
mental science could exchange insights and expertise. For example, in the
exposome context the notion of ‘internal exposure’ has originally been
transferred from biomarkers research, where it is used with reference to
the concentration of external chemicals in tissues. Moving this notion
into epidemiology and using it to characterise omics data has required
considerable conceptual and organisational labour, including an
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expansion of the original interpretation of the notion in biomarkers
research (Canali, 2020a). One of the upshots of our analysis is thus the
role of data as an ‘asset’ that can create interdisciplinary and dialogue,
which in the cases we have discussed has often led to a contextual and
situated approach to data linkage. But these are not automatic results of
the integration of diverse datasets: as new notions of health and trends in
the context bring in different approaches and try to integrate different
disciplinary perspectives, we need to pay attention to the types of data
that are prioritised by different notions and how we can foster more
transdisciplinary dialogue therein.

We have also framed our focus on the notion of the environment in
epidemiology as a contribution to the literature on health in genomics and
postgenomics: our analysis shows that the notion of environment in
epidemiology is changing, and this matters for public health and public
policy. Hence this paper points towards new questions around the role that
boundaries play in approaches to the environment from a research and
policy standpoint. The classic idea of the milieu int�erieur, developed by
French physiologist Claude Bernard, was based on the view that various
mechanisms maintain boundaries between the body and the environment
and regulate the state of body in an equilibrium with external changes.
This notion of boundary is still influential in the health sciences and
epidemiology (Vineis, 2003), as exemplified by current attempts to label,
annotate, and specify environmental data in the Environment Ontology,
where the environment is defined as a “certain sort of systemwhich has the
disposition to environ” (Buttigieg et al., 2013, p. 2). Similarly, environ-
mental and health policy are still largely separate areas of intervention and
policy-making often presupposes the existence of boundaries between in-
dividuals and the environment (Cousins et al., 2021). The rise of new
framings and flexible uses of boundaries between environments do not
mean that tensions between the focus on populations and individuals are
settled, nor that reductionistic approaches cannot be reintroduced with the
use of new types of data. Studying data practices can offer insight on these
issues, especially as the biomedical context is filled with promises of new
'revolutions’ thanks to the collection and integration of new types of data
(Leonelli, 2021; Prainsack, 2020).

Our findings point to a dramatic shift in the scope of public health
recommendations in the future and a much tighter link between health-
related policies and policies on climate change. With the increasing
relevance of wide-ranging environmental data to population health and
shifts in what are considered to be exposure and relevant causes, the
role given to the environment in a data-intensive context has become
more prominent. While the study of population health is environmental
in the sense that epidemiologists study the influence and effects of ac-
tions and processes of the environment on populations, this has rarely
rendered the role of the environment in dynamic terms. Still, while
epidemiologists have started to show the relevance of their work with
actions aimed at changing the environment, public health priorities
remain focused on changes at the individual and behavioural level,
rather than actions at the level of the context and environment that
surrounds populations (Reis et al., 2015). The distance we have iden-
tified as a starting point of our analysis, between epidemiology and
environmental health, only grows larger when socio-economic factors
are taken into account: both epidemiology and environmental science
have traditionally neglected the causal influence of socio-economic
factors on health, and these translate to conceptual, epistemological,
and methodological difficulties at integrating and coordinating
research on these issues (Valles, 2019; Lohse & Canali, 2021). New
approaches to boundaries between internal and external environments,
health and disease, social and biological, such as the ones we discussed,
can help identify and work through this distance and understand the
role played by data to this end.

Author contribution

Conceptualisation, SC, SL. Methodology SC, SL, Software Not appli-
cable, Validation Not applicable, Formal analysis Not applicable,
212
Investigation SC, SL, Resources SC, SL, Data Curation Not applicable,
Writing - Original Draft SC, SL, Writing - Review & Editing SC, SL,
Visualization Not applicable, Supervision SC, Project administration SC,
Funding acquisition SC, SL, Reframing the Environment in Data-Intensive
Health Sciences.

Acknowledgements

Many thanks to Jan Baedke and Tatjana Buklijas as special issue ed-
itors and two anonymous reviewers for their very helpful feedback on our
work in the paper. SC wishes to thank Federica Russo, Saana Jukola,
Virginia Ghiara and Thomas Reydon for several related discussions on
the exposome, epidemiology and philosophy of medicine. SC also thanks
the generous hospitality of Paolo Vineis and the EXPOsOMICS project at
Imperial College London in 2017, where most of the empirical materials
were collected. SC's research was funded by the Deutsche For-
schungsgemeinschaft– Project 254954344/GRK2073, as part of the
graduate research group “Integrating Ethics and Epistemology of Scien-
tific Research” (https://grk2073.org) that was of crucial support during
the PhD research at the basis of this work. SL thanks Lora Fleming,
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