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Sensitivity auditing

A practical checklist for auditing decision-relevant models

Samuele Lo Piano, Razi Sheikholeslami, Arnald Puy, and Andrea Saltelli

Introduction

TheManifesto that offers the occasion for the present volume (Saltelli et al. 2020a)
is based on five rules to improve the way models are used for policy-making and
advocate for a better reciprocal domestication betweenmodels and society overall.
The rules are themselves the outcome of the sedimentation of earlier checklists for
model quality, foremost that provided by sensitivity auditing, with contributions
from other strands of scholarship.

It would be natural at this point to ask ‘What is sensitivity auditing?’ The short
answer would be that it is an extension of sensitivity analysis (see chapter 5). In
turn, sensitivity analysis is the logical complement of an uncertainty analysis, also
known as uncertainty quantification. Some definitions will be helpful here.
Uncertainty analysis: By assigning a range of variation and a distribution to

uncertain model inputs and assumptions, one can generate an empirical distribu-
tion function for the output(s) of interest by running the model on samples from
these distributions. The expressions ‘error propagation analysis’ and ‘uncertainty
cascade’ are also used (Christie et al. 2011: 86). See also chapter 2.
Sensitivity analysis is a methodology used to ascertain which of the uncertain

inputs is more influential in generating the uncertainty in the output.
These two analyses ‘talk’ to one another. If the output has little or no uncer-

tainty, there is no point in dissecting its uncertainty to discover ‘the culprits’. Even
the extreme opposite scenario, one where uncertainty is large enough to impair
the meaningful application of the model (see chapter 4), does not offer a chance
for any meaningful inference. In all cases in between, discovering the responsible
inputs may help alleviate the issue.

These analyses implymany choices on top of the usual assumptions linked to the
construction of themodel as such: one has to decide what inputs are to be taken to
be uncertain, how to choose ranges and distributions (often a very expensive and
time-consuming step), and what method to employ to select ‘sensitive’ factors.

Sensitivity auditing: A practical checklist for auditing decision-relevant models is available online and distributed under the
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122 THE RULES IN PRACTICE

It is not difficult to imagine a situation where a model is used in decision- or
policy-making, and where different actors have different visions of what should be
modelled and how. In this case, the entire modelling process and its conclusions,
including its technical uncertainty and sensitivity analyses, could be deconstructed
by contesting the choices just mentioned.

The examples provided in this chapter take this approach by exploring and
bringing into the open subjective or normative elements of a modelling process.
In other words, a ‘technical’ sensitivity analysis cannot be the end of the story
when the model undergoes a regulatory audit or becomes the subject of a pub-
lic debate—as we have seen for the case of models related to COVID-19 (Saltelli
et al. 2020a).

This approach goes by the name of sensitivity auditing (Saltelli and Funtowicz
2014), which is recommended inter alia by the European Commission and the
SAPEA (2018). Sensitivity auditing consists of a seven-rule checklist (Box 8.1):

Box 8.1 The seven-rule checklist of sensitivity auditing

1. Check against a rhetorical use of mathematics.
2. Adopt an ‘assumption hunting’ attitude.
3. Detect Garbage In Garbage Out.
4. Find sensitive assumptions before they find you.
5. Aim for transparency.
6. Do the right sums, not just the sums right.
7. Perform thorough, state-of-the-art uncertainty and sensitivity analyses.

The first rule is Check against a rhetorical use of mathematics. As already
discussed in chapter 4, larger models command more epistemic authority and
discourage criticism. This rule invites us to appreciate the dimension of a model
in relation to both its context and purpose, and the evidence that has entered
the model’s construction. Adopt an ‘assumption hunting’ attitude is the second
rule. Models are based on assumptions, including interpretations of the under-
lying systems’ behaviour. Some of these assumptions come with the ‘tag’ of the
model, and are explicit—for example, when we say, ‘This is an equilibriummodel.’
More often, assumptions are implicit. Since the construction of a model may
unfold over an extended period, the same modellers may forget them.¹ The next
step of sensitivity auditing is Detect Garbage In Garbage Out (GIGO). This rec-
ommendation points out the circumstances where the uncertainty associated
with a mathematical prediction has been overstated (magnifying uncertainty) or

