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Abstract

Agricultural and environmental decision-making are increasingly driven by information
derived from data-rich digital sources. Biophysical models can help to interpret the growing
amount of data and to manage associated uncertainties, but they cannot address all and might
even introduce new uncertainties. Discourses concerning modelling therefore feature a range
of uncertainties that promote a plethora of meanings, particularly once models are used to
support decision or policy-making. Communication in these contexts can remain vague unless
these diverse meanings are understood. Drawing on interdisciplinary agricultural research, we
propose a framework that distinguishes between the direct uncertainty associated with a
specific biophysical model itself, indirect uncertainties that concern underlying knowledge or
users’ trust, and contextual uncertainties that emerge from the wider setting within which
models are embedded. We also draw attention to the processes of data generation and model
building themselves. Framing uncertainty in this way is useful for several reasons. First, it helps
to identify different types of modelling uncertainties. This, secondly, allows interdisciplinary
research teams to delineate work areas and establish productive collaboration. Third, the
framework might help facilitate meaningful developer-user dialogue around models’ strengths
and limitations, which is crucial for expectation management and model improvement. Fourth,
this understanding can support decision-making in contexts where a lot of information and
uncertainty emerge from data-rich, digital sources.

Introduction

Decision making in farming operations and the environmental regulation of agricultural
systems are increasingly dependent on information derived from digital data that is generated
by smart sensors (animal, ground, aircraft or satellite mounted), Internet-of-Things devices or
cloud computing. Digitalisation provides a growing volume of increasingly real-time big data
to smart farming operations, consumers and others along the supply chain (Smith 2020; Wolfert
et al. 2017). Ecological and biophysical agricultural models—colloquially known as crop or
process simulation models—can help to interpret the growing amount of data, as well as support
agricultural decision-making and environmental regulation (Meenken et al., this volume;
Schmolke et al. 2010; Schuhwirth et al. 2019). While models may reduce some of the
uncertainties associated with complex decision-making, they cannot address others and might
even introduce new uncertainties. Modellers and users make frequent reference to uncertainties,
but it is often unclear which specific aspects of a model are discussed or whether they even



concern the model itself. As a result, discourses around modelling uncertainty can feature a
wide range of different uncertainties and promote a plethora of meanings (e.g. PCE 2018).
Communication within decision-making processes can therefore remain ambiguous and
potentially ineffective unless these diverse meanings are understood and appreciated by all
parties. Drawing on interdisciplinary research across various agricultural projects around
improved sensor measurements and crop modelling, we propose a conceptual framework to
understand modelling uncertainties more holistically. This is a critical first step towards
facilitating meaningful communication around models’ merits and limitations within decision-
making processes.

While a large body of scholarship exists around multi-, inter- and transdisciplinary research,
those terms are often used interchangeably. Their practical application can thus lack clear
principles, methods and overarching strategy. Following Lawrence (2010), we regard
interdisciplinarity as the collaboration and cooperation of scientists from different disciplines
who contribute their specific competence to address common research questions and achieve
shared results. Establishing such a research environment is the foundation for transdisciplinary
approaches that go beyond cooperation. Such approaches generally accept the non-linearity and
open-endedness of scientific research and knowledge production. This, in turn, prompts
reflexivity, inter-subjectivity, and a shared appreciation for the complex entanglements of
social, organisational, and biophysical contexts (Barry & Born 2013; Lawrence 2010).

We begin by briefly outlining a social scientific perspective that stresses a relational
understanding of modelling uncertainties. This outline is intended to be complementary to those
presented across the Uncertainty in Measurement and Modelling session of this conference,
which features various disciplinary approaches from the social, applied and natural sciences.
Taken together, these papers demonstrate the range of different uncertainties—and unknowns
generally—that should be considered in relation to digital data-rich environments and
biophysical agricultural models. We then introduce a conceptual working framework to capture
this variety and describe its key tenets, which is based on a distinction between direct, indirect
and contextual uncertainties. The concluding remarks include critical reflections on the
practical advantages of our conceptual framing for establishing an interdisciplinary research
programme and how these insights might be applicable more broadly to support decision-
making in contexts where a lot of information and uncertainty emerge from data-rich digital
sources.

