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Abstract

Assessing the safety and sustainability of novel technologies while they are still in

the early research and development stages is the most effective way to avoid unde-

sired outcomes. However, the journey from idea to market is highly uncertain and

involves intensive trial and error as technology developers attempt to optimize mate-

rial choices and product configurations. Designs evolve quickly, and assessing their

risks and impacts while numerous factors remain undetermined is challenging. The

standard practice is to evaluate a limited subset of scenarios that can guide design

choices. However, selecting scenarios from hundreds of undetermined factors without

a systematic sensitivity screening may leave out important improvement opportuni-

ties. To provide well-informed guidance, the evaluated scenarios should be selected

based on factors that are most influential to the safety and sustainability impacts

of the technology. We propose an approach that accomplishes this by incorporating

a wide spectrum of undetermined factors, both intrinsic and extrinsic to the tech-

nology design. The assessment models are then screened for highly-sensitive factors

using global sensitivity analysis. Strategies to reduce uncertainty on highly influen-

tial factors are proposed for subsequent iterations, and the residual factors for which

uncertainty cannot be further reduced yet remain influential are selected as a basis

for proposed “sensitive scenarios” and improvement roadmaps. We demonstrate the

framework with an emerging photovoltaics case study. Over a hundred uncertain fac-

tors are reduced to less than five which, if optimized, would substantially improve the

future safety and sustainability performance of the technology as well as reduce the

uncertainty around it.
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1 INTRODUCTION

Safety and sustainability criteria are increasingly central in guiding policy decisions for supporting and regulating innovation (European Com-

mission, 2022; OECD, 2022). To better support decision-making during early research and development (R&D) stages, safety and sustainability

modelers have scrambled to propose diverse criteria and prospective approaches to life cycle assessment (LCA; Adrianto et al., 2021; Cucurachi

et al., 2018) and human health and ecological risk assessment (Fernandez-Dacosta et al., 2019). The need for such prospective approaches has

also been noted by the safe and sustainable-by-design (SSbD) framework for novel chemicals and materials being advanced by the Joint Research

Centre of the European Commission (Caldeira et al., 2022) in response to a commission recommendation (European Commission, 2022). However,

evaluating the safety and sustainability of novel materials and technologies poses a significant challenge. This challenge involves accounting for the

uncertain evolution of technical, environmental, and socioeconomic factors—both intrinsic and extrinsic to the technologies—that will influence

their future performance once deployed at a commercial scale (Fernandez-Dacosta et al., 2019; Frischknecht et al., 2009;Hetherington et al., 2014;

van der Giesen et al., 2020; Villares et al., 2017).

Assessments ofwell-establishedmature technologieswere already prone to inaccuracy and/or imprecision due to different forms of uncertainty

and variability in the underlying models (Hertwich et al., 1999; Lloyd & Ries, 2008). A risk or impact estimate may deviate from its actual value

due to spatial and temporal variability of the underlying processes, as well as imprecise or unavailable data regarding the technology’s design and

operational parameters (Huijbregts, 1998; Igos et al., 2019; Ramsey, 2009). Errors may also be introduced in environmental impact/risk assess-

ment models, which are composed of mathematical relationships that can only offer limited approximations (Heijungs, 2020). At the very least,

the impacts of existing technologies can—to some extent—be measured and validated empirically. Bereft of this possibility, even more uncertainty

surrounds prospective assessments of novel technologies (Blanco et al., 2020).

To illustrate this challenge, we take the case of an emerging photovoltaic (PV) technology. At their end-of-life (EoL), the panels could be recy-

cled, and the environmentally relevant or critical materials recovered, or they could be incinerated or disposed of in a landfill or undergroundwaste

deposit. The extent to which such materials are recovered will depend on economic factors along with regulatory concerns surrounding e-waste

or supply risks. In this aspect, the ease and feasibility of future methods for physically separating the materials from the other panel constituents

will also be determinant. The fate of these materials when released into the environment and the future exposures to humans and organisms may

depend on evolving factors such as demographics and weather patterns. Recognizing the importance and heterogeneity of such uncertain fac-

tors in the LCA of emerging technologies, Miller and Keoleian (2015) proposed 10 factor types, grouped as intrinsic (e.g., changes in efficiency and

functionality, infrastructure), indirect (e.g., supply chain effects, behavior change), and external (e.g., policy/regulatory effects).

The influence of such numerous and interrelated factors on the novel technologies’ safety and sustainability performance once they reach the

marketwill remain unknownuntil the assessments are conducted and complementedwith sensitivity analysis (Hirt et al., 2020). A common strategy

that has been widely applied to deal with uncertain factors of presupposed relevance is scenario analysis (Adrianto et al., 2021). This approach

has been deemed to make the assessments more robust, especially in the presence of epistemic uncertainties. However, the number of uncertain

factors and plausible scenarios that result from their combined interactions can easily be in the tens or hundreds. The issue was recognized by a

recent panel of prospective LCA specialists concluding that “studies with more than three scenarios are outside of the corporate considerations in

most situations as the interpretation of results becomes too challenging” (Adrianto et al., 2021).What is often observed in prospective LCAmodels

is that a handful of scenarios are selected that serve as a benchmarking exercise and to identify potential hotspots (Cucurachi et al., 2018; Tsoy et al.,

2020). This tendency is also reflected in the European Commission’s recently published methodological guideline for the implementation of their

SSbD framework (Abbate et al., 2024), which states: “Knowing the product or sector application of the chemical/material under development, it is

possible to create scenarios describing the possible variabilities, for instance in terms of geography or products.” Given the limited attention span

and impracticalities of evaluating hundreds of possible scenarios to make decisions, it is imperative that the relevance of the selected scenarios to

safety/sustainability implications is considered before they are selected as a basis for decision-making. Thiswould ensure that potentially important

scenarios are not left outside of the analysis. The biases and pitfalls of such ad hoc scenario analysis have been very well discussed byMorgan and

Keith (2008).

Global sensitivity analysis (GSA) is an ideal approach to reduce the number of scenarios while taking into account their relevance to the safety

and sustainability of the assessed technologies. Rather than testing the sensitivity of a subset of intrinsic and extrinsic factors that are chosen

based on pre-established or subjective criteria, GSA allows all uncertain factors in the prospective LCA/risk assessmentmodels to vary freelywithin

their possible ranges, quantifying how their uncertainty contributes to uncertainty in the calculated indicators, both directly and indirectly via

interactions with other factors. Through a diversity of methods and approaches, GSA can thus rank uncertain factors in terms of relevance and

produce a robust subset of scenarios onwhich the analysis can be focused (Razavi et al., 2021).