¹ FromMillgram (2015: 29): ‘normally even the people who produced the model will not remember
many of the assumptions incorporated into it, short of redoing their work, which means that the client
cannot simply ask then what went into it’.
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SENSITIVITY AUDITING 123

understated (hiding uncertainty). The latter case is perhaps the most frequent.
When minimizing and/or simplifying uncertainties, a modeller aims to show
that the prediction of the model is ‘crisp’. For instance, nobody is interested in
a cost–benefit analysis whose distribution output spans from a high loss to a
high gain with equal probabilities. This strategic behaviour—‘where the uncer-
tainty of the inputs must be suppressed, lest they render its outputs totally
indeterminate’—was namedGIGObyFuntowicz andRavetz (1990: 6). Reluctance
to face uncertainty is a well-known issue in evidence-based policy (Scoones and
Stirling 2020). The opposite gamble may be embraced to increase the uncertainty
and, in doing so, defeat the assessment of, say, a regulatory agency (Saltelli 2018,
Saltelli et al. 2022).

The fourth rule is Find sensitive assumptions before they find you. Modellers
expecting a public debate around the inference produced by their models ought to
better prepare in advance by running a proper sensitivity analysis. An interesting
case relating to a dispute over the cost of climate change is described in Saltelli
and D’Hombres (2010). Here, one of the parties in the dispute, Nicholas Stern,
resorted to a sensitivity analysis after his impact assessment had been contested.
However, his sensitivity analysis appeared weak when seen through the lens of
sensitivity auditing (ibid.).
Aim for transparency is the fifth rule. Black-box models may simply not play

well in a public debate. The open science movement strongly advocates for trans-
parency and availability of the model source code, and making this intelligible
through appropriate documentation and comments.

The sixth rule is Do the right sums, not just the sums right. Though this may
appear the same as rule (2), it has more to do with major political or ideologi-
cal worldviews. It reflects sociologists’ thinking about the so-called technologies
of humility (Jasanoff 2003), whereby in the production of evidence for policy,
one should be careful to identify possible winners and losers, and make sure that
the concerns of the latter are not missed in the debate. This rule also reflects on
how quantification can determine the policy of what is being quantified (Salais
2010) in a way that is not immediately apparent due to the purported neutrality
of mathematical models. Finally, the last rule is Perform thorough, state-of-the-art
uncertainty and sensitivity analyses. Leaving undiscussed the results of a sensi-
tivity analysis, or presenting one that is based on an inadequate design, is still
fairly common practice in modelling studies across disciplinary fields (Ferretti,
Saltelli, and Tarantola 2016, Saltelli et al. 2019, Lo Piano and Benini 2022);
see also chapter 5).

The epistemic background of sensitivity auditing

Sensitivity auditing takes inspiration from post-normal science (PNS) (Funtow-
icz and Ravetz 1993), a paradigm in science for policy that applies when facts are
uncertain, values in dispute, stakes high, and decisions urgent (for example in the
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124 THE RULES IN PRACTICE

presence of a pandemic caused by a new virus). While PNS is not easy to synthe-
size, itsmain feature is an emphasis on the quality of the assessment process, rather
than the pursuit of a truth that might be elusive in conflicted issues. In a similar
spirit, PNS does not appeal to the neutrality of a unitary science, and accepts that
different disciplines and accredited experts may uphold different legitimate views
(Saltelli et al. 2020b).

Under this paradigm, the decision-making community needs to involve more
than just the experts; it should also include investigative journalists, whistleblow-
ers, and lay citizens affected by or simply interested in the issue under analysis.
Ideally, sensitivity auditing itself is also meant for use in participatory settings,
where one negotiates the worth of a model, as well as the order of worth of the
various sides of a problem. By the latter it means the relative position on the
issue under consideration of concerns about, for example, social justice, envi-
ronmental quality, or respect for existing values and traditions (Thévenot 2022).
Like sensitivity analysis, sensitivity auditing functions in both construction and
deconstruction, either in building a defensible, plausible model, or in demonstrat-
ing the irrelevance or contradictions of a model-based inference one is trying to
contextualize, in the spirit of statactivism (Bruno, Didier, and Prévieux 2014)—
for example, when one strives to bring to the surface issues or categories that an
existing quantification has made invisible.