Uncertainty: A relational view from the social sciences

Nearly all academic disciplines have something to say about uncertainty, making it a ubiquitous
and elusive notion that can evoke diverse meanings and responses (Smithson, 2008). An initial
understanding of uncertainty as lacking complete knowledge seems plausible but does not allow
differentiating it from associated terms, such as risk or ignorance, and to unpack some of its
inherent complexities. This semantic ambiguity—itself linguistic uncertainty (Carey &
Burgman 2008)—can be problematic, particularly when crucial agricultural management or
policy decisions are based on uncertain information. It is therefore important to clarify what is
meant by uncertainty and how it pertains to biophysical modelling.

To begin with, it is insightful to reflect on what constitutes knowing and not-knowing generally.
Knowledge is a sociocultural phenomenon that involves sociality and intersubjectivity. This
means that it depends on knowing individuals who are suspended in social relationships and
culturally shared webs of meaning (Geertz 1973; Knoblauch 2005). Knowledge is a form of
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meaning that can be shared with others within those webs. Knowing is thus not the mere
possession of externalisable information but a form of cognitive doing by socially situated
agents—knowledge must be known. For an individual, knowledge forms part of her ‘capacity
to act’ upon and engage with the biophysical and social world (Barth 2002; Stehr 2001).

This perspective equally applies to not-knowing, which shows that it is not merely an absence
of sufficient information. Instead, social scholars have stressed the positivity of not-knowing
and demonstrated that it equally “provides the grounds for action, thought and the production
of social relations” (Kirsch & Dilley 2015: 21). Between the extremes of ‘unknown unknowns’
and widely accepted knowledge, stretches a wide middle ground spectrum that includes known
or suspected unknowns, not-yet-knowns and desired unknowns.! Not-knowing is thus not
necessarily a negative or undesirable absence of information (Smithson 2008; Wilson et al.
2005). For example, partial knowledge is usually a key impetus for scientific research, while
uncertainty can fulfil various positive social functions from allowing for creativity to generating
excitement over the outcome of sporting events.

Seen through a relational lens, it is therefore necessary to consider unknowns together with
what is (claimed to be) known. The resulting epistemic complexities require clear terminologies
of specific unknowns, as, for instance, shown in the taxonomy presented in Figure 1 (see also
Wheeler et al., this volume):

Ignorance
[ I

Error Irrelevance
| | !
Untopicality Taboo Undecidability

I I
Distortion Incompleteness
[ | I : |
Confusion Inaccuracy Uncertainty Absence
| i |
Vagueness Probability = Ambiguity
I
| |
Fuzziness Nonspecificity

Figure 1 Taxonomy of Ignorance (source: Smithson 1989: 9)

Notwithstanding that Smithson’s taxonomy and its applicability to agricultural or
environmental decision-making require critical evaluation—which is beyond the intended
scope—, it highlights, firstly, that uncertainty is but one manifestation of unknowns. Secondly,
his taxonomy indicates that uncertainty itself can be internally differentiated.

One example is the relationship between the often-synonymised notions of uncertainty and risk.
The economist Frank Knight (1921: 19-20, original emphasis) emphasised that uncertainty is
non-quantifiable and “radically distinct” from risk, which is “a quantity susceptible of

1 Wehling (2006: 116-149) examines three interconnected dimensions for characterising unknowns: the level of
knowledge about unknowns; the intentionality of not-knowing; and the temporal stability of unknowns (see also
Espig 2018: 33-39).



measurement ... a measurable uncertainty”. Brian Wynne (1992) takes this distinction further
and differentiates between four unknowns in policy contexts:

« risk: a system’s behaviour and the odds of different outcomes are well-known and
quantifiable

« uncertainty: only general system parameters but not their probability distributions are
known

. ignorance: ‘we don’t know what we don’t know’; policy decisions might be made
without any knowledge about, e.g., unintended consequences

. indeterminacy: the contingencies associated with human behaviour; policy contexts are
often characterised by a “real open-endedness in the sense that outcomes depend on how
immediate actors will behave” (ibid.: 117).