In this paper, we propose a framework that relies on GSA to identify the scenarios of most interest that can result from the different config-

urations of the most influential factors and use these to prioritize R&D efforts toward SSbD-guided innovation. We developed this framework

considering two different types of assessments commonly used to support SSbD: LCA and human health and ecological risk assessment (HERA). An

introduction to each is provided byGuinée et al. (2011) andEuropeanChemicals Agency (2011), respectively. The combined use of LCAandHERA is

seen as a promising approach for addressing the potential safety/environmental concerns of emerging technologies (Guinée et al., 2017; Kuczenski
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BLANCO ET AL. 3

F IGURE 1 Overview of the proposed framework for guiding safe and sustainable-by-design innovation. SSbD, safe and sustainable-by-design;
LCA, life cycle assessment.

et al., 2011). Our proposed framework offers a practical way to combine knowledge and insights from the different domains of LCA, HERA, and

probability theory in a consistent framework. Particularly, efforts to integrate LCA with HERA have a long history while no clear way forward has

emerged yet. Here, we demonstrate how integrating them on the basis of uncertainty and sensitivity analysis can be a very fruitful approach (Cucu-

rachi et al., 2016). Although we focus on these two types of assessments, the framework we propose can be applied to other types of assessments

that canbe implemented in SSbD frameworks such as social-LCAand life cycle costing.We illustrate the frameworkwith a case studyof an emerging

PV technology, III-V/Si multijunction cells (Cariou et al., 2018; Essig et al., 2017).

2 METHODS

2.1 Framework overview

The framework we propose follows eight steps (see also Figure 1): (i) identifying uncertain factors that could influence safety/sustainability indica-

tors, with special attention to those specific to the forward-looking nature of the assessments; (ii) incorporating these factors as parameters in the

models (e.g., prospective LCA or HERA); (iii) characterizing uncertainty in these factors using proposed probability distributions; (iv) propagating

the uncertainties usingMonte Carlo simulations; (v) screening for relevant factors, by ranking them based on sensitivity using GSA; (vi) conducting

additional research to further reduce uncertainty in themost sensitive factors and iterating back to the previous step as needed; (vii) in a final GSA

iteration(s), select remaining sensitive factors as a basis to develop relevant scenarios based on sensitivity, whichwe define as “sensitive scenarios.”

Sensitive scenarios highlight opportunities for the most effective SSbD improvements for technology designs that are in the early R&D. In a final

step (viii) these opportunities for influential design changes are proposed to technology developers as effective roadmaps for SSbD innovation.

2.2 Identifying uncertain factors

The first step in our framework is to comprehensively screen for and identify uncertain factors in the underlying models, for example, LCA or

HERA, which are used to assess safety and sustainability impact/risk indicators. Uncertainty has been comprehensively studied in ex post LCA and
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4 BLANCO ET AL.

HERA models. A practical overview is provided by Lloyd and Ries (2008), who classify uncertainties according to different LCA modeling compo-

nents: parameter (input data), model (mathematical relationships), and scenario (normative choices). A similar set of uncertainty sources has been

described in HERA (U.S. Environmental Protection Agency, 2019). Prospective assessments introduce additional sources of uncertainty due to the

forward-looking nature of the assessments. Table 1 extends our previous work (Blanco, Cucurachi, Guinée et al., 2020) as well as that of Miller and

Keoleian (2015), proposing a comprehensive typology that can be used to identify these sources of uncertainty, alongwith relevant examples found

in both prospective HERA and LCAmodels. Rather than the three-group distinction ofMiller and Keoleian (2015), we propose a simpler binary dis-

tinction between intrinsic/extrinsic, to distinguish factors that are under the direct control of the technology developer and can be directly targeted

via design strategies.

It is important to note that there can be overlap or ambiguity between uncertainty types, but this is not problematic as the purpose is to make

as comprehensive a screening as possible. For example, uncertainty in a physical constant such as a soil/water partitioning coefficient for a novel

substance canbe considered either parameter ormodel uncertainty. Uncertainty in a physical constant can also be classified as scenario uncertainty

whereby each scenario represents a future world where the constant has a different value from a range of possible values.

As the aim of this step is to identify and target relevant factors, it is even possible to consider alternative framings, paradigms, and viewpoints

as uncertain factors, making the analysis more robust to a broader spectrum of stakeholders and perspectives. For example, the LCA ReCiPe (Hui-

jbregts et al., 2017) impact assessment method’s choice between individualist, hierarchist, or egalitarian cultural perspectives (these perspectives

determine, e.g., which time horizons should be taken into consideration when quantifying the impacts of emissions: an individualist perspective

considers shorter time horizons than an egalitarian perspective).

In the proposed typology of Table 1, we also emphasize the difference between the intrinsic/extrinsic and foreground/background nature of

each factor. This difference determines whether design improvements are directly controllable by the technology developer or if indirect design

strategies are needed to influence the behavior of other value chain actors.

2.3 Incorporating uncertain factors as parameters

In the second step,we translate asmanyuncertainties as possible to a “parameter” typeof uncertainty. This requires all potentially influential factors

listed inTable1 tobe represented as variable parameters in a single integrated LCAorHERAmodel. This is straightforward for the “parameter” types

of uncertainties.

Scenario uncertainties of type I, III, V, and VIII, which are often assessed as separate variations of the model, can also be parametrized within

a single model using the approach we demonstrated in previous work (Blanco, Cucurachi, Guinée et al., 2020), where alternative scenarios exist

simultaneously in the model and are activated or deactivated stochastically using binomial or multinomial distributions. Model uncertainties—

where competing model alternatives exist—can be incorporated similarly, as described by Saltelli et al. (2008) and Mendoza Beltrán et al.

(2016).

Some aspects may entail uncertainty that cannot be quantified and translated into parameter uncertainty. We further discuss these types of

uncertainties in Section 4.4.

2.4 Characterizing prospective uncertainty

The third step involves expressing the range of possible values for all factors—including triggers for alternative models and scenarios—as prob-

ability distributions. Since we are referring to future events, some precision is warranted as to the interpretation of probability. Two competing

interpretations of probability currently dominate themodeling landscape (we discuss other higher-level and broader perspectives in Section 4.4):

■ The frequentist approach determines probability distributions by conducting numerous tests (or collecting numerous samples) and recording the

frequencies of occurrence of each value. Such tests or samples can only be collected once a technology is deployed. This approach is evidently

of limited use in prospective assessments.

■ The Bayesian approach uses probability distributions to represent a degree-of-belief or plausibility: howmuch we think that something is true,

based on the evidence at hand (Jaynes, 2003; Sivia, 2006). The Bayesian approach has been applied in risk assessment (Smith &Kelly, 2006) and

to a lesser extent in LCA (Lo et al., 2005; Miller et al., 2013). It is especially useful for prospective assessments, if not essential, given that many

factors cannot be observed and randomly sampled as required by the frequentist approach.

