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“I can live with doubt and uncertainty and not kriog:. | think it is much more interesting to livetno

knowing than to have answers that might be wrohgvd will only allow that, as we progress, we
remain unsure, we will leave opportunities for eltetives. We will not become enthusiastic for the
fact, the knowledge, the absolute truth of the day,remain always uncertain ... In order to make

progress, one must leave the door to the unknoam’aj

— Richard P. Feynman
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Abstract

Life Cycle Assessment (LCA) is a methodologicalnfeavork for assessing environmental
impacts of a product, a service or a system throughs life cycle: from extraction of raw matesal
through production and use, to recycling and wastatment (i.e., “cradle to grave”). Its wide
applicability to agricultural systems provides wseihformation for decision makers to estimate
environmental impacts of products, compare enviemtal impacts of different systems, and make
suggestions to improve systems. However, the L@&#sd for large amounts of data and high-quality
models yields several sources of uncertainty thHtuénce the feasibility of LCA of agricultural
systems and the credibility of its results. Forregke, it is difficult to obtain measurements ofraie
emissions due to fertilizer or manure applicatidms; estimating emissions using emission factors
may not represent all conditions, especially inarg with specific farming practices (conventional
vs. organic). Therefore, the scientific objectivesttuf thesis are to identify sources of uncertainty
agricultural LCAs and help practitioners use appeip methods to represent different types of
uncertainty in agricultural systems and analyzér imluence on total uncertainty in environmental
impacts through LCA.

Uncertainty in LCA can be divided into two typesaaing to its nature: epistemic uncertainty
(lack of knowledge) and variability (inherent difémce). Both types of uncertainty have
fundamentally different definitions, and distinduisy them helps practitioners reduce epistemic
uncertainty (e.g., by improving measurements) attebunderstand variability in the system (e.g., b
seeking more representative information). To beensxplicit, each type of uncertainty can be divided
into three sub-categories depending on its soyraeameter, model, or scenario uncertainty and
spatial, temporal, or natural variability. The typeuncertainty determines the method(s) used to
represent and propagate it; their characteristivd kmits depend on both the context of the
agricultural site studied and that of the studglitsTherefore, to better address uncertainty irALC
studies, the decision tree developed in this themishelp LCA practitioners choose which method(s)
to use. Application of the methods, however, shdaddperformed on a case-by-case basis, because
particular situations may occur in real case stdimt cannot be covered by a general guideline.
Sometimes other factors, such as computationalarabtacceptable confidence level, should also be

considered when performing uncertainty analysisGa.

The probabilistic approach is commonly used to gjfyahoth natural variability and parameter
uncertainty, while intervals (“fuzzy” or “crisp”) ay be more appropriate for representing parameter
uncertainty. In agricultural systems, both typesindertainty often occur together. Therefore, the t
methods were applied to represent natural varigliifarm characteristics and parameter uncestaint
in emission factors, respectively, to estimate mmrnental impacts of dairy farms in Brittany, Franc

These uncertainties in input variables were projabausing Monte-Carlo simulation to the



uncertainty in estimated impacts, which was represk using Dempster-Shafer theory (DST). In
parallel, correlations among farm-characteristipuinvariables were maintained using multivariate
probability distributions, which yield more realistestimates than random independent distributions.
Representing uncertainty in impacts using DST miystished variability in potential impacts from
epistemic uncertainty in their mean values. Hemterpretation of the uncertainty analysis should
carefully explain the differences between them. TiBtude of decision makers to risk (i.e.,
confidence index) can be integrated into this D&@%dal form of representation to create a single
weighted distribution of impact, which seems easerinterpret than an impact whose range is
bounded by two separate distributions. Howevergtlage some limits to applying DST in uncertainty
analysis, and studies should be performed in theduo focus on maintaining correlations between
variables that are represented imprecisely, usikg hoc optimization algorithms to increase
propagation efficiency, and integrating other typésuncertainty in the same LCA framework. In

addition, there is a need to apply the DST in noaxse studies to validate its use.

In conclusion, uncertainty analysis, as an impdrteomponent of LCA, should provide
reasonable and realistic assessment of studiegnsysh the face of many sources of uncertainty. The
existence of uncertainty, which is unavoidable,utthanot restrict research and decision making, but
rather help LCA practitioners to improve their urselanding of studied systems by identifying the key
information needed. The existence of a variety ethods for uncertainty analysis provides LCA
practitioners with an array of methods to choosenfrdepending upon the context of the agricultural
system and that of the LCA study. Moreover, usin@ppropriate method provides credible estimates
of impacts, which reflect the real state of knowgedand may encourage scientists to seek more

information.

Keywords: life cycle assessment; agricultural system; emrrental impacts; epistemic uncertainty

and variability; probability theory; fuzzy internglDempster-Shafer theory; Monte-Carlo simulation



Résumé

L'Analyse du Cycle de Vie (ACV) est un cadre métbladique pour évaluer les impacts
environnementaux d'un produit, d'un service ou dysteme tout au long de son cycle de vie: depuis
I'extraction des matieres premiéres, jusqu'au faggcou a la mise en déchet (« du berceau au
tombeau ») en passant par les processus de pradwttid’utilisation. Ses larges applications dans
l'agriculture offrent des informations utiles poues décideurs pour évaluer des impacts
environnementaux des produits, comparer des impaotgronnementaux entre les systémes
différents, et améliorer un systéme de product@ependant, I'exigence en données et en modeéles de
bonne qualité utilisés en ACV entraine différerg@srces d'incertitude qui influent sur la faisaéitie
I'ACV des systémes agricoles et la crédibilité ele i®sultats. Par exemple, il est difficile d'obtees
mesures des émissions de nitrate apres I'applicdtmgrais ou de fumier au sol, et l'estimatios de
émissions avec des facteurs d'émission ne peuepessenter toutes les conditions, surtout dans une
région ou les pratiques agricoles sont particuiggestion conventionnelle versus biologique). En
conséquence, les objectifs scientifiques de deétset sont d'identifier les sources d'incertitud&en
agricole et d'aider les analystes a choisir leshodss appropriées pour représenter différents types
d'incertitude dans le systéme agricole et pouryapalleurs influences sur l'incertitude totale des

impacts environnementaux.

L'incertitude en ACV peut étre divisée en deux $ygelon sa nature: incertitude épistémique
(manque de connaissances) et variabilité (différantrinseque). Les deux types d'incertitude ost le
définitions fondamentalement différentes, et ldinision entre eux aide les analystes ACV a réduire
incertitude épistémique (ex., en améliorant desunes$ et a mieux comprendre la variabilité du
systéme étudié (ex., en recherchant des infornmfpus représentatives). Pour étre plus explicite,
chaque type d'incertitude peut étre divisé en temas-catégories selon la source : l'incertitude
paramétrique, de modele, ou de scénario et labitgaspatiale, temporelle, ou naturelle. Le type
d'incertitude détermine la méthode utilisée pouef@ésenter et propager, dont chacune a ses propre
caractéristiques et limites en fonction du contektesystéme agricole étudié et de I'étude elle-méme
Donc, afin de mieux aborder l'incertitude dansdasdes ACV, I'arbre de décision proposé dans cette
thése permet les analystes ACV d'avoir plusieursixclle méthodes face a différents types
d'incertitude. Cependant, lI'application de méthatiférentes doit étre réalisée au cas par casepar
que des situations particuliéres peuvent se predians une étude de cas réelle qui ne peuvent pas
étre traité dans une guide générale. Parfois dadtacteurs, comme le codt de calcul et le niveau d

confiance acceptable, doit aussi étre considésédien’analyse de l'incertitude en ACV.

L'approche probabiliste est en général utiliséer pguantifier la variabilité naturelle et
l'incertitude paramétrique, tandis que les intéegafflous ou précis) peuvent étre plus appropas

représenter l'incertitude paramétrique. Dans letesyes agricoles, les deux types d'incertitude se
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produisent souvent ensemble. En conséquence, lesnaéthodes ont été appliquées pour représenter
la variabilité naturelle sur les caractéristiques termes agricoles et l'incertitude paramétrigudes
facteurs d'émission, respectivement, pour estinesr ichpacts environnementaux des exploitations
laitieres en Bretagne (France). Ces incertitudes diennées d’entrée ont été propagées par la
simulation de Monte Carlo vers l'incertitude findies impacts potentiels, représentés avec la théori
de Dempster-Shafer (DST). En paralléle, les cdiogla entre les variables d'entrée de caractéuissiq
des exploitations ont été contrdlées en utilisast distributions de probabilité multidimensionnglle
Cette démarche permet d'avoir une estimation @aliste que d'utiliser des distributions aléatoires
indépendantes. La représentation de l'incertitotidet avec la DST a distingué la variabilité sw le
impacts potentiels de lincertitude épistémique s@8 valeurs moyennes. Ainsi, l'interprétation de
'analyse d'incertitude devrait expliquer soignemeat les différences entre eux. Les attitudes des
décideurs en face du risque (i.e., l'indice de zonde) peuvent étre intégrées dans la représamtatio
DST sous la forme d’'une seule distribution pondérémpact, qui semble plus facile a interpréter
gu’un impact dont son étendue des valeurs estdapar deux distributions séparées. Cependant, il y
a des limites sur l'application de la DST a I'aselyge I'incertitude, et d'autres études devraitret é
réalisées a l'avenir sur les corrélations entrevdeimbles qui sont représentées de maniére ingaréci
les algorithmes d'optimisatioad hoc pour améliorer l'efficacité de la propagation 'eitégration
d'autres types d'incertitude dans le méme cadibA@d/. En outre, il est nécessaire d'appliquer la

DST dans plusieurs études de cas pour la valider.

En conclusion, l'analyse de l'incertitude, commeasmposant important de I'ACV, devrait
offrir une évaluation raisonnable et réaliste desgésnes étudiés face a diverses sources d'incirtitu
L'existence d'incertitude, qui est inévitable, revrdit pas restreindre la recherche et la prise de
décision, mais au contraire devrait aider les atety ACV a compléter leurs connaissances par
rapport au systeme étudié, en identifiant les mfdfons clés nécessaires. L'existence de plusieurs
méthodes d'analyse de l'incertitude donne aux siesyACV des choix flexibles dans les différents
contextes de systéme agricole ou d’étude ACV. e, pitiliser une méthode appropriée fournit des
estimations crédibles des impacts, qui refletetat'réel des connaissances et peut encourager les

scientifiques a chercher plus d'informations.

Mots-clés analyse du cycle de vie; systeme agricole ; @tgpanvironnementaux ; incertitude
épistémique et variabilité ; théorie de probabiliiétervalles flous ; théorie de Dempster-Shafer ;

simulation de Monte Carlo
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Chapitre 1.
Introduction générale






1.1 Contexte : I'agriculture et I'environnement

Les principales formes d’agriculture ont été pradies par 'humanité depuis le néolithique,
pour atteindre un objectif initial : 'autosuffisae alimentaire (Mazoyer and Roudart 1997). Beaucoup
plus récemment, le développement de Il'agricultua# face a un grand challenge a cause de
'augmentation de la population mondiale, ce qovprque des exigences d’économie supplémentaires
(économie financiere et économie des ressourcesefias) et de préservation de I'environnement
(Espagnol and Leterme 2010). De nombreuses étmaemis en évidence le lien entre l'activité
agricole et I'environnement. L'environnement coidrda production forestiére et agricole. Par
exemple, une hausse des températures (de 1 a Bocéles pourrait augmenter le potentiel de
production alimentaire (Pachauri and Reisinger 200&s événements climatiques extrémes peuvent
endommager des prairies, des cultures et des fvéts et al. 2013). A linverse, les pratiques
agricoles affectent I'environnement. Par exempglgjlisation des fertilisants dans I'agriculturetes
responsable de I'accroissement des quantités @atate phosphore dans la biosphére (Bennett et al.
2001; EMEP-CORINAIR 2002). En 2011, les surfacedcates et forestieres émettent plus de dix
milliards tonnes de gaz a effet de serre (GES)mpdesquelles, les cultures et les élevages
représentent environ 5,3 milliards tonnes, une angation de 14 % par rapport & 2001 (FAO 2014).
Les sources d’émissions agricoles viennent priheipant de la fermentation entérique (40 %), puis
des émissions au péaturage (16 %) et des engraibésigues (13 %). En particulier, les secteurs
d’élevage (environ 80 % des émissions agricoleggmedrent des impacts directs et indirects sur le
changement climatique, la pollution du sol et éali, la dégradation des services écosystémiques, le
ressources naturelles et la biodiversité (Steindgldl. 2006). De ce fait, les progres des sciedees
I'agriculture ne visent plus seulement a satisfdaatosuffisance alimentaire pour I'humanité, mais
aussi a prendre en compte ses influences sur lessaaspects (ex., environnement, économie et
société).

Plusieurs méthodes multicriteres ont été dévelappmur estimer et évaluer les impacts
environnementaux de I'agriculture, ainsi que palentifier des pistes d’amélioration du systeme
agricole (van der Werf and Petit 2002). L’Analyse @ycle de Vie (ACV) est I'une des méthodes
d’évaluation environnementale largement utiliséetualement. La structure d’ACV, dont l'idée
initiale a été proposé depuis les années 1970 Ifodustrie, a pour la premiere fois été standa¥elis
par la Société de Toxicologie et de Chimie Enviemantales (SETAC) en 1993 (SETAC 1993). La
SETAC fournit une plateforme d’échange scientifigqque se consacre a traiter les sujets importants
(ex, évaluation des impacts, qualité des donnaeslimplémentation de I'ACV par les groupes de
travail (Klopffer 2006). A partir de 2000, I'Orgaaition Internationale de Normalisation (ISO) a
publiée une série de normes ISO 14 000 sur le mgstle management environnemental. Parmi les

normes, la série ISO 14 040 (2006) concerne laqueatde 'ACV, qui est détaillée par les normes
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complémentaires (ISO 14 041, ISO 14 042, 1ISO 14,0&3puis intégrées dans la norme 1SO 14 044
(2006). Plusieurs pays adoptent ces normes ISO eomma base de référence pour le management
environnemental dans leurs réglementations. Unsiéroe organisation internationale engagée dans
le développement de I'ACV est le Programme desaddatiUnies pour I'Environnement (UNEP).
L’'UNEP, en collaboration avec la SETAC depuis 2@@cement dd'Initiative pour le Cycle de
Vie), a pour objectif de développer et diffuser 'A@Y niveau mondial. En parallele, des méthodes
et des données spécifiques ont été développéesradesI’ACV, telles que, les guides opérationnels
de 'ACV (Guinée et al. 2002; Heijungs et al. 1992)la base de données d’inventaainvent
(Frischknecht et al. 2005). La méthode d’ACV seftaillée dans la prochaine section.

1.2 Analyse du Cycle de Vie

1.2.1. La définition de 'ACV

Selon la norme standard ISO 14 040 (2006), 'ACVwscadre méthodologique pour évaluer
des impacts environnementaux d’un produit, d’'urviserou d’un systeme en considérant I'ensemble
de son cycle de vie, depuis I'extraction de la eratpremiére (« berceau ») jusqu’a son recyclage ou
sa mise en déchet (« tombeau »). L’ACV estime fegges environnementales du produit, du service
ou du systéme « du berceau au tombeau » en agtéggsa@missions et utilisations de ressources,
exprimées dans un inventaire des flux de matiére’énergie (ex., émissions de nitrate, méthane,
dioxyde de soufre, consommation d’électricité), sdguelques indicateurs d’'impact. Ces indicateurs
peuvent refléter des flux vers I'air (ex., changah@imatique provoqué par des GES), vers I'eau, (ex
eutrophisation provoquée par les nitrates) et lersol (ex., toxicité terrestre provoquée par des
métaux lourds). Elle fournit des informations ponlvétre utilisées par plusieurs secteurs (ex.,
gouvernement, entreprise, consommateurs) lors daris® de décision (Jolliet et al. 2010). Les
applications principales de 'ACV sont (1) d’anadydes charges environnementales d’'un produit,
d'un service ou d'un systéme particulier, (2) dhiter les actions prioritaires pour améliorer les
processus du systéeme en respectant I'environnezhéBf de comparer les charges environnementales
entre les produits, les services ou les systenfésatits (Guinée et al. 2002). La méthodologie de
'ACV est divisée en quatre étapes (Boeglin and iN&tu2005; 1ISO 14040 2006; JRC 2010):
définition des objectifs et du champ de I'étudealgse de l'inventaire, évaluation de l'impact et
interprétation (Fig. 1). Ces quatre étapes sostdépendantes tout au long de I'étude, ce qui ueed
ACV itérative.
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Figure 1. Les quatre étapes du cadre de I'analyseyde de vie (ACV) reprise de Boeglin & Veuillg@005).
Les applications de 'ACV ne font pas partie duread

» La définition des objectifs et du champ de I'étudermet de définir les objectifs de I'étude en vue
de ses applications, et de déterminer le champétledé, y compris la frontiere du systeme, les
choix méthodologiques, la fonction du produit ousystéme, l'unité fonctionnelle (UF), et les
exigences de qualité des données (ISO 14044 20@86)eléments essentiels doivent étre décrits
clairement pour I'exécution des étapes suivant@s @ répondre aux objectifs définis. Par
exemple, la frontiere du systeme détermine lesgasacs du systeme inclut dans I'ACV. Dans des
systémes agricoles, la frontiere est souvent déarjusqu’a la sortie de I'exploitation (Aubin et
al. 2009; van der Werf et al. 2009). Mais certaudés (Cederberg et al. 2013; FAO 2010) ont
inclus des processus aprés I'exploitation (extrdasformation alimentaire et le transport vers les
distributeurs). Les choix méthodologiques concerrlenchoix des valeurs et des méthodes
utilisées pour les calculs (Steen 2006). La fomctigfinit les caractéres de performance du
produit ou du systeme, et 'UF quantifie cette tiomr, dans laquelle les flux de matieres,
d’énergies et d’émissions sont effectués. Lors @’étude comparative, les produits ou systémes
doivent étre basés sur une fonction commune, &t Bffre une référence de comparaison en
normalisant les flux entrants et sortants (lesux €fle référence ») des systemes. Le choix de 'UF
est crucial pour répondre aux objectifs de I'étudelF est généralement basée sur la masse de
produit (ex., par kg de produit) (Basset-Mens e2@09; Nguyen et al. 2012), mais plusieurs UFs
peuvent étre utilisées pour considérer, par exenh@léonction d’'occupation de surface ou du
service écologique (par ha de surface agricoleladionction économique (par euro de chiffre
d’'affaires) (van der Werf et al. 2009).

Ainsi, les données choisies dépendent des objattds champ de I'étude. En réalité, les données

récoltées sont un mélange de sources de donndésediés (ex., empirique, observée, calculée,
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estimée). Donc, la qualité des données doit étiéas spécifiguement dans cette premiere phase,
en ce qui concerne la précision, la complétudegpaésentativité, la cohérence, la couverture
temporelle, géographique et technologique, et dititide (Weidema and Weshaes 1996).
Comme cette premiére phase se précise de mard@eagvié, le champ de I'étude peut étre modifié

tout au long de I'étude lorsque les informationg@émentaires sont obtenues.

L’'analyse de linventaire une fois que le champ de I'étude est défini, éandeme phase de
I'ACV est de quantifier des ressources extraite®orupées (ex., matieres premiéres, surfaces de
terre), des consommations d’énergie (renouvelablaoa-renouvelable) et des émissions des
substances polluantes vers I'air, I'eau et le sotaurs du cycle de vie du produit, du service ou
du systeme étudié. La réalisation de calcul exige wecherche de données d'inventaire soit a
partir d’expérimentationad hog soit dans la littérature (Jolliet et al. 2010udreurs bases de
données sont disponibles pour fournir des donn&egedtaire au niveau local ou global, et la
base de donnéexoinventintégre plusieurs sources de données pour aveitbase de données
générique incluant la fonction d’évaluation de lelité de données (Frischknecht et al. 2005). Par
ailleurs, certains processus d’un systeme gén@festqu’un produit (un produit principal et des
« co-produits » ; ex., lait et viande d'une I'exiphtion laitiere). Par conséquent, les charges
environnementales d’'un processus sont attribuéesloj¢ées ») & chaque co-produit. Pour
guantifier la contribution aux charges uniquemanpdbduit principal, des méthodes d’allocation
différentes s’effectuent au sein de I'analyse devéntaire (Ardente and Cellura 2012; De Vries
and De Boer 2010; Wardenaar et al. 2012).

L’évaluation de l'impactpermet d’évaluer des impacts environnementaux sreégec les
eémissions des substances différentes, les exingcties ressources et les consommations
d’énergies du systeme. Le choix des indicateursnmhict intermédiaires (ex., changement
climatique, eutrophisation, acidification, utilisat de ressources naturelles, toxicité), ainsi que
des indicateurs de dommage (ex., sur la santé hemasur I'environnement naturel
biotique/abiotique), est réalisé dans la premidéapes de I'ACV. Par exemple, a travers I'outil
EDEN (Evaluation de la Durabilité des ExploitatiQNsn inventaire de I'utilisation de ressources
et les émissions était établi pour évaluer des atspanvironnementaux des exploitations laitieres
en Bretagne en France (van der Werf et al. 200§) &. Donc, cette phase classifie les émissions
et les extractions de ressources selon leurs effieties indicateurs d'impact. La quantificatiors de
impacts se fait par la multiplication des émissioangec les facteurs de caractérisation
correspondants (ex., Eco-indicator 99 (Goedkoop $mriensma 1999), Impact 2002+ (Jolliet et
al. 2003)). D’ailleurs, comme les différentes catégs d’'impact ont des unités différentes, ceci
peut étre difficile de juger I'impact le plus cgtie ou de comparer les résultats entre les diff@ren

systémes. Pour cette raison, trois étapes opti@sngbnt comprises au sein de cette phase. Le
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choix des facteurs et les bonnes pratiques asso&i€ées trois étapes ont été décrits en détail par

Finnveden (2002).

» la normalisation (rapport de la contribution d’inspdu produit ou du systéme par rapport

a l'effet total au niveau global ou local) perméexgrimer les différentes catégories
d’'impacts avec la méme unité.

» le regroupement attribue (semi-)qualitativement egys d’importance aux indicateurs

d’'impact.

» la pondération permet d’agréger les résultats niisésapar un facteur de pondération (un

score a valeur unique) afin d’exprimer I'impacvieonnemental global du produit ou du

systeme.

» L’interprétation permet d’'interpréter les résultats obtenus paplesses précédentes a plusieurs

niveaux (ex., au niveau des émissions, des impatdenédiaires et des impacts de dommage).

Dans cette phase, on identifie les points clésg@tas dimpact) au sein des processus du

systéme et propose des options pour réduire leadi®mgnvironnementaux du produit, du service

ou du systeme. On évalue également la qualité alesées, les points sensibles et les incertitudes

au travers du cycle de vie. De plus, on tire uneclkusion sur la limite du systeme ACV et

propose les recommandations pour la recherchesfuiette phase doit apporter des informations
transparentes et compréhensibles pour I'aide adsidn.

Ressources et émissions

Energie

Surface agricole
Matiéres premiereg
co,
N,O
CH,
Air SO,
NO,
NO
NH;
NH;
Eau NO;
PO,
Cd
Cr
Cu
Ni
Pb
Zn

Sol

Catégorie d'impact

Utilisation d’énergie
non renouvelable

Occupation de surface]

4 L . )
Utilisation de matiere
premiére énergétique

non renouvelable
\ J

4 N\
\ Changement climatiqu¢
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\.

Facteurs de . )
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caractérisation )
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Figure 2. Les ressources et les émissions agréagéss(multiplication par des facteurs de caractiois, pour la
plupart) par l'outi EDEN (van der Werf et al. 2Q0®our estimer des impacts environnementaux des

exploitations laitiéres.



Les premiéres trois étapes offrent une meilleursmroanication de la prédiction des impacts
potentiels, qui est interprétée dans la dernieapeépour fournir des informations transparentes a |
prise de décision. Cependant, plusieurs sourcesattitude associées avec la qualité des donrees, |

différence individuelle et le choix des méthodes, affectent les prédictions de 'ACV.
1.2.2. Une limitation de la mise en ceuvre de 'ACV

Bien que I'ACV soit bien définie et largement appiée pour I'évaluation des impacts
environnementaux en agriculture, il existe certifimites (sources d’incertitude) sur la mise en
ceuvre de 'ACV (Guinée et al. 2002). Par exemperdalisation de I'ACV implique un certain
nombre d’hypothéses sur les choix des valeursibeieles de calcul et des méthodes d’allocation, ...
Les hypotheses arbitraires peuvent étre une salligertitude en ACV (De Schryver et al. 2013;
Hertwich et al. 2000). La méthodologie ACV ignomugent les informations temporelles et spatiales
qui ont des influences sur I'évaluation des impéetgting and Hauschild 1997; Reap et al. 2008). Pa
exemple, les facteurs de caractérisation pour ES @ontrent de grande différence en fonction du
temps et de la localisation (Huijbregts 1998; Réxd Josefine 2013).

Basset-Mens et al. (2009) ont considéré l'incettussue du choix des horizons temporels
d’'impact en utilisant les facteurs de caractérsetipour 20, 100 et 500 ans dans une analyse ACV de
la production laitiere en Nouvelle-Zélande. Unerawtource d’incertitude principale est issue des
données utilisées en ACV. La variabilité des dosndes exploitations (Henriksson et al. 2011), le
manque des données pour cause de limites de massmurces inaccessibles (Crosson et al. 2011) et
les données de mauvaise qualité (Weidema and We4886€) peuvent intervenir sur la qualité de la
réalisation de I'ACV. Par exemple, IPCC (2006a)rfoudes méthodes (de simple & complexe) pour
calculer les émissions des GES dans des systéerdkevatje. Le choix de méthodes dépend de la
disponibilité des données qui sont variées en fonate la variabilité des données de I'exploitatédn
de lincertitude sur les facteurs d’émission. Daescas, le manque de données spécifiques limite le
choix des méthodes et influe les résultats estide@$ACV. De plus, une ACV agricole est plus
compliquée que celle en industrie. Par exemplesystéme agricole n’est pas un « pur » utilisateur
des ressources naturelles, mais certaines ressoagrcoles (ex., fertilité des sols, grainesétaits)
sont autoproduites au sein du systéme (Haas @0@0). Donc la balance des ressources doit étre
considérée proprement a lintérieur du systéme. dldrurs, les systémes agricoles sont souvent
interconnectés, et un changement dans un systémesgsteme de la culture pour produire les
aliments animaux) peut influer un autre (ex. systati¢élevage) (Harris and Narayanaswamy 2009).
De ce fait, la maitrise de ces limites (incertitsjdpeut améliorer la faisabilité et la crédibilité la
méthodologie ACV.



1.3 Définition du probléme

Ignorée depuis longtemps, la prise en compte dedititude dans les résultats de 'ACV est
devenue un sujet de préoccupation, et des arfbadisent sur cette question (Benetto 2005; Geisle
et al. 2005; Maurice et al. 2000). Bien que I'asalyles incertitudes soit bien définie et recommandé
au sein de 'ACV (IPCC 2006b; ISO 14040 2006), téigration des incertitudes dans I'ACV est
encore limitée (Reap et al. 2008), mais augmentec de temps (Ciroth 2004). L'approche
probabiliste, dans laquelle un jeu de données mdentest caractérisé par des distributions
probabilistes, permet d'estimer leurs influencesles résultats a travers de la simulation de Monte
Carlo (MCS). Cette approche est la plus utiliséesdaACV pour analyser lincertitude (Baker and
Lepech 2009; Lloyd and Ries 2007). Par exemplerdRagau et al. (2007) I'ont utilisée pour estimer

l'incertitude sur les pertes d’azote dans une A@Y eéxploitations en Bretagne.

Actuellement, des logiciels de I'ACV (ex., SimaPf@abi, CMLCA) offrent la possibilité de
faire de I'analyse probabiliste a partir de donr@@sentant statistiquement des incertitudes éeart
type), qui se trouvent de plus en plus dans dessldes données ACV (excoinvent Cette approche,
cependant, considére les paramétres comme indégendkors qu’ils ne le sont pas dans certains cas
réels. De plus, la forme de distribution (ex. ndeh&t les parametres nécessaires (ex., moyen, écar
type) pour pouvoir faire varier les variables ssmtivent inconnus, voire estimés de fagon imprécise.
D’autres approches plus complexes (ex., intervédle (Tan 2008), propagation d'erreur par des
expansions des séries de Taylor (Ciroth et al. P06dmmencent a apparaitre aussi, mais leur
complexité rend leur utilisation marginale. Leddéliéntes méthodes utilisées en ACV pour décrire et
propager l'incertitude ont pour le moment tres pharché a différencier les types d’incertitude mais
au contraire a les agréger. Plus de recherchecest Wécessaire pour faire sauter les verrous de
I'analyse d’incertitude en ACV: identification, @afation et hiérarchisation des sources d’incerétud
développement de méthodes pour visualiser les ssuddférentes et leurs impacts relatifs sur

I'incertitude globale; et démarche pour prendre@mpte des incertitudes lors de la prise de détisio
1.4 Objectifs et structure de la these

Les objectifs de la these porte sur (1) I'identfion et la classification des incertitudes dars de
systémes agricoles, notamment le systéme d’éle(agele plus complexe et présentant le plus de
processus interdépendants), (2) I'analyse de leeseptation de ces incertitudes et (3) I'analyse de
leurs influences sur l'incertitude globale des datieurs d'impact évalués par 'ACV. Ce travail a ét
réalisé en utilisant un jeu de données récolté poweénéré par I'outil d’analyse EDEN, qui est un
outil ACV permettant d’évaluer des impacts envirementaux des exploitations laitiéres (van der
Werf et al. 2009). Cette these comporte six chepi(Fig. 3): le chapitre 1 (celui-ci) présente le

contexte général et la problématique agro-envirommdale, 'ACV agricole, et les objectifs de la



thése. Le chapitre 2 est une recherche biblioggaghsur les définitions des incertitudes différerge
les méthodes pour représenter et propager cesdiipesrtitude ; ce chapitre a pour objectif dedsgui

les analystes ACV a choisir les méthodes apprapniir 'analyse des incertitudes. Une fois les
sources d'incertitude classifiées, les chapitrempis se focalisent sur I'analyse de l'incertitude
parameétrique et la variabilité en suivant cet adwelécision. Dans le chapitre 3, la MCS classegie
appliquée pour estimer des impacts environnemergatentiels des exploitations laitiéres dans une
étude ACV en considérant l'incertitude paramétrigida variabilité. De plus, la distinction entre
l'incertitude paramétrique et la variabilité aimgie la limitation de la méthode MCS sont discutées.
D’une part, cette démarche souligne la différemteed’incertitude paramétrique et la variabilitgyi
peut provoquer la recherche pour un alternatibpdroche probabiliste pour représenter I'incerétud
paramétrique. De l'autre part, elle révéle unelubaises de I'application de la MCS classique (ad-a-

la prise en compte de la corrélation). Donc, lepiha 4 se focalise sur le contrdle des corrélation
entre des variables d’entrée afin d'améliorer kcjgion de la méthode MCS. Le chapitre 5 integee de
méthodes différentes, pour analyser l'incertituggamétriqgue et la variabilité (intervalle flou et
distribution probabiliste, respectivement), basélauecherche du chapitre 2. Les impacts potentiel
sont représentés sous forme de structure de Dem$istder. Enfin, le chapitre 6 synthétise le travai

de la thése et discute ses limites et les perspsgbiour la recherche future.
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In general, LCA, as a systematic tool for assesgiagenvironmental impacts of product system
during its life cycle, is used to support decisiofifie assessment process integrates multiple
mathematical models to estimate resource consumpdiod pollution emissions. Hence, the
confidence in LCA results relies on having seleciggropriate models and data. However, these

requirements may not be attained due to the existehuncertainty.