We would argue that some uncertainties are quantifiable and that probability distributions
around uncertain aspects can be known. Risks are therefore not the only type of quantifiable
unknowns, nor are all risks quantifiable. Nonetheless, both Knight’s and Wynne’s distinctions
point towards crucial questions around modelling uncertainty. Perhaps most importantly, it
should be stressed that knowledge of unknowns, including uncertainty and risk, is conditional
and context-specific; almost certain outcomes and risks in one setting may be more uncertain
in another due to altered parameters, and may depend upon assumptions about human or animal
behaviour.

Understood through this relational lens, “[u]ncertainty refers to the situation in which there is
not a unique and complete understanding of the system to be managed” (Brugnach et al. 2008:
4). By highlighting uncertainty’s equivocality, Brugnach et al. argue that in addition to
ontological uncertainty (e.g. unpredictability or randomness) and epistemic uncertainty (e.g.
lack of settled knowledge), a third kind of uncertainty exists, namely ambiguity that emerges
from the multiple knowledge frames through which uncertainty can gain meaning.?
Uncertainties are therefore socially co-constructed in tandem with biophysical aspects.
Combining symbolic and material insights in this way shows that “uncertainty cannot be
understood in isolation but only in the context of the socio-technical-environmental system in
which it is identified” (Brugnach et al. 2008: 11-12).

These insights inform discussions around uncertainties associated with measurements and
biophysical agricultural models (see Meenken et al. and Sharifi et al., this volume). Adding
sociocultural insights to these perspectives becomes particularly important once data generation
and modelling are considered in the context of decision and policy-making. It is crucial to
understand modelling uncertainties holistically in order to prevent challenges regarding
models’ legitimacy in these processes and any legal implications, as has been shown in the
context of New Zealand’s environmental regulation (Guillaume et al. 2012; Ozkundakci et al.
2018; PCE 2018; Schmolke et al. 2010). It is subsequently also necessary to frame and
communicate those understandings effectively (Doyle et al. 2019; Guillaume et al. 2018; van
der Bles et al. 2019).

To summarise, we propound that a relational perspective is essential for grasping the
sociocultural dimensions of uncertainty generally and as those pertain to measurement and
modelling in particular. This means, firstly, that uncertainty is but one manifestation of the
interplay between knowing and not-knowing. As such, it should be clearly distinguished from

2 On the notions of ontological, aleatory and epistemic uncertainty see also the other papers in this session.



closely related notions and differentiated internally. Second, uncertainty is also relational in
that it can be subject to multiple epistemic frames, which might lead to ambiguity and different
underlying understandings of uncertainty. Third, we consider uncertainties as relational in that
they depend on the contextual relationships of socio-technical-environmental systems, which
highlights that social and biophysical contexts matter.

A conceptual framework for uncertainties in and around modelling

It is, prima facie, difficult to determine if and how the diverse facets of measurement and
modelling uncertainty, which are described across the papers in this panel, might be relatable
within a systematic approach. Helpful typology matrices and classification systems have been
proposed (e.g. Walker et al. 2003; for a systematic review see Doyle et al. 2019), but these are
either less applicable in the initial stages of interdisciplinary research due to their specificity,
which requires existing shared epistemic frames, or they do not fully account for the contextual
relationships of socio-technical-environmental systems we described. To address these
challenges, we developed a simple conceptual framework of different meta-categories of
uncertainties in and around modelling that is intended as an initial starting point for
interdisciplinary projects and a holistic understanding of modelling uncertainties.

Our conceptual distinctions build on van der Bles et al. (2019) who suggest two different levels
of uncertainty. They distinguish between uncertainty directly about epistemic ‘objects’ and
more indirect ‘meta-uncertainty’ about the underlying evidence for their assessment (ibid.: 7):

Direct uncertainty about the fact, number or scientific hypothesis. This can be
communicated either in absolute quantitative terms, say a probability distribution or
confidence interval, or expressed relative to alternatives, such as likelihood ratios, or
given an approximate quantitative form, verbal summary and so on.