Sensitivity auditing has similarities to an older scheme of practices for the qual-
ity of numerical information known as Numeral Unit Spread Assessment Pedigree
(NUSAP), which was also inspired by the PNS paradigm. NUSAPwas introduced
by Funtowicz and Ravetz (1990) as a way of shedding light on the quality of num-
bers being used in a political setting. The first two categories are self-evident:
Spread reviews the error in the value of theNumeral, andAssessment andPedigree
are supposedly the results of a process of negotiation among interested parties.
Assessment is a summary judgement of the quality of the numerical evidence,
and might be as simple as ‘conservative’ or ‘optimist’. Pedigree is a judgement
of the quality of the process leading to the numeral, and of the numeral’s policy
implications. What is important in NUSAP is not so much the scores assigned to
Assessment and Pedigree, but the occasion these categories offer us to engage in a
reflection on the worth of the numeral (van der Sluijs et al. 2005).

The present volume has already mentioned the expanding discipline of soci-
ology of quantification (Mennicken and Espeland 2019, Popp Berman and
Hirschman 2018, Mennicken and Salais 2022). Sensitivity auditing was not devel-
oped by sociologists, yet the approach reflects many tenets of this discipline:
sociologists of quantification investigate how different mechanisms of quantifi-
cation are performative in shaping the reality that they should supposedly just be
measuring. For this reason, one should assess a given quantification both in terms
of its technical quality and its fairness. Disparate and important dimensions such
as higher education (Espeland and Sauder 2016), employment (Salais 2010), and
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SENSITIVITY AUDITING 125

inequality (De Leonardis 2022) come to be as a result of a digitization to a large
extent subtracted from democratic deliberation. While we cannot enter into this
discussion inmore depth here, we note that sensitivity auditing addresses this ‘fair-
ness’ dimension of quantification for the case of mathematical models, and forms
of quantification in general.

Finally, sensitivity auditing is one possible approach to the ‘modelling of the
modelling process’ (Lo Piano et al. 2022, Puy, Lo Piano, and Saltelli 2020). To
illustrate what this means, we need to call upon novelist Jorge Luis Borges and
his short story, ‘The Garden of Forking Paths’ (Borges 1941). The story has been
taken up in statistics (Gelman and Loken 2013) to allude to the many degrees of
freedomoffered to an analystmarching towards an inference. Additionally, feeding
the same data to different teams can return varied statistical results (Breznau et al.
2021), and it is only natural that the effect is also seen in mathematical modelling
(Refsgaard et al. 2006). Modelling of the modelling process implies, like in Borges’
short story, taking all the paths instead of just one, and exploring the consequences
of these different trajectories on the inference.

The next section illustrates how sensitivity auditing can be applied to mod-
els, indicators, and metrics. We will target instances of quantification used in
policy-making and/or those that have received vast media coverage. Although our
illustration proceeds by taking one rule at a time for each case, it should be clear
that the rules can be recursive, that their order can change, and that to some extent
rules overlap with one another.

The Programme for International Student Assessment (PISA)

The PISA test was designed by the Organisation for Economic Co-operation
and Development (OECD) to measure the problem-solving skills of 15-year-old
school pupils. The test has been undertaken every three years since 2000. Test
performances on a country basis are ranked and benchmarked against a standard.
In the 2018 round of the test, 79 countries participated. Criticisms of the method-
ological and ideological stances of the test, among other aspects, were raised in
the press (see Araujo, Saltelli, and Schnepf 2017) and quoted references can be
seen in chapter 9.

Several dimensions emerged after applying the sensitivity auditing checklist to
the PISA test score.

Check against a rhetorical use of mathematics: A reading of the test results
that emphasizes a causal relation from the test scores to economic growth
has been offered by prominent political bodies, including the European
Commission. A document released stated that if European Union (EU)
countries could significantly increase their PISA score, this would lead
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126 THE RULES IN PRACTICE

to a quantifiable growth in Gross Domestic Product (GDP) for the EU
(Woessmann 2016).