Uncertainty is a phenomenon that describes a laékhowledge about a studied system. This
state of knowledge contains inherent charactesigifcthe specific individual or system (variabi)ity
and measurements of these characteristics (epcstentertainty). Uncertainty analysis attempts to
capture uncertainty in LCA to support decision-makiwith an acceptable confidence level. The
objective of this study is to review classificaoof uncertainty and various methods to represeat a
propagate uncertainties in previous studies, angrépose a guideline for choosing appropriate

methods of uncertainty analysis in LCA studies.
2.1 Terminology of uncertainty

Uncertainty can be conceptualized as a state onhpaimited scientific knowledge. Many
authors have addressed the classification and nefagy of uncertainty (Baker and Lepech 2009;
Benetto 2005; De Rocquigny et al. 2008; Huijbreb®98a; Merz and Thieken 2005; Morgan and
Henrion 1992; US EPA 1992, 1996; Vose 2008; Walkeral. 2003). Although they defined
uncertainty in a variety of ways, most concurredt tbhncertainty can be divided into two types

according to its nature: variability and epistenmcertainty.

Variability refers to the inherent property of individualstlie real world. It is due to natural
heterogeneity in physical phenomena, and it isedticible. It has also been called “aleatory”,

“stochastic”, “objective” or “irreducible” uncertaty.

Epistemic uncertainty results from incomplete knowledge about the systtodied. It is
defined as the lack of knowledge, imprecision, i@mae and human errors. Thus, it is reducible
by acquiring new knowledge or expert opinions gpliaving measurement accuracy. It has also

been called “subjective” or “reducible” uncertainty

Some authors defined epistemic uncertainty onliads of knowledge, excluding imprecision
and ignorance of information. For example, Beneff®05) considered imprecision due to
measurement errors (bias) as an independent sadfreencertainty apart from uncertainty and
variability. Indeed, imprecision and ignorance miajluence estimate of variability and thereby

influence results.

The importance of distinguishing variability frompistemic uncertainty is commonly

emphasized in uncertainty analysis. Morgan and iden(1992) argued that it is important to
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distinguish types and sources of uncertainty, wivasiety may generate confusion. Thompson (2002)
stated that the distinction between uncertainty \ar@ability was important in risk management and
communication, because knowing variability leadbdtter understanding the distribution of risk, and

knowing uncertainty helps decision makers seek@pjate information and improve systems.

Although variability and epistemic uncertainty atlearly distinguished by their definitions,
application of approaches for uncertainty analysisstill limited in practice at this level of
classification. Taking both variability and episierancertainty into account with a single probapili
distribution may result in a loss of informationoalbthe proportion of the distribution in resultsedo
randomness and the proportion due to ignorancetaystem (Vose 2008). Therefore, more detailed
identification and prioritization of sources of @n@inty is helpful for choosing the most relevant
methodologies to quantify different types of unainty (Baker and Lepech 2009; De Rocquigny et al.
2008).

2.2 Sources of uncertainty

Uncertainty can be classified according to the eeaiof uncertainty. Heijungs and Huijbregts
(2004) compared classifications of uncertainty, astdted that a classification is useful if it
distinguishes between sources and types of uniridihe principal sources of epistemic uncertainty
in LCA come from three sub-categories: paramet@dehand scenario (Walker et al. 2003; WHO
2008). As for variability in LCA, Huijbregts (1998alassified three sub-categories: spatial, termpora

and “sources and objects” (due to the use of diffetechnologies).

Parameter uncertainty is associated with data and methods to calibratanpeters in LCA
models (Walker et al. 2003). It reflects incompldseowledge about the true values of
parameters. Inaccuracy, unrepresentativeness ekadflaata are common raisons of parameter
uncertainty (Huijbregts 1998a). In LCA, parametecertainty is considered as the main source
uncertainty in most studies, including uncertaiimyinventory data or, in impact assessment,
uncertainty in characterization factors (Lloyd dids 2007). For example, inventory analysis is
affected by poor data quality (inaccuracy), whie use of data from a different context may
cause uncertainty (unrepresentativeness) (BjorkR0@i2; Reap et al. 2008). In addition, certain
impacts such as biodiversity and human toxicity @ifécult to estimate due to lack of data
(Finnveden 2000). Moreover, uncertainty in parameigtributions (Heijungs and Frischknecht
2005) and a lack of information about correlatidmstween input parameters remains a
challenge in most LCA studies (Heijungs and Huigise2004; Payraudeau et al. 2007).

Model uncertainty is defined as lack of knowledge about mechanishtiseosystem studied. It
is due to simplification of models without consider parameters or ignorance of dependency

among model parameters (WHO 2008). In LCA, modeleutainty results from the loss of
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temporal and spatial characteristics in the mods§umptions of linear relations in impact
assessment and calculation of characterizatiomrsetith simple models (Huijbregts 1998a).
For example, LCA models that represent specificpprites of substances can estimate
environmental impacts more realistically than medbhsed on general properties of the
substances, but such detailed models are onlyadl@ifor a few substances. Hence, the lack of
precise information about the substance-specifiddet®o may increase model uncertainty
(Wegener Sleeswijk and Heijungs 1996). Moreoveivamate and multivariate models usually

provide more realistic results than linear reg@s¢Moreau et al. 2012).

Scenario uncertainty (uncertainty due to choice) is associated with itffermation used to
define scenarios. It indicates that choices madihénscenario may reflect the reality of the
system studied. Scenario uncertainty arises whénimlg objectives of the LCA and choosing
data and models to attain them. It also involvdecation methods used in the inventory
analysis, waste-handling approaches, and diffeeimceharacterization factors in time or space
(Huijbregts et al. 2003). These scenario choicesheave considerable impacts on the outcomes
of LCA studies (Wardenaar et al. 2012). Scenarialyais and the theory of combination of
evidence are used to assess this type of uncgrt@iargan and Henrion 1992; Sentz and
Ferson 2002). Standardization of processes (Guitéd. 2002; ISO 14040 2006; Lindfors
1995) and expert judgment help reduce scenariortaicty in LCA (Huijbregts 1998a).

Spatial variability is associated with the variation introduced byggaphic differences in the
system studied. In most LCA studies, environmeiterventions are aggregated in impact
assessment without spatial differentiation (a “g#g@eric” approach), which may introduce
uncertainty in impacts of certain impact categodas to lack of site-specific data (Ross et al.
2002). For these impact categories, the absencgpatial differentiation may decrease the
credibility of LCA. On the other hand, a site-spiieciapproach can lead to unnecessary
complex, or even biased, evaluation of impacts gibbhal scale. Potting and Hauschild (1997)
argued that a site-dependent approach using spatidéling (i.e., incorporating spatial factors
in models) can avoid the limits of two approact®te{generic and site-specific). Thus, spatial
differentiation factors need to be developed in L{ERuschild 2006).

Temporal variability is associated with variation introduced by tempohanges in the system
studied. This variation can be due to a differeacer time in factors modeled. For example,
large variability in emission factors was obsereoe@r time in Swedish paper plants (Hanssen
and Asbjgrnsen 1996). In addition, temporal valigbin characterization factors, caused by
the lifetime of a reference substance, can be ssdely choosing different time horizons

(Huijbregts 1998a). This source of temporal valigbtan be avoided by choosing appropriate
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characterization factors for short-term or longre@mpact assessment (scenario uncertainty).
Also, inventory data are commonly collected anryatus considering data over years may
create another source of temporal variability. clsa case, the means and variances of these

data can be estimated to represent the variabityng the time period.

Variability between sources and objectss associated with inherent variation among défifeer

technologies used to produce the same material ittr aifferences between objects that
determine the environmental impacts (Bjorklund 200zherent differences in input variables
may influence potential impacts. For example, larggaation in the carbon footprint of milk

resulted from a large variation in milk yields, dedry-matter intake and nitrogen excretion of
dairy farms in Sweden (Henriksson et al. 2011)eéd since variability between sources and
objects represents the natural heterogeneity ofvithehls (e.g., farms, factories, humans,

animals), it can be called natural variability anddeled using a probabilistic approach.

Apart from the above six types of epistemic undetyaand variability, some have identified
uncertainty in linguistic imprecision, ambiguitydadisagreement (Bedford and Cooke 2001; Benetto
2005; Morgan and Henrion 1992). In LCA, these typksancertainty are often dealt with arbitrarily
using expert judgment (Krueger et al. 2012; Reagl.e2008). Bjorklund (2002) included poor data
guality (e.g., data inaccuracy or gaps, unrepresieat data), epistemological uncertainty, mistakes
and estimation of uncertainty itself in the classifion of uncertainty of Huijbregts (1998a). By
definition, all of these types of uncertainty canibcluded as main sources of epistemic uncertainty
Indeed, the classification of uncertainty of Hugbts (1998a) is commonly applied in most
uncertainty analysis in LCA studies (Leroy and laasv 2013; Lloyd and Ries 2007). Huijbregts
(1998a) also showed examples of types of unceytainthe phases of LCA (Table 1), indicating that
inventory analysis, characterization and weighpngcess are the most important sources of all types
of uncertainty. A variety of approaches has beereldped to analyze uncertainty given available
information (Benetto 2005; Bjorklund 2002; Cirothad. 2004; Huijbregts 1998a, b; Huijbregts et al.
2003; Imbeault-Tetreault et al. 2013; Lloyd andsR&#07; Morgan and Henrion 1992; Tan 2008;
Vose 2008; Weidema and Wesnaes 1996).
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Table 1. Examples of types of variability and egisic uncertainty in the phases of LCA (Huijbreg®98a)

Phase
Goal and Inventory Choice of Classification  Characterization Weighting
Uncertainty ~ Scope impact
categories
Parameter Inaccurate Uncertainty in life Inaccurate
uncertainty emission times of substancesnormalization
measurements data
Model Linear instead of Unknown  Unknown Characterization =~ Weighting
uncertainty non-linear impact contribution to factors are not criteria are not
modeling categories impact known operational
category
Uncertainty due  Functional Use of several Leaving out Using several Using several
to choices unit allocation known characterization  weighting
methods impact methods within onemethods
categories category
Temporal Differences in Change in Change of social
variability yearly emission temperature over preferences over
inventories time time
Spatial Regional Regional Regional
variability differences in differences in differences in
emission environmental distance to
inventories sensitivity targets
Variability Differences in Differences in Differences in
between emissions human individual
objects/sources between factories characteristics preferences,
that produce same when using panel
product method

2.3 Approaches for uncertainty analysis

Uncertainty analysis is defined as a procedureuamtity the uncertainty in the results of LCA
due to input-variable uncertainties and their ieflages on reliability of the results (ISO 14044 2006
As mentioned in the previous section, differentrapphes to uncertainty analysis exist. Morgan and
Henrion (1992) introduced a terminology of uncetias and existing approaches to deal with
uncertainties. Huijbregts (1998a, b) reviewed adéd approaches to deal with types of variabilitgl a
epistemic uncertainty in LCA. Probabilistic apprbes are widely used to analyze parameter
uncertainty and variability in LCA (Baker and Lepe2009), while other approaches, such as fuzzy-
interval analysis (Dubois and Prade 1991), anall/ticithmetic (Heijungs 1996), Bayesian approaches
(Hoff 2009) and Dempster-Shafer theory (Dempsté&6)l@an also be considered, depending upon the
goal of the study, the availability of information the suitability of the uncertainty analysis agrh.
In addition, uncertainty due to choice can be aredyby scenario modeling, standardization and

expert judgment. Model uncertainty and spatial/terapvariability can be addressed by modeling
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approaches (e.g., linear/non-linear regressionti-média modeling) (Huijbregts 1998a). This section

describes and discusses approaches for unceréanalysis.
2.3.1 Probabilistic approach

Probability theory is a mathematical theory conedrwith the analysis of random phenomena
(Felleb 1957). There are two basic views of prdligbiThe frequentistview considers probability as
the frequency that a random event occurs, whilesthgectiveview considers it as a person’s degree
of belief that an event will occur based on his/aeperiences and opinions (Morgan and Henrion
1992). The ISO standard (Bipm et al. 1995) distisiged these two views of evaluation of uncertainty
in measurement as Type A (based on statisticalysisabf observations) or Type B (based on the
degree of belief). These distinct interpretatiofieva variability and parameter uncertainty to be

distinguished.

Based on the frequentist view, the probability ritisttion assigns a probability of any possible
event in a random experiment. Suppose that randarable X, which is an element of all real
numbers R), has a probability?r(x) of having valuex. In the discrete case (the number of random

variables is countable), there exists a discretbatility distribution function (PDF):

Pr(x) = Lxex d(x),with Yyerd(x) = 1 Eq.1
whered(x) is the frequency of observations)pfi.e. the number of observationsxoflivided by

the number of trials.

The discrete distributions characterize the codateamdom variables. For example, throwing a
die to have an equal probability of each of sixuesl (from 1 to 6) is a discrete case. Common discre
distributions are Bernoulli, Binomial and Poissastbutions. However, the number of observations
is sometimes uncountable due to infinite numbemeasurement limits. In such cases, the continuous

PDF can be used to calculate the probability ofiloam variablex falling into a given interval [a, b]:

Prla < x < b] =f;f(x)*dx,withffomf(x)*dx=1 Eq. 2
wheref(x) is the PDF of observing andR is [—o, ].

The continuous PDF can be described by its cumveldistribution function (CDF):

F(x)=Pr(XSx)=f_xwf(x)*dx,forallX€R Eg. 3

which represents the probability that random vadeiXltakes on a value less than or equad to

In LCA, the most frequently assumed distributions aniform, triangular, normal (Gaussian)
and lognormal (Heijungs and Frischknecht 2005; dleymd Ries 2007) (Fig. 1). The properties of
these distribution forms are given by Morgan andrits (1992):
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Uniform distribution : it is one of the simplest continuous distribupdefined only by minimum
and maximum values. It is generally used when thegps of distribution is unknown; thus, it
assumes that any value in the minimum-maximum ramge equal probability, as stated in

Laplace’s analytic theory of probabilities (de Laqe 1820).

Triangular distribution : it can be used when one value occurs more oftan others within the

minimum-maximum range. A trapezoidal probabilitgtdbution is a special case of the triangular
distribution in which the mode is expressed asrdarval. It can be symmetric or asymmetric
depending on the location of the most likely vafye(When uncertainty is high, triangular

distribution can be transformed to log-trianguletribution (Morgan and Henrion 1992).

Normal (Gaussian) distribution: it is a commonly used continuous distributiondzhen the mean
and variance of a population. It is widely usefatause of the central limit theorem (given a well-
defined mean and variance, the arithmetic mearnth@rsum) of a large number of independent
random variables from the same population is apprately normally distributed). Thus, the
normal distribution can be used to model naturaiakdlity when the mean and variance of
population are known (Smith 2002). However, it nisy not appropriate for representing some
strictly positive variables if three times the stard deviation is larger than the mean (i.e., tiaeee
negative values according to empirical rijlefn this case, a truncated normal distribution be
applied to avoid negative values (De Rocquigny let2808). The symmetry of the normal

distribution also limits its application when thariable has an asymmetric distribution.

Lognormal distribution : it is applied to represent the probability of dam variable whose
logarithm is normally distributed. It provides gooebresentation of physical quantities that are
only positive and non-zero. Due to its long talle tlognormal distribution represents extreme
events better than the normal distribution. It ggelvalues with a skewed distribution, which is
more appropriate for many LCA input variables (Emisnecht et al. 2005; Geisler et al. 2005;
Huijbregts et al. 2003).

The more common use of normal and lognormal digfidns in LCA is to quantify the data

guality associated with Data Quality Indicators (B)Qdeveloped by Weidema and Wesnaes (1996).

Apart from the probability distributions mentionediove, there exist other useful but little-

developed distributions (Lloyd and Ries 2007). Esample, the beta distribution is a family of

continuous distributions of variables limited te tinterval [0, 1] (transformable to any closed inad)

! Empirical rule: when a standard normal model idlis statistics, about 68% of values fall withiresstandard
deviation from the mean, about 95% of values féhiw two standard deviations from the mean, amdost all

the values (about 99.7%) fall within three standdedliations from the mean. It is also called th8-%%-99.7

rule”.
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and characterized by two positive shape parametensdp (Bedford and Cooke 2001). It is useful for
representing uncertainty in variables whose distidms and associated parameters are not available
but whose shape parameters and range endpointsecapecified; thus, it can be applied to model
inventory data in LCA (Canter et al. 2002; Kennetlyal. 1996). In addition, the beta distribution is
used as a prior distribution in Bayesian theorydétermine the posterior distribution (Hoff 2009).
Otherwise, t-distributions (Bjorklund 2002) and PERistributions (Maurice et al. 2000) are more
appropriate for representing small sample sizes tteamal distributions and triangular distributipns
respectively. Finally, the Poisson distribution giots the number of discrete events that occur in a
time period; thus, it can be used to represent ¢eahpariability in a time series (Morgan and Henri
1992).
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Figure 1. Four principal continuous probability digy distribution used in LCA: a. uniform, b. trigmlar, c.
normal, d. lognormal. Parameters necessary to ctegize each distribution are given (sd: standardadion;
mean-log: mean of logarithm of variable x; sd-lstandard deviation of logarithm of variable x). 8lmones
indicate the probability that the value of a randeemiable x exceeds that limit. Dashed lines intdidhe most
likely value of each distribution, except for thaiform distribution, in which the dashed line ingies the
median.
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Parameterization of probability distributions iglelicate issue that depends on what data are
available (Slob 1994; Venkatesh et al. 2011). Weaet al. (2013), however, argued that the choice
of distribution has limited influence on the ovérahcertainty of a product system due to the
aggregation of a large number of independent viasalvhich results in a normally distributed result
according to the central limit theorem (Vose 200B)us, when the specific shape of distribution of
individual parameters in LCA is unknown, some atghsuggest using the same distribution for all of
them to avoid bias among them (Geisler et al. 20D8jng so, however, is questionable, because
choosing different shapes of distribution may resuldifferent outcomes, and statistically based
parameterization is more appropriate for approximgathe distribution of individuals (Cooper et al.
2012). Bjorklund (2002) and Benetto (2005) expldinthat parameterization of uncertainty
distributions should be determined from a large anof data points. Specific distributions of
individual parameters can be estimated by goodokBstests or maximum likelihood estimation
(Firestone et al. 1997; IPCC 2000; SankararamanMaldadevan 2011; Sonnemann et al. 2003).
Measurements are frequently unavailable in LCA, éwav, so, literature information and expert
judgment can be incorporated to determine shapeafistributions and their associated parameters
(Albert et al. 2012). For example, Weidema et @&013) recommended using the lognormal
distribution to represent inventory data with umaity, in which data quality is considered as
additional uncertainty and transformed into a qiatie indicator (pedigree matrix) based on expert
opinions. Slob (1994) developed an arbitrary disioer factor to characterize the parameters of a
lognormal distribution and considered it a use&dtér when data were scarce. Hence, the introductio

of expert judgment is based on the subjective \@éprobability.

Based on the subjective view, the occurrence @vamt (e.g., value of a variable) is not seen as
random, but as the probability of what the trueugabf a variable might be. According to this
interpretation, the PDF or CDF can be used to desepistemic uncertainty in model parameters and
in the model itself. However, Huijbregts (1998bpwed that uncertainty factors and distribution
shapes may not represent a “real-life” case if theyentirely arbitrary. Therefore, combining exper
opinions in uncertainty modeling should be treatacefully (Krueger et al. 2012). Sometimes both
empirical and subjective information about a phgksgystem exists, and it is desirable to use both
sources of information to make decisions. For examwhen relevant data are not available to
determine the shape of distribution, a Bayesiarragah (Hoff 2009) can be used to combine the

empirical data with expert opinion to adjust thstidbution.

Many authors (Basset-Mens et al. 2009; Geislet. &0®5; Henriksson et al. 2011; Maurice et
al. 2000; Payraudeau et al. 2007; Steen 1997) hppbed probability theory to turn deterministic
models into stochastic models in LCA-based studidsch can capture epistemic uncertainty and

variability. Some of them also distinguished bathets of uncertainty in the analysis. For example,
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Basset-Mens et al. (2009) represented variability apistemic uncertainty of an average New
Zealand dairy farm using its standard deviation)(8bd standard error of mean (SEM), respectively.
Geisler et al. (2005) highlighted the differencawsen variability and parameter uncertainty and
argued that both types of uncertainty can be prajgalginto LCA results well using probabilistic

simulation (Monte-Carlo simulation). However, it $#metimes not appropriate to use probability
distributions when little information is availalile determine them. Although the assumed distriloutio
could be applied with little information, it seert® arbitrary, even with Bayes'’s rule, which is

currently not used much in LCA (Lo et al. 2005).

Bayes’s theorem (Bayes 1763) is a mathematicatpreagtion of probability with subjectiv
evidence. Based on it, expert opinions (definedordar distribution) can be combined with the
distribution of empirical data (likelihood functipio determine a probability distribution (posterip
distribution) of an event by following Bayes's r{¢off 2009). Therefore, approach updates available
information with the belief of experts.

(42

Given a numerical value éf € 0, there is a prior distributionp(8) to describe the belief thét
represents the true value of population. Assuning true, the empirical sample (y) can be mode
as a conditional probability distribution(y|8). Thus the posterior distributign(|y), which
describes the belief thatis true given the empirical sample y, is obtaiaedording to Bayes’s rule:

_ p(y10) = p(6)
p()

ed

r(6ly)

2.3.2 Imprecise probability

When the value of a parameter is expressed as afspossible values with unknown
distribution, the state of knowledge about thisapaster is called “imprecise”. In this situation,
making an arbitrary assumption may not representréml” world accurately. To overcome this limit,
“imprecise probability” was developed as a geneadilbn of classic probability (Walley 1991). It
assigns an interval of probability to describe utaipty in an imprecise manner. For an uncertain
variable X (X € R), the PDF assigns a probability to eaot® < Pr(x) < 1). WhenPr(x) is not
precisely known and can only be expressed as amvaitof lower and upper probabilities, such
as[&(x),ﬁ(x)], there is imprecision about the probability ofighte X, and the true probability

falls into this interval:

Pr(x) < Pr(x) <Pr(x),x €R Eq. 4

Likewise, the CDF oK with imprecise probability is expressed as:

F(x) <F(x)<F(x),x€ER Eq.5
Risk analysts debate the use of imprecise proballiuncertainty analysis. Some believe that
imprecise probability might confuse people duetsanterpretation of imprecise results. For example

Lindley (2000, 2013) argued that imprecise prohighieads to unnecessarily complicated statistical
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procedures. Moreover, the subjective (or Bayessguproach makes it easier for a decision maker to
rank different sources of opinion with a singleiraate of the probability (Soundappan et al. 2004).
Others, however, state that making decisions i aizalysis based on imprecise results should not
follow the subjective (or Bayesian) view of prodapiif expert judgment cannot provide more precise
expression, because the subjective approach igmopecision (Aven and Zio 2011; Caselton and
Luo 1992; Ferson and Tucker 2006; Hall 2006; Rikdecht et al. 2012). Their debate raises
guestions about how to choose between methodsrirgiunore empirical information vs. those
requiring less, but more imprecise, informationgcading to the interests of practitioners and the
confidence level accepted by decision makers. Wiadin precise and imprecise information appear in
the same study, combining both methods may proaidseful and practical interpretation of results.
For example, information about variability is beshiveyed by a single probability distribution, vehil
information about imprecision is best conveyed gidiamilies of probability distributions (Walley
1991). Ferson et al. (2002) used imprecise CDF @ago demonstrate a graphical box, called a
“probability box” or p-box in which the true distribution of an uncertainrigble is located but

unknown due to imprecision. Tipeboxconstructs an interval probability distributionvitnich F (x) is

the lower bound and (x)is the upper bound. It is able to distinguish relturariability from
epistemic uncertainty due to imprecision (Fersah @mzburg 1996). Moreover, different expressions
of imprecision can be integrated in an imprecisgbability distribution, such as fuzzy intervalsdse
section 2.3.4). For example, the parameters (ieannSD) of a probability distribution can be
modeled by fuzzy membership functions (Arunraj kt2813). Therefore, imprecise probability is
more flexible than classic probability without régug precise knowledge about the distribution (e.g
exact estimates of parameters) in situations wimgmecision cannot be ignored. Indeed, both of these
approaches are based on probability theory, br @pproaches to express uncertain quantities. exist
In the following sections, we introduce two non{paibilistic methods: Dempster-Shafer theory and

the fuzzy-interval approach.
2.3.3 Dempster-Shafer theory

Dempster-Shafer theory (DST) is a “mathematicabith®f evidence” introduced by Dempster
(1967) and further developed by Shafer (1976) fresent the state of knowledge, based on all
available evidence. As a generalization of Bayegpianability (Dempster 1968), DST evaluates the
degree of belief about the probability of a relatd@im based on two basic functions: the belief
function (Bel) and the plausibility function (Plyhich are defined from the basic probability

assignmentl{pa), also called “mass”. The properties of tipm are:

m: 2% - [0,1] Eq. 6
m(@) = 0 Eq. 7
Zaezom(4) =1 Eq. 8
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where2“ is the power set that comprises all possible sspgatluding the empty sét A is a
given set (called a “focal element”) of the powet. $Given a sed, its bpa (denotedn(A) expresses
the proportion of the available evidence which suppthe belief that a particular element belomygs t
the setA only. Any additional evidence that supports thadbehat a particular element belongs to a
subset ofA will change the degree of belief about tpa of this subset. Hence, thpais measure of

belief closely tied with the available evidence.
The belief function oA is defined as the sum of thpaof all subsetsE) of A (BS A):

Bel(A) = Ygcam(B),B is all of the subsets of A,and B # @ Eq. 9
The plausibility function ofA is defined as the sum of thga of any subsetQ) of a power set,
with the condition that the intersection@fandA is a non-empty sé€C/IA # 9):

PI(A) = Ycnazem(C),C € 2% and C # @ Eq. 10
In the probability distributions, each focal elemei the uncertain parametet can be
expressed as an intervdla;, b]) with m (wherea; < b, for all i). The set of all the intervals with their

correspondingn can be expressed as:

{([all bl]lml)’ ([aZ' bZ]lmZ)' ([an' bn]lmn)}l Where Zzisbi mi([ail bl]) = 111' = 1'21 e n Eq 11
For a discrete distribution, the belief and plailigghfunctions of uncertain parametef €

R (R is areal number) can be obtained according to Eqg. 3 as:

Bel(X ER) = Z[ai,bi]gxm([ai, bi]) Eq. 12
PI(X € R) = Xaypnx=0 m([a;, bi]) Eqg. 13
For a continuous distribution, the CDF Xfcan be expressed B&X € |—x,x]), x € R. Thus,

the belief and plausibility functions &f € |—oo, x] can be obtained as:

Bel(X € 1—00,x]) = Y(q, p;1c]-00x M@, b;]) Eqg. 14
PI(X € 1-00,x]) = Bja,pn)-em1zom((a;, bil) Eq. 15
Next, Eg. 14 and 15 can be written as:

Bel(X € ]1—o0,x]) = ¥y cxm([a;, b;]) Eq. 16
PI(X € ]—o0,x]) = Xox m([a;, bi]) Eq. 17
Properties of the belief and plausibility functiomere given by Yager (1987):

Bel(A) < Pr(4) < PI(A) Eq. 18
Bel(4) = 1 — PI(A°) Eq. 19
PI(A) = 1 — Bel(A°) Eq. 20
Bel(A) + Bel(A°) < 1 Eq. 21

2 The continuous probability distribution can be considered @stisumulation of many intervals by using a
discretization technique. In statistics, “discretization techniqaeérs to the process of converting continuous
intervals (e.g.p-box to a set of discrete values or intervals with a corredipgribpa
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PI(A) + PI(A) > 1 Eq. 22

where A® is a complement set &. According to their definitions and propertiese thelief
function measures the degree of belief that antef@na claim about the “true” event) must occur,
while the plausibility function measures the degoé@ossibility that an event (or a claim about the
“true” event) could occur. With two functions, exfgecan conclude that the probability that an event
occurs is at leadel(A) and possibly as large &(A). The difference betweeBel(A) andPI(A) is
defined as ignorance, which indicates the imprenisif evidence. WheBel(A)=PI(A) (ignorance =
0), the evidence is perfect, and uncertainty isresged by classic probability &(A). Given the
relation between belief and plausibility functidiisy. 19 and 20), one function can be calculatechfro
the other.

Unlike classic probability (Bayesian) theory, whisbmetimes requires additional assumptions
(e.g., the shape of prior distribution) beyond thakeady available in order to obtain a precieglst
value probability, DST can represent the statenoiwkedge with imprecise information without such
assumptions (Soundappan et al. 2004). For exarh@dyelief and plausibility functions constitute a
DST structure, which is similar to prbox Thus, the DST structure is often illustrated amd
bounded by two CDFs (Fig. 2). In this way, Fersorale (2002) compared DST structure with the
upper and lower bounds of imprecise probabilityeyrldemonstrated how DST functions can be
converted given the two bounds of imprecise prditphising a discretization technique (Kotsiantis
and Kanellopoulos 2006), and concluded that anyadhterization and aggregation method can be

used with both objects.

Besides using DST to express imprecise informatammther important use of DST is to
combine different independent and equally cred#darces of evidence (i.e., information about the
object gathered from multiple sources) (Dempsté&7iMoral and Del Sagrado 1998; Nau 2002;
Sentz and Ferson 2002; Yager 1987). For exampldelm@r scenarios coming from different sources
of evidence are sometimes combined into a singession when it is unknown which model or
scenario is true. This single expression considleesuncertainty due to the choice of model or
scenario. Ferson et al. (2002) compared methodsiggregate different sources of evidence,
expressing their quantities as a DST structurg-tmox In this section, we describe four main

operations: intersection, envelope, mixing, and p=er’s rule (and its modifications).
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Figure 2. Dempster-Shafer structure of an uncertain danallhe green and blue lines indicate the belief and
plausibility functions, respectively. The red area indicate®cal element 4, b] associated with a basic
probability assignmentt).