Indirect uncertainty in terms of the quality of the underlying knowledge that forms a basis
for any claims about the fact, number or hypothesis. This will generally be communicated
as a list of caveats about the underlying sources of evidence, possibly amalgamated into
a qualitative or ordered categorical scale.

Van der Bles et al. (2019: 8) provide an analogy to illustrate the direct-indirect distinction,
drawing on the archetypical components of a legal case that seeks to determine a suspect’s guilt.
Imagine a court room where a forensic expert provides evidence in a criminal case. Direct
uncertainty would refer to the given evidence regarding the suspect’s guilt, while indirect
uncertainty concerns the credibility of the forensic expert’s testimony.

Van der Bles et al. primarily examine the communication of direct uncertainty. Understanding
those uncertainties in the first place does, however, require insights into how and why a specific
model was produced as support for a decision or policy-making process (Guillaume et al. 2012,
2016; Schuwirth et al. 2019). The direct uncertainties that are introduced ‘indirectly’ during
data generation, model selection and model building therefore should be critically evaluated.
We further believe that the direct-indirect distinction can be expanded.

To do so, we integrate social insights into an understanding of indirect uncertainty. This entails
considering actors and their relationships, which implies not only a concern with underlying
knowledge per se but also those claiming to hold and negotiating that knowledge. Within the
context of agricultural or environmental decision-making, for example, fully assessing specific
facts or numbers and the quality of underlying (scientific) knowledge upon which these are



based might only be feasible for expert practitioners or researchers. It is therefore reasonable
for non-experts to assess the direct and indirect modelling uncertainties by assessing the
qualifications, motives or trustworthiness of those making claims about knowledge or
uncertainty—an assessment ‘by proxy’. This is an additional facet of indirect uncertainty.

Second, we build on the outlined perspective that uncertainties are at least partially conditional,
context-specific and potentially subject to multiple epistemic frames. We thus propose a
complimentary third level of uncertainty:

Contextual uncertainty about the wider setting of the production and application of facts,
numbers or scientific hypotheses. It can be expressed qualitatively in a similar vein to
indirect uncertainty but relates more to the background conditions within which facts,
number or scientific hypotheses are produced and become embedded in once they are
utilised for decision or policy-making.

Comparable to Benessia and De Marchi’s (2017) notion of ‘situational uncertainty’, we
employ the concept of contextual uncertainty to stress that in most applied settings
multidimensional uncertainties exist that cannot be reduced to scientific factors but also
spring from legal, moral, societal, institutional and proprietary aspects associated with
decision-making. Using the legal analogy, an observer may trust a forensic expert’s ability
and presented evidence yet still be uncertain about how judges will incorporate this
testimony or whether a court is under political pressure to deliver a certain verdict. This
analogy is readily applicable to agricultural and environmental decision-making if one
considers, for example, regulatory debates around simulated off-farm nitrate leaching, the
capabilities of employed models and modellers, as well as stakeholders’ potentially
conflicting political, commercial or individual interests.

This view problematises a reduction of complex sociocultural phenomena solely into
scientific conceptions (Espig & de Rijke 2016: 84). However, scientific insights are of course
indispensable components of informed decision-making. We therefore examine contextual
factors in tandem with direct and indirect uncertainties, which avoids a misleading
bifurcation of modelling uncertainty into scientific and non-scientific aspects. This includes
an appreciation for the fact that various scientific and non-scientific factors are usually
interlinked in actual settings and should thus be analysed holistically. To highlight the
interconnectedness between different quantitative and qualitative modelling uncertainties,
we proposed a triangular visual representation that positions direct uncertainty in the top
third of the triangle, including the processes of data generation, model selection and model
building. Indirect and contextual uncertainty form the middle and bottom third, respectively.
From all three levels, information and uncertainties cascade through to the bottom of the
triangle where eventually decisions are made within a given contexts (see Figure 2).