While frequentists have long argued that subjectivity is a weak point of Bayesian analysis (or outright precluding its scientific validity), it is also a

key strength in that it incorporates other sources of relevant information and expert knowledgewhere actual observation data are scant or unavail-

able. Bayesians also argue that subjectivity is pervasive, yet it is less transparent in the frequentist approach (Sivia, 2006)—and, in our view, even
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BLANCO ET AL. 7

more so in prospective assessments. Nevertheless, Bayes’ theorem obeys the rules of probability and provides a formal method for updating the

initial beliefs (represented by so-called prior probability distributions) with newdata that become available to produce a posterior distribution (Sivia,

2006). As a simple example, we may hold a prior belief that a novel solar PV cell design will have a conversion efficiency between 30% and 35%

(following Table 1, this is a type XII factor which we could model as a uniformly distributed variable with min = 0.30 and max = 0.35). If a series of

pilot tests during R&D exceed expectations and demonstrate efficiencies up to 36%, then we need to update our priors to be consistent with these

newdata. It is important to highlight that for themodeler, 36%will not be the final (true) value; the PV cell’s conversion efficiencywill remain uncer-

tain and may be reduced or increased again depending on the evolution of the technology design, which will be subject to numerous other factors.

However, our updated prior is that efficiency will more likely be in a higher range. This iterative process of updating priors naturally fits the R&D

process, which subjects a technological concept to extensive testing and gradual upscaling to optimize it until it is ready for commercialization.

Adopting a Bayesian perspective, the question then is how best to establish prior distributions for uncertainties of the types listed in Table 1, and

then how to update them. A conservative (as in less subjective) attempt could be to startwith relatively flat or so-called “uninformative” priors, which

distributeprobabilities almost evenly across all possible parameter values.Wenote, however, that “uninformative” is amisnomer, since anypriorwill

convey some information.Detaileddiscussionon the strengths and limitations andguidance for choosing priors canbe found inGelmanet al. (2013).

However, this approach comes with a trade-off on how informative subsequent posteriors will be. Wolpert et al. (1993) discuss this situation and

offer that—with important caveats and limitations—“collateral evidence” such as that obtained from field studies of similar environmental systems,

expert elicitation, and laboratory studies of the related process can be used to inform priors. Another often-applied rule of thumb in Bayesian

statistics is to choose priors from a “conjugate distribution family.” Conjugate priors ensure that the functional form of the resultant posterior

distribution is the same as that of the prior; that is, a normal prior probability density function will be updated to a normal posterior probability

density function (Gelman et al., 2013). Conjugate priors can alsomake the estimation of posterior distributions a simpler andmore intuitive exercise

once additional data or observations are obtained.

Before moving to the next step, we take a small side note to mention a potential role for the well-known pedigree approach that has been widely

applied in LCA (Muller et al., 2014). The pedigree approach is based on the NUSAP principles for management and communication of uncertainty

in science for policy (van der Sluijs et al., 2005). The pedigree approach proposes semiquantitative indicators of data quality, based on aspects such

as temporal/geographical/technological representativeness. In the widely used ecoinvent database (Wernet et al., 2016), the data quality indicators

are then used to derive (pseudo) uncertainty distributions based on rules of thumb. In our framework, we purposely refrain from propagating this

pedigree (pseudo) uncertainty due to its semiquantitative nature. However, the pedigree approach can help pinpoint potentially influential factors

with a low pedigree in the background systems (supply chains) that may especially deserve inclusion in the analysis.

2.5 Propagating uncertainty

Once theuncertainty in influential factors has been characterized,wemust analyze how it reflects on themodels’ outputs, that is, LCAor risk assess-

ment indicator scores. Twoapproaches for propagatinguncertainties are commonly applied: analytic andnumerical (Groenet al., 2014). Themodels’

complexity and the fact that integrated assessments require interaction between different types ofmodelsmake analytical solutions impractical for

this type of framework. Themore convenient alternative isMonteCarlo simulation (Firestone et al., 1997), which simulates numerous random sam-

ples from the underlying probability distribution of the model’s input parameters and calculates an equal number of values for the model’s output,

for example, an LCA impact score or risk quotient. The results of the uncertainty propagation via Monte Carlo are directly used in the next step to

conduct the GSA.

2.6 Screening for relevant factors

GSA reveals “how uncertainty in the output of a model (numerical or otherwise) can be apportioned to different sources of uncertainty in the

model input” (Saltelli et al., 2008). In our framework, GSA is used as the sieve which selects the most relevant factors from all those identified.

The characteristics of the integrated models we use place certain constraints on the type of GSA that can be performed. First, it is likely that the

resulting models will be highly dimensional with numerous uncertain parameters. This requires sensitivity calculation algorithms that can be per-

formed in a reasonable computational time. Second, the models are usually integrated by passing output data as input data between them (as in

the integration of economic demand with emissions and fate models), which makes analytical GSAmethods less practicable if a closed-formmath-

ematical representation and solution for the integrated model is not available. “Black box” or model-independent GSA methods are thus favored.

Third, the introduction of binomial and other discrete distributions for factors could result inmultimodal output distributions for LCA or risk scores

(Blanco, Cucurachi, Guinée et al., 2020). Therefore, variance-basedmethodsmay not be suitable, andmoment-independentmethods are preferred

(Borgonovo, 2007; Borgonovo & Iooss, 2017).
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F IGURE 2 Graphical representation of the “shift” in a distribution curve, used to calculate Borgonovo’s delta sensitivity measure in an
environmental model. The non-overlapping area (non-black) represents the shift in the curve when themodel is evaluated conditional to an
uncertain factor fixed at one of its possible values. Adapted fromBorgonovo (2007).

Aswe demonstrated in previouswork (Blanco, Cucurachi, Guinée et al., 2020; Cucurachi et al., 2021), oneGSAmethod thatmeets these require-

ments is the delta sensitivitymeasure proposed by Borgonovo (2007). The Borgonovo delta defines the influence of a parameter as its ability to shift

the model’s output distribution curve. This is illustrated by Figure 1, where the blue probability distribution curve is the environmental risk of a

technology when all uncertain factors are left to vary freely across their entire spectrum of possibilities, according to their underlying distributions

(Iunconditional). If one factor in the riskmodel can be fixed at a value representing one scenario, the curvewill shift bymoving along the x-axis (lower or

higher risk depending on the state of the factor) andwill becomenarrower (lower uncertainty/dispersion in themodel output or risk score). The new

green curve (Iconditional ) is the probability distribution of the environmental risk for the specified scenario. For an LCA/HERA indicator, two things are

desirable: that the output distribution curvemoves toward theorigin on the x-axis (lower risk/impact) andbecomesnarrower (less uncertainty). The

curve’s shift is defined by Borgonovo as the non-overlapping area between both curves (red plus blue and not purple). The delta sensitivity measure

is the probability-weighted average of all shifts induced by the uncertain factor when it is fixed at its possible values (Borgonovo, 2007).