* Intersection

When each source of evidence comes with a straim ¢hat the quantity is sure to fall within
given limits (e.g., interval, DST structure, impisec probability, possibility distribution), interstén
can be an appropriate operation. It defines ovenatlertainty around the quantity as the smallest

region in which all estimates agree. Suppose tieetaren sources of evidence expressegdxxes
(approximation of a DST structurel; = [F_l Fl],F2 = [F_z FZ], o E = [E,Fn]. Thus, the DST
structure base on the intersection is defined as:

Bel(x) = F"(x) = max (Fy(x), F5(x), ..., Fy (x) Eq. 23

Pl(x) = F (x) = min (F1(x), F5(%), ..., F,(x) Eq. 24

Since this method assumes that all sources of eedare completely reliable (i.e., that they do
not completely disagree), the intersection of allrses of evidence cannot be an empty set. Therefor

it is not appropriate to apply this operation witigis assumption is not satisfied (i.e., there inglete
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disagreement among the sources of evidence). ri¢ the, the true value of the quantity could belong

to any of the sources of evidence; thus, anotheration (envelope) may be more appropriate.
* Envelope

When we know that at least one source of evidean&ams the true distribution of the quantity,
but do not know which one it is, the envelope openashould be used to combine estimates. It
defines overall uncertainty around the quantityhaslargest region in which any estimate is possibl
Hence, givem p-boxesF; = [F_lﬂ] F, = [F_ZQ] E = [F_n&] the DST structure based on the
envelope is defined as:

Bel(x) = F*(x) = min (F;(x), F,(x), ..., F,(x) = Bel(x) Eqg. 25
Pl(x) ~ F (x) = max (Fy(x), F (), o, F (%) Eq. 26

This operation is commonly used when the religbdit individual estimates is uncertain. Thus,
any source of evidence could be the “truth”. It\pdes a conservative estimate of the quantity since
the DST structure based on the envelope maximieesainge of probability of the quantity. However,

its broad estimate of uncertainty in the quantifghthbe useless or misleading for decision makers,

because a few estimates with large intervals mayimte and bias the result.
» Mixing
When different sources of evidence have variabditg to different times, places or situations,
the mixing operation is appropriate. The simplesktune uses the arithmetic mean. Forp-

boxesF, = [F_lﬂ] F, = [F_ZQ] oE = [F_ni] mixture is defined as:

Bel(x) ~ F'(x) = (F, (), +B(x) + -+ E(x)) /n Eq. 27
PIx) ~ F (1) = (Fy(x) + F,(x) + -+ Fo(0)) /n Eq. 28

Unlike an intersection operation, mixing can cagtilre differences in all conflicting sources of
evidence believed to be reasonable. Like an engetgeration, mixing can combine two estimates

whose intersection is empty, but it provides a owaer estimate because it averages sources of

evidence (assuming equal weights) instead of maimgithem. It is also possible to combine

estimates using different weights (i.e., unequatgdible sources). Given p-boxesF; = [F_lﬂ]

F, = [F_Z&] woB = [F_ni] with weightswy, ws, ..., W, respectively, the weighted mixture is

defined as:
Bel(x) ~ F'(x) = (s (0), #wo By () + -+ + iy Fo () ) / Zwi Eq. 29
Pl(x) = f*(x) = (Wlfl(x) +w, fz(x) + -t ann(x))/z w; Eq. 30
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The weighted mixture can overcome the influencdaoje but infrequent biases from some
sources of evidence on the mixed estimate. Heheeweight of each source is often determined
according to its frequency, which depends on erpamial samples or the degree of expert belief
(Moral and Del Sagrado 1998; Nau 2002).

» Dempster’s rule

Dempster’s rule, the theoretical center of DSTcanmonly applied in risk analysis and
decision-making studies (Caselton and Luo 1992;dBuland Guyonnet 2011; Sentz and Ferson
2002). Given two independent sources of evidenggessed by DST structures (focal elements of
sourcesB andC with their own mass functionsy andm, respectively) for the same universal Xget

the combination oB andC is:

YBnc=am;i(B)m;(C)
1-K

m(4) = ywhere K = ¥pnc=gm;(B)m;(C) and i,j =1,2,..,n Eqg. 31

whereK is called the degree of conflict, ateK is a normalization factor used to exclude all
conflicts B N € = @) in the sources of evidence. The following examiplestrates application of
Dempster’s rule to combine two imprecise discretbabilitiesB andC (Table 2). With results from
the intersection between two sources of evideneegcanstruct a DST structure of their combination
according to Eqg. 31 (Fig. 3). Using the same exampk also illustrate DST structures combined by
the other three operations (Fig. 3). The envelgmeration shows a wider bound of estimates, while
the unweighted mixture averages estimates of batlrces. Intersection and Dempster’s-rule

operations have the narrowest bounds because dinsider only the agreement among sources.

Indeed, Dempster’s rule allocates conflicts (ieampty sets resulting from intersection among
the sources) to each focal element by normaliziegdiegree of conflict (Sentz and Ferson 2002%. It i
appropriate to use when there are relatively so@iflicts among sources of estimates; however, its
use is criticized when large conflicts exist. Foample, if two sources of information conflict
completely, the normalization factor 1-K equal&f¢ Dempster’s rule cannot be used. Zadeh (1986)
showed that combining highly conflicting estimategth Dempster's rule might lead to
counterintuitive results. Consequently, extensiafisDempster’'s rule have been developed to
overcome this limit of application, such as Yagensdified Dempster’s rule (Yager 1987), Inagaki's
rule (Inagaki 1991), Zhang’s center combinatiorer(@hang 1994) and a disjunctive consensus rule
proposed by Dubois and Prade (1992a). Even thduglchoice of combination rules depends on the
sources of evidence and the application contexhtzSeand Ferson (2002) compared them and
concluded that Dempster’s rule might be appropnigten there are small or irrelevant conflicts and
all sources of evidence are highly reliable, whkger’s rule is better when high conflict cannot be

ignored, because it does not use the normalizéictor as a denominator (like Dempster’s rule), but
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attributes conflicts to the universal $€tMore details can be found in their report (Seartd Ferson
2002).

Table 2. Intersection of two sources of evideBaandC by Dempster’s rule. Basic probability assignments (m
and m) were calculated for each focal element (expressed aseamal with corresponding mand rj) from the
intersection of B and C.

SourceB (M) m; m, mg

[1, 5] [2, 6] [3,7]

SourceC (M) 0.2 0.4 0.4
my [2, 7] [2, 5] [2, 6] [3, 7]
0.3 0.06 0.12 0.12

m, [5. 9] [5.5] [5. 6] [5. 7]
0.3 0.06 0.12 0.12

ms [7,12] o* o* [7, 7]
0.4 0.08 0.16 0.16

" empty set due to the intersection of two intervals
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Figure 3. Dempster-Shafer structufg combining two sources of evidenBeandC using four main operations:

intersection, envelope, mixing and Dempster’s rule.

2.3.4 Fuzzy-interval approach

Fuzzy-set theory, the basis of possibility theevgs proposed by Zadeh (1965; 1978) as a way
to represent imprecise, incomplete or vague inftiona(Bosc and Prade 1997; Dubois and Prade
1985). According to Dubois and Prade (1998), fuzel-theory is applied to three classes of

applications: classification and data analysis,soeang under uncertainty, and decision-making
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problems. Fuzzy sets are an extension of so-catlegp” sets (for which membership of elements is
binary: yes or no) in which a gradual membershigfion (range = [0, 1]) is used to attribute a eegr
of possibility to each element of the set (Klir arigan 1995). Given a universal sétthere is a value
of A(X) (A(x) € [0,1]) which represents the degree of possibility thamentx belongs to X.
Therefore, the assignment of valuAg$x) to the elementsx of the universal seK is called a
membership function of the fuzzy set (Ayyub and R010). The membership function of a real value
(x € R) can be described as:

f(x) forx€]a,b]
1 forxe€|[b,c]

gx) forxe€]cd]
0 otherwise

in whichf(x) is an increasing part of the membership functiothggx) is a decreasing part. The

A(x) = ,Wherea<b<c<dE€eR Eqg. 32

valuesa andb indicate the lowest and highest valuex,afespectively, Like probability distributions,
membership functions are constructed from expedgjuent and empirical data. The following
examples show two commonly-used membership fungtidriangular and trapezoid, denoted
asA(a;, ay,ar) and A(ay, ary, Agm, Ag), respectively (Eq. 33 and 34), whergand ay are the left
(lowest) and right (highest) bounds xfrespectivelya,, is the mode of the triangular membership

function, and ¢, y, agy] is the range of the mode of the trapezoidal mesfityeifunction (Fig. 4).

xX—a
—L  fora,<x<ay
apm—ay,
A(aLraM' aR) =4 R7X foray <x < ag Eqg. 33
ar—apm
0 otherwise

X—arm
amM—aL
1 foragy <x<a
— LM =X = Apy
A(ay, apy, agy, ag) = aR-x
AR—aRrM
0 otherwise

Several concepts describe membership functionsgdkential elements for representing fuzzy

fora, <x<ayy

Eqg. 34
foragy < x < ap

sets of an uncertain valxe The interval between the lowest and highest &nitall possible values
of x is called the “support”, while the most likely ual ofx is called the “core”. The core is the mode
for a triangular membership function or the intérwmodes for a trapezoidal membership function.
Any interval between the support and the core liedan ‘a-cut interval”, associated with a degree of
possibility, a. Indeed, the support and core can be considersgeasfica-cut intervals in whichu is
zero and one, respectively. The set ofeatlut intervals, associated with their degrees afsgmlity,

constitutes fuzzy intervalg(a;):

m(a =1) € n(a; € [0,1]) € w(a = 0), where a € [0, 1] Eqg. 35
According to this definition, fuzzy intervals car lsonsidered as a subjective evaluation of

expert belief. Unlike the subjective view of probiyn fuzzy intervals do not need to have the s&ap
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of distributions specified. It models an uncertgirantity based only on limited knowledge about the
possibility of compatibility rather than the prolidap of occurrence. Hence, it is based on the omoti
that not all uncertainties can be appropriately}cdbed in terms of a frequency of occurrence (ae.,
unknown quantity is not randomly distributed). st case, it is appropriate to model this type of
uncertainty with a subjective degree of possibildyrepresent a degree of belief, as an alternative
subjective probability distributions (Dubois anchée 1985; Tan 2008). This expression of uncertainty
considers incomplete/imprecise information abou¢ tmcertain variable, such as an unknown
distribution. It indicates that any possible prabgbdistribution is likely to be “true” within tk
bound of limits. Thus, fuzzy intervals can be cdaesed a family of all possible distributions, ahdit
membership functions can be transformed pHooxes like those of imprecise probability (Dubois
and Prade 1992b). Dubois and Prade (1993) addreékseeqtlation between probability theory and
fuzzy-set theory. They argued that possibility nuiees can be viewed as an upper probability
(plausibility function) and discussed transformatibetween the two types of expressions. As
mentioned, if the plausibility function is knowtet belief function can be obtained (Eq).1Bhus, a
DST structure can be constructed from its fuzzesvdal membership function (Fig. 4). From their
review of joint application of fuzzy sets and prbitidy, Dubois and Prade (1993) concluded that
building a bridge between the two theories is bettan considering them as conflicting issues to

strengthen the modeling of uncertainty and vague(iggprecision)

Fuzzy intervals have been used to represent unugrtiue to imprecise information in models
for environmental assessment (e.g., Mertens andeH@®02), Assaghir (2010)) and also in several
LCA studies (e.g., Weckenmann and Schwan (2001, dtaal. (2008; 2002), Andre and Lopes
(2012)). Among them, Tan et al. (2002) used fuzziervals to represent uncertainty in LCA,
especially that of data imprecision. They concludedt this approach provided more accurate
representation of non-random uncertain variablet@#A and more flexibility for datasets whose
probability distributions were difficult to detern@. Moreover, the propagation of uncertainty by thi
approach was more computationally efficient thaobpbilistic simulations. In contrast, Andre and
Lopes (2012) concluded that although fuzzy interwakre computationally efficient and provided
results comparable to those of a probability apgnpthey offered poor information about uncertainty
in output (i.e., a rough confidence interval), whicould be less useful for LCA purposes. Thus,
interpreting fuzzy-set-based results for decisioakimy appears to be a challenge (Frey 2007).
Moreover, its practical application is still limitedue to the complexity of the model studied. For
example, Heijungs and Tan (2010) illustrated treesitgility of fuzzy propagation in matrix-based life

cycle inventory (LCI) but observed that it had lefficiency when the model was not monotonic.
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Figure 4. Top: Triangular (left) and trapezoidal (right) furzigrval membership functions of an uncertain
variablex denoted byA(a,, ay, ag) andA(ay, a,y, agy, ag), respectively. Bottom: DST structuressofGreen
and blue dashed lines indicate belief and plausibility functiespectively.

2.3.5 Qualitative and semi-qualitative approaches

Data/model quality is a crucial issue for the tality of LCA results (De Smet and Stalmans
1996). Although LCA practitioners try to ensure thecuracy of input data and models, it is
sometimes necessary to use reference data (eghobal estimate of emissions instead of a site-
specific value) or a simple but less precise modhich may induce additional uncertainty due to the
lack of specific information. The uncertainty intanodel quality is associated with the data
collected, data sources and the choice of modelsneasurements in all LCA phases. When
guantitative approaches (e.g., probabilistic, gmksiic) are infeasible, qualitative and semi-
gualitative approaches are useful for representiaa and model uncertainty. They linguistically
describe the quality (e.g. “poor”, “good”) of datad models used in the system. Several standagds an
guidelines (Basket et al. 1995; ISO 14040 2006dfdars 1995; Weidema et al. 2004) offer methods to
improve data quality and deal with its associatedertainty, such as including independent critical
review to validate the data used, creating databi@sbe used in LCA for data-quality assessment and
increasing the transparency of data. For exampl&SEGAC workshop (Fava 1992) provided

guidelines for assessing data quality as a systemmethod to identify and measure the suitability o
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LCI data. A conceptual framework for LCA data-gtialissessment was developed using data quality
indicators (DQIs), which assess data quality inesglvqualitative and quantitative categories (e.g.,
consistency, representativeness, precision, coeng#ss). However, some aspects of DQIs, such as the
inclusion of other types of uncertainty and vatighi make them less focused on data validity or
model quality and more on basic uncertainties, sashstatistical error or variability within a
population. Later, Weidema and Wesneas (1996) dped| a “pedigree matrix” of five DQIs to
evaluate data quality that focus on reliability, mpbeteness, temporal correlation, geographical
correlation and further technological correlatidhis method transforms DQI scores into uncertainty
factors (i.e., variance) of input variables, conaisithem with the variables’ basic uncertainty, and
propagates both using stochastic simulation (se@se?.4) (Maurice et al. 2000). Van den Berglet a
(1999) reviewed the literature on quality assess$rimhCA and argued that most studies related to
data quality assessment only concern the qualitpmit data (e.g., inventory data), ignoring model
guality. Consequently, they developed a framewaorlextend quality assessment to models. Their
DQIs cover four aspects related to the validity aeliability of input data and models through all
phases of LCA. However, the final scores of eachl B@ subjectively selected by practitioners,
which may not account for disagreement in scoresngnexperts. Pedigree matrices can be adapted to
specific fields (e.g., industrys. agriculture) or objectives of study (Kennedy et 2996; May and
Brennan 2003; Rousseaux et al. 2001); consequehdyDQIs used and their arbitrary uncertainty

factors may differ among studies.
2.4 Approaches to propagating uncertainty

Propagating uncertainty is one way to estimate aicgy in final results due to uncertainty in
related input variables, scenarios, model parametard models themselves. Given an LCA
framework ) which contains input variableX=(x;, X,..., %) with means defined &=

(x1,%3, ..., X;), Output can be obtained as follows:

y = f(x1, %2, ., ;) Eq. 36
with mean output corresponding to:

Y =f(x,%g, 0, X;) Eq. 37
Denoting uncertainty in the input variables with w,..., 4 and uncertainty in the framework

with u;, the uncertainty in output can be expressed as:

uy, = U(us, g, Uy, e, Uy) Eg. 38

where U represents the approach of uncertainty propagalibau; can be expressed as SD,
variance or coefficient of variation, etc.; here define it as SD. The uncertainty on the framework
itself (k) includes parameter uncertainty in models, modelettainty and scenario uncertainty; the

expression ofy differs depending on the type(s) of uncertaintige Bpproach to apply to propagate
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input uncertainties through the framework to LCAuks depends on how uncertainty is represented
(described in the previous section). Of the sewsedllunderstood approaches used in LCA (Heijungs
and Huijbregts 2004; Lloyd and Ries 2007), we discfive in this section: an analytical method,

interval arithmetic, stochastic simulation, scemamalysis and combined methods.
2.4.1 Analytical method

This analytical method to propagate uncertaintg iwell-defined estimate of output variance
based on a first-order Taylor series approximatBipm et al. 1995; Morgan and Henrion 1992).
Given a mathematical functiof(X)), Taylor series are defined as a function withrdimite order of

derivatives of a constant real numbdmeans of input variables):

F6) = F@ + LD - ) + 59D (- )2 + 2D ()2 4 Eq. 39
The application of a Taylor series keeps only timst-brder of Eq. 39 to estimate output
variance when the model is linear (Bipm et al. 2995us, given a multivariate model defined by Eq.

36, the deviation from the mean of output equals:
¥ = £ — (%) ~ £ (X)X - %)~ ' (K) (X ~X) = F (X)(x - %) Eq. 40
wheref’(X) is a partial derivativ%l. Thus, Eq. 40 is transformed into:
y =¥~ T~ B[] Eq. 41
Thus, the variance ofis obtained as:

Var(y) = E(y —y)? (Expected value of the squared deviation from the mean)

~ B[k (i~ |37
= BT D (i =3 (5 = %) |32 |32
i=14&j=1\"*1 i j ax; ax,-
= S Bl - 707 2]+ 230 T Bl - W) (- )1 |2 [2
i= i l>] t ] ax;l |0x;j
ay|? av||e
=Y, Var(x;) |6—3:z| +ZZ?=1Zi>] Covar(x;, x;) ai} ai}j Eq. 42

Assuming that the input variables are independdet,covariance between input variables is

zero. Finally:

~ ' 6y2
Var(y) = Xi=, Var(x;) |g| Eq. 43

This analytical method works well for low uncertz@s with relatively less complex functions
(Baker and Cornell 2003) because it is more contjpumally efficient than Monte-Carlo simulation
with many iterations. Heijungs (1996) applied tmalgtical method to a simple matrix-based LCA

study to propagate uncertainty. He stated thabulccidentify the influence of input variables (so-
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called “key issues”) on outputs but pointed out thanay estimate uncertainty roughly due to a lack
of knowledge about data uncertainty. More receritijheault-Tetreault et al. (2013) confirmed the
feasibility of the analytical method to propagatput uncertainties (expressed as geometric SDes) in
LCA case study. The sensitivity of input variablgvided by this method was also useful in

uncertainty analysis.

The method's formula (Eq. 43) is first based on éissumption that the input variables are
independent, which may be not always true in LCA&neg, it is likely to under- or over-estimate
uncertainty in output if strong correlation amongut data exists (Ciroth et al. 2004). To addrhss t
problem, Hong et al. (2010) applied a second-oaggroximate method that considered correlations
among input variables to two scenarios in a conipara CA study. They concluded that their
analytical method generated results similar to éhobtained by Monte-Carlo simulation (MCS,
described next), but much more computationallycedfit. Including correlations implies using a
higher-order analytical formula that may improvee thccuracy of results but also increases the
complexity of calculations (Heijungs and Suh 200Rgspite its computational advantage, this
analytical method is rarely used in LCA (HeijungsdaHuijbregts 2004), perhaps because of its
mathematical complexity (e.g., the feasibility aflaulating partial derivatives for all input variab)
and because its requirements for more precise wvgmisinces are not easily satisfied due to lack of
data. Moreover, when the function is significamtnlinear, Eq. 40 will not be acceptable, and highe
order terms will be needed in a Taylor-series exjmm Doing so can also increase its mathematical

complexity.
2.4.2 Stochastic simulation

When uncertain input variables are expressed blygiibty distributions, stochastic (random)
simulation, such as MCS, can propagate their uaiceigs into the uncertainty in output (Firestone e
al. 1997). MCS involves 4 steps:

1. Generate a value for each input variable based camdom value [0, 1] and the inverse
function of its PDF.

2. Repeat step 1 to obtain a set of input variabgscg, ..., x;).
Calculate the outpyt’ = f(x1, x5, ..., X{).

4. Repeat the previous steps many times (8g5 000) to obtain a mean and SDypfwhich

represent its predicted value and uncertainty eesgely.

In general, a classic MCS merges uncertainty inertban one input variable (expressed by
probability distributions) into a single CDF outpttowever, to better understand input variables and
their parameter uncertainty and variability, twoadnsional Monte-Carlo simulation (2D-MCS) is one

advanced modeling approach (Kentel and Aral 2006k 2D-MCS uses two loops of simulation
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(inner and outer) to characterize parameter uriogtand variability, respectively, when both are
represented by probability distributions. The reetiD-MCS is an imprecise probability distributio
that covers a family of single probability distrtlmns. Since this approach has two iteration stiéps,
computational time greatly exceeds that of clab&@S. Application of 2D-MCS in risk analysis was
discussed explicitly by Kentel and Aral (2005), whtvoduced a 2D fuzzy MCS to integrate fuzzy-set
theory into a probabilistic approach in risk asse=# studies. Details of this method are described

a following section (2.4.4).

Since random MCS (using a random sampling techipjgaien used in LCA, assumes
independence among input variables, all possiligegeof input variables can appear in a random set.
This assumption, however, ignores any correlatiogtsveen input variables, which may under- or
over-estimate uncertainty in output if strong clatiens exist (Bjorklund 2002). Correlations among
variables (if known) can be considered in MCS usingpvariance matrix. For example, Bojaca and
Schrevens (2010) used multivariate normal distiding (based on a covariance matrix) in MCS in an
LCA case study of potato production. This methodldéd less uncertainty in impacts than a
univariate normal distribution without correlatioriBased on the same theory, we applied a modified
MND method considering correlations in MCS usinffedent probability distributions in a case study
to estimate enteric methane emissions of cattl&reanch dairy farms (see Chapter 4). Besides
correlations among input variables, correlation agheystems implies that different systems of a
comparative study use common input variables. Heijts et al. (2003) used an indicator to compare
impacts of two production systems using MCS whepuirvariables occur in both systems. In this
way, the distribution of comparison indicator cam Uised to judge the significance between both

product systems.

Generally, MCS uses 1000 to 10,000 iterations fgogg a wide range of possible values. In
theory, increasing the number of iterations inoegathie precision of estimated distributions of tnpu
variables but in practice decreases computatidifialency due to the considerable time required for
calculation (Vose 2008). Therefore, using more cedfit sampling techniques, such as Latin
Hypercube sampling (LHS) (Helton and Davis 2003;sé/yand Jorgensen 1998), modified LHS
(Wang et al. 2004) or importance sampling (SmitlaletL997), can reduce the number of iterations
necessary for comparative predictions. Since agipdic of sampling techniques in MCS was not an

objective of this thesis, more details can be fourtthe references cited.

MCS is widely used in uncertainty propagation inA.Qe.g., R6ds and Josefine (2013),
Henriksson et al. (2011), Gerber et al. (2010),sBadens et al. (2009), Payraudeau et al. (2007),
Sonnemann et al. (2003)) because of its flexibaitg simple implementation via software packages
(e.g., R, MATLAB®, Crystal Ball). This makes it feasible to use Mi@Bcomplex models (e.g., those

with multiple sub-models or correlated input vake) (Hammonds et al. 1994). Moreover,
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correlations between input variables can be cdettahore easily in MCS than in analytical methods.
However, MCS has some limitations (Ferson 1996)stFiIMCS requires a large amount of
information, mainly from empirical data, to detemmidistributions of input variables. The lack of
such information may limit the use of MCS, whileismarily assumed distributions may introduce
additional uncertainty in input variables (see isect2.3.1). Second, based on probability theory,
classic MCS can deal with stochastic uncertaingy,,(natural variability), but is not appropriate f

propagating non-statistical uncertainty due to egion or ignorance, nor can it handle model or
scenario uncertainty. Finally, a high number ofat®ns requires considerable computational efforts

sometimes yielding calculation times too long taabhieved in practice.

Bootstrap sampling (Efron 1979) is an alternativeMCS for estimating sample error of a
specific statistic (e.g., median, coefficient ofretation, eigenvalue) when empirical data arelatée
but sample sizes are small. Unlike MCS, bootstrampding can estimate a statistic’'s confidence
interval (Cl) without needing distributions of inpparameters. For example, an LCA case study using
bootstrapped Principal Component Analysis to egénthe Cls of impacts of trout farming is

illustrated (Appendix 1).
2.4.3 Interval arithmetic

Interval arithmetic is applied when input variables expressed as intervals in the model. Its
rules, developed by Moore (1966), calculate thellsestaand the largest values of output under the

following operations. Given real numbexsb, ¢, da < b,c < d):

[a,b] + [c,d] =[a+c,b+d] Eq. 44
[a,b] —[c,d] =[a—d,b— ] Eq. 45
[a, b] * [c,d] = [min(ac, bc, ad, bd), max(ac, bc, ad, bd)] Eq. 46
[a,b]/[c,d] = [min(a/d,b/c,a/c,b/d),max(a/d,b/c,a/c,b/d)],withc #0,d # 0 Eq. 47

The straightforward use of interval arithmetic topagate uncertainty can yield robust results
with best-case and worst-case estimates. It is lggrnative propagation method when the
computational burden of MCS appears too great.oligfh a single interval of output cannot take into
account the level of belief, interval arithmeticmdae used to propagate uncertainty of fuzzy interva
(Klir and Yuan 1995; Mauris et al. 2001). Given theputy = f (x4, x5, ..., X;), Where input variables
X (=1, 2... n; nis the number of input variablesre expressed by fuzzy intervals gg);, the

operational steps of propagation are:

1. Set the degree of possibilitz0 and calculate the minimum and maximum of ougpwith

all  possible combinations T2 of input variables x  through the

model:y,—o = [min(f (r(a);), max(f (m(a);)]4=0-
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2. Seta =a+ Aa (e.g.,Aa = 0.01) and repeat step 1 to obtain
Ya=a+aa = [min(f(m(a);), max(f (mw(@))]a=q+aa-
3. Repeat step 2 untit=1, givingN =1+ 1/Aa (e.g.,N=1+1/0.01=101) fuzzy intervalg,

with their corresponding.

Note that all combinations of input variables mbst calculated to find the minimum and
maximum of the output. Thus, increasing the nunadféntervals exponentially increases the number
of combinations (9. Indeed, Heijungs (1996) discussed shortcomirighis approach when looking
for the minimum and maximum of combinations of ialbut variables in LCI; in particular, when
recycling loops occur (i.e., non-monotonic funcépnthe minimum and maximum may not be
predicted intuitively. In such cases, it may be impossible to calcukeselts with a large number of
LCI input variables (e.g., combinations 2°2%). Despite this limitation, several authors (Bemett
2005; Mauris et al. 2001; Tan 2008) have used fuzterval propagation in LCA case studies. For
example, Tan (2008) showed its computational &fficy with a small number of iterations (eNd.7
101) in matrix-based LCI, when the smallest andydat emissions in inventory results can be
determined without having to consider all combioasi. Later, Heijungs and Tan (2010) validated this

method for monotonic matrix-based LCI models.

If the propagation assumes strong interdependeetvecbn the sources of input variables, the
same degree of belief is used for all input vagabh each iteration (Baudrit et al. 2006). Thiemre
to a subjective dependence between input variablated to their degrees of belief; for examplé, al
input variables should be the most possible atsdrae time. It should be noted that this subjective
dependence differs from objective dependence (agrelations) between input variables. The latter
indicates a functional relation between input Jalga, which is rarely considered in fuzzy-interval

propagation modeling in LCA.
2.4.4 Combined methods

The choice of propagation methods depends on haertainty is represented (LIoyd and Ries
2007). Huijbregts et al. (2003) outlined differeméthods to account for different types of uncetyain
simultaneously in a LCA case study for a Dutch taveily dwelling. They argued that simultaneous
assessment can estimate combined effects of difféypes of uncertainty in LCA results. Helton et
al. (2004) compared methods for representing uaicgyt and discussed ways to aggregate their
influence on model predictions. They translatededént ways to represent input uncertainty into
probabilistic structures (CDF or imprecise CDF) @nolpagated them through models with MCS. This

propagation is similar to that of classic MCS, etcihat the sampling process generates a random

% The minimum and maximum of simple addition (Eq. dd¥yubtraction (Eg. 45) can be estimated intuiivehile those of
multiplication (Eq. 46) and division (Eq. 47) ar®m complicated because they require minimizing madimizing all four
combinations of the two intervala,[b] and[c, d].
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interval instead of a single random value. Thewhdteration is calculated with interval arithmetic
For example, given a model= f (x4, x5, ..., x;), in which input variables; (i = 1, 2... n; n is the

number of input variablg@sare expressed as imprecise CDFs, the steps pagation are as follows:

1. Select a random value [0, 1] for an input variadhel then generate an interval for it with
minimum and maximum valu@{,?{] according to its inverse function of imprecise PDF

2. Repeat step 1 for each input variable to obtaiet @srandom intervals

([x1, X1, [x3, %2] o, [, 52D
3. Calculate the output interval using interval arigtin

[J_’IJ] [mln(f( xl:x1] £2:x2 [_l’xl] ), max(f([xl,xl] [x2, xz] M:E{D)]-
4. Repeat the previous steps many times (Bg5000) to construct an interval PDFyof

Combining MCS and interval arithmetic allows stosfim uncertainty and imprecise
information to be considered simultaneously in thedel when both types exist. This propagation
method can also be developed to combine probalbiiglyibutions and fuzzy intervals. For example,
Clavreul et al. (2013) modeled inventory data udigh trapezoidal probability distributions and
fuzzy intervals (according to the type of unceiigirio estimate potential impacts in an LCA study.
Results were presented as a bounded probabilitfbdison that distinguished the uncertainty due to
randomness from that due to incomplete informatfthers, such as Arunraj et al. (2013), Baraldi
and Zio (2008), Baudrit et al. (2006; 2005) and @Gwuet et al. (2003) have developed hybrid
approaches for joint propagation of probabilitytidisitions and fuzzy intervals in risk assessment.
These studies considered the combined method emmatitve propagation approach when information
is scarce (e.g., parameter uncertainty is desciiyeflizzy intervals). Application of this method is
limited, however, due to the computational intgnsit both MCS and interval arithmetic. Otherwise,
the interdependence between random and imprecisbles (or lack thereof) remains to be explored
(Ferson et al. 2004).