Adopt an ‘assumption hunting’ attitude: The PISA test builds on the postulate
that the skills students require to succeed in current knowledge societies
can be benchmarked against a one-size-fits-all international standard.
Differences in curricula between countries are suppressed and excluded
from the test. However, countries’ wellbeing and success may emerge from
these very curricular differences.

Detect pseudo-science: When communicating the test results, the survey orga-
nizers report only the standard error of the countries’ test scores, neglecting
important sources of volatility in country rankings. These sources of
volatility may emerge, for instance, by excluding students with special
educational needs or newly arrived immigrants. In past editions of the test,
excluding these groups resulted in discarding more than 5% of the potential
participants from some countries. However, this 5% is above the threshold
imposed by the test designers as an assurance of its representativeness
(Wuttke 2007). Even the tendency of less capable students to refrain from
participating in the test may result in a non-representative participating
cohort, thus potentially producing a bias that goes well beyond the standard
error of the country’s rank (Micklewright, Schnepf, and Skinner 2012).

Find sensitive assumptions before they find you: Calls for testing the sensitivity
of the PISA rankings and the volatility they bring tomodelling assumptions,
data collection method, and use of the data items have gone unanswered
(Micklewright and Schnepf 2006).

Aim for transparency: Lack of data availability represents one of the main
limitations of the PISA test. This impedes an analysis of the sensitivity of
the achievement scores to the modelling choices and data items used in
attributing scores to countries.

Do the right sums, not just the sums right: The PISA test was conceived for the
purpose of facilitating a measurement of the degree to which the teaching
that students receive is useful in terms of the life challenges they may
encounter in today’s knowledge societies. In this sense, the test de facto
makes the ‘economic’ case for education, which is framed exclusively as a
means to economic growth rather than to Bildung and emancipation.

Perform thorough, state-of-the-art uncertainty and sensitivity analyses: Thor-
oughly assessing all the sources of uncertainty in the PISA rankings would
require their simultaneous activation. The resulting uncertainty could
produce more volatile rankings, which would require adequate commu-
nication: for example, ‘uncertainties being taken into consideration, the
rank of country X could vary between five and twenty’ (Araujo, Saltelli, and
Schnepf 2017). However, this analysis is missing from the communication
on the significance of the produced countries’ rank.
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SENSITIVITY AUDITING 127

Nutrition and public health economic evaluations

Non-communicable diseases (NCDs) are epidemiologically affected by lifestyle
habits, including diet, smoking, and physical activity level. For this reason, it is of
primary importance that we evaluate how policies aimed at triggering changes
in these factors may produce societal consequences in terms of disease likeli-
hood. These policies are, in turn, informed by the available body of evidence
and modelling activities. Lo Piano and Robinson (2019) identified the following
criticalities:

Check against a rhetorical use of mathematics: In the field of nutrition and pub-
lic health economic evaluations, an existing tendency is to resort to overly
complex models. This pattern may be driven by researchers’ love for their
craft, which motivates them to prioritize the full use of available compu-
tational resources rather than addressing the policy issue. This translates
into, for instance, systematically resorting to Markov chain models despite
the availability of representations that are less computationally demand-
ing (Clarke et al. 2005). Additionally, cross-comparing different modelling
typologies is a practice that is scarcely explored in the field.

Adopt an ‘assumption hunting’ attitude: A study’s conclusionmay depend on an
assumption whose impact is untested. In the NCD domain, the most crit-
ical assumptions include: the modelling of the dose responses adopted in
terms of risk factor estimates; how the dose intake varies upon policy imple-
mentation, especially across sociodemographic cohorts and geographical
areas; the timeframeof the interventions and their (diminishing/increasing)
returns; and the actual NCDs taken into account in the modelling exer-
cise, as well as their change over the timeframe considered (Lo Piano and
Robinson 2019).