2.7 Further reducing uncertainty

The first GSA iterationmay result in several factors that have higher sensitivity, that is, aremore influential. Before producing recommendations or

making any decisions on the technology design, three recourses can be used to further reduce uncertainty in themost influential factors. First, sub-

jective probability estimates can be refined by structured expert knowledge elicitation protocols, which are aimed at reducing biaswhile furthering

consensus (Hanea et al., 2018; Morgan, 2014; Wang et al., 2012). Some of these methods have already been extended to incorporate the experts’

beliefs regarding their own uncertainty about their estimates (Wang et al., 2012). Second, more refined modeling can be applied depending on the

nature of the parameter, for example, hydrological, geochemical, process simulation, or economic models. A third recourse is to collect additional

data from lab or pilot-scale tests, such as leaching tests or emissions measurements. As explained in Section 2.3, Bayesian inference can be used to

update the prior probability distributions for the factors for which new datawere obtained. An additional strategy that has been proposed recently

to fill data gaps in LCAof emerging technologies is the use of predictivemachine learning algorithms (Romeiko et al., 2024). However, thesemay not

necessarily reduce uncertainty and on the other hand, introduce other sources of uncertainty (due to model error/approximations), which should

be taken into account as well.

2.8 Defining sensitive scenarios

Once the possibilities to further reduce uncertainty have been exhausted, additional uncertainty propagation and GSA iteration will produce the

residual influential factors. These factors can then be used to construct “sensitive scenarios,” whichwill analyze a smaller, but highly relevant subset

of factors. Sensitive scenarios can be used to engage with technology developers and other stakeholders (e.g., suppliers, consumers, policymakers,

funding agencies, and environmental advocacy groups) around the prioritization of design strategies that can most effectively lead to safer and

more sustainable deployment of the technology. In other words, sensitive scenarios point to the factors that are most influential while potentially

subject to change. This presents an opportunity to influence these factors by attempting to fix them in the design at a desirable value or at least

reduce their uncertainty toward a smaller andmore desirable range (shift the risk or impact score distribution illustrated in Figure 2 to the left and

make it narrower).
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BLANCO ET AL. 9

2.9 Proposing effective SSbD innovation roadmaps

Because sensitive factors can span different domains, their nature may vary significantly as will the possible ways to influence them. A well-tested

guiding principle that has been applied for decades in occupational health and safety risk management is the hierarchy of risk control measures,

which leads the decision-maker to prioritize riskmitigation strategies according to the order (i) elimination, (ii) substitution, (iii) engineering control,

(iv) behavioral controls, and (v) personal protective equipment. Such strategies are already very visible in, for example, proposals for emerging PV

technologies, suchas in situ sequestrationof lead inperovskite solar cells (Li et al., 2020) (engineering control) and replacementof lead (substitution)

(Cao & Yan, 2021; Serrano-Lujan et al., 2015). From the technology developer or designer’s viewpoint, strategies along the first three tiers of the

hierarchy may be easy/intuitive to implement, for example, substituting a chemical, reducing the size of the product, etc. However, when strategies

in these tiers have been exhausted, the fourth tier can offer important additional opportunities to influence consumer behavior by modifying the

product’s design. A very valuable guide for this can be found in Bhamra et al. (2011). Additional ecodesign principles and strategies have been listed

in the European Commission’s SSbD framework (Caldeira et al., 2022). The most feasible and effective strategies found in this step would form the

basis for highly effective SSbD improvement roadmaps.

3 CASE STUDY: MULTIJUNCTION III-V/SILICON PHOTOVOLTAICS

3.1 Case study description

To illustrate the proposed framework, we apply it to an emerging PV technology, high-efficiency III-V/silicon multijunction cells. In previous work,

we conducted a comprehensive LCA (Blanco, Cucurachi, Dimroth et al., 2020) and an ecological risk assessment (Blanco et al., 2024) of this technol-

ogy. These assessments were primarily based on data obtained from laboratory-scale and pilot studies conducted within a European R&D project

(Fraunhofer ISE, n.d.). In the following sections, we will explain how these models and insights about the technology evolved by applying the frame-

work (in some aspects, retrospectively).Wewill consider three iterations of the LCA andRAmodels, which correspond to different stages: the state

of knowledge at an early stage of the R&D project (t0), after addressing key uncertainties through the project’s R&D efforts (t1), and an optimized

roadmap achievable by fixing residual sensitive factors at optimal values (t2).We summarize how the framework is applied step-by-step in Table S1

of the Supporting Information file S1 and explain themost relevant aspects in the following sections.

3.2 Life cycle assessment

Themanufacturing of III-V/Si cells involves numerous processing steps, most of which are already deployed at an industrial scale in themainstream

silicon PV industry. Two key steps, however, are early-stage concepts that could only be tested at lab and pilot-scale and thus brought about large

uncertainties. The first is the deposition of the top cell’s III-V layers, which are grown via metalorganic vapor phase epitaxy (MOVPE; Dimroth,

2017). In the initial phase of the project (t0), we considered commercial MOVPE reactors that are widely used in PV and related industries. Early

experimental runs conducted during the project showed these reactors to have a high energy consumptionwith low throughputs (7 round4″wafers
per run at 3.5-h runtime). The second is themetallization of the cell’s front contacts, forwhich a choice had to bemade between highly experimental

nanosilver and nano-copper ink and their corresponding synthesis and sintering routes, as described in previous work (Blanco, Cucurachi, Guinée

et al., 2020).

A third uncertain aspect was the final performance that could be achieved by the III-V/Si PV panels (in terms of energy yield) since a final design

was not available for testing. The same applies to panel lifetime, which also depends on consumers not replacing thembefore the end of their useful

life. These performance uncertainties are reflected in the model in three factors: panel efficiency, performance ratio, and panel lifetime. Additional

uncertainties existed in the background silicon supply chains and other PV components, which are described in Cucurachi et al. (2021). The initial

state of knowledge for all identified uncertain factors at this early stage of the project was represented with the probability distributions shown in

Table 2, t0.

Propagating all uncertainties at t0 resulted in a wide distribution, with climate change impact score ranging between 0.03 and 0.74 kg CO2eq

(Figure 3, t0). A GSA for this first iteration highlighted the sensitivity importance of the power consumption of the MOVPE tool (P_movpe_tool),

followed byMOVPE runtime (RT_movpe) and panel lifetime (LT_panel) (Figure 4, t0). A second tier of influential factorswas found in the background

silicon supply chain as well as the choice between copper and silver nanoink (Cu_vs_Ag) for the front metallization and the chances of success of

the different nanoparticle synthesis and ink sintering routes (p1–p5). In the case of binomially distributed factors, the underlying probabilities px of

eachweremore influential than the factors themselves.
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10 BLANCO ET AL.