2.4.5 Scenario propagation

Pesonen et al. (2000) defined an LCA scenaricaagescription of a possible future situation
relevant for specific LCA applications, based ordfic assumptions about the future, and (when
relevant) also including the presentation of thevalepment from the present to the future.
“Assumptions” refers to uncertainty in predictingetfuture, and this uncertainty can be addressed by
scenario analysis, the comparison of different ipbsgutures of a system. Approaches for assessing
scenario uncertainty depend on the purpose ofdbearch. There are two basic approaches in LCA
(Pesonen et al. 2000): “what-if” scenarios and emstone scenarios. The what-if scenario approach is
widely used to compare systems under differentrapans (e.g., alternative processes, different

products, and different models). For example, Baglems and van der Werf (2005) compared the
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environmental performance of current and altereasiystems of pig production. Potential impacts of
“favorable” and “unfavorable” scenarios indicatedaverall uncertainty range. Compared to the one-
by-one analysis of what-if scenario approach, thenerstone scenario approach combines multiple
possible scenarios with long-term horizons to sewvebasic guidelines for future prediction of the
studied field. If considered as independent casdlspossible scenarios can be considered as
probabilistic events and propagated via stochastiwlation (e.g., MCS or bootstrap sampling).
Huijbregts et al. (2003) assigned a probabilitg.(ia degree of belief) to each normative choice of
LCA practitioners and quantified potential impaas a probability distribution reflecting the
uncertainty due to different normative choices. ¢¢gra probabilistic approach can integrate scenario

uncertainty with parameter uncertainty in the sénramework.

It should be noted that the previous example refeto a case when probability assignments
came from a single source of information (i.e.,device). If there is more than one source of
information (e.g., different experts or observasipnevidence theory (e.g., DST) can express the
degree of belief of each scenario by combing theces. For example, Chowdhury (2013) assessed a
water treatment plant using certain factors asinidicators. They classified factors into five lirigtic
levels (i.e., “very poor” to “very good”) providday multiple experts and used Dempster’s rule (see
2.3.3) to obtain the factorddpa When multiple sources of information are avaigaldDST-based
combination rules represent the status of a stuslietem better than a single arbitrary assignment o
probability. As mentioned, thiepais used in DST to define belief and plausibilipnétions, which
are identical to lower and upper probabilities,pestively. Thus, scenario uncertainty can be

expressed in probabilistic forrp-po® and propagated via MCS.
2.5 Choice of uncertainty analysis in LCA

Although the consideration of uncertainty in LCAnentioned in its ISO standards (ISO 14044
2006), it provides little guidance about how tofpan uncertainty analysis in LCA, and a lack of
consensus about this issue remains (Bjorklund 2Q@2A practitioners have applied various methods
to deal with uncertainty (Lloyd and Ries 2007), datisions about methods raise concerns because
results can vary depending on which method is ahodeeap et al. 2008). Therefore, LCA
practitioners should explicitly identify in the dir step of LCA (goal and scope) the types of
uncertainty in their studies and the uncertaintalysis methods they chose. Huijbregts (1998a)
reviewed tools for addressing epistemic uncertaiztyl variability in LCA, including ways to
represent and propagate uncertainty (e.g., stachsistulation), reduce epistemic uncertainty and
better represent variability (e.g., additional meements, standardization). Based on his work, we

mainly reviewed approaches that focus on reprasgepistemic uncertainty and variability (Table 3).
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Probabilistic approaches include both classic {pe3cand imprecise probability distributions.
Bayes’s theorem can be considered as a subjeatdlmalpilistic approach to estimate the posterior
distribution of an uncertain variable using botlpest opinions (prior distribution) and observedadat
(likelihood function). Non-probabilistic approach@sg., interval, fuzzy intervals, DST) assign eele
of belief to express the state of knowledge. DSmimoation rules (e.g., Dempster’s rule) can
combine multiple sources of information; thus, tlcey be used to integrate different choices (ssurce
of evidence) into the same framework. In additiwe, considered expert judgment and peer review
(e.g., rule of thumb) only as an assessment of qladty; thus, these two subjective assessmeats ar
replaced by the qualitative approach when evalgatista/model quality. Scenario analysis includes
ways to treat uncertainty due to choice (see se@id.5). Among them, “what-if” scenario analysis
can be applied to address spatial or temporal bititya(e.g., using specific or generic data). hiosld
be noted that scenario analysis also refers toggaton of scenario uncertainty, since the resflts
scenario analysis contain information about diffiérecenarios. We classified modeling approaches
(non-linear/multi-media modeling) as ways to acddon model uncertainty using multiple complex
models, if they exist. Moreover, modeling approachmmn incorporate spatial and temporal
information that make models more complete; howes@mplex models may introduce other sources
of uncertainty (e.g., parameter uncertainty) reldtespatial and temporal factors or the fact thay
require more parameters, for some of which infoiomatnay be scarce. For example, the IPCC (2006)
provides three tiers to estimate £€missions from mineral fertilization. The modebkbd method
(Tier 3) can be applied when detailed activity datavailable; if not, uncertainty in these actiata
may influence predictions significantly or even makodel use infeasible. In such a case, the IPCC
recommends using a simpler equation (Tier 2 or Tjdor a generic rather than site-specific estenat
but less complex methods may predict emissions pessisely. Finally, statistical correlation and
regression analysis can be integrated into othgroaghes (e.g., correlation control using multiatei

distributions) if the information is available.

Since a given type of uncertainty can be exprebgeniore than one approach (Table 3), there
is a need to help LCA practitioners choose appatprpproaches. Considering the properties of each
approach for representing uncertainty, we proposglide for choosing appropriate approaches to
represent different types of uncertainty (Fig. Bhe guidelines start by identifying the types of
uncertainty according to their natures and sourdéen, depending on their objectives and the
information available, LCA practitioners can folloits specific questions to find approaches
appropriate for representing a given type of umiety. For example, natural variability can be
represented with a classic probability distribut{ioed arrows). In the same way, parameter uncéytain
(green arrows) can be represented with probaldigiribution when the parameter is (or is assuroed t
be) randomly distributed (see chapters 3 and 4)off (fuzzy) interval analysis (blue arrows) can b

applied (see chapter 5). However, it should be chtat addressing one type of uncertainty may
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induce another source of uncertainty. For exangpsmatial or temporal model can be used to consider
spatial or temporal variability, respectively, bt model may have uncertainty in its associated
parameters. Hence, this decision tree can be ueettively when new sources of uncertainty are
identified.

Table 3. Overview of approaches for representing taicdy in LCA and their suitability for different types of
uncertainty (based dduijbregts, 1998a

Type
W
.2
= = = O _
= £ £ -% S 2 ©2 oy
Qg o] —-—= B8= ==
EE Bt tg ®®5 85 €73
A H S8 T8 S B8 g8 S&
roac < 2 S §= BE
PP aS S5 53 nS % =28
Probabilistic approach (classic and imprecise  + + +
probability distribution, Bayes'’s theorem)
Non-probabilistic approach (interval, fuzzy + +
intervals, Dempster-Shafer theory)
Combination rules (e.g., Dempster’s rule) +
Qualitative/semi-qualitative method + + +
Scenario analysis (bootstrap sampling, “what-if’ + + +
scenario analysis, cornerstone analysis)
Non-linear/multi-media modeling + + +

Ultimately, the choice of propagation methods dejsezn how uncertainty is represented. MCS
is widely used when probability distributions (bopinecise and imprecise) are applied. Interval
arithmetic can provide a rough estimate of outpuerivals (minimum-maximum), especially to
propagate parameter uncertainty represented bgiclagervals or fuzzy intervals. The combined
methods based on DST makes it feasible to intedrate of the above methods. The analytical
method is useful for dealing with parameter undetyaand variability when models and variances of
uncertain variables are well-known. However, avipresly mentioned, application of the analytical
method is limited due to its mathematical complexand data requirements. Finally, bootstrap
sampling can estimate overall impacts of severhagos if they are judged to be equally probahble.
addition, bootstrap sampling can also be appliggropagate sampling errors (e.g., SEM) from input
variables onto impacts when observed samples aea gAnnexe).

2.6 Discussion and Conclusions

Despite the existence of many terminologies of ttag®y, we follow the classification of
uncertainty applied by Huijbregts (1998a), whiclpleoitly separates states of knowledge according to

their natures and sources. First, this classificasillows LCA assessors to better understand inhere
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differences (e.g., variability) in the system ampddily assess the potential to improve the systgm b
reducing epistemic uncertainty. Second, sub-clagBeariability and epistemic uncertainty focus on
the sources of uncertainty, which provide detaileitlerstanding about the key points where
uncertainty appears. Finally, this classificatiowl ¢he definitions of uncertainties have been aeckp

in most LCA studies that provided good exampleepfesenting and propagating uncertainty.

In general, the classic probabilistic approach he tmainstream way to treat parameter
uncertainty and natural variability in LCA. It ismmonly applied by most LCA practitioners, because
(1) its basic theory is well developed in manydge(e.g., risk analysis, environmental assessnaeiatt)
easy to understand, (2) its application is pracuath the aid of statistical software (e.g., Misoit
Excel’, R, MATLAB®) and LCA software (e.g., SimaPtoOpenLCA) that can perform MCS to
propagate uncertainty through LCA models, and €8)its are easy to interpret using single values fo
the common statistical terms (e.g., mean, variane@wever, this classification of uncertainty
suggests that (1) natural variability and parameteertainty are different by definition, so ithetter
to interpret them separately, and (2) other typesinzertainty (e.g., scenario uncertainty, spatial
variability) also occur in LCA that most likely wihfluence estimates of environmental impacts. The
probabilistic approach is less feasible when alhglainformation is scarce, since too many
assumptions about variable distributions may reisulirbitrary estimates. Consequently, alternative
methods are necessary to address different typeanoértainty. These methods enable LCA
practitioners to have more flexible choices depegadin the information they have available. For
example, imprecise assessment (e.g., imprecisalpitiy, interval analysis) can provide conservativ
estimates and require less information or sometiomsputational time than a classic probability
distribution when a high confidence level is nos@lbtely necessary. On the other hand, other tgpes
uncertainty (e.g., scenario uncertainty) can begirgted into uncertainty analysis, though the tsii
address them is still limited in LCA. For exampIl2ST combination rules can merge information
about models or scenarios from different sourcegwidence into the same LCA framework. In
addition, although interpretation of DST-based itssseems complex and harder to understand than a
single probabilistic distribution, which Lindley@23) argued simplified representation of uncerjgint
DST structures (p-box) have the advantage of censig imprecision and ignorance for uncertainty

analysis and providing more realistic estimates.

This chapter illustrated several methods adaptedL@A to represent and then propagate
different types of uncertainty. Many factors detiexenthe choice of methods, such as type of
uncertainty, the information available, study ohijexs, and acceptable confidence levels. Based on
these factors, we developed a decision tree foosihg appropriate methods to represent different
types of uncertainty (Fig. 5). It offers initial igelines for LCA practitioners to analyze uncertiais

using different methods. The method selected miyence how impact assessment is modeled. For
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example, dynamic models are used with probabilistethods, while static models are used with
deterministic input variables. Hence, constructidri CA models should consider how to integrate
uncertainty during the assessment process. Howeymaljcation of uncertainty-analysis methods
should be performed on a case-by-case basis, gimsegeneral guideline cannot cover all

circumstances. Sometimes, computational costsamtiponer preferences also play an important role
in the choice of method. Therefore, uncertaintylysis should be described explicitly in a separate

section of an LCA study when a confidence levelulpotential impacts is required.
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Figure 5. Decision tree of the choice of methodeefiresent different types of uncertainty. For eplamred arrows indicate representation of natuagibbility with probability distributions
(chapters 4 and 5). Green arrows indicate repragentof uncertainty in randomly distributed paraens, either with probability distributions (red@ws, chapter 3) or fuzzy interval analysis
(blue arrows, chapter 5). The dashed arrow indéciéeative use of the decision tree when new ssuof uncertainty are identified in temporal ortedanodels.
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Abstract

Life Cycle Assessment (LCA) is a useful framework fawieonmental assessment; however, the
reliability of LCA results suffers from many sources afcartainty and variability. Now that systematic
uncertainty analysis in LCA is recommended, it can beful to revisit past LCA studies to see whether
inclusion of uncertainty (or additional types of it) chasmg@erpretation of their results. In this study, we added
uncertainty in 67 emission factors (EFs) to the variabilityfarm characteristics of 47 French dairy farms
analyzed in a previous LCA study (van der Werf et2009). We propagated uncertainty in EFs with Monte-
Carlo simulation to estimate contributions of uncertainty aadability to uncertainty in potential climate
change, acidification, and eutrophication impacts. For indalidarms, uncertainty in emission factors added
uncertainty to the farm’s formerly deterministic impa@sefficients of variation of 2-7% for climate change, 4-
11% for acidification, and 2-46% for eutrophication). Bynfaiype (conventional vs. organic), the addition of
uncertainty in EFs increased uncertainty in impacts. Alghouncertainty in emission factors contributed less to
impact uncertainty than variability in farm characteristics didjd add enough to potentially change decisions
about whether differences in certain impacts betweem fapes were significant, depending upon the
significance level and functional unit chosen. Variancedasmnsitivity analysis identified emission source
categories whose uncertainty contributed most to the uncgriainpacts: manure deposited in pasture for
climate change, cattle housing and manure storage fafieafidon, and leachate for eutrophication. Although
larger uncertainties in potential impacts decrease appdifeerences between the systems or scenarios studied,
considering more than one type of uncertainty providiesision makers with a more complete and realistic
assessment of the state of knowledge. Based on theedefjluncertainty in impacts, they can decide which
location on impact intervals (e.g., mean, lower limit, udpeit) is best suited for decisions in a given system.
Future studies should explore additional methods to conmbiritgple sources of uncertainty in LCA and express

their relative influences on potential impacts.

Keywords: life cycle assessment; emission factor; uncertainty; variabilignte-Carlo simulation
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1. Introduction

Environmental impacts of agricultural systems hageome an increasingly important issue in
the past several years. As a framework for enviemtal assessment, Life Cycle Assessment (LCA)
can estimate potential environmental impacts asduee use of entire farming systems (van der
Werf and Petit 2002). LCA results can help decisitakers assess environmental impacts of a given
production system or compare different systemsdémtify those with lower impacts (International
Organization for Standardization (ISO) 2006). Apation of LCA, however, requires many
simplifying assumptions, methodological choicesd anput data. Unfortunately, the influence of
uncertainty in these assumptions, choices, andatafotential impacts is not systematically assbsse
(though its frequency is increasing), which maydléa inaccurate or overly confident interpretations
of potential impacts or their differences betwegstams. Thus, uncertainty analysis in LCA can
illustrate how uncertainties affect the reliabildy its results, providing more useful informatitor
decision making (International Organization forrilardization (ISO) 2006; Weidema and Wesnaes
1996).

The broadly defined concept of uncertainty includes types with different natures:
uncertainty and variability (Huijbregts 1998a; Thmsun 2002). Uncertainty (sometimes called
“epistemic uncertainty” (Clavreul et al. 2013; Heltand Oberkampf 2004) for clarity), defined as
incomplete or imprecise knowledge, can be furthdrdgvsided into parameter, model, and scenario
uncertainties (Huijbregts 1998a; WHO 2008), whian arise from uncertainty in data about the
system, choice of models used to calculate emissiand choice of scenarios to define system
boundaries, respectively (R66s and Josefine 20M&se types of uncertainty can be reduced by
increasing measurement accuracy, increasing madatacy, and collecting data that better represent
systems of interest, respectively. Unlike epistemaitcertainty, variability, defined as inherent
differences over time, space, or within a groumnca be reduced, but it can be represented more

precisely if more information about the group isitable (Morgan and Henrion 1992).

Most LCA studies considering uncertainty use prdtghdistributions to represent both types
of uncertainty in inventory data (Heijungs and Hraigts 2004; Huijbregts 1998b) and Monte-Carlo
simulation (MCS) to propagate them through LCA nmsde estimate uncertainty in potential impacts
(Lloyd and Ries 2007). MCS generates hundreds ausinds of sample sets of input data, each
containing a combination of input variables takandomly from their distributions (Firestone et al.
1997). For complex models, such as those in LCK, more feasible and efficient to apply MCS than
analytical methods (Hammonds et al. 1994, Leinceteal. 2012). With MCS, predicted impacts can
be expressed as probability ranges instead ofesiraglies, which provides more complete information

for decision makers about the magnitude of unadstan predictions (Sonnemann et al. 2003).
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Now that assessment of uncertainty in LCA preditgies strongly recommended (Lazarevic et
al. 2012; Williams et al. 2009), it can be usetutavisit past LCA studies to see whether inclugibn
uncertainty (or additional types or sources of uraety) changes interpretation of their resultse W
did so for a previous study (van der Werf et 809, whose authors had performed LCA for each of
47 dairy farms in Brittany, France, with a customiitool, EDEN-E (Evaluation de la Durabilité des
ExploitatioNs). Because (1) that study had alreastymated uncertainty in impacts due to variability
in farm characteristics and (2) the configuratidnE®EN-E precluded including some key farm
characteristics in MCS (described later), we fodusar study on estimating how the addition of
uncertainty in emission factors (EFs) influencecartainty in impacts of the dairy farms. This
approach had the advantage of separating the twoce® of uncertainty (EFs and farm
characteristics), allowing us to assess each aniél®nce on impacts, which may affect how decision

makers interpret them.
2.  Material and methods

2.1. EDEN-E tool and inventory data

We used data previously collected and calculateth whe EDEN-E tool, developed (in
Microsoft Excel®) to estimate LCA-based environnarinpacts of individual dairy farms (van der
Werf et al. 2009). Tables in EDEN-E contain an meey of farm inputs and characteristics, such as
energy carriers, mineral fertilizers, animal feeasg machinery, which are used in built-in emission
models or multiplied by per-unit environmental bemd to calculate emissions and resource use. Other
factors such as animal production (e.g., meat,)milkimber of animals by age and sex, and usable
agricultural area (UAA) are also used to estimateissions from farm activities (Fig. 1).
Consequently, EDEN-E can distinguish “direct” eowimental interventions (occurring on the farm’s
UAA) from “indirect” interventions (associated witlpstream inputs, emissions, and UAA to produce
materials imported to the farm) when predicting &migs. Thus, direct impacts consider only on-farm
activities and hectares, while total impacts (idect + indirect) also include estimates of @ffrh
activities and hectares. It should be noted thi@nigive dairy farms importing feedstuff from lower-
impact crop farms may have direct impacts per hnaféom) that exceed total impacts per ha (on- and
off-farm). Data collected with EDEN-E in the preusstudy represented one year of operation of 47
dairy farms of two production modes (41 conventipaorganic) in Brittany, France, during the
period 2003-2005.

2.2. System boundary, functional units, and impact categries

We used the same two system boundaries as theopsestudy (van der Werf et al. 2009) to
calculate impacts (direct and total) accordingwo functional units, respectively (Fig. 1). Perdfa

on-farm UAA, the boundary included all interventsprvhile per 1000 kg of fat-and-protein-corrected
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milk (FPCM) sold, the boundary excluded all inputstput and UAA of cash crops (i.e., produced
not autoeonsumed) to leave only the n-production subsystem (thereby avoiding allocatietweer
crop and animaproducts). To facilitate interpretation of resyltve predicted impacts only for thc
impact categories regrouping emissions that wowd/ \due to uncertainty in the EFs ultimat
selected for analysis: climate change (from nitroxsle (\O), methane (CkjJ, and nitrogen oxide
(NO,)), acidification (from ammonia (Ns)), and eutrophication (from nitrate (I3) and phosphate
(PQy).

...........................................................................................................
.

::" T T T T T T T T T T T T T T T T T ST ST TS m e ~ \ ".:
I" Impacts per 1000 kg FPCM 1
; | Animal-production inputs !
i1 | *Animals :
i 1 | *Concentrated feed Animal 1
: | | -Fodder S nima s
i | | ~Energy carriers |  production | Output
El ] e Milk
il y'y 1 * Animals
: Atmospheric N deposition > I | +Exported
X Farm : : manure
: Feed/forage inputs v :
i *Pesticides I
E Mineral fertilizers Feed/forage I
: | *Imported manures > production |
'\ *Energy carriers L
AN S LV
] v
Cash-crop inputs
:Impacts| - Pesticides c i
i ) o N ash-crop : «Cash
: . > ! i ash crops
i per :\«hnerr_lalc;‘emhzers production ;
: *Imported manures
iha UAA «Energy carriers

> +
...........................................................................................................

Figure 1 Flow diagram of dairy farms and system boundaries tsechlculate impacts per ha of usa

agriculturalarea (UAA) (dotted line) and per 1000 kg ot-and-proteineorrected milk (FPCM

2.3. Variability in farm characteristics and uncertainty in emission factor:

Since certain key farm characteristics, such ag fagons and manure management, are s
as codes in EDENE, they could not be assigned probability distiitng for inclusion in MCS
Reconstructing EDENE's dairy-farm LCA model in another form (e.g., SimaPro) ttow
propagation of variability in all farm characteiést besides being a study o itself, would have
changed LCA predictions, at odds with our object¥@dding uncertainty to results of a -existing

study. We thus focused on exploring the influencenzertainty (epistemic uncertainty and variapi
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combined) in EFs with MCS. As in the previous stugdriability in impacts due to variability in farm

characteristics within the sample of each farm gomventional and organic) was considered.

We used the same default EFs as in the previodly,stiespite the advanced ages of some of
them (1997-2007), since our objective was to compasults between studies (Table 1). Most of the
EFs selected convert quantities of manure or ifsztilinto emissions of nitrogenous gases (i.e.g,NH
N.O, NQ,). As in van der Werf et al. (2009), N®missions were set equal to the farm-gate N balanc
minus these gaseous N emissions. EFs for manuiedvas a function of its type (e.g., species, water
content), season, and site of excretion (e.g.,astupe or in buildings). EFs for Glemissions from
enteric fermentation and manure management wenmaatstl with the Tier 2 method of the IPCC
(2006a). The EF for PQemissions from manure application came from Rossid Charles (1998).
Uncertainty shapes and ranges (usually 95% cordaartervals (IPCC 2006c¢)) for EFs for ¢were
taken from IPCC (2006a), those ofwere taken from IPCC (2006land those of other nitrogenous
compounds were taken from Payraudeau et al. (20@ble 1). We assumed an uncertainty range for
the EF for PQ of £50% due to lack of data. Although the refeenave used described differences
between uncertainty (i.e., epistemic) and varighilthey did not separate them when estimating
uncertainty ranges for EFs. Hence, the uncertaartges we used included both epistemic uncertainty
(e.g., due to measurement error) and variabilitg.(edue to site-specific characteristics, such as

temperature and humidity).
2.4. Monte-Carlo simulations and comparison with determnistic results

We propagated uncertainty in EFs into predictioh®mvironmental impacts of each of the 47
farms using MCS (1000 iterations per farm in Exgel®wvo EFs were excluded from MCS because
they could be calculated from other EFs or inputaldes and thus were not independent: the EF for
dinitrogen (N-N) was three times that for N8 (Webb 2001), while dairy-cow enteric ¢H
emissions were a function of milk production pewctVe assumed that the remaining 67 EFs in the
MCS were independent. After the 1000 iterationscaleulated mean impacts for each farm and their
coefficients of variation (CVs) due to uncertaiiyEFs. For each of the 1000 MCS iterations, we
calculated mean impacts and their CVs for each fagme (conventional and organic) to express
variability in farm characteristics. Then, we exqged mean impacts, their variabilities, and p-\&alue
of differences in means over the 1000 iteration95% confidence intervals (2'®7.5" percentiles)
due to uncertainty in EFs. We also recalculatedréiselts of the previous study (van der Werf et al.
2009) using default values of EFs. We used R softylR Development Core Team 2012) to perform
all statistical tests and, to remain consistenh e previous study, inferred significant diffecen at

the significance levat=0.05.
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2.5. Sensitivity analysis

We performed a simple sensitivity analysis to idgmwwhich emission sources contributed most
to variances predicted in direct impacts only, sitiee indirect portion of total impacts did not e
when EFs varied. We grouped direct emissions ieteeis source categories: mineral fertilization,
cattle housing and manure storage, manure depasitpdsture (MO, NH;, NO,, and CH for all
three), manure spreading B/ NH;, NO,, and PQ), leachate (Ng), N,O emissions due to both
atmospheric NEldeposition and N@in leachate, and “other” (e.g., direct fuel andspic use). Then
we estimated contributions to the varian€gl;) in direct impacts from variation in the source

categories using an equation of Geisler et al. §200
CTV,; =15/ iy Eq. 1

where [; is the Spearman’s rank-order correlation coefficievhich represents non-linear
correlation more robustly than the Pearson coimlatbetween impacts from source categofgr
impact category, andn is the number of source categories. The combiffedteof sample size and
variability in farm characteristics on CTVs was negented with 95% confidence intervals of mean

CTVs for each farm type.
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Table 1. Default values, uncertainty ranges, and distribai{ioormal (N) or log-normal (L)) of emission factors

and their sources. Ranges in percentages indicate 95%eurd intervals.

Emission factor Value  Unit Range Dist.
Cattle housing and manureNHs-N emitted in housing 0.1Z7 kg NHs;-N/kg N +60% N
storage excreted
NH3-N emitted during 0.06" kg NHs-N/kg N stored +60% N
storage
N,O-N from solid manure 0.0 kg N,O-N/kg N 0.005-0.02 L
excreted
N,O-N from liquid manure  0.005 kg N,O-N/kg N 0.0025-0.0%1 L
excreted
Pasture NHs-N emitted in pasture 0.08 kg NHs-N/kg N +30% N
excreted
N,O-N emitted in pasture 0.02' kg N,O-N/kg N 0.007-0.08 L
excreted
NH; from manure Solid cattle or pig manure  0.57 kg NHs-N/kg TAN* +60% N
spreading in winter Liquid cattle manure 0.20" kg NHs-N/kg TAN +60% N
Liquid pig manure 0.18" kg NHs-N/kg TAN +60% N
Solid poultry manure 0.338 kg NHs-N/kg TAN +60% N
Liquid poultry manure 0.15 kg NHz-N/kg TAN +60% N
NH; from manure Solid cattle or pig manure 0.76 kg NHs-N/kg TAN +60% N
spreading in spring, Liquid cattle manure 0.28" kg NHs-N/kg TAN +60% N
summer, autumn Liquid pig manure 0.20" kg NHs-N/kg TAN 1609 N
Solid poultry manure 0.45 kg NHs-N/kg TAN +60% N
Liquid poultry manure 0.20 kg NHs-N/kg TAN +60% N
Mineral fertilizer NH4NO3, (NH,),SO,, 0.0Z kg NHs;-N/kg N +20% N
application Ca(NGy),, CaCN,, KNO;
CO(NH,), 0.15 kg NHs;-N/kg N +20% N
NH; 0.04 kg NHs;-N/kg N +20% N
(NH,),HPO, 0.05 kg NHs-N/kg N +20% N
Other NPK compounds 0.0Z kg NHz-N/kg N +20% N
NO-N from applications 0.003 kg NO-N/kg N applied +60% N
N,O-N from manure or fertilizer application or crop 0.01" kg N,O-N/kg N 0.003-0.03 L
residues applied or in residues
Atmospheric deposition of NN 15.00 kg NHs-N/year/ha 10.00-20.00 N
N,O-N from NQ, leaching 0.008' kg N,O-N/kg N 0.0005-0.028 L
leached
N,O-N from atmospheric deposition 0.01" kg N,O-N/kg NH:-N +  0.002-0.08' L
NO4-N volatilized _
PO, from manure or fertilizer application 0.01 kg PQ/kg PQ applied +50%' N
CH, from enteric Heifers or males 0-1 year  37.20 kg CHy/head/year +20% N
fermentation Heifers or males 1-2 years 84.60 kg CHy/head/year +20% N
Heifers 2+ years or bulls 90.30 kg CHy/head/year +20% N
CH, from manure: Cows 5.10 kg dry +20% N
emission of V8 matter/head/day
Other 3 animal classes 2.60 kg dry +35% N
above matter/head/day
CH, from manure: Cows 0.24 m® CHykg VS +15% N
potential CH production  Other 3 animal classes 0.1 m® CHuskg VS +15% N

(Bo)

above

*EMEP-CORINAIR(2002)?"EMEP-CORINAIR(2001)IPCC(2006a) IPCC(2006b) Payraudeaet al. (2007),

fRossie_r and Charles (1998Expert judgment (INRA UMR SAS, Rennes, Frand®jprvan and Leterme
(2001),'Skibaet al. (1997) /Assumption*TAN: total ammoniacal nitrogeffVS: volatile solids
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3. Results

3.1 Impacts of individual farms

For individual conventional farms, uncertainty (eegsed as a CV) in acidification (8-14%) was
higher than that in climate change (3-6%) or irr@pltication (2-8%) for both functional units (Fig.
2). For organic farms, however, half (three) haghbr uncertainty in eutrophication, especially fper
of UAA (CVs of 15%, 19% and 46%).

a.Per 1000kg FPCM sold b.Per ha of UAA

© Conventional farm

) A Organic farm
Climate change

Acidification

Eutrophication

350a A AA Joa A A A
T T T T T T T T T T T T
0 5% 10% 15% 20% 46% 5% 10% 15% 20% 46%
Coefficient of variatio Coefficient of variatio

Figure 2. Strip plots of coefficients of variation (CVs) of tatfmate change, acidification, and eutrophication

impacts (a) per 1000 kg fat-and-protein corrected nitlRGM) sold and (b) per ha of usable agricultural area
(UAA) of 41 conventional (circles) and 6 organic (trianglésiry farms. Points represent uncertainties in

impacts due to parameter uncertainty in emission factdrde their degrees of scatter for each impact category
reflect inter-farm variability in CVs.

3.2 Impacts by farm type

Despite increased uncertainty in potential impdwstsfarm type caused by EF uncertainty,
conventional farms always had higher direct andl tdimate change impacts than organic farms per
ha of UAA (p<0.033, Table 2). In contrast, onlyaioacidification and direct eutrophication impacts
were always higher for conventional farms per h&aJ AR (p<0.008 and p<0.041, respectively). The
confidence intervals of their counterparts (dirctification and total eutrophication) did not deg

but had confidence intervals of p-values that idetlip=0.05. Per 1000 kg FPCM, only direct climate
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change and direct and total acidification had amrice intervals of p-values (albeit wide ones) that
included p=0.05.