Detect Garbage In Garbage Out: The strategy of reducing uncertainty in terms
of nutrient intake has been adopted to downplay the overall output uncer-
tainty in some modelling activities (Lo Piano and Robinson 2019). Some
modellers also produced estimates of the incidence and prevalence of dis-
eases by resorting to educated guesses when information of sufficient quality
was not available (European Society of Cardiology 2012).

Find sensitive assumptions before they find you: Uncertainty and sensitivity
analyses should be used more widely in the field, especially in light of the
number of assumptions made. For instance, the impact of the method used
to impute missing data in terms of dose intake on output uncertainty (using
other countries’ figures or correcting algorithms) could be tested in these
settings.

Aim for transparency: Transparent modelling should be the standard for
enabling scrutiny from peers a fortiori in a decision-making context when
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128 THE RULES IN PRACTICE

models are to be used to inform policies that will eventually influence cit-
izens’ lives. For example, the impact of policies to compare the growing
prevalence of overweight and obesity in children in the EUwas tested in the
proprietarymodel Joint Action onNutrition andPhysical Activity (JANPA),
which was not available for public scrutiny (Lo Piano and Robinson 2019).

Do the right sums, not just the sums right: Health evaluations emphasize the
economic dimension by glossing over social and cultural aspects of lifestyle
and nutrition choice. The latter, however, could be crucial for citizens when
prioritizing options. Health and quality of life are captured as per the nor-
mative dimensions of citizens’ values, which are not necessarily captured
through monetary proxies.

Perform thorough, state-of-the-art uncertainty and sensitivity analyses: Sensi-
tivity analysis is known and applied in several nutrition and public health
economic evaluations. However, in the vast majority of the cases, these are
implemented by varying one factor at a time. As these models are likely
to be non-additive, this approach fails to capture interactions between fac-
tors. More seriously, in this kind of sensitivity analysis, the vast majority of
the output uncertainty space is left unexplored (Saltelli and Annoni 2010).
Hence, uncertainty is not adequately characterized or apportioned.

Sociohydrology

The field of sociohydrology has emerged in response to the failure of the tradi-
tional, anthropocentric paradigm in water resource management, where human
activity is deemed amere boundary condition of the hydrologicmodel (Sivapalan,
Savenije, and Blöschl 2012a). Sociohydrology seeks to understand how the hydro-
logical cycle changes according to interactions among natural and human forces.
Sociohydrology uses Coupled Human and Water Systems (CHAWS) models to
address the complex water-related problems currently facing human societies. The
key features of CHAWS, which include complexity, cross-scale dynamics, and
uncertainty (Sivapalan 2015, Sivapalan, Savenije, and Blöschl 2012b,Wheater and
Gober 2013, Liu et al. 2007),make sociohydrology a domain inwhich the adoption
of the PNS paradigm and sensitivity auditing is fully justified.

Check against a rhetorical use of mathematics: CHAWS rest on the assump-
tion that uncertainty reduction andminimization in dynamic and emergent
human–water systems can be achieved by adding complexity to the mod-
els. This approach is also resorted to in order to rectify the discrepancies
between model outputs and observed values (see, for example, Pan et al.
(2018)). As a case in point, more parameters are added to justify the
social processes included. As things stand in terms of the development of
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SENSITIVITY AUDITING 129

sociohydrology, however, sophistication of the social processes in CHAWS
models cannot match the high level of detail seen in hydrologic models due
to the lack of knowledge.

Adopt an ‘assumption hunting’ attitude: CHAWS models contain several
assumptions regarding human values, beliefs, and norms related to water
use, livelihoods, and the environment (Alonso Vicario et al. 2020, Hem-
mati et al. 2021). These cultural norms and values drive human behaviour
with respect to water resources. They have typically been conceptualized in
a ‘black box’ manner and represented by proxy data (Roobavannan et al.
2018). However, to make a judgement regarding the quality of this param-
eterization of cultural values, more information would be needed than is
currently available in CHAWS.

Detect Garbage In Garbage Out: Risks of future flood damage are underesti-
mated in CHAWS due to issues such as short collective memory, excessive
trust in flood protection structures, and a high level of risk-taking in models
(Viglione et al. 2014).