TABLE 2 Evolution of uncertain factors in a life cycle assessment (LCA)model of the III-V/Si tandem photovoltaic technology.

Factor Id Factor description

Uncertainty type

(from Table 1) First iteration (t0) Second iteration (t1) Final iteration (t2)

MOVPE

P_movpe MOVPE tool power load per

processedwafer area

IV pert(min= 1, mode= 509,

max= 509)

pert(min= 1, mode= 119,

max= 119)

15

RT_movpe MOVPE runtime IV pert(min= 0.5, mode= 3.6,

max= 3.6)

pert(min= 0.5, mode= 2.6,

max= 2.6)

0.5

Scru_cons Scrubber granulate

consumption

IV triang(min= 2.55, mode=
7.65, max= 7.65)

No change No change

Frontmetal*

Cu_v_Ag Choice of Cu nanoink versus

Ag nanoink

I bin(1, p1)
p1 ∼ beta(4,2)

bin(1, p1)
p1 ∼ beta(7,3)

1 (resolved for

copper nanoink)

Synth_Ag Choice of chemical versus

physical synthesis for Ag

nanoink

V bin(1, p2)
p2 ∼ pert(1000, 0.5,0.7,0.8)

No change Not applicable

Synth_Cu Choice of chemical versus

physical synthesis for Cu

nanoink

V bin(1, p3)
p3 ∼ pert(1000, 0.5,0.7,0.8)

No change No change

Sint_Cu Choice of laser versus

chemical sintering for Cu

nanoink

III bin(1, p4);
p4 ∼ pert(min= 0.1, mode=
0.2, max= 0.3)

1 (resolved for laser

sintering)

No change

Sint_Ag Choice of laser versus.

chemical sintering for Ag

nanoink

III bin(1, p5);
p5 ∼ unif(1000, 0,1)

No change Not applicable

Performance parameters

Eff_panel Panel efficiency XII pert(min= 0.25, mode=
0.28, max= 0.31)

No change 0.31

PR_syst Performance ratio of PV

system

XII pert(min= 0.8, mode=
0.85, max= 0.9)

No change No change

LT_panel Panel lifetime XI norm(30, 5) No change 35

Background supply chain

Cu_scrub Scrubber granulate copper

fraction

VI pert(min= 0.2, mode= 0.3,

max= 0.7)

No change No change

Cu_rec Recycling of copper from

granulate

V bin(n= 1, p= 0.5) No change No change

Al_panel Aluminum in panel II lnorm(gm= 2.63, gsd= 1) unif(1000, min= 1.6, max=
2)

No change

Glass_panel Glass in panel II lnorm(gm= 10.08, gsd=
1.22)

unif(1000, min= 5.04,

max= 7.56)

No change

Elec_panel Electricity tomanufacture

panel

IV lnorm(gm= 4.71, gsd= 1) unif(1000, min= 12.22,

max= 15.27)

No change

Elec_siem Electricity consumption

Siemens process

VI lnorm(gm= 110, gsd= 1) unif(1000, min= 34.1,

max= 44.3)

No change

Heat_siem Heat consumption Siemens

process

VI lnorm(gm= 185, gsd= 1) unif(1000, min= 57.24,

max= 74.52)

No change

Elec_CZ Electricity consumption

Czochralski process

VI lnorm(gm= 85.6, gsd=
1.22)

unif(1000, min= 43.4,

max= 69.3)

No change

Si_CZ Silicon consumption for

Czochralski process

VI lnorm(gm= 1.07, gsd= 1) triang(1000, min= 0.4,

mode= 0.66, max= 0.75)

No change

*For the front metal components, the five uncertain choices are represented by two uncertain factors each: the choice (a variable equal to 1 or 0) and the

chances of success for the given choice, which is represented by an uncertain factor px. The initial model then has 25 uncertain factors in total.

Abbreviations:MOVPE, metalorganic vapor phase epitaxy; PV, photovoltaic.
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F IGURE 3 Probability distribution for climate change impact scores of the emerging III-V/Si technology in three successive iterations:
t0= early stage of research and development (R&D) project, t1= after R&D project, and t2= optimized roadmap for the technology.

F IGURE 4 delta sensitivity measures (relative to other factors) in three successive iterations: t0= early stage of the research and
development (R&D) project, t1= after R&D project, and t2= optimized roadmap for amarket-ready technology. The description of each factor is
provided in Table 2.

MOVPE reactor optimization was a clear R&D priority and by the end of the project (t1), a pilot-scale reactor achieved a throughput of 31 round

4-in. wafers per run at 2.5 h runtime. Additional research and testing were conducted on the metallization as well, showing more promising results

for copper, while the LCA flagged the chemical sintering route as an environmental hotspot. We thus applied Bayesian updating of the binomial

distributions representing the chances of copper and laser sintering being preferred. Some additional factors in the background silicon supply chain

and other non-cell components were also updated in t1 to better reflect state-of-the-art as reported in the earlier publication by Cucurachi et al.

(2021).

At the end of the R&D project (t1), the expected (mean) climate change impact score was greatly reduced, as well as the uncertainty around it

(Figure 3, t1). The influence ofMOVPEpower consumptionwas also reduced and themost sensitive factor by a considerablemarginwas the panel’s

lifetime (Figure 4, t1). This presents an interesting opportunity; III-V cells on germanium rather than silicon substrates have been designed in the

past to withstand extreme radiation for their applications in space, so there may be a good case for III-V/Si cells to last longer than conventional

silicon ones. Following the hierarchy of risk controls suggested in Section 2.9, this would constitute a very effective engineering control. In addition

to this, the high efficiency of III-V/Si cells means that they are less likely to become obsolete before they reach their EoL.

The project also concluded that an even larger reactor throughput would be required tomake the technology economically and environmentally

competitive. Possibilities to further increase MOVPE throughput and reduce runtime were elicited from experts, based on what they would con-

sider feasible future developments in MOVPE reactor design. Such improvements include switching to larger wafers (square M2-type wafers) and

increasing throughput to 50 wafers per run at 0.5 h runtime. A “sensitive” roadmap for SSbD optimization would thus continue to pursue copper

laser-sinteredmetallic front contactswhile targeting best-case values forMOVPE power consumption and runtime and panel efficiency, and taking

action to increase the durability of the panel while putting in place administrative controls to avoid early obsolescence/discarding by consumers.

Such an optimized roadmap (t2) could lead toward a reduction in the mean impact score from 0.05 to 0.04 kg CO2eq, with a very low standard

deviation of 0.0003 (Figure 3, t2).
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12 BLANCO ET AL.

TABLE 3 Evolution of key factors in the ecological risk assessment model of the III-V/Si tandem photovoltaic technology.