Confidence intervals of mean impacts, their valigds, and p-values of differences in impact
between farm types caused by EF uncertainty encesegathe corresponding deterministic values of
the previous study, sometimes widely, indicatingchange in mean impacts between studies (Table
2). However, for five of the 12 direct and totalpatts (direct climate change and direct and total
acidification per 1000 kg FPCM, direct acidificati@and total eutrophication per ha of UAA), the
confidence intervals of p-values obtained from pgating uncertainty in EFs now included0.05
(and other commonly-used significance levels), aating the potential to change interpretation of
results. Instead of t-tests, cumulative distributionctions (CDFs) of p-values can be used to egém
the probability that significant differences exigttween farm types. For example, if choosing.05,
probabilities of significant difference between gps were 17% for total climate change per 1000 kg
FPCM (Fig. 4a) and 60% for direct eutrophication ipee of UAA (Fig. 4b).

3.3  Contributions of source categories to uncertaintyn impacts

According to the sensitivity analysis, the sourategories whose uncertainty contributed most
to uncertainty in impacts differed by impact anchrfaype, but these categories were similar for both
functional units. Per 1000 kg FPCM (i.e., cash sragxcluded), manure deposited in pasture
contributed the most to variations in climate clangpacts (mean CTV of 67% and 84% for
conventional and organic farms, respectively) (Bp. The source categories contributing most to
variation in acidification impact were related tamure management: cattle housing and manure
storage, manure deposited in pasture, and manumadpg (mean CTV of 66%, 20%, and 14% for
conventional farms, respectively; 52%, 34%, and 1486 organic farms, respectively). For
eutrophication, leachate N@ad a mean CTV of 96% and 99% for conventional @ganic farms,
respectively. Contributions to variance per ha 8fAi.e., cash crops included) were almost exactly
the same, except for a slightly higher contributimin mineral fertilization and a slightly lower
contribution of manure deposited in pastures (Sq@age points each) to climate change impacts of

conventional farms (data not shown).

Across impact categories and farm types, variatioemissions from mineral fertilization had
no CTV for organic farms (since it is prohibitedidarelatively small CTV for conventional farms (8%
for climate change, 1% each for eutrophicationy(B). Since “other” emissions (e.qg., fuel and fitas
use) did not change when EFs varied, they had @&k, Confidence intervals of mean CTVs were

relatively small for all impacts except acidifiaatifor organic farms (Fig. 3).
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0 NO;in leachate B Manure deposited in pastures

B Manure spreading

Bl Cattle housing and manure storage
£ N,O from atmospheric deposition and leachage
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Figure 3. Mean contributions to variance (CTVs) and 95%iademce intervals (error bars) of seven categories
of emission sources (due to epistemic uncertainty in énigactors) in direct climate change, acidification, and
eutrophication impacts per ha of usable agricultural afeapmventional (C) and organic (O) dairy farms in

Brittany, France. Error bars reflect the combined effésample size and variability in CTVs due to differences

in characteristics among farms.
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Figure 4. Cumulative distribution functions of p-values frob®0 Monte-Carlo simulation iterations for (a) total
and direct climate change per 1000 kg fat-and-proteimected milk (FPCM) and (b) total and direct
eutrophication per ha of usable agricultural area (UAAxH24d horizontal lines (red) indicate the probability of
a difference in mean impact between farm types (cdiomal vs. organic) below a given significance level

(here,0=0.05).
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Table 2. Confidence intervals (95%) of mean valtlesir variabilities due to farm characteristicedfficients of variation), and p-values of diffeceis in means of three
impacts per 1000 kg fat-and-protein-corrected f#HRCM) sold and per ha of on-farm usable agricaltarea (UAA) for conventional and organic dairynfia in Brittany,
France, from Monte-Carlo simulation (MCS) and deifieistic calculation (DC). Direct impacts consiaelly on-farm activities and hectares, while totapacts also include
estimates of off-farm activities and hectares. ¥alin bold indicate differences between farm typib p-values always below 0.05. Values in italiedicate differences
between farm types whose p-value confidence inteimalude p=0.05.

Per 1000 kg FPCM sold Per ha of UAA

Impact category Unit Method Type Conventional farms Organic farms p Conventional farms Organic farms p
Climate change kg Ceq MCS Direct 872-901 (14-18%)  937-1026 (7-17%) 0.013-0.333 5877-6243 (21-23%) 4422-4877 (14-24%) 0-0.032
Total 1024-1052 (13-16%) 1037-1126 (9-17%) 0.200-0.949 6123-6440 (17-19%) 4690-5117 (13-22%) 0.001-0.027

DC Direct 886 (15%) 981 (10%) 0.071 6047 (21%) 4626 (18%) 0.005

Total 1038 (14%) 1081 (12%) 0.47 6272 (17%) 4881 (16%) 0.005

Acidification kg SQ-eq MCS Direct 5.1-5.5 (14-20%) 5.4-6.4 (6-24%) 0-0.833 34.8-39.4 (20-28%)  25.3-30.7 (13-31%) 0-0.077
Total 7.4-7.8 (15-20%) 6.3-7.3 (10-26%) 0.013-0.675 46.2-50.2 (15-21%) 28.4-33.5 (16-31%) 0-0.007

DC Direct 5.3 (13%) 5.9 (10%) 0.062 37.0 (21%) 28.0 (20%) 0.007

Total 7.6 (16%) 6.8 (15%) 0.135 48.1 (16%) 31.0 (22%) 0.001
Eutrophication kg P@eq MCS Direct 6.4-6.5 (39-41%)  4.4-4.9 (64-77%) 0.182-0.311 41.2-43.0 (38-41%) 19.2-21.7 (81-97%) 0.022-0.040
Total 7.0-7.2 (36-38%) 4.8-5.3 (69-81%) 0.191-0.302 39.2-40.8 (34-36%) 19.5-21.9 (81-96%) 0.037-0.060

DC Direct 6.5 (40%) 4.7 (70%) 0.24 42.1 (39%) 20.5 (88%) 0.031

Total 7.1 (37%) 5.0 (74%) 0.242 40.0 (35%) 20.7 (88%) 0.048




4, Discussion

4.1  Effects of adding uncertainty in emission factorsd potential impacts

Propagating uncertainty in EFs with MCS added umg#y to previously deterministic
potential impacts for individual farms and alsorgased overall uncertainty in impacts by farm type.
To clearly distinguish effects of EF uncertaintyrfr those of farm-characteristic variability (exmed
as CVs) on impacts by farm type, we chose to espites former differently, as confidence intervals,

not only in mean impacts but in their variabiliteesd p-values of differences between them.

For individual farms, MCS-based impacts did nofetisignificantly from deterministic impacts
from the previous study because default EF valsesl uo calculate the latter corresponded to the
means of the normal/log-normal EF distributionspaigated. Individual farms of both types had
relatively similar uncertainties in impact, excépthigher eutrophication uncertainty for threeamng
farms, in which the calculation of NQeaching was dominated by atmospheric N depostiod
gaseous N emissions (and their uncertainty) ddlegio having smaller farm-gate N balances (mean =
18 kg/ha UAA) than those of other farms (mean =kgiha UAA). Using similar calculations,
Payraudeau et al. (2007) also observed that vhtyaini farm-gate N balance and uncertainty in EFs

influenced uncertainty in NQosses.

Impacts by farm type also did not differ signifitgn(a=0.05) between studies. Adding
uncertainty to the previously calculated variapjlihowever, revealed a potential to change the
interpretation of differences between certain impédgy farm type, in particular total acidificatiqer
1000 kg FPCM (now potentially significant) and tatatrophication per ha of UAA (now potentially

non-significant).
4.2  Uncertainty analysis in other studies

Recent studies have used MCS in LCA-based appredolassess effects of uncertainty in farm
characteristics and/or EFs on climate change insgaerbon footprints) of milk production. In a syud
of climate change impact of milk production in Né&aland, Basset-Mens et al. (2009) distinguished
the variability of eight farm characteristics andhe EFs (estimated with standard deviations (SDs))
from uncertainties in their true values (estimateith standard errors of the mean (SEMs)) and
analyzed their influence on climate change impac6@00 MCS iterations. The 90% confidence
interval (3"-95" percentiles) of climate change impact due to ‘diig (~500-1582 kg C@eq. per
1000 kg milk) was wider that that due to uncerta{p856-1073 kg C&eq. per 1000 kg milk).

Flysjo et al. (2011) modeled a representative d@imn each in New Zealand and Sweden and
estimated (via 5000 MCS iterations) the influenfeummcertainties in a farm-specific EF for enteric

CH, emission and three,® emission EFs on uncertainties in carbon footproft milk. The 95%
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confidence interval (2"597.5" percentiles) of carbon footprint was wider for Sve@ milk (828-1560
kg COs-eq. per 1000 kg energy-corrected milk (ECM)) tiew Zealand milk (603-1520 kg G@q.
per 1000 kg ECM). Using the same Swedish dairy-fa@A model, Henriksson et al. (2011) varied
seven farm characteristics (including the farm-gmecCH, EF), based on surveys and national
statistics, in 5000 MCS iterations to estimate rthiefluence on carbon footprint. Their 95%
confidence interval (940-1330 kg G@q. per 1000 kg ECM) was narrower than that okjBlet al.

(2011) but reflected variability in farm characs#igs rather than uncertainty in EFs.

While conclusions about the influence of unceriaioh milk-production impacts within or
among studies that use the same models and asenmgippear valid, drawing conclusions from
differences between different studies is challeggifihe difficulty increases since many factors may
differ, such as the type(s) of uncertainties assksmput variables included, default values used,
ranges and shapes determined for uncertaintieswhether and how milk production is corrected.
That the confidence interval of mean climate chaimgeact (due only to uncertainty in EFs) for
conventional farms in our study (1024-1052 kg.@@Q. per 1000 kg FPCM) was narrower than
corresponding confidence intervals in the otheedhstudies may reveal more about differences in
methodology (of both uncertainty analysis and L@#gn about differences in the systems studied.
Uncertainty analysis thus adds an additional mgin to the fair comparison of LCA results from
different studies: not only must their LCA models bimilar, their uncertainty analyses must be

similar, too.

Other methods for assessing the influence of maltypes of uncertainty exist and have been
used in LCA. For example, Clavreul et al. (2013nbmed probability distributions of variability and
fuzzy intervals of epistemic uncertainty and use@3to propagate them in an LCA of willow
production for bioenergy. Combining probability tisutions with fuzzy intervals yields a set of
distributions with an even wider range of uncetiaithan when only probability distributions are
combined, due to lower precision (but potentiallpren complete representation of the state of

knowledge) of fuzzy intervals.
4.3 Limitations of the study

Uncertainty analysis cannot escape some aspeittswofderlying data. As in the previous study
(van der Werf et al., 2009), the low variability ésonomic performance of the dairy farms surveyed
(e.g., all were profitable) and the small sampig §h=47), especially of organic farms (n=6), lsnit
the representativeness of results in this studen der dairy farms in Brittany. Increasing the s&np
size of dairy farms would better represent the patjmn, change the variability in impacts due tatth
in farm characteristics, and perhaps increase theigion of the prediction of results. In addition,
since most of the emission-factor references ugsedEN-E are now relatively dated (1997-2007),

emission factors or their uncertainty ranges treatehchanged in more recent references should be
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updated in future studies using EDEN-E that are exgicitly attempting to compare results with

previous studies.

We performed only 1000 MCS iterations per dairynfarwhich increased the risks of
insufficiently exploring the conceptual space ofiable combinations or of a few extreme values
skewing mean results. Increasing the number of M@&tions from 1000 to 5000 for a few farms,
however, increased the time necessary for MCS gren far more (from 30 minutes to 90 minutes)
than the corresponding increase in stability oingsties of mean values (data not shown). Thus, we

considered 1000 iterations an acceptable trade-off.

Nonetheless, use of MCS in LCA has some limitatidfisst, it requires defining a probability
distribution of each input variable based on dias parameters (e.g., mean, dispersion), which
becomes more difficult if empirical informationlacking (Payraudeau et al. 2007). When it is, exper
judgment can help determine means and shapestabdimns (IPCC 2006c), including uniform or
triangle distributions in extreme cases (Langewirale 2010; Morgan and Henrion 1992), but this
represents an additional source of uncertainty. P@Q006c) favors normal and log-normal
distributions, which represent many physical vddalhused in LCA relatively well (Geisler et al.
2005; Heijungs and Huijbregts 2004).

Most MCS is performed assuming that no correlatierist between input variables; thus,
ignoring strong correlations that do exist betwasfiuential variables may lead to unrealistic
combinations of input values and estimates of uagdy in results (Bjorklund 2002). Including
known or assumed correlations between input vasaté#nds to decrease uncertainty in MCS results
(Payraudeau et al., 2007), though some have repthré¢ doing so increased it (e.g., Basset-Mens et
al. (2009)). Although techniques for representingltiple correlations in MCS, such as variance-
covariance matrices, have been developed in sordedi@ies (e.g., Huijbregts et al. (2003)), they
have been used less often in agricultural LCAs.(&gjaca and Schrevens (2010)). By assuming no
correlations between EFs in MCS, our results méstyl reflect the largest uncertainties in impacts

given the default values and ranges of EFs usedr(@hd Corson 2013).

Due to EDEN-E and time constraints, this study wid explicitly estimate the influence on
potential impacts of uncertainty in farm charastiees using MCS, as other studies (Basset-Meniks et a
2009; Henriksson et al. 2011) did. Doing so (witlliierent LCA model) would provide a more
comprehensive assessment of the degree to whi@riety of sources of uncertainty in input data
influences impacts. Also, by examining only undetia (in EFs) and variability (in farm
characteristics) in input data, this study excludéter potentially important sources of uncertginty
such as temporal, spatial, model, and scenariortaiiciges. While the sample of all 47 farms covered
the years 2003-2005, somewhat mitigating tempongertiainty overall, each individual farm was

sampled only once during those three years. Ttarghility in farm characteristics for each farnpey
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was based on only a single snapshot of each faotheding data for each farm from multiple years
would have decreased the influence of a partigidar, especially if it had unusually extreme weathe
(e.g., 2003 in France) or market prices. A broaaet more exhaustive study of uncertainty would
need to include some of these other types, caligafiata from additional regions or assessing the
influence of specific models, methodological chei¢e.g., allocation method), and assumptions (e.g.,
scenario characteristics). Sensitivity analysis larused to test the influence of different moadels
allocation methods, while scenario analysis canthesinfluence of different characteristics or icles

within scenarios (Hayashi et al. 2014).
4.4  Interpreting uncertainty in impacts

Expressing potential impacts as intervals yieldpragnise predictions, which some decision
makers might prefer (e.g., no oversimplified po@stimates), but which others might find more
challenging to interpret (Dubois and Guyonnet 201d)particular, intervals of p-values (Fig. 4),
while useful for close examination of differencestvibleen options, especially when the intervals
include a preferred significance threshold (exg0.01 or 0.05), may be “too much information” for
some individuals. Either way, the inclusion of didiial types or sources of uncertainty assesses the
state of knowledge about the system (or lack tHeraore completely. Decision makers can take this
additional information into consideration, for exalm using upper limits of impact intervals if they
desire more conservative, precautionary decisiigen performing MCS in LCA, Basset-Mens et al.
(2009) recommend that decision makers be presevitedesults based on “uncertainty” ranges (e.g.,
SEMs of input variables) rather than “variabilityanges (e.g., SDs of input variables) because

variability represents something that they canadtce or control.

In contrast, epistemic uncertainty, as mentioned, lme reduced by collecting additional, more
accurate, and/or more representative data. Instdy, since overall uncertainty in EFs came from
both epistemic uncertainty and variability (albeitunknown proportions), confidence intervals of
mean impacts and their variabilities could be naew by decreasing the epistemic uncertainty. If
desired, acquiring higher-quality data to do solddaegin with the emissions identified as most
influential in the sensitivity analysis:,® and CH from manure deposited in pastures for climate
change, NH and NQ from cattle housing and manure storage for acilifon, and N@in leachate

for eutrophication.

Uncertainty analysis need not be too intricate significantly increase the time required to
perform LCAs. It is useful to first perform sengity analysis to identify which factors (e.g., farm
characteristics, EFs) contribute most to uncergaimtpotential impacts and then to focus on these
factors in uncertainty analysis. Screening LCAs megept higher levels of uncertainty and thus could
perform more rapid, less-detailed uncertainty asedyand consider significant differences at higher

significance levels (e.gn=0.10).

74



5. Conclusions

Uncertainty analysis is crucial in LCA studies hesza consideration of uncertainty can make
LCA results more reliable. Monte-Carlo simulatioasyan efficient probabilistic method to estimate
effects of uncertainty in EFs and variability inrfacharacteristics on potential environmental intpac
of dairy farms. Confidence intervals of mean impaatd their variabilities, due to uncertainty insEF
resulted in wider ranges of predicted impacts, Wwigave the potential to change interpretation of
differences in mean impacts between farm types.eNmbess, how to express multiple types and
sources of uncertainty and methods to combine therihe same LCA framework need further

development to improve their understanding andpnétation by decision makers.
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Abstract

PurposeMonte Carlo simulation (MCS) is widely applied to analyzeeautainty in life cycle assessment (LCA).

However, most LCA studies have ignored correlations gmoput variables by using independent univariate
distributions in MCS, and doing so may under- or over-egénthe uncertainty in potential emissions. The
objective of this study is to demonstrate a modified methased on the multivariate normal distributions

(MND) that can maintain the correlations and different shapelistributions of input variables.

MethodsWe applied a method that creates a sample matrix oflatueinput variables in MCS to estimate
enteric methane emissions from cattle, considering onkghitity among farm characteristics. Data were taken
from a previous LCA study of conventional dairy farmd=nance. A simple model was created to calculate the
emissions. For comparison, we used a sample-based tialclda a sample-based scenario and defined three
MCS scenarios: random MCS without correlations, MCS with tifom based on Spearman rank-order
correlations, and MCS with the modified MND-based methbde sample matrices generated and their

influence on estimated emissions were compared amorggthple-based scenario and the three MCS scenarios.

Results and discussidince the random MCS scenario had no correlations ampug variables, its predicted
mean emissions were significantly higher and less reatistic those of the sample-based scenario. It had a
wider range of uncertainty in emissions than the tw6SVkcenarios with correlations, which maintained the
shapes of distribution of input variables. Of the twe, thodified MND-based method is more flexible than the
method based on Spearman correlations, because it eaary® both Pearson and Spearman correlations.
However, the feasibility of correlation methods in LCA defgeon the amount of information available about
correlations. Lack of information about them, perhapsiteptb arbitrary judgments, increases uncertainty in
estimates of multivariable distributions. Therefore, one Ish@arefully measure correlations among input
variables to guarantee the feasibility of this method (i.et, wiether or not the correlation matrix is positive
definite). In addition, considering only the strongly ctated input variables increases the computational

efficiency of MCS.

Conclusion Consideration of correlations in MCS provides more realisticsgon estimates than random
simulation. The modified MND-based method maintains ¢aticsns (Pearson and Spearman) among input
variables and the shapes of distribution that fit observedlsampo improve computational efficiency, it is
recommended to choose only strongly correlated varialbten applying correlated MCS in LCA studies,
leaving weakly correlated variables randomly distributedalBinapplication of this method is feasible in LCA
studies provided enough information about correlations eXistet, random MCS provides more precautionary

predictions.

Keywords Monte Carlo simulation; Multivariable normal distribution; Pearsomd Spearman correlations;

Cholesky factorization; life cycle assessment
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1. Introduction

Monte Carlo simulation (MCS) is commonly used toalgme uncertainty in life cycle
assessment (LCA) (Lloyd and Ries 2007). It gensraeset of uncertain input variables (e.qg.,
inventory data, characterization factors) usingbphilistic distribution functions and estimates
emissions and/or impacts (e.g., climate changeljifezition) based on the values of input variables
generated. Repeating the above process many timesemissions or impacts are calculated as
probability distributions, each of which has a mdan., expected value of a population) and a
variance (i.e., uncertainty range of a populatidfiiCS has shown its feasibility and efficiency in
uncertainty analysis in a complex LCA models, bushof studies using MCS assumed independent
input variables (Basset-Mens et al. 2009; Steinmetnal. 2014). Failure to incorporate correlations
among input variables may result in unrealisticdprgons (Bjorklund 2002; Firestone et al. 1997,
Lloyd and Ries 2007). Therefore, more attentionukhdoe paid to consideration of correlations in
MCS in LCA studies.

In some LCA studies, the same variables (e.g.,act@rization factors) are used in more than
one of the systems being compared. If MCS is ryaisgely for each of these systems, results are
likely to differ more than if MCS is run for all siems simultaneously, which can be done by
introducing a comparison indicator (Sonnemann e2@03), recommended for considering this type
of correlation (Huijbregts et al. 2003). Anothepéyof correlation also exists among input variables
which is often ignored in MCS in LCA studies beaatise MCS requires independent values of input
variables to generate the sample set of all passitninbinations. However, assuming independence of
input variables may under- or over-estimate outputertainty (Bjorklund 2002). To avoid this
problem, dependent variables should be modeled &m@ion of independent variables. Thus,
dependent variables are no longer randomly didibbut vary with independent variables. Although
a biophysical function between dependent and inutdgret variables may not always exist, they may
have a correlated relation (e.g., linear, monoforBased on this information, several methods have
been developed to control correlations among injuiables in MCS by generating a correlated

sampling matrix.

Iman and Conover (1982) considered correlationsdxt model inputs by inducing Spearman
rank-order correlations. Helton and Davis (2003jadibed this method when using Latin Hypercube
Sampling (LHS) to propagate uncertainty in moddls@mplex systems. This correlation method
allows for all distribution shapes, maintains ramiler correlations among input variables, and @n b
used with a stratified sampling technique (e.g.Sl.kb generate samples. Indeed, when variables have
nonlinear relations, Spearman rank-order corralationonotonic) express them better than Pearson
correlations (linear) (Berthouex and Brown 2002gspite this method’s advantages for controlling

correlations in MCS, some analysts prefer to usardea correlations. The multivariate normal
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distribution (MND) method was developed by Scheaed Stoller (1962). It generates a set of
variables whose Pearson correlations are contradld# similar to desired correlations obtainearfro
observations or empirical research (Cullen and B@39; Morgan and Henrion 1992). IPCC (2000)
mentioned both methods for controlling correlatibas did not describe how to use them. Bojaca and
Schrevens (2010) used MNDs in LCA uncertainty asialyof crop production and found that
uncertainty in abiotic depletion and global warmimgpacts differed between simulations with
correlations (multivariate) and without correlasofunivariate). However, construction of MNDs
requires that input variables have normal distrdng; this may limit its application in LCA, becaus
distributions of input variables vary dependingtbe information available about their shapes aed th

parameters (e.g., mean, variance) used to desbehdistribution (Heijungs and Frischknecht 2005).

This study aimed to demonstrate a modified methagetd on the MND method. The method
developed considered both Pearson and Spearmasiatioms among input variables in MCS and all
shapes of distributions. It also illustrated thehod based on Spearman rank-order correlations, The
the correlations among input variables calculatgedhiese methods and their influence on predictions
were compared in a simple case study of methanass@ms from cattle. Finally, the potential
application of both methods in LCA studies is dssad.

2. Methods

2.1 Correlation control

Since classic MCS assumes that values of inpuaibi®s are independent from one another,
their values in each iteration ignore correlaticeimong them. This process covers as many
combinations of values as possible after manytitara. However, the degree of correlation among
input variables may influence the variance of nssWor instance, if = x + Yy, the variance ot is

calculated as follows:
07 = 05 + 0} + 204 Eq. 1

wheres,” ands,” are variances of, andx,, respectively, and,, is their covariance. Denoting

their Pearson correlation coefficientspgs there is:

Pxy = Oxy/ |0E05 Eq. 2

If x andy are not correlateg,, equals zero; so, their covarianeg) equals zero. However, if a
high correlation existsy,, should not be ignored; doing so may yield sigatfity a different estimate
of variance ofz. Therefore, the variance mis influenced by the variance of input variablesidy)

and their correlations.
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The MND is a generalization of a one-dimensionaimal distribution to higher dimensions.
For a random vectok=(xy, % ... %), if each variable;, € X'is normally distributed with a set of mean
valuesu= (E[x{], E[XJ] ... E [X]), and its variance-covariance matdXx (n*n) is given based on
empirical samples, the vect&rcorresponds to a-dimensional random vector written ds- N (i, >)
(Scheuer and Stoller 1962):

X=Mz+u Eq. 3

wherez is an-dimensional standard normal distributia~(N(0,1) and the matriM is a lower
triangular matrix ofy. (symmetric and positive definite matixwhich can be obtained by Cholesky
factorization (Eaton and Olkin 1987). There is:

MMT =3 Eq. 4

where the matrisM" (an upper triangular matrix) is a conjugate trasspofM . Based on this
theorem (Eq. 4. 2), the MND of vectdrhas density function:

fO0) = Tmexp (— 5 (X = )57 (X — ) Eq. 5

As for the univariate normal distribution, the inse of this density function allows (the
number of input variables) normal distributionstleése variables to be generated, each with its own
parameters (e.g., mean, variance and covarianagg), vehose variance-covariance matrjx
corresponds to their matrix of Pearson correlatioefficients g; , i, j €n) according to Eq. 2. Hence,
the MND, which creates a matrix of input valueshwibrrelations similar to those in the empirical
data, is often used in MCS uncertainty analysiswvéier, its assumption of a normal distribution of
all input variables may be inappropriate in somsecstudies. In this study, we used an alternative
method to transform normal distributions to othestributions. Like the original MND method, the
method first constructs-correlated standard normal unigy 6f matrixZ (B*n, whereB is the number
of rows ofZ) based on the desired Pearson correlation caaftiei Means of units id equal zero, and
the variance-covariance matrix has the same valsethe desired correlation matrix (Eq. 2) (i.e.,
variances equal one, covariance equals the Peaosmiations). If Spearman rank-order correlations

(rj) are known instead, the normal “copulas” functipielsen 1999) can be used to transfojnmto
Pij -
pij = 2sin(mry;/6) Eqg. 6

Next, the correlated unit variables ¢f Z) are used to obtain their desired distributiorsr¢bn
et al. 2004):

L' A symmetricn*n real matrixM is called positive definite matrix €Mz (Z' is the transpose @ is
positive for every non-zero column vectoof n real numbers.
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x;=F Y ®(z)),i=12..,n Eq. 7

where ®(z) is the standard normal distribution function zfand F!is the inverse of the
desired distribution. Repeating the two steps mherow of matriXZ provides a matrixg*n) of these
variables. On one hand, the correlations are cledrby the MND-based method; on the other hand,
the standard normal distribution function transferthe normal distributions of units into uniform
distributions and then transforms them into therddsshapes of distribution. Hence, both correfetio
and distributions of variables are maintained whgamerating samples. In other words, any

information about correlations and uncertainty iuace) in input variables is considered in the MCS.

Iman and Conover (1982) developed a different netHmased on Spearman rank-order
correlation coefficientsrf), to model correlated variables with different égpof distributions. The
main idea is to construct a standard matrix (usrag der Waerden scores) whose rank-order
correlations matrix has similar values as the ddsnank-order correlations matrix (also based on
Cholesky factorization) and then to rearrange th&imof independently distributed variables irthe t
same order as that of the standard matrix. Thues,rébordered matrix has the desired rank-order
correlations, which reflect monotonic relations agdhe variables (More details in the appendix). To
compare how these different methods control cdicgla in MCS, we applied them to a simple case

study.
2.2  Data collection in a case study

Sample data were selected from a dataset of cdowehBreton (France) dairy farms (n=41)
collected previously by the LCA-based tool EDENHE/4luation de la Durabilité des Exploitations)
(van der Werf et al. 2009). Data for each farmudel many input variables (e.g., number of animals,
milk and meat production, energy use) and othetofac(e.g., emission factors, characterization
factors) used to build models to estimate the eamssand resource use of farm activities. For the
sake of simplicity in this study, we chose a molem EDEN-E to estimate emissions of enteric
methane (Cl) from cattle, which are calculated as a functibthe number of cattle in each age- or
sex-based category and a corresponding emissitor f&DEN-E classifies cattle in five categories:
dairy cows (i.e., lactating females), bulls, anddrs of three age classes (<1, 1-2 and >2 yeais ol
We calculated the mean and standard deviationabf isput variable based on the sample of 41 farms
(Table 1) and assumed the number of bulls was kzecause its mean value was less than one. To
calculate mean annual enteric £#missions per animal category per year, EDEN-Hepthe Tier 2
method of the IPCC (2006). In this study, we diseased the values calculated by EDEN. To avoid
the influence of uncertainty in emission factoiemission factors were kept as constant values fo
each farm except the emission factor correspondirdairy cows, which is a function of mean milk
yield per cow, which in EDEN is a function of thaatity of milk sold, the number of heifer calves
(<1 year old) (to estimate the quantity of milk samed on-farm) and the number of dairy cows.
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Keeping emission factors constant focused on tfieeince of correlations in input variables (source

of variability) on estimates of GH&missions via MCS.

Table 1. Statistical descriptions of input variables and CH4 @miactors corresponding to heifer categories

Standard Emission factor
Input variables Unit Mean deviation (kg CHylyr/head)
No. of dairy cows head 43.5 9.47 *
No. of heifers (<1 year old) head 11.0 7.81 37.2
No. of heifers (1-2 years old) head 13.2 9.42 84.6
No. of heifers (>2 years old) head 5.4 4.76 90.3
Quantity of milk sold I 289 040 75 161

*CH, emission factor of dairy cows varies as a functbguantity of milk sold, number of cows and nundidreifer calves

(<1 year old) on each farm.