Find sensitive assumptions before they find you: The pitfalls of one-factor-at-
a-time sensitivity analysis are well known in the hydrology community.
However, this approach has been widely used in sociohydrology (see, for
example, Liu et al. 2015 and Srinivasan 2015).

Aim for transparency: CHAWS models are not typically open access and are
only available for limited case studies. This prevents the community from
verifying prior results. In this context, agent-based modelling, for example,
is one of the commonly used modelling tools in CHAWS (Shafiee and
Zechman 2013, Zhao, Cai, and Wang 2013, Pouladi et al. 2019). However,
these models are usually not well documented and lacking in descriptions
(Grimm et al. 2006), hence leading to scarcely reproducible results.

Do the right sums, not just the sums right: CHAWSmay be attempting to answer
the wrong question. It asks ‘What is themost likely future?’ instead of ‘What
kind of future do we want and what are the consequences of different policy
decisions relative to that desired future?’ (Gober and Wheater 2015).

Perform thorough, state-of-the-art uncertainty and sensitivity analyses: In this
domain, a systematic global sensitivity analysis can avoid implausible results
by exploring and apportioning the output uncertainty to its driving factors
and their interactions. Itmay do this by, for instance, simultaneously consid-
ering the uncertainties related to the hydrologic environment (for example,
non-stationarity deriving from anthropogenic factors, such as changes in
land use, climate, and water use) and the social aspect of CHAWS (socioe-
conomic development, demography, and agent behaviour) (Sheikholeslami
et al. 2019). However, global sensitivity analysis has rarely been performed.
Two notable examples are Elshafei et al. (2016) and Ghoreishi, Razavi, and
Elshorbagy (2021). These authors investigated the sensitivity of CHAWS to
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130 THE RULES IN PRACTICE

model parameters, which govern the internal dynamics of the system and
determine the external sociopolitical context. Ghoreishi et al. (2021) per-
formed a global sensitivity analysis on their agent-based agricultural water
demand model to determine the most important model parameters to be
calibrated.

Food security

Evaluating the outcomes of humanity’s use of the Earth’s resources is tightly linked
to estimating its overall level of appropriation, particularly in terms of determin-
ing the nature of human activities on Earth and the resources needed to sustain
them. In this context, a prominent challenge is food security—that is, meeting the
nutritional needs of a growing global population, as also recognized in the United
Nations agenda for 2030 (United Nations 2021), including a ZeroHunger Strategy
cutting across several Sustainable Development Goals. Bahadur KC et al. (2016)
proposed their own recipe for achieving healthy and sustainable food provision
based on innovative agricultural techniques and dietary re-adaptation. The contri-
bution narrates a successful story from the perspective of a person in 2050 looking
back to the past. Saltelli and Lo Piano (2017) used this work as a test benchmark
for a deconstruction along the lines of sensitivity auditing.

Check against a rhetorical use ofmathematics: The package of policies proposed
to assuremore sustainable farming and healthy diets consisted of the follow-
ing: consumer education; increasing the cost of unhealthy food; capturing
the environmental costs associated with farming; reducing corn subsidy in
the US; and enhancing storage and processing facilities in the developing
world. Thismixture of policies raises somequestions of viability, particularly
in relation to potential unintended consequences, as discussed below.

Adopt an ‘assumption hunting’ attitude: The proposed assessment rests on a
number of assumptions that are poorly explored. One is neglecting the
principle of diminishing return when projecting the yield increase in cul-
tivation to the year 2050—a constant increase in yield over decades hits
against known phenomena of topsoil erosion and exhaustion. Additionally,
the study assumes a less caloric diet for an increased share of the adult pop-
ulation in the year 2050, and a lower extension of cultivated land globally
due to higher yields being obtained with less impactful agricultural tech-
niques. All of these assumptions appear to err on the side of optimism—for
example, they do not consider the adjustment costs of the transformation or
the realism of popular acceptance of the suggested policies.

Detect Garbage In Garbage Out: Reductions in global cultivated land area are
estimated at 438 million hectares for the year 2050, with three significant
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SENSITIVITY AUDITING 131

digits. However, uncertainty in the current yearly global cultivated land
extensions amounts to around 20% (around 1000 million hectares accord-
ing to one of the reference databases (Lo Piano 2017)), making an accuracy
of three significant digits for projections to 2050 implausible.