Factor description

Uncertainty type

(from Table 1) First iteration (t0) Second iteration (t1) Final iteration (t2)

PV capacity demand No uncertainty

modeled

Steady-state 5 GW capacity

addition per year.

Dynamic, logistic growth curve

based on>1000 datapoints.

No change

Arsenic waste leaching in

landfill

XV Constant rate (%mass/year).

Empirical, based on two

datapoints; a lognormal

distribution was assumedwith

amean of 0.8 and variance if

0.3.

Dynamic, calculated from

(uncertain) solid/waste

partitioning coefficient (ksw)
uncertainty estimated from>100

datapoints (Allison & Allison,

2005).

Leachate pH controlled

resulting in higher ksw (now

sampled only from the upper

quartile of the distribution

used in t1).

Leakage of landfill

leachate to surrounding

soil compartment

XV Constant leakage rate of

landfill leachate to the

surrounding soil compartment

(%/year): based on 1 datum, a

lognormal distributionwas

assumedwith amean of 2.0

and variance of 0.7.

Uncertainty estimated from

landfill infiltration rates based on

>100 datapoints (U.S.

Environmental Protection

AgencyOffice of SolidWaste,

2003).

No change.

Landfill cell depth XV Not applicable. Empirical, exponential

distributionwith a peak at 10 and

lower value of 0.5m based on

>100 datapoints (U.S.

Environmental Protection

AgencyOffice of SolidWaste,

2003).

Increased landfill depths

(PERT distributionwithmin=
5, mode= 7.5max= 10m).

Recycling rate XIII Uniform distribution assumed

for 85%–99.9% of panels

collected.

No change. Shifted to 95%–99.9% panels

collected.

Incinerator abatement VII Uniform distribution assumed

for 98%–99.9% arsenic

captured in an electrostatic

precipitator.

No change. Shifted to 99.5%–99.9%

arsenic captured in the

electrostatic precipitator.

Fate parameters in the

SimpleBox fatemodel

XV No uncertaintymodeled. Uncertainty estimates based on

Bakker et al. (2003).

No change.

Abbreviation: PV, photovoltaic.

3.3 Risk assessment

A first iteration of an ecological risk assessment for the III-V/Si PV technology (t0) was conducted during the early stages of the R&D project, based

on a highly simplified and conservativemodel (Blanco, Cucurachi, Peijnenburg et al., 2020). A prospective risk quotient (RQ, also risk characterization

ratio [RCR] as described in European Chemicals Agency, 2016) was calculated as a ratio of predicted environmental concentrations to predicted no-

effect concentrations for arsenic, gallium, and indium emissions from the III-V/Si panels. Table 3 (t0) summarizes the key assumptions and uncertain

factors that were considered in this simplified model. The distribution of the risk quotient obtained for arsenic emissions to soil in a no-recycling

scenario (no arsenic recovered from PV panels collected for disposal) had a mean value of 0.136 (where the threshold for concern is 1) and a small

relative standard deviation of 9.06 × 10−3 (Figure 5, t0).

A global sensitivity analysis of this first iteration highlighted the leaking rate and the leaching rate as the most sensitive parameters. Thus,

increased focus was placed on the landfill emissions component of the model during the remainder of the R&D program. The model was refined

in a second iteration (t1) as presented in Blanco et al. (2024) with leaching processes reparametrized in terms of a solid/waste partitioning coeffi-

cient (ksw) forwhichmore than100datapointswere available. Leakageprocesseswere also reparametrized in termsof landfill infiltration, forwhich

more than 100 data points were available. Additional uncertainty information that became available was introduced in the fate model parameters

(which were fixed in t0), resulting in over 100 uncertain parameters with uncertainty distributions taken from the literature. For brevity, these are

not reported in Table 3, but we refer the reader to Blanco et al. (2024) for a full documentation of the refinedmodel.

Furthermore, in the refined model of t1, arsenic emission and fate processes—along with the projected growth in III-V/Si PV demand—were

modeled dynamically rather than steady-state, recognizing the relevance of the temporal dimension and reflectingmore realistic scenarios (Table 3,

t1). The resulting risk quotient for arsenic in the soil compartment in Europe in the100th year of the simulation periodwas negligible (Figure 5, t1). It

is the case that themodel used in t0 has a different scope (steady-state) than the one in t1 (dynamic), thus the observed difference in the calculated
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BLANCO ET AL. 13

F IGURE 5 Probability distribution of risk quotient for III-V/Si arsenic emissions to the soil in the European continent in three successive
iterations: t0= early stage of the research and development (R&D) project, t1= after R&D project, and t2= optimized roadmap for the technology.
The description of each factor is provided in Table 3. sd, standard deviation.

risk quotients. Although in t0 the risk quotient is calculated in a fundamentally different situation than t1, we present the results side by side to

illustrate how the problem framing andmodel choice/setup can also be substantially revised as a result of identifying aspects with large uncertainty

and influence. This also shows that GSA can successfully pick problematic areas in the model framing, a key application of GSA referred to in the

literature as “sensitivity auditing” (Saltelli et al., 2021).

Here we also note that in refining the model, the relative standard deviation (standard deviation relative to the mean) increased rather than

decreased between t0 and t1.We do not see this as a setback in the implementation of the framework, but rather as an increase in model accuracy

at the expense of precision. This can be desirable, especially for long-term forecasts. For a detailed discussion of this important distinction in the

context of LCA, we refer the reader to Heijungs (2020).

TheGSA in iteration t1, pointed to four factors to prioritize for improvement strategies: thewaste/leachate partitioning in the landfill, the landfill

depth, the recycling rate, and the incinerator abatement. The combined effect of design strategies and improvements targeting these factors (see

Blanco et al., 2024) can be evaluated in an “optimistic” future scenario t2, where the risk and the relative standard deviation could be reduced by an

additional order of magnitude (Figure 5, t2).

4 DISCUSSION

4.1 Insights obtainable through the framework

Applying our framework to the LCAof the III-V/Si PV systemhighlighted an interesting point regarding the lifetime of PVpanels.While it is common

in LCAs of PV to standardize the lifetime parameter to a fixed value, for example, 25 or 30 years (Frischknecht et al., 2016), there is an important

variability coming fromtwodifferent sources.Ononehand, there is the stability of the cell/panel and its ability towithstandweathering anddegrade

slowly. Someopportunities for improvement in this sense liewithin the grasp of the technology developer. III-V/Si cells already present an important

advantage as they can withstand high radiation for long periods of time without degrading. Further work on improved cell coatings and panel glass

framing may offer important roadmaps for more sustainable design. On the other hand, there is the proper maintenance and protection of the

panel during its use phase and—perhaps more importantly—the commitment to use the panel throughout its entire useful life and not replace it

earlier than needed. The latter opportunities are on the side of the consumer. Our analysis indicates that if the technology developer undertakes

all foreseeable actions to improve themanufacturing and design, then the influence the consumer has over the panel reaching its EoL too early will

significantly outweigh additional marginal improvements that can be achieved on the design side. Furthermore, we note that the performance ratio

(PR_syst), which can also be influenced by the user via adequate maintenance/cleaning and proper installation setup, had a moderate ranking in
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14 BLANCO ET AL.

sensitivity (Figure 4). In a way, these recommendations follow the progression of the hierarchy of risk controls, where engineering controls (design

changes) are exhausted and behavioral controls follow next.