2.3 Monte-Carlo simulation with correlation

We created three MCS scenarios (S1, S2, and S®mpare their predicted emissions to those
calculated from sample data (SO: sample-based goenall three MCS scenarios determined
distributions of input variables (i.e., means, d&d deviations, correlation matrix, variance-
covariance matrix) based on the data from the 4thdaS1 used classic random-sampling MCS
without correlation. Lognormal distributions weresamed for the number of dairy cows and the
quantity of milk sold, according to goodness-oftéists. Truncated normal distributions were assumed
for the other three input variables (number of drsifin each age class), since their values coultano
negative. S2 used the samples generated from Shppled rank-order correlation coefficients to
control Spearman correlations among input variable®ICS. S3 used a modified MND to model
input variables according to their distributions {(a S1) and Pearson correlations. When considering
Spearman correlations in S3, we first transformesl desired Spearman correlations into Pearson
correlations (Eg. 6) and then generated a samplgixmthat preserved Pearson correlations
corresponding to the desired Spearman correlatiorsall three MCS scenarios, the sampling process
(10,000 MCS iterations) and statistical calculagi¢®.g., correlation matrix of input variables, me&
enteric CH emissions) were performed using packages (e.gaofmt” for MND, “truncdist” for
truncated distributions) of the R software (R Depehent Core Team 2012). The sample-based
scenario and the three MCS scenarios calculatdédfedrson and Spearman correlations among input
variables. Estimated CHmissions of all four scenarios were compared.-$ample t-tests assuming
unequal variance and two-sample Kolmogorov-Smirtests were applied to test for significant
(p<0.05) differences in the means and fits of digtrons of CH emissions, respectively, between the

sample-based scenario and the three MCS scenarios.
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3. Results

3.1 Correlations between input variables

The three MCS scenarios each generated a matri@Q@@ows x 5 columns) of input variables.
The number of dairy cows in the sample-based sieiead strong correlations (Pearson’s r and
Spearman’p >0.5) with the number of heifers <1 year old, thenber of heifers 1-2 years old and
guantity of milk sold (Table 2). In contrast, Shetuncorrelated MCS scenario, had near-zero
correlations (r an@<0.02). S2, the method based on Spearman rank-codelations, had Spearman
correlations similar to those of the sample-basmhario (difference <0.02) but Pearson correlations
less similar to those of the sample-based scerssmecially for the quantity of milk sold (differes
>0.1). Nonetheless, its Pearson and Spearman aiored were similar to each other (difference
<0.013). The Pearson correlations of S3, the medliMND-based scenario, were more similar than
those of S2 to those in the sample-based scerdifferénce <0.006). When Spearman correlations
were calculated in S3, they were also similar tséhof the sample-based scenario (difference <0.02)
Furthermore, the linear regression line of quardftynilk sold versus the number of dairy cows f8r S
when using Pearson correlations (adjustée B.68) overlapped that of the sample-based sce(®&ftio
= 0.69) (Fig. 1). The same regression line for $@envusing Spearman correlations and for S2 also
increased monotonically but deviated from that e sample-based scenaric® €R0.50 and 0.48,
respectively). Ignoring correlations, the quantfymilk sold in S1 did not vary with the number of
dairy cows (R~ 0). Thus, S2 and S3 each generated a matripaf irariables that was similar to the
Spearman and Pearson correlation matrix of the leab@sed scenario, respectively. Moreover, the
MND-based method in S3 also preserved Spearmarlabons. In contrast, the matrix of input

variables generated in S1 did not represent therebd samples in the sample-based scenario.

Table 2. Pearson and, in parentheses, Spearman correlaéfiitients between the number of dairy cows and
the four other input variables for the sample-based sice(@0) and three Monte-Carlo simulation scenarios:
S1: truncated normal distributions and lognormal distributions owtttcorrelation, S2: method based on
Spearman rank-order correlations, and S3: modified multivaiiggeibutions with Pearson (Spearman)
correlations.

Scenario No. of heifers No. of heifers No. of heifers Quantity of
(<lyearold) (1-2years old) (>2 years old) milk sold
SO 0.557 (0.494)  0.521 (0.548) 0.242 (0.307) 0.836 (0.700)
S1 0.007 (0.007) -0.013(-0.012) -0.011 (-0.009) -0.013(-0.016)
S2 0.489 (0.477)  0.544 (0.531) 0.304 (0.298) 0.693 (0.681)
S3 0.555 (0.482)  0.507 (0.547) 0.232 (0.297) 0.834 (0.689)
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3.2 Influence on enteric CH, emissions

Mean CH emissions were significantly different (p<0.05)vbeen the sample-based scenario
and S1 but not between the sample-based scenatic®G2ror S3 (Fig. 2). S1 overestimated ,CH
emissions, yielding a wider range of values andemancertainty (coefficient of variation (CV) =
70%) than the sample-based scenario (CV = 39%heother two MCS scenarios (CV = 38% and
34%, respectively). In addition, all three MCS sa#ws generated outliers beyond the higher whisker
(the 7% percentile plus 1.5 times the interquartile rangapbably because of the long tail of
lognormal distributions assumed for the number aifydcows and quantity of milk sold (Fig. 2).
Cumulative density distributions of predicted £inissions in S2 and S3 (Pearson correlations only)
were not significantly different from each othertorthat in the sample-based scenario. In contrast,

predicted CHemissions in S1 deviated significantly from thosthe sample-based scenario (Fig. 3).
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Figure 1. Quantity of milk sold (1000 I) versus the numbgdairy cows (head) in the observed samples
(triangles) and regression lines between them in obdesamples (SO, solid black line) and three Monte-Carlo
simulation scenarios: S1: truncated normal distributions ambtagal distributions without correlation (dashed

gray line), S2: method based on Spearman rank-ordeelations (dashed blue line), and S3: modified
multivariate distributions with Pearson correlations (dasleedline) and with Spearman correlations (dashed
green line)).
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Figure 2. Box plots of methane emissions (t) from obsesatdples (S0) and three Monte-Carlo simulation

scenarios: S1: truncated normal distributions and lognormal distnits without correlation, S2: method based

on Spearman rank-order correlations, and S3: modified ratilite distributions with Pearson correlations. Red

points indicate mean CH4 emissions. Ends of boxplot lowerhggiter whiskers represent the 25th percentile
minus 1.5 times interquartile range and the 75th petegpitis 1.5 times interquartile range. The dashed gray
line represents mean CH4 emissions from the sample-isasedrio (a reference value). Points above or below
the whiskers indicate outliers.
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Figure 3. Cumulative density functions of enteric methanissoms (t) from cattle from observed samples (SO,
solid black line) and three Monte-Carlo simulation scenariostr8ficated normal distributions and lognormal
distributions without correlation (dashed gray line), S2: metbased on Spearman rank-order correlations
(dashed blue line), and S3: modified multivariate distributions Réhrson correlations (dashed red line).
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4, Discussion

Incorporating correlations among input variable® iIRICS provided more realistic predictions
of emissions and their uncertainty. For example,gamples generated in S2 and S3 maintained the
shape of distribution of each input variable. Mehitgy information about relations between variables
was retained, such as the positive correlation éetwdairy cows and quantity of milk sold. Whilesthi
relation is obvious, other systems analyzed in U@&e relations that are less obvious but no less
influential, making retention of correlations pdialty important. The method based on Spearman
rank-order correlations preserves Spearman cdoestwhile the modified MND-based method is
more flexible, preserving both Pearson and Speacuarlations. Both methods predicted emissions
that were not significantly different and that hsichilar uncertainty ranges. It should note, howgver
that Pearson and Spearman correlations measuegethffaspects of variables. According to Hauke
and Kossowski (2011), Pearson correlations meatwestrength of linear relations among the
variables and assumes that variables have a ndistabution. In contrast, Spearman correlatiors us
rank scores rather than quantitative values to ureathe strength of monotonic relations among
variables without the assumption of a normal distion. Therefore, one should be careful about the
choice of type of correlation coefficient, selegtithe one that better represents input variableékdn

model.

Either type of correlation coefficient (PearsonSpearman) describes the degree(s) of relation
between two or more variables but does not indicatesation between them (Berthouex and Brown
2002). Causation can only be addressed by knowiagmechanistic behavior of the system. For
example, the emission factor for dairy cows wasuated as a function of milk production, which
itself was a function of the number of dairy cotl®e number of heifer calves (<1 year old) and the
guantity of milk sold (independent variables). @ tther hand, other strong correlations among
input variables were observed in the observed ssnplt their causation is unclear. Therefore gther
is a need to incorporate information about coriatetin LCA models; meanwhile, physical relations

among variables should be studied to increase namdeiracy.

The rank-order and MND-based methods used Cholésbiprization, which requires that
variance-covariance matrices and correlation megrlee “positive definite” (Eaton and Olkin 1987).
If they are not, upper triangular matrices cannetftund. Correlation matrices must be tested to
ensure that they are positive definite. Fersor.€2804) argued that, except in cases of humaor err
or small sample sizes, input values obtained frdiseosed samples always have positive definite
correlation matrices. In addition, problems mag@amwhen input variables come from different studies
or when arbitrary judgments about correlationsmaagle. To address such cases, researchers (Higham
1988; Ince and Buongiorno 1991; Oren 1981) develapethods to build positive definite matrices

that are similar to subjective correlation matrioesvariance-covariance matrices. For instanceRthe
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package “corpcor” can compute the nearest positefnite matrix of a real symmetric matrix using
the algorithm of Higham (1988). Since positive deéness was not a problem in our study, we do not
discuss details of these methods. However, we remard confirming the positive definiteness of the

desired matrix before applying the methods.

Although the case study illustrated only simplecakdtion of emissions, these methods can be
applied to larger numbers of correlated input \@es in the inventory assessment phase of LCA
(Bojaca and Schrevens 2010). However, the difficdt considering correlations in MCS may
increase with LCA model complexity. First, neithmethod can be applied if information about the
correlations is unknown. Even though expert judgneam provide indications about correlations,
arbitrary values may introduce additional uncetia(e.g., missing some possible combinations when
generating the sample matrix). So, one should befudaabout estimating correlations when empirical
data are not available. When information aboutetation among input variables is lacking, assuming
that they are independent is more conservativeylitls a wider range of predictions. Second,
simultaneous consideration of many correlated inputables in LCA could decrease the efficiency of
MCS. Since the strong correlations among inputaideis may influence predictions greatly, we
suggest choosing only the strongly correlated Béegwhen building the sample matrix, leaving the

others weakly correlated distributed randomly.
5.  Conclusions

The study demonstrated a modified method based DbdMo preserve Pearson and Spearman
correlations among input variables in MCS. This hodt maintained the correlations and shapes of
distributions of input variables and yielded moealistic predictions of CHemissions than those of
classic uncorrelated MCS, depending on the reitghif the information about their correlations.rFo
comparison, a method based on Spearman rank-ooctezlations was applied to the case study.
Although emissions predicted by both methods wetesignificantly different, the sample matrix that
each generated indicated different relations amopgt variables (linear versus monotonic), which
can be chosen based on the analyst objectivesmblédied MND-based method was more flexible,
retaining correlations of both types of correlatiopefficients. Both methods make it possible to
consider correlations in uncertainty analysis vi@$/ but the complexity of LCA studies (i.e., a k&rg
number of variables) may influence the feasibibfyusing these methods. Hence, we recommend
choosing only strongly correlated variables in emted MCS in LCA to improve computational
efficiency, leaving weakly correlated variables damly distributed. Finally, both methods require
knowledge about the correlations. If this inforroatis unknown due to lack of data, a classic random
MCS provides more precautionary predictions by @éwg uncertainty due to arbitrary assumptions

about correlations.
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Appendix. Correlation control based on Spearman rak-order correlations

Suppose that there anecorrelated variables, % ... %, and we want to obtain a matrix() of
these variableX, of which the desired rank-order correlation ma@i(n*n positive definite matrix).

The upper triangular matri®{) of C can be found by Cholesky factorization:
PPT = Eq. 8

Next, we create a matrix &*q) and transform it to matri$*, whose rank-order correlation

matrix has similar values as its Pearson corralatiatrix, which itself has similar values@s
S* =SpT Eq. 9

To do so, Iman and Conover (1982) suggested creatiatrix S (k*n) by using van der
Waerden score@'l(i/(k+1)), i=1, 2, ..., k where®*is the inverse function of the standard normal
distribution. So, for each column of the matrix, wandomly permute these scores without
replacement (i.e., each column includes the samesdbut in different orders). Indeed, the useaof v
der Waerden scores makes the rank-order corretatddrS have similar values as its Pearson
correlations. The second prerequisite of this eqoast that the Pearson correlation matrixSbe
similar to the identity matrix (no correlatiop;(= O for i # j) among the variables) (Helton and Davis
2003). This can be achieved by using correlatiomection. So, denoting the Pearson correlation

matrix ask (positive definite), according to Cholesky factatinn, there is:

QQT=E Eq. 10
Next, S multiplied by(Q")"P" (Q*is the inverse of the lower triangular matfk T is the

function that returns a given matrix to its transgotransforms S into a matrix whose Pearson

correlation matrix is the identity matrix, writtexs:

S =85 HreT Eq. 11

Finally, we rearrange matrixX (k*n) of the n input variables, which are independently
distributed and sorted in the same order as inixn&tt Hence, the Spearman rank-order correlations

of transformed matriX is similar to the desired matrx
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Chapitre 5.
Application of Dempster-Shafer theory to integrate
methods to propagate variability and epistemic
uncertainty in agricultural LCA
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Abstract

Probability distributions are commonly used to ement variability in populations, while fuzzy
intervals are an alternative approach for représgnépistemic uncertainty in parameters when
information is incomplete or imprecise. Combiningttb approaches, we represented variability and
epistemic uncertainty in parameters separatelypggated them with Monte-Carlo simulation through
the LCA model, and then used Dempster-Shafer theéoryepresent final results. We applied
approaches to a case study of dairy farms to esinteir potential direct environmental impacts.
Results indicated that consideration of incompietermation greatly increases overall uncertaimty i
impacts, as measured by a “relative interval widthfiich was useful for comparing the influence of
input uncertainty among impact categories. Thus, method provides conservative estimates of
impacts by considering incomplete information, whis ignored by the classic probability method

commonly used in LCA.

Keywords: life cycle assessment; Dempster-Shafer theoryabiity; epistemic uncertainty
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1. Introduction

Life Cycle Assessment (LCA) is a useful tool toirste potential environmental impacts and
resource use of farming systems (Thomassen eD@8; Zan der Werf and Petit 2002). The reliability
of LCA results, which depends primarily on the dfyabf data and their pertinence for the system
studied, is affected by uncertainty (Finnveden 20@eidema and Wesnaes 1996). Including
uncertainty analysis in LCA may vyield results thmbvide more useful information for decision
making (Heijungs 1996; ISO 14040 2006). Therefthiere is a need to improve uncertainty analysis

in LCA to increase the reliability of its results.

Uncertainty analysis includes a variety of methtllst are used to express and propagate
uncertainty in many fields, such as risk analyMesg 2008) and LCA (Benetto 2005; Bjorklund
2002). Most studies define two main types of uraety (variability and epistemic uncertainty),
which have fundamental differences (Morgan and lent992). Variability (also called stochastic
uncertainty) represents inherent differences amodiyiduals in a population. It cannot be reduced
but can be represented more precisely if more jabipunl data are available (De Rocquigny et al. 2008;
Vose 2008). Probability distributions have beendusedely in LCA (Basset-Mens et al. 2009;
Henriksson et al. 2011; IPCC 2006b) to represent/griability due to randomness in the distribution
of a given sample (e.g., with a mean, variance, aonal distribution). In contrast, epistemic
uncertainty is defined as lack of knowledge (impeand incomplete information) about the true
value of a variable or about the system mecharitsoan be decreased if more precise information or
more accurate measurement becomes available. In effidtemic uncertainty in parameters is often
represented with probability distributions (Huijpgte 1998; Lloyd and Ries 2007), and both types of
uncertainty are propagated by Monte-Carlo simuta(dCS), especially in complex models. MCS is
an effective and robust way to estimate the uniceytén predicted potential impacts (Payraudeau et
al. 2007; Sonnemann et al. 2003). Some authorsréAadd Lopes 2012; Chevalier and Téno 1996;
Mauris et al. 2001; Reza et al. 2013; Tan 2008)wewer, emphasize the difference between
variability and epistemic uncertainty and arguet fli@zy-set theory (Zadeh 1978), with subjective
degrees of plausibility/possibility, better repneise uncertainty due to imprecise and incomplete

information.

Since variability and epistemic uncertainty représistinct states of knowledge, many studies
have modeled them separately in the same frameworkexample, Ferson et al. (2002) constructed
“probability boxes” by combining probability theoand set theory. Baudrit et al. (2006) represented
random variability and imprecision with probabilignd possibility distributions, respectively, and
then propagated them for risk assessment. And dasasd Zio (2008) combined MCS and the

possibilistic approach to propagate uncertaintyesehthree studies introduced the Dempster-Shafer
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theory (Dempster 1966; Shafer 1976) to incorporratecise information into probabilistic models,

making a bridge that combines different types afantainty (Yager 1987).

Although variability and epistemic uncertainty haveen defined, and sometimes analyzed,
separately in some LCA studies (Basset-Mens &08l9; Heijungs and Huijbregts 2004), few studies
(Clavreul et al. 2013) have modeled them in the esdramework. The aim of this study is to
demonstrate how to combine two types of uncertainigt Dempster-Shafer theory, to estimate
potential environmental impacts of dairy farms. YWen compare this method to classic probability

methods.
2. Methods

We used probability distributions and fuzzy intdsvéo represent variability and epistemic
uncertainty in parameters, respectively. These tiypes of uncertainty were propagated into LCA
results by MCS and interval arithmetic using R wafe (R Development Core Team 2012). For each
impact category, distributions of impact were repreed by a Dempster-Shafer structure and mean

impacts were represented by fuzzy intervals.
2.1 Representing variability with probability distribut ions

In a frequentist approach, a probability distribaotassigns a probability of any possible event in
a random experiment. It is often used to repredenvariability of a variable. A random variab¥e
which is an element of all real numbe®R),(has a probability PxJ of having valuex. In addition, the
probability distribution can be described by itsnulative distribution function (CDF) and explained

as the probability thaX takes on a value less than or equat to
F(x)=Pr(X <x),forallX eR Eq.

In general, determining a distribution requires &iogl data to identify its shape and basic
parameters (e.g., mean and variance). If the amaiuempirical data is sufficiently large, it can be
considered to represent the entire population. Hewesince data acquisition is often limited bydim
and cost in LCA studies, probability distributiomse generally determined subjectively based on the

literature or expert judgment (Heijungs and Friseddht 2005).

MCS is the most common method for propagating wditp to estimate uncertainty in LCA
studies. It consists of sampling input variablesfrtheir distributions and then calculating potainti
impacts through the model. By repeating the MCSyntames, a CDF can be constructed to predict a

probability range that represents overall uncetyamimpacts due to uncertainty in input variables
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Figure 1. Triangular (left) and trapezoidal (right) fuzzy-imémembership functions for an uncertain variable
X defined by core, support anecut intervals.

2.2  Representing epistemic uncertainty in parameters wh fuzzy intervals

Fuzzy-set theory is an alternative approach toesgepistemic uncertainty in parameters. In
this approach, an uncertain variable is modeled et of “fuzzy” intervals, each with a level of
possibility @) that ranges from O (least possible) to 1 (mossiide). Denoting each fuzzy interval as

n(o), there is:

n(a=1) C n(a; €[0,1]) € n(a =0) Eq. 2

An uncertain variable can be mapped by a memberghiption defined by these “fuzzy”
intervals and their corresponding levels of pofisibiCommonly-used membership functions are
shaped as triangles or trapezoids having minimuaximum and mode values (mode intervals for the
latter) (Fig. 1). For example, the minimum-maximeenge of variablé, called the “support”o=0),
indicates all possible values ¥f The mode (or mode interval), called the “cor@ticates the most
likely value(s) ¢=1). At any givena level, there is a corresponding interval (callbée ta-cut
interval”). To propagate uncertainty, the fuzzyeivials of input variables are decomposed at each
level, and interval arithmetic is applied to genera set of fuzzy intervals of the final result (Mia et

al. 2001).
2.3  Dempster-Shafer theory

Dempster-Shafer theory (DST) is a “mathematicabith®f evidence” introduced by Dempster
(1966) and further developed by Shafer (1976)s & igeneralization of discrete probability theary i
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which probabilities are assigned to sets of vatatiser than a single value. One important feattire o
DST is that imprecise information can be used peagent the state of knowledge quantitatively. It
includes three basic functions: the basic prolghbessignment (bpa) function (or “mass function”),
the belief function (Bel) and the plausibility fuimn (PI).

The bpa for a given sét (denotedn(A)) indicates the proportion of all available evidenbat

supports the supposition that a particular eleroértelongs to seh. It has axioms such as:

m:2% - [0,1] Eq. 3
m(@) = 0 Eq. 4
Z m(A) = 1 Eq.5
Ae2?

where2? is the power set that comprises all possible sebsetiuding the empty sét A is any
subset (called a “focal element”) of power set. Dléef and plausibility functions are defined from
the bpa. The belief function @éfis the sum of the by all of the subset®) of A (BS A):

Bel(A) = Z m(B),B is all of the subsets of A,and B + @ Eq. 6
BSA

The plausibility function ofA is the sum of the bpa of any subsg} 6f power set with the
condition that the intersection 6fandA is a non-empty s€C/)A # 9):

PIAY= ) m(C),C 2% andC+0 Eq. 7
CNA=0D
The three concepts can also be used in continuaislpility distributions where any element

of the uncertain paramet&ris expressed as an intervh;( b]) with bpa (wherea < b; for all i).
Thus, the power set &fis the collection of these intervals with theirresponding bpaand the sum

of bpa equals 1. So, Eq. 6 and 7 can be transformed as:

Bel(X € ]~o0,x]) = Bel(x) = Xp, sy m([a;, bi]) Eq.8

PI(X € ]—00,x]) = Pl(x) = Xg;<xm([a;, b;]) Eq.9
The belief and plausibility functions can be coes#tl the lower and upper probability

functions ofX with a given value (Ferson et al. 2002), respectively, and the trabdalpility function

of X (Pr(x)) lies inside them, interpreted as:

Bel(x) £ Pr(x) £ Pl(x) Eq. 10

with an interval of the mean of

Zmiai < E(X) < Zmibi Eq 11
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If uncertain parameteX is determined by a set of single valag £ b; for all i) instead of

intervals, the belief and plausibility functionsneerge on the same distribution, as in a classie.CD

We used probability distributions and fuzzy intdsv represent random variables, (%...Xy)
and uncertain parameters.x X«2-..Xn), respectively, and propagated them with MCS comtbiwith

interval arithmetic. Thus, assuming that impacegaty (y) is calculated by the modé&xg, X,...Xk,

Xk+1r Xes2---Xn)), We:
Generate a matrixB( rows (10,000) x k columns) of the first k variablesing each one’s
probability distribution while preserving correlatis between thenMy(Xy, Xo...Xy).

Select a possibility levet; (e.g., assign values from O to 1 with step 0.1 g corresponding

fuzzy interval ¢! *2_x") for the last n-k uncertain parameterg {}z...X).

Using the variables in each row Mf,(x;, X,...X), calculate minimum and maximum values of y
with all possible combinations of the last n-k aates (= ™) in «;, with a lower bound of L(y) =
max [f(Xs, X.... X,)] and an upper bound of U(y) = mifi({;, X.... X,)]. For a model with only

monotone functions, the computational optimizatian be simplified by interval arithmetic.

Repeat steps 2 and 3 for allto generate the fuzzy intervals of fU(Y), L(y)]s) and find the
support of y (denotedrt (yp).=0). Then attribute a massy = 1B) to the support.

Repeat steps 2B times to obtain a set of supports, ft,,..., ts) as focal elements, which is
used to construct lower (belief function) and upfmausibility function) bounds of y using Eq. 8dan
9.

Calculate the mean of the lower and upper boungsusing Eq. 11 for eaahto generate fuzzy

intervals of the mean of y.

In this way, uncertainty in the value of an impaah be represented by a DST structure. For
example, assume that impact indicatas modeled by a function with two uncertain partare (X;
andX,), Y = X; x X,, whereX; is normally distributedX; ~ N,,(100,20) andX; is modeled by a
triangular membership functioX{ ~ Ti.»(2, 6, 3). Thus, we construct the lower and upper bounds of
Y and fuzzy intervals of the mean %fat eachu (Fig. 2) by following the above steps. Consequentl
this procedure generates a set of intervals (1thisnstudy) with their corresponding and the mean
of Y is represented as a membership function of thazyfiset that is determined by its support, core

and othep-cut intervals.
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2.4  Case study

We constructed an LCA model to estimate environaléntpacts (climate change, acidification
and eutrophication) of on-farm emissions of daagnfs. The functional unit was 1 metric ton of fat-
and-protein corrected milk (FPCM). This model wassdd on the EDEN-E (Evaluation de la
Durabilité des ExploitatioNs) tool, developed pomsly to estimate LCA-based environmental
impacts of individual dairy farms (van der Werfagt 2009). In this study, we focused only on direct
impacts of the milk-production subsystem, becaumsy twere affected directly by uncertainty in
emission factors. We used data from 41 conventida@y farms from EDEN-E datasets. We obtained
input variables such as animal production (e.gatmmilk), number of animals by age and sex, and
usable agricultural area. Other variables suchuastities of nitrogen (N) in farm inputs and output
(e.g., fertilizers, feed, waste, and animals), gnesigents (e.g., diesel, gasoline, and electricity)
lubricants and plastics were also taken from EDENrEaddition, emission factors were used to
estimate gaseous emissions; their default valuelsranges of uncertainty were taken from the
literature (EMEP-CORINAIR 2001; IPCC 2006a). Theaeiables were used in the model to estimate
direct impacts of conventional dairy farms. We ddased two types of uncertainty in input variables:
variability in structural characteristics of sampfarms and epistemic uncertainty in emission fi&cto
Impact categories were calculated by multiplyingissions with the characterization factors of the
CML-IA database (Guinée et al. 2002).
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To compare results with those of the classic priibalmethod, we made three scenarios to
analyze uncertainty in the LCA model. For all scesm we used truncated normal or uniform
distributions to represent variability in each faomaracteristic because they provided only non-
negative values. Means, standard deviations, amilhmaim/maximum values for each characteristic
were determined from the empirical EDEN-E samplerrélations between these variables were
preserved using multivariable distributions (chaptg. In the first scenario (S1), uncertainty in
emission factors was ignored (default constantsl)udae the second scenario (S2), we considered
uncertainty in emission factors with triangular Ipaility distributions. In S2, default values and
ranges of uncertainty were used as the mode andgnommm’'maximum values in the distribution,
respectively. In the third scenario (S3), we usexty intervals with triangular membership functions
to represent uncertainty in emission factors. Tdmaes default values and ranges of uncertainty were
used as the core and support in the membershipidancespectively. Indeed, S1 can be considered a
special case of S3 that considers only the coesvat (@=1). Each emission factor was assumed to be
independent. Scenarios S1 and S2 used MCS to @tepagcertainties, while S3 combined MCS and
interval arithmetic to generate an interval disttibn. Simulations were repeated 10,000 times.3n S
finding minimum and maximum impact values for ea€lthe 10,000 replicates theoretically required
calculating all possible combinations of emissiantérs (2' combinationsm = number of emission
factors), but doing so would have increased cdlicnaime considerably. Therefore, since the LCA
model was monotonic (emission factors used onlyitimdand multiplication), calculations were

optimized by using the minimum and maximum of ea@ut interval of emission factors.

Statistics (mean,"sand 9% percentiles) of impact indicators were calculaiedingle values in
S1 and S2 and as intervals in S3. To compare w@meBrtin mean impact between categories, we
calculated a “relative interval width” (RIW), equil the maximum of a statistic’s interval minus its
minimum, divided by its mode. Thus, the RIW of méapact in S3 was the width of the indicator’s
mean interval (i.e., its support) divided by itsreqi.e., the most likely mean value). Because
uncertainty in emission factors was assumed todoe in S1 and a known distribution in S2, they

were considered to have intervals of zero width.
3. Results

Statistics of the three impact categories diffelbgdscenario (Table 1). For all three impact
categories, the difference between theabd 9%' percentilesiercenild iN S1 and S2 was narrower than
the difference between the minimum of th&p&rcentile interval and the maximum of the"95
percentile interval in S3, indicating higher ovérahcertainty in S3. The increase in overall
uncertainty was due to inclusion and representaifogpistemic uncertainty in emission factors. The
percentage increase ligy.ceniie from S1 to S2 was 22% for climate change, 77%afudification, and

0% for eutrophication, while that from S1 to S3 W&%% for climate change, 379% for acidification
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and 29% for eutrophication. Thus, overall uncettain impacts increased greatly when uncertainty in

emission factors was considered as imprecise irgtom.

Tablel. Statistics of potential climate change, acidification and eutrapbicimpacts per t of fat-and-protein-
corrected milk (FPCM) in three scenarios that represamtedrtainty in emission factors (EFs) differently: S1 -
no uncertainty in EFs, S2 - probability distributions for EFs; B@zy sets for EFs.

Climate change Acidification Eutrophication
(kg CG; eq./t FPCM) (kg S©eq./t FPCM) (kg PQeq./t FPCM)
Statistics S1 S2 S3 S1 S2 S3 S1 S2 S3

Lower limit (5" percentile) 668 746 [418, 1269] 8.3 9.6 [3.6,18.4] 43 39 [25,5.0]
Mean (support of the mean) 925 1075 [603, 1719] 10.8 14.3 [4.8, 24.5] 8.7 83 [6.7,9.5]

Upper limit (9%" percentile) 1275 1488 [861, 2271] 14.4 20.4 [6.3,32.8] 14.1 13.7 [11.7, 15.1]

When visualized as CDFs (Fig. 3), S1 and S2 wgyeesented by a single CDF each, while S3
was represented by two CDFs (plausibility and béliactions) defining upper and lower bounds of
impact in each category (Fig. 3). These bounds wewes widely separated for acidification and

climate change impact than eutrophication.

560 603 925 1600 1075 1%00 1719 éOOO
Climate change (kg CQ eq./t FPCM)

L e
0.0 . .o ——te =

T T T
4.8 1010.8 14.315 20 245 25 30

Acidification (kg SO, eq./t FPCM)

T T T

4 6 67 883 87 95 10 12 14
Eutrophication (kg PO, eq./t FPCM)

Figure 3. Cumulative density functions of direct (on-farrinate change, acidification, and eutrophication
impacts per t of fat-and-protein corrected milk (FPCM)tlinee scenarios that represented uncertainty in
emission factors (EFs) differently: S1 - no uncertainty b$,ES2 - probability distributions for EFs, S3 - fuzzy
sets for EFs (solid curves bound 90% of possible vali&s}ical gray lines indicate the mean impact (support
of mean impact in S3) of each scenario.
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Membership functions of mean impacts in S3 werglypéa@angular, with minor skewness (Fig.
4). For example, the support of climate changeedrigppm 603-1719 kg CCeq./t FPCM, with a core
of 925 kg CQ eq./t FPCM. Note that the core of mean impact3re§ualed the mean impact in S1,
for which default values (considered as the trdaes) were used for emission factors. RIWs of mean
impacts in S3 indicate that uncertainty in meamliéication impact (134%) was larger than that in
mean climate change (96%) or eutrophication (33#faicts (Table 1). However, S1 and S2 each had
a single mean (e.g., 925 and 1075 kg @@/t FPCM, respectively) and RIWs of mean immd%.