While cascading representations of widening uncertainties are not new (e.g. Maslin 2013;
Wilby & Dessai 2010), we found a triangular depiction to be effective in communicating within
the interdisciplinary team and with external partners. The same outcome may be achieved by
visualising different levels of modelling uncertainty as concentric circles, with direct
uncertainty at the centre and indirect and contextual uncertainty wrapped around it.



Direct uncertainty
(model itself)

(around model) /

Data generation

Modelling

Indirect uncertainty /

Output

Information
and

Contextual |
uncertainty /

Information

uncertainty

Information
and

. Y. uncertainty

(setting) /
/ and

/ uncertainty

|_ Decision-making |

Figure 2 A conceptual framework that describes the interconnection of modelling uncertainties (source: authors)

Three caveats are worth mentioning. First, going visually wider top-to-bottom does not
necessarily imply quantitative or qualitative increases of uncertainty but a widening of aspects
to consider. We thus caution against the notion that modelling outputs become ‘more’ uncertain
because of their incorporation into decision and policy-making contexts. It is therefore
important to equally consider direct, indirect and contextual uncertainties. Second, most
modelling practices and the use of modelled information do not progress linearly through
separate stages, but usually involve iterative steps and, ideally, feedback loops between data
generation, modelling, and application. A cascading representation does therefore not imply a
unidirectional diffusion of modelled information, which might be a slippery slope leading to
simplistic public deficit of scientific information models. Third, highlighting the meta-level
locations and sources of potential modelling uncertainties is only a first step. One needs to
subsequently unpack specific types, levels and characteristics of different uncertainties (e.g.
Walker et al. 2003), as well as examine more closely the interconnected processes from data
generation to the application of modelled information in decision-making

Critical reflections and concluding remarks

The primary purpose of co-developing this framework was to establish the foundations for
interdisciplinary research, initially within our AgResearch team but with the potential to
incorporate external partners and stakeholders in order to move towards transdisciplinary
research. Interdisciplinary approaches are now a well-established response to the realisation of
the ecological, social and technical complexities of problem-oriented environmental research.
Another factors that prompts increasing calls for interdisciplinarity is a changing and
continuously evolving relationship between science and wider society, with issues of
accountability of growing importance (see Barry & Born 2013). Like many research
organisations, we therefore strive for responsible research and innovation that corresponds to
concerns from agricultural stakeholders and the wider New Zealand public (Eastwood et al.



2019; Owen et al. 2013). However, actually facilitating auspicious interdisciplinary research
can be challenging.

Gabriele Bammer’s work on Integration and Implementation Sciences (12S) is insightful
(Bammer 2013). She outlines crucial core principles that are a prerequisite for interdisciplinary
research and describes a number of specific methods to guide such projects. Apart from
dialogue and common metric-based methods, Bammer highlights model-based methods as one
way to establish commonly shared goals and objects of study. In this sense, a model can be “a
device which provides a focal point for discussion and action between people representing
different disciplinary perspectives and different types of practical experience relevant to the
issue under consideration. It provides a way of organizing different pieces of information”
(Bammer 2008: 34). It is the notion of synthesising multiple epistemic frames and bodies of
expertise that concerned our research.

A lack of shared uncertainty definitions and categories initially constituted a major challenge
for our team. Our conceptual framework helped to clarify some of this confusion, ordered the
mosaic of different perspectives, and, thereby, formed the basis for more meaningful dialogue
and system-based thinking across team members. In this sense, the meta-categories we
developed are one example of a model-based method for synthesising multiple epistemic
frames into an interdisciplinary approach that has more explanatory potential than discipline-
specific insights by themselves. The framework functions as a ‘boundary object’ that is flexible
enough to equally incorporate individual team member’s disciplinary expertise, while still
being robust enough to create a common understanding (Star & Griesemer 1989). Co-developed
conceptual frameworks, visual models or discursive devices are thus indispensable for initiating
effective interdisciplinary research and we propose that our conceptualisations around
measurement and modelling uncertainties can be utilised in this way.