In the same way, the risk assessment offered interesting insights that would have been hard to obtain without such a systematic approach to

uncertainty. For example, the ethyl vinyl acetate (EVA) layer encapsulating PV cells can dissolve, increasing acidic conditions in landfills and trigger-

ing arsenic release. Knowing the importance of this effect gives another reason to reconsider using EVA, which also complicates PV recycling. We

refer the reader to Blanco et al. (2024) for further insights obtained in the risk assessment study.

4.2 Feasibility and resources required

One concern is whether applying all the steps of the framework is possible considering the time and resources typically allocated to such assess-

ments. Fortunately, despite there being a large theoretical work underpinning each step of the framework, the tools for implementation have been

developed over time and can now be run in matters of minutes with average computational power (Cucurachi et al., 2021). Compared to the effort

typically invested in conventional ex post assessments, the only step that may require significant additional time and data collection is the charac-

terization of uncertainty with probability distributions. In practice, many information exchanges will and should take place between an LCA/HERA

modeler and a technology developer. Framing these exchanges in the context of uncertainty as we have presented herewill providemore structure

to the conversations and optimize the learning process (for both themodeler and the technology developer, as we have often observed in practice).

Furthermore, the most time-consuming refinement is expected to happen during the additional iterations to reduce uncertainty, which will—

after GSA—only consider a handful of uncertain factors in the model. The alternatives to our proposed approach could be equally or more

time-consuming, for example, developing and communicating numerous ad hoc scenarios or developing more detailed modeling such as process

engineering upscaling for uncertain parameters. Our framework can reduce the R&D resources spent trying to optimize non-influential parameters

and ensures that the additional resources required are spent on the things that matter.

4.3 On subjective probability distributions

Another concern is whether it is realistic, robust, and transparent to introduce largely subjective probability distributions that may obfuscate the

underlying models’ assumptions and their results. Here, we argue that exactly the opposite is the case; the subjective assumptions are not only

clearly stated but they are represented in a way that obeys the rules of probability. The effects of these assumptions are systematically introduced,

analyzed, and interpreted. Two types of assumptions are required in our framework when subjective distributions are used. First, the shape of the

distributions (e.g., uniform, PERT, triangular), and second, the parameters of the distribution (e.g., min, max, andmode). The case study offers a good

example of howwe introduced boundaries and realistic assumptions in the energy consumption of theMOVPE process.We chose a PERT distribu-

tion bounded by themaximumpower loading, which is given by the best result achieved to date. This is reasonable as it was already established that

the current consumption is not economically viable. Theminimum is a very lowvalue that resembles that of in-line tools used in the high-throughput

production of commercial silicon cells, which have 30 or more years of advantage. For a conservative approach, we set the mode equal to the max-

imum. We could have chosen a triangular shape using these minimum and maximum boundaries. However, a PERT shape is more realistic in that

increases in energy efficiency get more difficult with each subsequent attempt.

This example shows how relevant and objective information thatwould be lost otherwise is included in the distribution. On the other hand, mak-

ing no assumption is in many ways an assumption. For example, not attaching probability to different scenarios may well result in the unconscious

attachment of equal probability to each scenario during the interpretation and/or decision-making phase. Interpretation and decision-making will

necessarily involve probabilistic weighing, whether it is done by the modeler or the decision-maker, consciously or unconsciously. Given the rigor

introduced here, we advocate it is best to place probabilistic weighing as much as possible within the scope of the assessment itself. In addition

to this, it must be recognized that prospective assessments are inevitably conducted in low-information environments. Therefore, all information

available should be used, including beliefs, constraints, and possible states that narrow the space for ambiguity. As a final note, we highlight that

the choice of probability distributions is an (uncertain) modeling element that can be tested within the framework with GSA. In an earlier work,

we demonstrated how the parameters describing the (subjective) distributions can be subjected to sensitivity screening as well (Blanco, Cucurachi,

Guinée et al., 2020). This approach has also been described by Lo Piano et al. (2022) and Puy et al. (2020).

4.4 Other forms of uncertainty

Stirling and other authors have contributed to an important body of work expanding our interpretation of uncertainty and how it manifests in

different forms and across different domains (Funtowicz & Ravetz, 1990; Scoones & Stirling, 2020; Stirling, 2010; Wynne, 1992). In this work, we
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BLANCO ET AL. 15

demonstrated the use of forms of uncertainty that are familiar to SSbD modelers (one in which knowledge about the likelihood of relevant events

is not problematic). However, it has been argued that “deeper” forms of uncertainty and hidden biases, as well as areas of absolute ignorance, lie

outside themodels and framings of the problems they are purported to solve. The need for a broader approach to uncertainty emerges in a so-called

“post-normal science” (PNS) age, a concept first developed by Funtowicz and Ravetz (1990) to describe a situation in which “facts are uncertain,

values in dispute, stakes high and decisions urgent.”

When confronted with a PNS context, we first note that the main goal of our proposed framework is to guide R&D toward safer and more sus-

tainablemarket-ready versions of the technologies before they are deployed at large-scale.Our framework’s applicability resides exclusivelywithin

the R&D process, which serves as a testing ground. Therefore, the stakes are not as high as when large-scale deployment is imminent and the tech-

nology’s SSbD qualities are poorly understood. This is the main motivation for early-stage SSbD assessments. Nevertheless, our framework goes

beyond conventional SSbDmodeling approaches by taking significant steps toward PNS-readiness. Global sensitivity analysis and sensitivity audit-

ing have beendemonstrated as powerful tools to unmask hiddenbiases (Razavi et al., 2021). Furthermore, Bayesian approaches bring the subjective

elements of uncertainty analysis to the front, making them explicit and available for rigorous scrutiny by stakeholders. At the same time, theymath-

ematically balance prior subjective beliefs with new incoming data. Conservative uncertainty quantification and Bayesian analysis can help bridge

the gap between Stirling’s “uncertainty” and “risk” factor types. As a final point here, we note that the framework can also be coupled with complex

systemmodels (Borgonovo et al., 2022).