Climate change Acidification Eutrophication
1.0
925 10.8 8.7

0.8

o
o

o
S

Membership

IR
P P R A

7500 1000 1500 2000 5 10 15 20 250 5 10 15
kg CO,eq./t FPCM kg SO, eq./t FPCM kg PO, eq./t FPCM

Figure 4. Fuzzy-interval distributions of means of climate ghaacidification, and eutrophication impacts per t
of fat-and-protein-corrected milk (FPCM) in scenario 3 éiolasn Dempster-Shafer theory).

4, Discussion

We focused on two sources of uncertainty in thiecgtudy: variability (in farm characteristics)
and epistemic uncertainty (parameter uncertaintyemission factors). The classic probabilistic
approach expresses both parameter uncertaintyarability with probability distributions; however,
subjectively defining probability distributions maynderestimate overall uncertainty. Therefore,
unknown distributions should be considered as amoftource of uncertainty due to incomplete
information and modeled with fuzzy intervals. Iftbgorobability distributions and fuzzy intervals
exist in the same analysis, our DST-based methodaabine them to estimate overall uncertainty in
impact (S3). It provides a more conservative ranfgeuncertainty (i.e. the interval between the
minimum of the ¥ percentile and maximum of the "9%ercentile) than the classic probabilistic
approach. Since S1 considered only variability @amnf characteristics, the increase in overall
uncertainty in impacts in S2 and S3 compared toe8é&cts the contribution of epistemic uncertainty
in emission factors alone. Considering emissioriofacas fuzzy intervals (S3) increased overall

uncertainty more than considering them as randomuesa(S2). Unlike variability, epistemic

109



uncertainty in emission factors can be reduced where precise information becomes available. For
example, if the true values of emission factorg @heir distributions (S2) are known or assuned
be known, the real distribution of impact will beuhd inside the bounds of plausibility and belief,

which yields a single mean value and a smallergarigincertainty.

In parallel, the imprecision in emission factorsswmopagated into mean impacts, which were
constructed from membership functions of their Jusets. Those who used a similar propagation
procedure in LCA (Clavreul et al. 2013) or riskessment (Baudrit et al. 2006) studies consideded al
fuzzy intervals of impact as a set of random irdaéswvith equal probability and then calculated a
weighted-mean interval from upper and lower bouwoiddistributions. In contrast, we separated this
process into two steps: (1) estimate the overaljeeof all possible impact values using the sugport
of emission factors and (2) model mean impacts fuitkzy intervals. Indeed, showing the membership
function of mean impact instead of a weighted-miedgrval provides more information to decision
makers, such as the levels of possibility corredpanto the most likely mean impact and mean
impacts of best- and worse-case scenarios basta: @egree of possibility. This information alloas
more precautionary approach than a simple intesf/ahean impact for evaluating the magnitude of
and uncertainty in predicted impacts. For fuzzeiwnals, the RIW of mean impact is a comparative
indicator that reflects the influence of explicithgpresenting the knowledge of information as
incomplete (an unknown distribution), unlike thasdic probability method, which ignores this source
of uncertainty. It enables the influence of episteomcertainty in different impacts to be compared
when calculating a coefficient of variation is @ifflt or complex (e.g., in S3, which comprised
multiple probability distributions). Comparing RIVWgnong impact categories illustrates the relative
influence of epistemic uncertainty on overall utaiety in the impacts of each. If overall uncertgin
is hindering decision making, this information abltad decision makers to focus on reducing the
sources of epistemic uncertainty that contribugertiost to uncertainty in impacts. For example,esinc
epistemic uncertainty in emission factors had gdainfluence on acidification than eutrophication
impacts in this study, more precise measuremerdcafification-related emissions would have a

relatively larger influence in reducing overall en@inty in an impact.

For the sake of simplicity, we illustrated a simplgA example based on a previous work. It
had far fewer variables and parameters than 4. @M study; in addition, the model was monotonic,
which simplified optimization of calculations inglsimulation. However, when an LCA model is not
monotonic, increasing the number of uncertain e (especially imprecise variables) may increase
the complexity of computation, because the numifeitevations increases exponentially when
searching for minimum and maximum impact values.,(i2" combinations, wheren=number of
imprecise input variables), and even may make tesiftually meaningless when considering too

much imprecision. Therefore, performing an initeénsitivity analysis of the LCA model is
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recommended (Heijungs 1996; Henriksson et al. 20d.3pcus on the input variables that influence
potential impacts the most. This decrease in thabau of uncertain input variables may accelerate

calculations, especially in more complex and nomatonic models.

Correlations between random variables (i.e., ifaem variability) were preserved in this study,
while independence was assumed between randomblesriand imprecise parameters (emission
factors). This assumption allowed a conservativdidence interval of impacts to be generated fbr al
three scenarios, because all possible combinatibngput variables were included in the stochastic
simulation. However, representing dependence betwarelom variables and imprecise parameters (if
known) could improve the precision of predicted aofs. More research is needed on this issue to

improve the validity of LCA results.

The DST-based method constructs two boundary ligtains using belief and plausibility
functions. This structure has been interpretedimpréecise probability” (Ferson et al. 2002), which
covers all possible probability distributions. Adtigh it reflects the true state of knowledge (e.g.,
incomplete information about emission factors) eatremely wide range of potential impact is likely
to be less useful for decision makers. Thus, siiyiplj interpretation of results by decision makers
remains an open question. To address this probiemCA, Clavreul et al. (2013) calculated a
“confidence index” (Dubois and Guyonnet 2011) toeyate a weighted probability distribution.
Decision makers can choose this confidence indbjestively, depending on whether their decision
policies are more optimistic (close to the uppeura) or pessimistic (close to the lower bound). We
concur that this kind of confidence index is usefiof decision making in LCA studies when

uncertainty is modeled with imprecise and incongleformation.
5.  Conclusion

The classic probability method is rigorous in thatequires precise information to express an
uncertain variable, but subjective assumption alteutistribution may underestimate uncertainty in
the predicted result. In addition, it cannot sefmegpistemic uncertainty from variability, meanthgt
decision makers will have no information about thkative influence of each on overall uncertainty.
Our proposed method overcomes this limit by inttiggafuzzy intervals to represent imprecise data
(e.g., emission factors) in probability models. éAsonsequence, a distribution with two bounds and
fuzzy intervals of mean impact was generated. Coimgithe effects of variability and epistemic
uncertainty yields a wider range of potential ingaevhich may influence decision making. Fuzzy
intervals of mean impact model the uncertainty ieam values. The RIW of mean impact, as a
comparative indicator, reveals the influence obegrnic uncertainty on uncertainty in impacts, which
may help decision makers adopt appropriate stregdafjithey want to improve the reliability of LCA

results.
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The paper demonstrated the application of DST tedainty analysis in a simple LCA study.
Representing the lack of knowledge as fuzzy intsrdéfers from treating it as randomness. Thus, it
provides a conservative but robust way to repretientstate of knowledge in LCA studies when
information is scarce. Its application in LCA isr@ntly limited, however, due to its greater model
complexity and, if epistemic uncertainty is larggreater difficulty in distinguishing potential
differences among scenarios. Considering dependanoeag input variables is also important, since it
gives more precise results, but techniques for gl@a with fuzzy-interval variables are still in
development. Therefore, more research is needittis on these issues to improve the feasibility of

this method in LCA.
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Chapitre 6.
Synthese générale, discussion et perspectives
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Les objectifs initiaux de la thése étaient d'idéatiles sources d’incertitude dans les analyses
du cycle de vie de systemes de production agricelepuis de proposer des démarches pour
représenter et propager ces incertitudes jusqinageftitude totale sur les indicateurs d'impact a
travers I'ensemble de la démarche de I'ACV. Poueiadre ces objectifs, le travail de thése a
commencé par une revue bibliographique sur la ndélibgie pour identifier et traiter les incertitudes
différentes, et puis un arbre de décision a ét@qe® pour guider les analystes ACV a choisir les
méthodes adaptées au traitement des incertitudigsedies. A I'aide de cet arbre de décision, le
travail suivant s’est concentré sur I'applicatioesdnéthodes différentes pour traiter la variabilité
naturelle et les incertitudes paramétrique en AQ@¥icale, ainsi que sur l'interprétation des rédslta
en prenant en compte le degré de confiance. Ceedarimapitre synthétise et discute les acquis du
travail de thése par rapport aux objectifs attendieischaque chapitre et discute des perspectives

gu’ouvre ce travail aux futures recherches sucéititude dans le cadre de I'ACV.

6.1 Le choix des approches pour I'analyse des incertitles dans I'ACV

agricole

Le premier effort était de synthétiser une typatogies incertitudes et leurs définitions
correspondantes dans le cadre de I'ACV (cf. chaply. Cette typologie distingue en premier
l'incertitude aléatoire (variabilité) et I'incentitle épistémique, dont les propriétés sont difféepar
définition. La variabilité (incertitude aléatoiregprésente la différence intrinséque dans le system
étudié, tandis que l'incertitude épistémique repnés la limite des connaissances de ce systéme.
Donc, l'incertitude épistémique peut étre réduetieh acquérant les informations supplémentaires
(ex., plus d’échantillons, mesure améliorée), targlie la variabilité est irréductible mais peut étr
mieux caractérisée en augmentant I'échantillonrsggeifiques (y compris, si nécessaire, temporelle
ou spatiale). La typologie classifie six sous-catég pour ces deux types d’incertitude, ce quinger
de mieux identifier les sources d’incertitude dwstéyne. Tous ces types d'incertitude, qui se
présentent souvent dans toutes les étapes de I'AB¥une influence sur le résultat final. Malgré
I'existence des terminologies différentes dansstagces, ce genre de typologie est générique &t peu

s'appliquer a toute analyse des incertitudes danadre de 'ACV.

Sur la base de cette typologie des incertitudeprdahaine étape était d’étudier les approches
utilisées actuellement dans le cadre de I'ACV peprésenter et propager des incertitudes diffésente
Ces approches se sont principalement appliquéeprasenter la variabilité naturelle et I'incertieud
paramétrique, bien que le traitement d’autres tgfiesertitudes soit, au mieux, seulement mentionné
Parmi ces approches, I'approche probabiliste iadielle est la plus commune pour représenter la
variabilité et lincertitude paramétrigue en ACV,aim sa limite conceptuelle pour représenter

l'incertitude paramétrique appelle le développemdiatutres méthodes. En outre, l'ignorance et
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I'imprécision sont souvent ignorées dans I'analgsed’incertitude en ACV ; or s’est un domaine ou,

leur influence peut s’exercer fortement. En conséga, des approches alternatives (ex., I'intervalle
flou, la probabilité imprécise, la théorie de DetepsSShafer (DST)) ont été développées pour
distinguer l'incertitude épistémique de la variail Lorsque les informations viennent de sources
différentes, les méthodes de combinaison baséda 818T (ex., regle de combinaison de Dempster)
permettent de représenter l'incertitude totale esvamt compte de toutes les sources d’information.
Enfin, 'approche (semi-) qualitative peut évalleerqualité de données, quand I'analyse quantitative
n'est pas faisable. Comme cette approche intrdeudire d’experts pour évaluer le niveau de qualité

des données et des modeéles, son résultat est @épeludcontexte de I'étude et du groupe d’experts.

Dans la problématique de la propagation de l'inizete, I'incertitude de modéle et la variabilité
temporelle ou spatiale sont abordées : I'inceréitdd scénario est traitée par I'analyse de scénatio
des méthodes analytiques (ex., série de Taylathnaétique des intervalles) et stochastique (ex.,
simulation de Monte Carlo (MCS), bootstrap) peuvéme appliquées en propageant la variabilité
naturelle et l'incertitude paramétrique selon leatedes de représentation. Chaque méthode de
représentation a ses propres avantages et sesslinhitapproche probabiliste, du point de vue
pratique, est facile a mettre en ceuvre dans legl@®@CV, notamment a travers de la MCS. Mais la
détermination de la distribution est souvent subjec L'intervalle flou et la probabilité imprécise
sont appropriés pour représenter I'incertitude tépigue. La DST est suffisamment flexible pour
intégrer des incertitudes différentes dans le mémoeléle et réussit a distinguer la variabilité et
l'incertitude épistémique par l'interprétation de $tructure de la DST. Pour ces derniéres deux
approches, cependant, le temps de calcul peut@tsedérable a cause de I'utilisation d’arithmetiq
des intervalles, notamment quand le modéle n’estrmpanotone, ou les variables imprécises sont
nombreuses. Par exemple, le temps de calcul dtat grand pour le scénario avec la DST (80

seconds) que pour celui avec I'approche probaditrsiditionnelle (10 seconds) dans le chapitre 5.

Ce chapitre offre une vision générale sur I'analyse incertitudes par rapport a leurs avantages
et limites en ACV. Afin de les mettre en ceuvre &VAun arbre de décision a été établi, qui permet a
la fois d'identifier les types d’incertitude desriadles d’entrée et de conduire les analystes ACV a
choisir les méthodes adaptées pour représenténdeditudes différentes en considérant plusieurs
facteurs (ex., les types d’incertitude, les infotioras disponibles, les objectifs de I'étude). Doen,
suivant les différentes branches de I'arbre desit@ti(Fig. 1), le deuxiéme effort s’est porté sur
I'application de ces différentes méthodes pourdlgse des incertitudes, notamment la variabilité

naturelle et I'incertitude paramétrique, qui solnispcommunes en ACV agricole.
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Figure 1. Arbre de décision pour choisir des méthodesopppes pour représenter différents types
d’incertitude (Fig. 5 dans le chapitre 2).
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6.2 L’application de I'approche probabiliste classiqueavec simulation de

Monte Carlo

La premiére branche suivie était 'approche prdixbi classique pour traiter l'incertitude
paramétrique, (cf. chapitre 3), qui est actuellent@mgement appliquée par les analystes ACV. Cette
approche a été utilisée dans une ACV d’une étudmsdagricole déja réalisée sans prise en compte de
lincertitude paramétriqgue sur les facteurs d'émiss Les résultats de 'ACV étaient fortement
affectés par la prise en compte de l'incertitudeapettrique, bien que les moyennes des impacts
estimés ne changent pas de facon significativeudri@entation de l'incertitude totale sur les impacts
environnementaux qui en résulte est susceptiblaatéfier les conclusions des analyses dans le cadre
d’'une étude comparative. En effet, le test de Bagtivité statistique est affecté par la prisecempte

de l'incertitude paramétrique.

Pour distinguer clairement I'influence de l'incautie épistémique et celle de la variabilité, elles
ont été exprimées par intervalle de confiance efficient de variation (CV), respectivement. Doac |
séparation de deux types d'incertitude a permistifieer la part d’'incertitude sur les moyennes des
impacts liée a l'incertitude sur les facteurs d'esion, et de prévoir les impacts potentiels lida a
variabilité sur les caractéristiques entre les &rnBien que ces expressions de lincertitude soien

imprécises, puisqu’'on utilise une sorte « d'inded& sur l'incertitude », qui est inhabituel pour
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certains analystes ACV, la distinction des dewesyd’incertitude peut servir a réduire l'incertieud
épistémique en améliorant la technique de mesute pbtenir des valeurs plus précises sur les
variables d’entrée incertaines. D’autre part, laiamlité, issue d’'information sur les échantillons
observeés, peut étre utilisée pour prévoir les ingpaotentiels. Parfois, la précision de mesureade |
variabilité dépend des autres types d’incertituede, (incertitude paramétrique, incertitude de medel

Par exemple, I'incertitude sur les facteurs d’éniss affecté les variances des impacts potentiels.

La MCS est mise en ceuvre facilement pour propageintertitudes des variables d’entrée vers
I'incertitude de la variable de sortie. Cependanta quelques limites a l'utilisation de MCS elCX.
D’abord, la MCS classique suppose que les variatilstrée sont distribuées indépendamment afin
gue les valeurs des variables de sortie venanbudied les combinaisons possibles puissent étre
représentées. Donc, le nombre d’occurrences deargalle chaque variable n'influence pas celles des
autres. En conséquence, l'ignorance de fortes latiods entre les variables d’entrée, qui existent
souvent en ACV agricole, entraine a surestimer aus-estimer l'incertitude. Afin de résoudre ce
probléme, une technique mathématique a été adpptéeettant de créer un jeu de variables d’entrée
ayant une structure corrélative similaire a celts données observées (cf. chapitre 4). De plus, on
dispose souvent de peu dinformation pour détermies distributions probabilistes des variables
d’entrée. Donc le choix de la distribution est sntvsubjectif, basé sur le dire d’experts. Celuitpe
introduire une incertitude supplémentaire issuelthix subjectif. Le choix de distributions doitetr
basé sur I'information disponible et les déternmiora subjectives nécessitent un test (c.-a-d.dest
qualité de I'ajustement) pour gu’elles soient cenhées avec les échantillons observés. Lorsque ce
genre d’information est indisponible, ou bien q@s lariables d’entrée sont affectées par une
incertitude paramétrique, les approches non-préibs peuvent étre appropriées (cf. chapitre 5).
Enfin, puisque la MCS demande de nombreuses wésafiour fournir une distribution assez robuste,
le temps de calcul informatique est souvent conslié, voire rédhibitoire. De ce fait, la puissadee

calcul peut étre un facteur limitant pour la pesecompte de l'incertitude.

6.3 La prise en compte des corrélations dans la simulian de Monte

Carlo

Afin de prendre en compte des corrélations engr@dgiables d’entrée dans la MCS, ce chapitre
a exploré une démarche basée sur la loi normaléidinugénsionnelle (cf. chapitre 4). La prise en
compte des corrélations entre des variables demtafs la MCS a permis d’acquérir une estimation
réelle de l'incertitude sur les variables de soréie particulier dans le cas ou les corrélations so
fortes. Cependant, il existe certains cas ou legladions n'ont pas nécessairement besoin d'étre
considérées. Lorsque les corrélations entre lesahlas sont trés faibles, leur influence sur

I'incertitude du résultat est souvent négligeaBlar. ailleurs, lorsque I'information sur les cortiéas
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n'est pas disponible, la MCS avec échantillonndgataire est plus conservatrice, puisque toutes les

combinaisons possibles des variables d’entréegsorérées.

De cette étude, seules les corrélations forte® @as variables d’entrée ont été considérées. La
méthode appliquée a la capacité a la fois de reptéslinformation sur les corrélations entre des
variables d’entrée a travers de la MCS, et de reainta forme de leurs distributions probabilistes,
contrairement a la méthode d’origine, qui impose distributions normales. De ce fait, on conseave |
flexibilité du choix de la distribution, qui peuepnettre d’éviter I'incertitude du choix subjectile
plus, cette méthode est souple dans le sens gpelietraiter la corrélation de Pearson mais dassi
corrélation de Spearman. L'utilisation de difféenypes de corrélation dépend de I'information
disponible sur variables corrélées, ou bien depkthigése que I'on fait sur ces corrélations : lireéai
pour Pearson et monotone pour Spearman. En gémé&aenre d’information provient d'études
empiriques ou de dires d’expert, et I'établissendmtia matrice de corrélations doit étre faite avec
précaution, car cette matrice doit étre « défin@sitive » pour obtenir sa matrice triangulaire
supérieure par la factorisation de Cholesky. Dogaaecommande aux analystes ACV de tester la
faisabilité de la factorisation de Cholesky pounsidérer les corrélations entre les variables déent
dans la MCS, avant de créer la matrice de coroglatdes données de l'inventaire et les parametres

utilisés dans les processus d'évaluation des impact

En fait, dans le cadre de I'ACV, plusieurs critefeatégories d’'impact) doivent étre considérés
pour la prise de décision. Les corrélations enti® @atégories d'impact fournissent des informations
importantes aux décideurs. Par exemple, de for@sélations positives entre des impacts
environnementaux (ex., changement climatique, fcadion, eutrophisation) sont observées dans le
systeme de production des truites en France (aied@ 1). Dans la méthode proposée, I'ensemble de
valeurs des variables d'entrée généré a un ordreedmutation spécifique déterminé selon les
corrélations désirées entre ces variables. Aiesi,distributions des impacts estimés possedent un
ordre spécifique correspondant a l'ordre des vigatd’entrée. Donc, la MCS avec prise en compte
des corrélations entre les variables d’entrée peamssi de montrer les corrélations entre les itspac
différents, si les variables utilisées pour calcgles impacts sont corrélées fortement. Autremint d
'information sur les corrélations entre les imaest conservée dans la MCS par cette méthode. Bien
gue les techniques pour contrdler la corrélatioiergobien connues, leur application en ACV est
encore peu développée pour cause d'insuffisancefodnation et/ou de temps de calcul trop
important. Nous pensons avoir démontré que l'effatit la peine d'étre consenti eu égard a son

impact sur la qualité des résultats.
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6.4 L’application de la théorie de Dempster-Shafer

L‘arbre de décision a conduit & choisir des méthaalgpropriées pour traiter des incertitudes
différentes. Lorsqu'il existe a la fois une varldbiet une incertitude épistémique (plus précisgéime
l'incertitude paramétrique) dans le méme cadrgyplfache probabiliste classique peut fusionner ces
deux types d'incertitude au lieu de les séparendialle peut amener a sous-estimer l'incertitude su
le résultat final, car I'incertitude sur le choig distribution est ignorée. Face a ce problemB3a a
été appliqué pour combiner deux approches diffésefiat distribution probabiliste et I'intervalleoil)
dans le méme cadre d'étude (cf. chapitre 5). Cex @pproches ont été utilisées pour traiter la
variabilité et lincertitude paramétrique, respeetnent, dans un contexte d’ACV agricole. En
conséquence, les impacts potentiels et leurs inas ont été estimés par une fonction de croyance
(« belief function ») et une fonction de plausiiil{« plausibility function ») et illustrés par upaire
de distributions cumulées inférieure et supéri¢prieox) qui contient la vraie distribution probadtié
du résultat. Cette forme de représentation estimiatervalle de probabilité sur les impacts potsti
(influence de la variabilité) et fournit une esttina plus conservatrice que I'approche probabiliste
classique, parce gu’elle considere aussi I'imprégisur I'état de connaissance en utilisant I'imédle
flou au lieu d’une distribution probabiliste suppes En outre, la représentation de l'incertitude su
une valeur statistique (ex., moyenne) est influenear I'expression de l'incertitude épistémiquer. Pa
exemple, les moyennes des impacts ont été exprirpéesdes intervalles flous. En théorie,
I'incertitude sur la moyenne peut étre éliminéesdpril n'y a plus d’'incertitude épistémique. C’'est-
dire, quand on sait soit la valeur réelle du pateanésoit la vraie distribution du parameétre, le
processus de MCS génére une seule distributiotestfsultat estimé avec la moyenne sous forme
d’un point de valeur. Par conséquence, I'applicate la DST permet d'identifier les influences de |
variabilité et de I'incertitude épistémique surstienation des impacts. La distance entre les deux
bornes (inférieure et supérieure) indique l'esppotentiel & améliorer en réduisant l'incertitude
épistémique.

Bien que la DST ait été développée depuis les anh@@0 (Dempster 1967), I'utilisation de la
DST est encore limitée en ACV. D’abord, le procesda propagation a besoin de déterminer les
minima et les maxima du résultat associé avec nesunx de possibilité en utilisant arithmétique des
intervalles qui s’appuie sur les modéles ACV. Celaen, le temps de calcul peut devenir trés grand
pour un modele compliqué ou non-monotone, en péigicavec de nombreuses variables incertaines
exprimées par les intervalles flous. Ensuite, @rgment a I'approche probabiliste, il est difiecie
conserver l'information sur les corrélations emtes parametres incertains exprimés par l'intenalle
l'intervalle flou. Sans considérer les corrélati@mire ces parametres, le résultat sous formelue p-
qui contient toutes les combinaisons possiblegnfbune estimation conservatrice, mais la préaisio

du résultat est plus ou moins affectée. Pour Fpretation, les décideurs sont face a une situation

122



difficile, parce que les résultats sont expriméssdorme d’intervalles (pour construire la struetde
DST), plutét que d'une seule distribution probaitdi La décision basée sur les deux bornes inférieu
et supérieure représente la situation optimistpessimiste. Cependant, un intervalle extrémement
large sur I'impact estimé peut étre inutile powrire une décision significative. Face a ce problém

il est proposé d'utiliser un indice de confiancenptsansformer les deux distributions cumulées & un
distribution probabiliste pondérée en fonction 'détitude du décideur, soit plus optimiste (prociee

la borne inférieure), soit plus pessimiste (prodbéa borne supérieure). Puisque l'indice de cocfa
intégre l'attitude du décideur subjective dansésuitat exprimé, cette étape doit étre réaliséesapr
I'évaluation de I'impact, et le choix de l'indiceoid étre jugé prudemment par les experts. Lorsfue i
n’existe pas d’information permettant de fixer dine de confiance, il est plus prudent d’employer

I'intervalle pour exprimer le résultat afin évitene décision trop subjective.
6.5 Deécouvertes principales and recommandations

Les travaux réalisés dans cette these amenentugsedgntributions aux analystes pour aborder

les incertitudes en ACV :

. L’'analyse de lincertitude elle-méme est un moyéaidér les analystes ACV a mieux
connaitre 'état des connaissances sur les doretéles modéles utilisés dans un systéme. Elle ne
permet pas de réduire I'incertitude, mais d'évalsen influence sur le résultat. Donc les analystes
ACV devraient éviter de faire trop d’hypothéses mpessayer d’'avoir une étude sans incertitude, et
plutbt se focaliser sur la représentation réelle idéormations en prenant en compte de I'incerétud
dans une étude réelle. Le processus d'analysééedtifi afin de mettre a jour les résultats dés de
nouvelles informations deviennent disponibles (s&chant la vraie valeur ou la distribution d’'une

variable, sachant les corrélations entre des Vasab

. L’'analyse de l'incertitude, au lieu d’étre une @&dpcultative adossée a la fin d'une ACV
(comme elle I'est souvent actuellement), doit éasidérée comme un processus important a réaliser
dans toutes les étapes de I'ACV, et ce dés le ddbnt commence par identifier les sources
d’incertitude dans I'étape « définition des objiscét du champ de I'étude », qui va influencer le
déroulement ou des choix dans les étapes qui quiZzesuite, les incertitudes sont représentées dans
les modéles et les inventaires pour analyser Iefiuence sur les impacts. La propagation des
incertitudes, a travers des étapes précédentese dtas résultats qui inteégrent les incertitudedesur
variables d’entrée. Enfin, l'interprétation desdrt@udes et de leurs influences sur les résyttatmet

de compléter une étude ACV.

. Comme il n’existe pas de méthode polyvalente ogérpaur analyser I'incertitude, cette these

a visé a aider les analystes ACV a choisir des odéth qui conviennent aux types d’incertitude
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rencontrés. La diversité des méthodes possibleedapossibilité de traiter tout type d’'incertias]

méme s'’il y a peu information disponible.

. A cause de leur différence conceptuelle, la vaitébet I'incertitude épistémique devraient
étre quantifiées séparément dans un méme cadistiurge. Cela demande une nouvelle visualisation
de lincertitude sur le résultat (ex., le «p-bgoxla structure DST), au lieu d’'une distribution
probabiliste. Par conséquent, I'interprétation éguftat doit distinguer leurs influences séparéraent

le résultat. Parfois, la confiance jugée par lepeds peut étre ajoutée comme une information
supplémentaire (ex., 'utilisation d'un indice denfiance) pour simplifier I'interprétation. En cas;

une conclusion tirée sur le résultat doit prédisariveau de confiance supposeé.

. La DST permet d’'établir un « pont » pour lier déagons de représenter l'incertitude au point
de vue objective (aléatoire) et subjective (épiggéuie). La structure DST est un moyen souple pour
représenter I'incertitude, et la mise a jour dderinations permet de la transformer a une distigiput
probabiliste (c.-a-d., considérer que la variadjlibu a un/des intervalle/s flou/s (c.-a-d., nesatérer

que l'incertitude épistémique).

. Les ACV réelles comportent souvent des modeles ptuspliqués que I'étude de cas
présentée dans la thése. Donc le temps du caltwaoasidérable en utilisant la MCS, notamment
guand plusieurs méthodes sont combinées pour mpetdes incertitudes différentes. De ce fait, il
vaut mieux faire un effort pour utiliser les aldbmes d’optimisationad hoc afin d’augmenter
I'efficacité de simulation. Par exemple, les modétpii estiment les émissions des gaz, qui sont
souvent relativement simples, peuvent étre optisnigédividuellement d’abord. Ensuite, les
incertitudes sur les estimations des émissions ade gotamment celles qui sont représentées de
maniere imprécise, peuvent étre regroupées poludrvies impacts potentiels lIa ou les modéles de
caractérisation (les émissions multipliées pardéacteurs de caractérisation) sont souvent moeston
croissants. Dans ce cas en effet, le minimum ehdgimum des impacts peuvent étre identifiés
facilement selon I'arithmétique des intervalles.e Plus, la réduction du nombre des variables
imprécises peut également diminuer le temps deulcdés incertitudes. Pour ce faire, une analyse de
sensibilité peut étre mise en place a priori palentifier les variables les plus influentes sur

l'incertitude finale (Heijungs 1996).

6.6 Limites et perspectives

Afin d’approfondir les recherches méthodologiquésgntées dans cette thése, il est nécessaire
de réfléchir & quelques points critiques sur I'aggtlon des méthodes pour traiter des incertitietes
ACV agricole dans les futures recherches. Les travigalisés lors de la thése aménent aux

conclusions suivantes :
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. Cette thése n’a traité que trois catégories d'imfiés aux émissions d’azote et de méthane.
Cependant, il serait intéressant de prendre en teoipfluence de lincertitude sur d’autres
catégories d'impact (ex. toxicité, utilisation dé&gie, biodiversité). Par exemple, la biodiversisé
menacée par des impacts (ex. pollution de l'atteet'eau, dégradation du sol, déforestation) an sei
des activités d’élevage (Steinfeld et al. 2006).déncas, la prise en compte de l'incertitude sur la
biodiversité concerne plusieurs facteurs de cderdiites sources d'impact. Donc, un futur travail
pourrait étudier d'autres catégories d'impact ptesquelles les influences des incertitudes des
variables entrées sont probablement plus complgxescelles des trois catégories d'impact étudiées

dans cette thése.