To summarise and reflect on key findings, we argued that, firstly, our framework helps to
identify different meta-categories of modelling uncertainties. This, secondly, allows
interdisciplinary research teams to delineate work areas and establish productive collaboration.
Third, while we had initial correspondence with external research partners, a next step will be
to determine whether our framework is also helpful in establishing auspicious inter-institutional
collaboration and transdisciplinary research. We further aim to test if it can serve as a
foundation for more effective communication of modelling uncertainties among agricultural
stakeholders, modellers and policymakers, which is crucial for expectation management and
model improvement. Lastly, recent research has demonstrated that the framing and
communication of uncertainty is crucial for robust individual and collective decision-making
(Doyle et al. 2019; Guillaume et al. 2018). Our framework might serve as a first point of
reference to realise this goal and, in turn, support decision-making in contexts where a lot of
information and uncertainty emerge from data-rich, digital sources.

Acknowledgements

This research is part of AgResearch’s New Zealand Bioeconomy in the Digital Age (NZBIDA)
platform, funded by the New Zealand Ministry of Business, Innovation & Employment.

References

Bammer, G. (2013) Disciplining interdisciplinarity: integration and implementation sciences
for researching complex real-world problems. Canberra: ANU E Press.



(2008) “Adopting Orphans: Uncertainty and Other Neglected Aspects of Complex
Problems.” in Bammer, G. & Smithson, M. (eds.) Uncertainty & Risk: Multidisciplinary
Perspectives. London & Sterling: Earthscan.

Barry, A. & Born, G. (2013) “Interdisciplinarity: Reconfigurations of the social and natural
sciences.” in Barry, A. & Born, G. (eds.) Interdisciplinarity: Reconfigurations of the social
and natural sciences. London & New York: Routledge.

Barth, F. (2002) "An Anthropology of Knowledge." Current Anthropology, 43(1): 1-18.
http://dx.doi.org/10.1086/324131

Benessia, A. & De Marchi, B. (2017) “When the earth shakes ... and science with it. The
management and communication of uncertainty in the L’ Aquila earthquake.” Futures, 91:
35-45. https://doi.org/10.1016/j.futures.2016.11.011

Brugnach, M., Dewulf, A., Pahl-Wostl, C. & Taillieu, T. (2008) “Toward a Relational
Concept of Uncertainty: about Knowing Too Little, Knowing Too Differently, and
Accepting Not to Know.” Ecology and Society, 13(2): Art. 30.
http://www.ecologyandsociety.org/vol13/iss2/art30/

Carey, J.M. & Burgman, M.A. (2008) “Linguistic Uncertainty in Qualitative Risk Analysis
and How to Minimize It.” Annals of the New York Academy of Sciences, 1128: 13-17.
https://doi.org/10.1196/annals.1399.003

Doyle, E.E.H., Johnston, D.M., Smith, R. & Paton, D. (2019) “Communicating model
uncertainty for natural hazards: A qualitative systematic thematic review.” International
Journal of Disaster Risk Reduction, 33: 449-476.
https://doi.org/10.1016/j.ijdrr.2018.10.023

Espig, M. (2018) Getting the science right: Queensland's coal seam gas development and the
engagement with knowledge, uncertainty and environmental risks. Doctoral thesis
submitted to the University of Queensland, School of Social Science.
https://doi.org/10.14264/uql.2018.345

Espig, M. & de Rijke, K. (2016) “Unconventional gas developments and the politics of risk
and knowledge in Australia.” Energy Research & Social Science, 20: 82-90.
https://doi.org/10.1016/j.erss.2016.06.001

Eastwood, C., Klerkx, L., Ayre, M. & Dela Rue, B. (2019) “Managing Socio-Ethical
Challenges in the Development of Smart Farming: From a Fragmented to a Comprehensive
Approach for Responsible Research and Innovation.” Journal of Agricultural and
Environmental Ethics, 32: 741-768. https://doi.org/10.1007/s10806-017-9704-5

Geertz, C. (1973) The Interpretation of Cultures: Selected Essays. New York: Basic Books.