Find sensitive assumptions before they find you: The sensitivity of the out-
put estimates to the input assumptions was left unaddressed in the study
published by Bahadur KC et al. (2016).

Aim for transparency: The fact that the model underpinning the quantitative
scenario is only available upon request hampers scrutiny by peers and pol-
icy makers. Models should be made available along with their quantitative
outcomes so as to fully foster their replication and scrutiny.

Do the right sums, not just the sums right: The analysis proposed adopts pri-
marily the standpoint of developed countries in pursuing food security with
technical solutions and a policy package tailored to this area of the world.
Nevertheless, there remain significant political issues of power asymmetry
for developing countries in the context of the international food commodity
trade. This translates into an unequal caloric exchange with regard to food
crops (Falconı́, Ramos-Martin, and Cango 2017) that is not explored in the
study of food security. Briefly, a political problem has been reframed into a
technical one, while the policy proposals are designed to meet the needs of
a minority.

Perform thorough, state-of-the-art uncertainty and sensitivity analyses: The
uncertainty space has not been explored, because all the information is
conveyed with crisp, uncertainty-free figures.

Conclusion

The case studies examined show how sensitivity analysis can be used in practical
terms. These applications open the quantifications to inspection by other disci-
plines, including social sciences studies. The relation of sensitivity auditing with
the loose community of practitioners of PNS is also an element favouring the
take-up of its rules, whose spirit—as discussed—is for practical purposes simi-
lar to that of the Manifesto. The relation between modelling and society has been
made more intense and at the same time more conflicted by the COVID-19 pan-
demic (Pielke 2020, Rhodes and Lancaster 2020). The present crisis of trust in
expertise also affects mathematical modelling, and has links to the political cri-
sis affecting several mature democracies under the paradigm that ‘solutions to the
problem of knowledge are solutions to the problem of social order’ (Shapin and
Schaffer 2011: 387). Sociology of quantification is actively mapping this territory
of conflict for the case of statistics, yet more work is expected for mathematical
modelling.
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Criticizing the political use of statistics in what he calls ‘[g]overnance driven
quantification’, Salais (2010) talks about the reversal of the statistical pyramid,
whereby instead of statistics generating concepts and categories useful for col-
lective learning, indicators are produced to demonstrate that preselected policies
are efficiently achieved. This is the known nemesis of evidence-based policy into
policy-based evidence; among scholars, there is an expectation that these instru-
mental uses of evidence might come under increasing criticism (van Zwanenberg
2020) (see chapter 7).

References

Alonso Vicario, S., M. Mazzoleni, S. Bhamidipati, M. Gharesifard, E. Ridolfi, C.
Pandolfo, and L. Alfonso. 2020. ‘Unravelling the Influence of Human Behaviour
on Reducing Casualties during Flood Evacuation’. Hydrological Sciences Journal,
65(14), 2359–2375, doi: 10.1080/02626667.2020.1810254.

Araujo, L., A. Saltelli, and S.V. Schnepf. 2017. ‘Do PISA Data Justify PISA-Based Edu-
cation Policy?’ International Journal of Comparative Education and Development,
19(1), 20–34, doi: 10.1108/ IJCED-12-2016–0023.

BahadurKC,K., E.F. Krishna,G.Dias, T. Zundel, and S. Pascoal. 2016. ‘Pathways Lead-
ing to a More Sustainable and Healthy Global Food System’. The Solutions Journal,
7(5), 10–12.

Borges, J. 1941. El Jardin de los Senderos que se Bifurcan, SUR, Buenos Aires.
Breznau, N., E.M. Rinke, A. Wuttke, H.H.V. Nguyen, M. Adem, J. Adriaans, A. Alvarez-

Benjumea, H.K. Andersen, D. Auer, F. Azevedo, O. Bahnsen, D. Balzer, G. Bauer,
P.C. Bauer, M. Baumann, S. Baute, V. Benoit, J. Bernauer, C. Berning, … T. Żółtak.
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