4.5 Application within the European Commission’s SSbD framework

The EC SSbD framework (Abbate et al., 2024; Caldeira et al., 2022) provides a basis for integrating the approachwe present.While it lacks detailed

guidance for prospective modeling and handling of related uncertainties, it recognizes the necessity of these elements and points to pertinent lit-

erature (see Box 1 in Caldeira et al., 2022). Our proposed approach aligns well with the current form of the EC framework, namely Step 3: “Human

Health and Environmental Aspects in the Final Application Phase” and Step 4 “Environmental Sustainability Assessment,” which require more

comprehensive assessments.

Our proposed framework differs from the EC framework in two important ways. First, it focuses on the technology rather than the chemicals or

materials that comprise it. The EC framework focuses on the life cycles of chemicals and materials and then indicates that relevant applications of

these chemicals and materials (use phase in LCA) should be considered. How this is done, for example, which applications, by whom, and how they

are evaluated vis-à-vis is an aspect that has not been clearly resolved by the EC framework in our view, and evaluating the life cycle of a material in

isolation from its ultimate function can be problematic (Guinée et al., 2022).

Second, our approach is intended to be an ongoing evaluation throughout the R&D journey, from low TRL to TRL 9, rather than snapshot assess-

ments conducted at discrete moments in time (tiers and gates). By continuously updating prospective models as R&D progresses and uncertainty

decreases, our approach better fits the dynamic R&D process. A constantly evolving model can be queried and updated at pertinent times by inno-

vators. This also suggests that if something such as SSbD certification were to be conceived, it would perhaps more easily be applied to the R&D

practices of the innovation company rather than to the final product. SSbD practices would optimize the path to TRL9 for safety and sustainability,

preparing the product tomeet the required standards beforemarket entry.We believe ourwork, which focuses on the technology’s application and

the uncertainties driving its innovation process, can stimulate a productive debate on optimizing and strengthening the EC SSbD framework as it

continues to develop.

5 CONCLUSIONS

We conclude with what should be the beginning, which is the nature of the research question faced by SSbD modelers. One can imagine that pol-

icymakers and technology developers would ask them: “Given the best information available, what do you think are the most effective strategies

to design, produce, use and dispose of this technology in a safe and sustainable way?” Thus, we return to Section 2.3: This is essentially a Bayesian

question. The framing we proposed here enables us to translate our best estimates to probability distributions and to systematically and robustly

identify the choices that can bemade at the R&D stage and that maymore profoundly influence the technology in a desired way.

We also recall the popular expression “you are only as strong as your weakest link,” which has great relevance in the context of prospective

assessments for SSbD. If an element of the LCA or risk model is much more sensitive than the rest, then there is a high chance that the benefits of

increased accuracy and precision in the other factors of the model are lost. If great effort is spent in modifying a factor that has only limited influ-

ence on the environmental outcomes, then this effort may well be lost. Scenario analysis has proven to be a useful tool in prospective assessments;

however, with the proposed framework, we are pushing back against overreliance on scenario analysis without a previous and comprehensive sen-

sitivity screening. Selecting scenarios based only on preconceived notions may often result in that the compared scenarios are not significantly
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16 BLANCO ET AL.

different and therefore are not useful to act upon. Thiswould futilely shift an already stretched focus fromdecision-makers toward aspects that are

ultimately unimportant.

Our framework successfully addresses this shortcomingwith robust comprehensive andquantitativemethods to support SSbDdecision-making.

It also offers a useful ontology for the exchange of information between SSbD modelers and technology developers throughout the R&D process.

Furthermore, it iteratively simplifies models by allowing non-influential factors to be fixed. Less complex models will allow for clearer and more

meaningful analysis, as well as more transparent communication, discussion of the findings, and effective decision-making by all stakeholders.
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Villares,M., Işıldar, A., vanderGiesen,C., &Guinée, J. (2017).Does ex ante application enhance theusefulness of LCA?Acase studyonanemerging technology

for metal recovery from e-waste. The International Journal of Life Cycle Assessment, 22, 1–16. https://doi.org/10.1007/s11367-017-1270-6
Wang, X., Gao, Z., & Guo, H. (2012). DelphiMethod for Estimating Uncertainty Distributions. International Journal on Information, 15(2), 449–460.
Wernet, G., Bauer, C., Steubing, B., Reinhard, J.,Moreno-Ruiz, E., &Weidema, B. (2016). The ecoinvent database version 3 (part I): Overviewandmethodology.

The International Journal of Life Cycle Assessment, 21(9), 1218–1230. https://doi.org/10.1007/s11367-016-1087-8
Wolpert, R. L., Steinberg, L. J., & Reckhow, K. H. (1993). Bayesian decision support using environmental transport-and-fate models. Case Studies in Bayesian

Statistics, 241–293. https://doi.org/10.1007/978-1-4612-2714-4_5
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

SUPPORTING INFORMATION

Additional supporting information can be found online in the Supporting Information section at the end of this article.

How to cite this article: Blanco, C. F., Behrens, P., Vijver, M., Peijnenburg,W., Quik, J., & Cucurachi, S. (2024). A framework for guiding safe

and sustainable-by-design innovation. Journal of Industrial Ecology, 1–19. https://doi.org/10.1111/jiec.13609

 15309290, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jiec.13609, W

iley O
nline L

ibrary on [08/01/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://doi.org/10.1016/j.jclepro.2020.120904
https://doi.org/10.1111/j.1539-6924.2005.00604.x
https://doi.org/10.1007/s11367-017-1270-6
https://doi.org/10.1007/s11367-016-1087-8
https://doi.org/10.1007/978-1-4612-2714-4_5
https://doi.org/10.1016/0959-3780(92)90017-2
https://doi.org/10.1111/jiec.13609

	A framework for guiding safe and sustainable-by-design innovation
	Abstract
	1 | INTRODUCTION
	2 | METHODS
	2.1 | Framework overview
	2.2 | Identifying uncertain factors
	2.3 | Incorporating uncertain factors as parameters
	2.4 | Characterizing prospective uncertainty
	2.5 | Propagating uncertainty
	2.6 | Screening for relevant factors
	2.7 | Further reducing uncertainty
	2.8 | Defining sensitive scenarios
	2.9 | Proposing effective SSbD innovation roadmaps

	3 | CASE STUDY: MULTIJUNCTION III-V/SILICON PHOTOVOLTAICS
	3.1 | Case study description
	3.2 | Life cycle assessment
	3.3 | Risk assessment

	4 | DISCUSSION
	4.1 | Insights obtainable through the framework
	4.2 | Feasibility and resources required
	4.3 | On subjective probability distributions
	4.4 | Other forms of uncertainty
	4.5 | Application within the European Commission’s SSbD framework

	5 | CONCLUSIONS
	ACKNOWLEDGMENTS
	CONFLICT OF INTEREST STATEMENT
	DATA AVAILABILITY STATEMENT

	ORCID
	REFERENCES
	SUPPORTING INFORMATION