Guillaume, J.H.A., Helgeson, C., Elsawah, S., Jakeman, A.J. & Kummu, M. (2018) “Toward
best practice framing of uncertainty in scientific publications: A review of Water
Resources Research abstracts.” Water Resources Research, 53(8): 6744-6762.
https://doi.org/10.1002/2017WR020609

Guillaume, J.H.A., Hunt, R.J., Comunian, A., Blakers, R.S. & Fu, B. (2016) “Methods for
Exploring Uncertainty in Groundwater Management Predictions.” in Jakeman, A.J.,
Barreteau, O., Hunt, R.J., Rinaudo J-D. & Ross, A. (eds.) Integrated Groundwater
Management: Concepts, Approaches and Challenges. New York: Springer Open.

Guillaume, J.H.A., Qureshi, M.E. & Jakeman, A.J. (2012) “A structured analysis of
uncertainty surrounding modeled impacts of groundwater-extraction rules.”
Hydrogeological Journal, 20(5): 915-932. https://doi.org/10.1007/s10040-012-0864-0

Kirsch, T.G. & Dilley, R. (2015) “Regimes of Ignorance: An Introduction.” in Dilley, R. &
Kirsch, T.G. (eds.) Regimes of Ignorance: Anthropological Perspectives on the Production
and Reproduction of Non-Knowledge. New York & Oxford: Berghahn Books.

Knight, F.H. (1921) Risk, Uncertainty and Profit. Boston & New York: Houghton Mifflin
Company.


http://dx.doi.org/10.1086/324131
https://doi.org/10.1016/j.futures.2016.11.011
http://www.ecologyandsociety.org/vol13/iss2/art30/
https://doi.org/10.1196/annals.1399.003
https://doi.org/10.1016/j.ijdrr.2018.10.023
https://doi.org/10.14264/uql.2018.345
https://doi.org/10.1016/j.erss.2016.06.001
https://doi.org/10.1007/s10806-017-9704-5
https://doi.org/10.1002/2017WR020609
https://doi.org/10.1007/s10040-012-0864-0

Knoblauch, H. (2005) Wissenssoziologie. Konstanz: UVK Verlagsgesellschaft mbH.

Lawrence, R.J. (2010) “Deciphering Interdisciplinary and Transdisciplinary Contributions.”
Transdisciplinary Journal of Engineering & Science, 1(1): 125-130.
https://doi.org/10.22545/2010/0003

Maslin, M. (2013) “Cascading uncertainty in climate change models and its implications for
policy.” The Geographical Journal, 179(3): 264-271. https://doi.org/10.1111/].1475-
4959.2012.00494.x

Ozkundakci, D., Wallace, P., Jones, H.F.E., Hunt, S. & Giles, H. (2018) “Building a reliable
evidence base: Legal challenges in environmental decision-making call for a more rigorous
adoption of best practices in environmental modelling.” Environmental Science and Policy,
88: 52—62. https://doi.org/10.1016/j.envsci.2018.06.018

Parliamentary Commissioner for the Environment (PCE) (2018) Overseer and regulatory
oversight: Models, uncertainty and cleaning up our waterways. Report December 2018.
https://www.pce.parliament.nz/media/196493/overseer-and-regulatory-oversight-final-
report-web.pdf

Schmolke, A., Thorbek, P. DeAngelis, D.L. & Grimm, V. (2010) “Ecological models
supporting environmental decision making: a strategy for the future.” Trends in Ecology &
Evolution, 25(8): 479-486. https://doi.org/10.1016/j.tree.2010.05.001

Schuwirth, N., Borgwardt, F., Domisch, S., Friedrichs, M., Kattwinkel, M., Kneis, D.,
Kuemmerlen, M., Langhans, S.D., Martinez-Lopez, J. & Vermeiren, P. (2019) “How to
make ecological models useful for environmental management.” Ecological Modelling,
411: 108784. https://doi.org/10.1016/j.ecolmodel.2019.108784

Smith, M.J. (2020) “Getting value from artificial intelligence in agriculture.” Animal
Production Science, 60: 46-54. https://doi.org/10.1071/AN18522

Smithson, M. (2008) “The Many Faces and Masks of Uncertainty.” in Bammer, G. &
Smithson, M. (eds.) Uncertainty & Risk: Multidisciplinary Perspectives. London &
Sterling: Earthscan.

(1989) Ignorance and Uncertainty: Emerging Paradigms. New York: Springer-
Verlag.

Star, S.L. & Griesemer, J.R. (1989) “Institutional Ecology, '"Translations' and Boundary
Objects: Amateurs and Professionals in Berkeley's Museum of Vertebrate Zoology, 1907-
39.” Social Studies of Science, 19(3): 387-420.
https://doi.org/10.1177/030631289019003001

Stehr, N. (2001) The Fragility of Modern Societies: Knowledge and Risk in the Information
Age. London, Thousand Oaks & New Delhi: SAGE Publications.

van der Bles, A.M., van der Linden, S., Freeman, A.L.J., Mitchell, J., Galvao, A.B., Zaval, L.
& Spiegelhalter, D.J. (2019) “Communicating uncertainty about facts, numbers and
science.” Royal Society Open Science, 6: 181870. https://doi.org/10.1098/rs0s.181870

Walker, W.E., Harremoés, P., Rotmans, J., van der Sluijs, J.P., van Asselt, M.B.A., Janssen,
P. & Krayer von Krauss, M.P. (2003) “Defining Uncertainty: A Conceptual Basis for
Uncertainty Management in Model-Based Decision Support.” Integrated Assessment, 4(1):
5-17. https://doi.org/10.1076/iaij.4.1.5.16466

Wehling, P. (2006) Im Schatten des Wissens? Perspectiven der Soziologie des Nichtwissens.
Konstanz: UVK.

Wilby, R.L. & Dessai, S. (2010) “Robust adaptation to climate change.” Weather, 65(7): 180—
185. https://doi.org/10.1002/wea.543

Wilson, T.D., Centerbar, D.B., Kermer, D.A. & Gilber, D.T. (2005) “The pleasures of
uncertainty: Prolonging positive moods in ways people do not anticipate.” Journal of
Personality & Social Psychology, 88(1): 5-21. https://doi.org/10.1037/0022-3514.88.1.5

10


https://doi.org/10.22545/2010/0003
https://doi.org/10.1111/j.1475-4959.2012.00494.x
https://doi.org/10.1111/j.1475-4959.2012.00494.x
https://doi.org/10.1016/j.envsci.2018.06.018
https://www.pce.parliament.nz/media/196493/overseer-and-regulatory-oversight-final-report-web.pdf
https://www.pce.parliament.nz/media/196493/overseer-and-regulatory-oversight-final-report-web.pdf
https://doi.org/10.1016/j.tree.2010.05.001
https://doi.org/10.1016/j.ecolmodel.2019.108784
https://doi.org/10.1071/AN18522
https://doi.org/10.1177/030631289019003001
https://doi.org/10.1098/rsos.181870
https://doi.org/10.1076/iaij.4.1.5.16466
https://doi.org/10.1002/wea.543
https://doi.org/10.1037/0022-3514.88.1.5

Wolfert, S., Ge, L. & Bogaart, M.-J. (2017) “Big Data in Smart Farming — A review.”
Agricultural Systems, 153: 69-80. https://doi.org/10.1016/j.agsy.2017.01.023

Wynne, B. (1992) “Uncertainty and environmental learning: Reconceiving science and policy
in the preventive paradigm.” Global Environmental Change, 2 (2): 111-127.
https://doi.org/10.1016/0959-3780(92)90017-2

11


https://doi.org/10.1016/j.agsy.2017.01.023
https://doi.org/10.1016/0959-3780(92)90017-2