. Pour valider la méthode DST dans le contexte ACNtatg, il sera nécessaire de I'appliquer
dans des études supplémentaires. D’abord, I'étedead dans la thése s’est limitée a considérer
seulement la variabilité naturelle et l'incertitugaramétriqgue. Cependant, il existe d’autres types
d’incertitudes en ACV (ex., allocations ou modétkférents), qui n'ont pas été traités dans cette
thése. En fait, les méthodes de combinaison basdéeda DST sont capables de combiner les
différentes sources d’évidence (incertitudes deatg) dans le méme modele, mais elles n'ont pas
été appliquées dans les études de cas ACV. Donéutun travail devra considérer ces types
d’incertitude et propager leur influence sur l'ingede sur les sorties pour tester sa pertinersces d
les cas d’ACV réels. Par exemple, la méta-analyisdiet les données venant d’études différentes (ex.,
en agronomie) afin d’avoir une analyse plus prédise données (Philibert et al. 2012). Comme les
données proviennent des sources différentes (cvarbilité entre les études individuelles),alat
intéressant d’employer les regles de combinaisons @xprimer les résultats d’'une méta-analyse dans
le cadre de 'ACV.

. Une technique a été appliquée pour contréler legeladions entre des variables dans le
processus de propagation. Cependant, cette teehmiqus’applique qu’a I'approche probabiliste
traditionnelle. Lors de l'utilisation des intervadl ou des distributions probabilistes imprécisettiec
technique n’est plus valable dans la MCS. Donceitasnécessaire d'étudier l'intégration des
informations sur les corrélations et les dépendameare des variables dont les représentations des
incertitudes sont imprécises. Pour cela, le tradail Ferson et al. (2004) sur la dépendance en
modeélisation probabiliste dans le domaine de I'@®bes risques pourra offrir de bonnes pistes pour

les travaux a venir.

. La mise en ceuvre de I'approche probabiliste s’gpglien ACV pour évaluer la qualité des
données avec l'aide de la matrice de pédigrée. riigpe, la méthode actuelle fusionne lincertitude

sur la qualité (c.-a-d., incertitude épistémiquegcacelle de base (c.-a-d., variabilité) (Weidernale

125



2013). Donc il sera intéressant d'étudier l'apglma de la DST en quantifiant séparément

l'incertitude sur la qualité, afin de distinguensafluence sur les résultats en sortie.

. Dans cette thése, des méthodes ont été implémeptags représenter et propager les
incertitudes a l'aide des outils informatiques. €&gant, il N’y a pas de logiciel ACV qui intégre
plusieurs méthodes pour que les analystes ACV gniisshoisir les méthodes appropriées pour traiter
les incertitudes. Donc la considération des inugféis différentes demande le développement de
logiciels ACV en intégrant plusieurs méthodes dégment. Cet outil informatique devra fournir un
guide pour choisir les méthodes. De plus, il détra capable d’effectuer la simulation en propagean

les incertitudes a travers le modéele ACV.

En conclusion, un arbre de décision a été proposé guider les analystes ACV en choisissant
les méthodes possibles pour traiter les incertiuliiéérentes et a démontrer leurs applications dan
cadre de I'ACV agricole. Le choix des méthodes éti¢ fait prudemment, en fonction des études de
cas spécifiques. Les applications de chaque métbbtiefficacité du calcul doivent étre améliorées
dans les futures recherches, notamment pour la [@8iTprouve sa flexibilité en combinant les
approches probabiliste et non-probabiliste. Il @s&spérer que ces travaux exploratoires ont permis
d’atteindre les objectifs initiaux et fournissemteubase et une vision intéressante pour engager les

recherches futures.

Références

Dempster AP (1967) Upper and lower probabilities induced bwltivalued mapping. Annals of Mathematical
Statistics 38 (2):325-339.

Ferson S, Nelsen RB, Hajagos J, Berleant DJ, ZhangickeT WT, Ginzburg LR, Oberkampf WL (2004)
Dependence in probabilistic modeling, Dempster-Shafer theony probability bounds analysis, vol
3072. Sandia National Laboratories.

Heijungs R (1996) Identification of key issues for furtirevestigation in improving the reliability of life-cycle
assessments. Journal of Cleaner Production 4 (3):159-166

Philibert A, Loyce C, Makowski D (2012) Assessment ofdhality of meta-analysis in agronomy. Agriculture
Ecosystems & Environment 148:72-82.

Steinfeld H, Gerber P, Wassenaar T, Castel V, RosaleseNHdan C (2006) Livestock's long shadow. Food and
Agriculture Organization, Rome, Italy.

Weidema BP, Bauer C, Hischier R, Mutel C, Nemecek Tnlied J, Vadenbo C, Wernet G (2013) Overview
and methodology: Data quality guideline for the ecoinventbdae version 3. Swiss Centre for Life
Cycle Inventories.

126



Annexe.
Environmental assessment of trout farming in Francey
life cycle assessment: using bootstrapped Principal
Component Analysis to better define system classshtion

127



128



Journal of Cleaner Production in 2014 (in press)

Environmental assessment of trout farming in Franceby life cycle
assessment: using bootstrapped Principal Componerknalysis to better

define system classification

Chen, Xiaobd®; Samson, ElisabethTocqueville, Auréliefy Aubin, Joét

#INRA, UMR 1069 Sol, Agro et hydrosystéme Spatéiisn, F-35042, Rennes, France
® Agrocampus Ouest, F-35042, Rennes, France

“ITAVI, F-75009, Paris, France

129



Abstract

Trout farming is the main fish production systenFirance. This article describes a system to
classify trout farms based on environmental impaatsulated by life cycle assessment and technical
and economic indicators. Since the number of sddgrms was too small for a robust assessment,
we combined principal component analysis (PCA) waithon-parametric bootstrap technique. French
trout farms were surveyed to collect technical aadnomic indicators. The representativeness of the
survey was verified by comparing it to a nationaventory. Life cycle assessment was used to
estimate environmental impacts of farms and thdribarion of each production stage to impacts.
PCA was used to evaluate both technical-econontcemvironmental indicators of the trout farms,
which were separated into three groups based osizbeof fish produced (pan-size, large and mixed-
size, and very large). Non-parametric bootstrap weed to compare the groups and to test the
significance of PCA results. Results validatedfible-farm classification system based on the size o
fish produced and indicated that farm operationsl dish feeding contributed the most to
environmental impacts. The PCA method distinguistiede groups via their technical indicators,
with non-significant differences among the groupgivironmental impacts. However, environmental
indicators showed strong links with technical amdr@mic indicators. In conclusion, bootstrapped
PCA offers the ability to assess groups of trowdpction system when the sample size is too small
and provides more conservative results by consigeuincertainty. Future studies should focus on

providing reliable data to reduce uncertainty.

Keywords: life cycle assessment; non-parametric bootstrapicipal component analysis; trout

farming system
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1. Introduction

Trout farming is the main aquaculture productiostesn in France. It is primarily based on
farming rainbow trout (Oncorhynchus mykiss) in flowvough systems, in which inlet water is
diverted from a river, passed once through theingaranks and then returned to the river. All
nutrients are provided by exogenous formulated femutaining fish meal, fish oil and plant-based
ingredients. Production is carried out in small {A@ar) to large farms (900 t/year). The farmsehav
different production objectives responding to diffet markets. For example, some farms produce
pan-sized trout or large trout for filets; othernfia produce fish for restocking rivers or ponds for
angling. These different production strategies ymgifferent practices (e.g., feed type, feeding
management, oxygen supply, rearing densities, aatérvireatment). The trout farms in France are
spread widely throughout the country, but their bemis small (around 600) comparing to livestock
systems. Since trout farming uses water of gooditguéarm practices and the quality of water at

their outlets are watched closely.

Despite the rapid growth of fish farming throughthe world (mean increase of fish production
volume of 12%/year in the last ten years) (FAO,201rout production decreased in France from 47
000 tin 1997 to 37 000 t in 2007 (Agreste, 20Th)js production suffers from economic competition
from other aquatic products and the applicatiorwafer-quality regulations (e.g., European Union
Water Framework Directive), which can cause farmei@andon fish production. The decrease in the
number of farms and the corresponding decline odgpction led the French aquaculture producer
organization (CIPA) to assess the sustainability Foénch trout farming. To do so, different
approaches were applied: development of indicatfrseconomic, social and environmental
sustainability; environmental assessment of farnasetl on biological and chemical-physical
measurements (Aubin et al., 2011); and life cydseasment (LCA). This paper focuses on the
definition of a trout-farm classification systeming LCA indicators and certain technical and

economic indicators.

LCA is a holistic method designed to estimate pidkimpacts associated with a product or
service based on the resources consumed and padlwgmitted into the environment at all stages of
its life cycle, from raw material extraction to iend-of-life (Guinée et al., 2002). It is an
internationally accepted method described in ISEhadrds (ISO 14040 (2006), ISO 14044 (2006)).
LCA has been adapted to fish farming (Papatryphoal.e 2004b) and applied in several studies to
estimate environmental impacts of aquaculture ffeidint contexts (Aubin, 2013; Cao et al., 2013;
Henriksson et al., 2012). Salmonid production hesnbstudied in particular, since it is common in
Europe and North America. Moreover, it is a simafel well-controlled rearing system which fits
with the industrial ecology rationale of LCA. Sosteidies about salmon production have investigated

different rearing and feeding practices (Ayer angdmers, 2009; Pelletier and Tyedmers, 2007,
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Pelletier et al., 2009). Other studies have ingastid trout production (Aubin et al., 2009; Grorzeb

al., 2006; Papatryphon et al., 2004b; Samuel-F#tvial., 2013). All of these studies helped to
understand the contribution of system componentsertgironmental impacts and showed the
overwhelming influence of feed composition and ngemaent. Nevertheless, these studies were based

on small numbers of farms.

To better understand the influence of rearing jwestin trout farming, Papatryphon et al.
(2004b) classified production systems into thress#s according to the size of fish produced (pan-
size, large trout, and very large trout). They obseé high variability in the impact categories &étele
variation ranged from 41% in biotic resource us&%&o in energy demand). Moreover, variability in
impacts was associated with different productiarhméques; for example, variation in eutrophication
was related mainly to differing feed efficiency amgofarms. However, the small number of farms
investigated (n=8) did not allow broader conclusios mentioned by Henriksson et al. (2012), the
number of farms investigated often raises the dquestbout the representativeness of aquaculture
systems in LCA. As a consequence, environmentatsaasent of fish farms is relatively weak,
making extrapolation of their potential environm@nimpacts delicate. To better characterize
heterogeneous populations, especially in agricalltuand aquacultural production, building
classification systems is a common practice (Lazdrdl., 2010). These classification systems are

often based on surveys and statistical analysity as Principal Component Analysis (PCA).

PCA reduces the dimensionality of an observed datagth many correlated variables by
transforming them into a new set of variables, rémpencipal components (PCs), which retain as
much as possible the variation of the observedsdatdolliffe, 2005). It is used to extract the mos
important information from the dataset to get aargiew of it in a small number of dimensions (e.g.,
two or three) described by their eigenvalues (messof variation in samples explained by the PCs),
loadings (coordinates of original variables in #@s) and scores (coordinates of individuals in the
PCs). PCA is commonly used to represent the véitialih observed samples. However, a small
sample size (n<30) may not allow conclusions teekkapolated to the entire population when the
standard error of the mean is large (Berthouex Brmvn, 2002). Hence, the consideration of
uncertainty in the results due to small sample isizan important subject in statistical analysisieled,
this type of uncertainty can be expressed withrdidence interval (Cl) or standard error (Luo et al
2013; Melia et al., 2012).

Bootstrap sampling is a numerical method used #&mfify uncertainty due to random sampling
errors without assumptions about a variable’s ithstion (Efron, 1979). A bootstrapped sample is
created by randomly sampling from an observed samgpeatedly. Bootstrap sampling can be
applied, for example, to estimate the accuracy stability of PCA results by providing a CI for

eigenvalues and loadings (Babamoradi et al., 20ERidin et al., 1988; Timmerman et al., 2007).
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However, there are two shortcomings when using diqi-based PCA. First, the coordinates of
component loadings and scores are arbitrary (Jacks@05; Jolliffe, 2005; Mehlman et al., 1995),
which may overestimate the CI of loadings (reflec)i Second, PCs may have a similar eigenvalues
in a bootstrapped sample, which may change the afdeCs compared to the observed sample (re-
ordering) (Timmerman et al., 2007). To addresselpsblems, reflection and re-ordering corrections
are performed on each bootstrapped sample (moagdsdiet Peres-Neto et al. (2003) and Babamoradi
et al. (2013)).

In this study, we decided to bypass the probleth@fsmall sample size of trout farms by using
non-parametric bootstrap. This method has the adganof being more robust than parametric
bootstrap when the distribution of observed daila &anormality test. Therefore, to better underdta
the characteristics of French trout farms, thiglgtused PCA to validate a classification system of
French trout farms based on their types of comrabprioducts. This system classifies trout farms
based on their estimated environmental impacts moduction techniques. The accuracy of PCA

results (CI) is evaluated with the bootstrap method
2.  Materials and methods

2.1  Sample survey and national inventory

A sample of 24 trout farms throughout France wascsed based on the size of fish produced,
hydrogeological characteristics of the environment farmer agreements. The farms were surveyed
from 2007 to 2011, recording data such as farmymtioh (types and quantities of products), farm
inputs (types, quantities and origins, especialfyeaergy sources, feed, juveniles, and water),
infrastructure and equipment, and water qualitykjiuet al., 2011). Annual trout production of the
farms varied from 20 to 667 t. Farms were dividetb ithree groups according to the size of fish
produced, as performed by Papatryphon et al. (20@b, pan-size trout (250-400 g); G2, large and
mixed-size trout (e.g., different sizes from 2003@00 g); and G3, very large trout (>2000 g). The
number of farms per group was 5, 9 and 10, respygtiTo check the representativeness of the trout
farm sample in the survey, we compared it to asdiaation of trout farms (defined by the amount of

feed consumed) available in a 2007 inventory ohéndrout farms (Agreste, 2009).
2.2  Life Cycle Assessment

LCA was conducted according to the four steps amkeal requirements of the methodology
proposed by ILCD (European Commission, 2010). Tik¢hodology was adapted to characteristics of
fish farming. The goal and scope of this studyhis €énvironmental assessment of trout farming in
France at the farm scale in order to adapt imprevenstrategies as a function of farm type. The
boundary of the production system mainly contaiaemf operations, feed production (including

ingredient production and transportation), productiof juveniles, infrastructure construction,
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equipment manufacturing, and production of mediiard other inputs, such as liquid oxygen and
energy carriers (Fig. 1). Despite the existencéhofisands of processes in LCA of trout production,
these processes are the most important contribtwors/erall impacts, according to the literature
(Aubin, 2013).

. Infrastructure Liquid Energy
[ Juveniles ][ Feed J[ & equipment ][ oxygen J[ Carriers Water

Rearing
practices

Waste -——>[ Farm Operation ]—> Fresh Trout
managemen

Water
managemen _J

Figure 1 System boundary of trout farming in France. Roundethngtes represent processes of the production
system. Ellipses represent management factors of fists fdirhmeans transportation.

The life cycle was defined up to the farm gate, giredfunctional unit (impact calculation basis)
was one t of raw fish. Emissions of farm metabuwl&stes (i.e., nitrogen and phosphorus compounds,
suspended solids) into the aquatic environment weateulated using the mass-balance approach
described by Papatryphon et al. (2005) and addptedibin et al. (2011) to take into account intérna
dynamics of waste inside the farm. Specific infotioraabout feed ingredients came from Boissy et
al. (2011). Economic allocation was used to divedgironmental burdens among co-products in feed-
ingredient production. Secondary data (e.g., trarisand electricity use) were extracted from the
ecoinvent v. 2.2 database. LCA impact categoria® welected to address a variety of environmental
issues of fish farming. Climate change (kg £2Q.), acidification (kg S&eq.), eutrophication (kg
POy-eq.) were calculated using the characterizatiotofa of CML2 baseline 2000 v. 2.03 (Guinée et
al., 2002). To consider the contribution of fishnfiltng to land use, we selected a land occupation
(m?*y) indicator. Energy use of fish farming (energgntand (GJ)) was calculated according to the
Cumulative Energy Demand method, v. 1.03 (Friscbhhet al., 2005). Water requirements of the
activity (water dependence ) including water consumption and water passimgugh the fish
farm, was calculated according to Aubin et al. @0WNet Primary Production Use (NPPU) (t C),
which indicates the pressure of fish farming ontibioesources (especially marine resources), was
calculated according to Papatryphon et al. (200fhg¢se LCA impact categories were selected based
on previous studies and guidelines in the fieldafiaculture LCAs (Aubin, 2013; Aubin et al., 2009;
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Henriksson et al., 2012; Pelletier and Tyedmer8720The calculation of LCA impact categories was
performed with SimaPro v. 7. Other indicators @irieg performances were added to reflect technical
and economic characteristics of the systems: arprodiuction level (t), feed conversion ratio (FCR)
and annual liquid oxygen consumption (t). In additi on-farm human labor (human.day) was

included to highlight the relationship between praitbn factors and labor on trout farms.
2.3  Comparing differences in group means with the bootsap method

To identify significant differences among the thrg®ups, we used the bias-corrected and
accelerated (BCa) bootstrap method (see appermligaltulate 95% Cls around the differences in
group means, because it adjusts both bias and skswn the bootstrap distribution and provides a
reasonably accurate Cl. Significant differencesenassumed at p<0.05. The re-sampling procedure
was performed 1000 times (B=1000) using R (R Dgvakent Core Team, 2012). Thus, we assumed
that each group was independent and taken randénay its own population. The differences
between groups were considered significant if thetstrapped 95% Cls around the differences
included zero. In other words, the null hypothdgslg) was that differences between group means
equaled zero. We chose a non-parametric bootstethoah to test differences between indicator
means, because some of them (e.g., production, likspeid oxygen consumption, and acidification)
might not satisfy normality or homogeneity of vaige, two conditions required for parametric tests

such as analysis of variance (ANOVA).
24  PCA method

To address the comparison problem due to the ssatiple size, we applied PCA (R
“princomp” function) to a matrix of eleven indepemd variables (n=11) from observed samples
(m=24) and bootstrapped samples (m*=24) (Fig. 2yroligh PCA, three vectors were generated:
eigenvalues, loadings and scores. The BCa metheduised to estimate 95% Cls for the eigenvalues
of PCs to determine how many PCs to keep (boomt@Kaiser-Guttman criterion (Lambert et al.,
1990)). So, only the components whose 95% CI fereilgenvalues exceeded 1 (mean of eigenvalues)
were retained. The loadings of original variablesl she scores of individuals from the observed
sample were mapped. We also used bootstrapped BERAOQO) with re-ordering and reflection
corrections to generate the component loadingssaocks (Peres-Neto et al., 2003). The significance
of correlations between variables was tested bgutating BCa 95% Cls for correlation coefficients.
The significance of variable loadings was testedtdigulating p-values. They were calculated as the
number of bootstrapped loadings smaller (when tiginal loadings were positive) or greater (when
the original loadings were negative) than zeroiddigd by B (Peres-Neto et al., 2003). Thus, vargble
were associated with the corresponding componeh&nww<0.05. The individual scores of the three
farm groups were distinguished by confidence regi¢R “ellipse” package) of the centroids of
bootstrapped scores at a 90% confidence level fd&hlet al., 2012).
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Figure 2. Bootstrapped Principal Component Analysis (PCA) procedwiéh re-ordering and reflection
corrections.

3. Results

3.1 Farm sample representativeness

The observed sample included trout farms from kkges in the inventory except farms
consuming less than 25 t of feeds per year (TablSihce this class represents only 6% of national
feed consumption, it was not taken into accouriin sample. The representativeness of the survey
(expressed as the percentage of total national déeadumption) increased with the class size. The
highest representativeness (40%) was for farmsuroimgy more than 500 t of feed per year, while the
lowest representativeness (5%) was for farms comgurd5-50 t/year. The larger farms (feed
consumption more than 300 t/yr) are specializddnge trout production. Some of smaller farms (feed
consumption less than 300 t/yr) are specializedoam-size trout, while the others produced a

combination of all sizes.
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Table 1. Number of trout farms in each class (basednmial feed consumption (Q)) in the French inventory
(Agreste, 2009) and this study’s survey of farms geolupy the size of fish produced (G1: pan-size fish, G2:
large and mixed-size fish, G3: very large fish).

National inventory Trout survey

Percentage of
Number Total feed Number Total feed nationaltotal G1 G2 G3

Class of farms cons. (t/yr) of farms  cons. (t/yr) (%) (%) () (W)
Q<25t 366 2627 0 0 0 0 0 0
25t<Q <50t 59 2174 3 99 5 0 100 0
50t<Q <100t 56 4143 4 239 6 27 73 0
100t<Q <200t 56 7908 5 697 9 38 36 26
200t<Q <300t 27 6819 3 769 11 34 35 31
300t<Q <500t 25 9986 4 1686 17 21 0 79
Q=>500t 11 10 090 5 4046 40 0 0 100
Total 600 43 747 24 7535 17

* Percentage of feed consumptions of trout samiplesitional feed consumptions

3.2  Contribution analysis

Among trout-production stages, feed (i.e., feedipation, milling, and transport) was the main
contributor to mean impacts, such as NPRB4{s), land occupation (>92%), climate change (67-
73%), acidification (63-69%) and energy demand £9@6) (Fig.3). Farm running (i.e., farm
operations and on-farm emissions) was the mainribomdr to eutrophication (81-82%) and water
dependence (89-93%) and influenced energy demdh@g®). Fry (i.e., production and transport of
trout eggs or juveniles) contributed to acidificati eutrophication, climate change, energy demand
and water dependence at a level of 7-14%. It hatight contribution (1-6%) to NPPU and land
occupation. The infrastructure and equipment (irastructure, tank and building construction,
equipment manufacturing and transport) only contgd to acidification, climate change and energy
demand and their contributions were greatly vaeadshong farm groups (2-16%), with the highest
levels always observed in group G2. Liquid oxyges. (liquid oxygen production and transport) had
higher contribution to acidification, climate changnd energy demand (7-10%) in groups G1 and G3
than in group G2. Chemicals (i.e., production aadgport of medicines, cleaning products and other
chemicals) had negligible contribution (<1%). Excépr land occupation and energy demand, all

impacts decreased in this order: G2, G1, G3.
3.3  Environmental impacts and rearing performance of tte three groups

Means and coefficients of variation (CV) of indimavalues were calculated per group in the
observed sample (Table 2). G1 had lower varighititacidification (12%), eutrophication (6%) and
climate change (6%) than G2 and G3 (>20%). G2 hgkeh variability in most indicators than the
other two groups, except for FCR and land occupatiariability in liquid oxygen consumption was
much higher in G2 (260%) than in the other two go(¥6% and 67%, respectively).
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There were no significant differences in environtaénimpacts (e.g., acidification,
eutrophication and climate change) or resource(@sg, land occupation, energy demand and water
dependence) between groups when comparing thentivagie of the bootstrap-based method (Fig. 3).
However, there were significant differences in techl parameters between the groups, such as
production level, feed consumption, liquid oxygemsumption, NPPU, water dependence and human
labor. Although production level was significantiigher in G3 (440 t) than in G2 (79 t) and G1 (168
t), FCR was not significantly different among theee groups. In addition, G2 had significantly
higher NPPU and water dependence than G3, whilgigroficant difference was found between G1
and the other two groups. For human labor, G2 redusignificantly more working time than the

other two groups.
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Figure 3.Contribution of system production stages to LCA impactdrfmut farms grouped by the size of fish
produced: G1 (pan-size), G2 (large and mixed-size)@Bdvery large). Error bars represent 95% confidence
intervals around the means of total impacts.
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Table 2. Means of environmental impacts, technical andagoir indicators and their coefficients of variation
(CV) for trout farms grouped by the size of fish progllicG1 (pan-size), G2 (large and mixed-size), and G3
(very large). Superscript letters indicate significant (pSPdifferences between groups.

G1 G2 G3
Indicator Unit Mean CV Mean CV Mean CV
Production level t 168 56% 79 94% 440 42%
Feed conversion ratio 1.098% 1.17 14% 1.2 18%
Acidification kg SQ-eq. 14 12% 14 26% 13 23%
Eutrophication kg P@eq. 63 6% 73 27% 60 21%
Climate change kg C&eq. 2425 6% 2647 28% 2344 20%
Land occupation Riyear 1099 53% 1339 34% 1472 56%
Energy demand GJ 535% 53 29% 48 18%
Water dependence 1006 m 164° 40% 196" 51% 117 49%
Human labor human.day 5.8 58% 16.5" 89% 2.1° 60%

3.4 PCA results

The eigenvalues of the first three PCs in the lagped PCA were 3.8, 2.6 and 1.8,
respectively. Since the lower limits of 95% Clsatdhted with the BCa method were less than 1, the
first three PCs were selected, which explained amad 75% of the total variation in the observed
sample, with a 95% CI of 71-82%. Significance tesfsloadings indicated that acidification,
eutrophication, climate change and energy demantk vessociated with the first PC (PC1);
production level, liquid oxygen consumption, NPPid dauman labor were associated with the second
PC (PC2); and only FCR was associated with the tC (PC3) (Table 3).

Acidification, eutrophication, climate change anmey demand had strong and significantly
positive correlations (r>0.5, p<0.05) with eachesttwhile NPPU, water dependency and human labor
had significant negative correlations with prodostievel and liquid oxygen consumption (Table 4).
Eutrophication and climate change were signifigargthd negatively correlated with production
(-0.416 and -0.362, respectively). In addition, FG&J strong significant correlations with land
occupation (r=0.610) and NPPU (r=0.405). Also, NR#A$ significantly correlated with human labor

(r=0.526), but not with water dependence.

The sample-based variable loadings and individuates of PC1 versus PC2 were mapped
(Fig. 4). Considering the confidence regions arocewtroids of each group, farms of G2 and G3 had
a wider distribution on the map and were distingeis by technical and economic indicators, while
those of G1 and G2 overlapped, which indicateslaimiharacteristics. Some farms had extreme
values, such as farms 4 and 10 in G3, which cartgtbstrongly to PC1 and had high production but
low environmental impacts. Farms 9 (G3) and 13 (G®jtributed strongly to PC2 but had different
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properties: the former consumed much more liquigger, while the latter required more working

time. Also, farm 18 in G2 had the highest environtakimpacts.

Table 3. Matrix of p values of the first three principal comgnts of 11 technical and environmental indicators.
Bold values mean variables are significantly (p<0.05paased with corresponding PC via the bootstrap
method.

Variable PC1 PC2 PC3
Production level 0.085 0.029 0.150
Feed conversion ratio 0.096 0.482 0.032
Liquid oxygen consumption 0.143 0.019 0.147
Acidification 0.017 0.165 0.305
Eutrophication 0.011 0.388 0.233
Climate change 0.015 0.170 0.366
Land occupation 0.162 0.269 0.067
Energy demand 0.034 0.164 0.273
Net primary production use 0.216 0.030 0.160
Water dependence 0.117 0.135 0.364
Human labor 0.259 0.015 0.271

Table 4. Correlation matrix of 11 technical and environmeinidicators of French trout farms. Bold values
indicate significant (p<0.05) correlation between variableshgaabootstrap method.

Prod. FCR Oxygen AC EU CcC Land Energy NPPU WaterLabor

Prod. 1.000
FCR -0.044 1.000
Oxygen 0.828 0.146 1.000

AC -0.378 0.235 -0.125 1.000
EU -0.416 0.455 -0.255 0.706 1.000
CcC -0.362 0.231 -0.134 0.934 0.758 1.000

Land 0.118 0.610 0.218 0.182 0.1880.261 1.000

Energy -0.243 -0.014 -0.096 0.668 0.432 0.771 0.241 1.000

NPPU -0.410 0.405 -0.355 -0.180 0.169-0.041 0.184 -0.027 1.000

Water -0.493 0.144 -0.321 0.207 0.198 0.188 -0.099 0.140 0.425 1.000
Labor -0.523 0.139 -0.414 -0.065 0.047-0.081 -0.090 -0.262 0.526 0.192 1.000

Prod: production level; FCR: feed conversion ration; Oxydiguoid oxygen consumption; AC: acidification;
EU: eutrophication; CC: climate change; Land: land occupation,gignenergy demand; NPPU: Net primary
production use; Water: water dependence; Labor: Human labor.

140



A:Variable factors map (PC1 vs. PC2) B: Individual factors map
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Figure 4. (A) Variable factors map of the first principal component (P@djsus the second principal
component (PC2) and (B)lgt of individual farms ifi=24) scores of PC1 versus PC2. The individuals were
classified into three groups based on the size of fisHymexd: pan-size, large and mixed-size and very large.
Dashed ellipses indicate 90% confidence regions of thetbmmbed scores for each group.

4, Discussion

4.1 Representativeness of the survey

Since nearly all farm classes reported in the natimventory are represented in our survey, we
consider the representativeness of the surveycgiifi especially for large farms. However, the
national inventory did not collect data about ttze ®f trout produced. Even though the resulthi t
study tend to indicate that large and specializaming have the best performances, it would be
interesting to obtain information about the comnarsize of trout produced in a larger survey or a

future inventory.
4.2  Comparison of impacts with previous studies

Comparison of LCA results with those from previatigdies is always a delicate question due
to methodological differences, especially in defom of system boundaries and allocation of burdens
among co-products (Aubin, 2013; Henriksson et 2012). Fortunately, most impact categories in
LCA studies of salmonid farming are identical arasdd on the CML2 baseline 2000 v. 2.03 impact
assessment method (Guinée et al., 2002). Therefoee,can compare the orders of magnitude of

impacts in the same categories for similar typgsrofluction.
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Mean acidification in our study ranged from 13 tbkh SQ-eq./t, which lies in the same order
of magnitude as those in other studies of trounifiag: 10.6-16.5 kg S£eq./t in Papatryphon et al.
(2004b), 19.2 kg S£eq./t in Aubin et al. (2009), and 10.8 kg =€2./t in Samuel-Fitwi et al.(2013).
Mean eutrophication in our study ranged from 60&dkg PQ-eq./t, which lies in the same order of
magnitude as those of other studies of flow-throtrght farms: 74 kg P£eq./t in Papatryphon et al.
(2004b) and 60 kg P&eq./t in Samuel-Fitwi et al. (2013). These eutioation impacts are higher
than those observed in trout reared in recircuasiguaculture systems: 18-21 kg,Rg./t in Roque
d’Orbcastel et al. (2009) and 42-48 kg 0./t in Boissy et al. (2011). Mean climate chairgeur
study (2344-2647 kg C&eq./t) is similar to that in Samuel-Fitwi et &0(@3), somewhat higher than
that in Papatryphon et al. (2004b) (1540-2410 kg-€§/t), higher than that in Boissy et al. (2011)
(2220 kg CQ@-eq./t), and lower than that in Aubin et al. (20¢2y53 kg CG-eq./t). Mean energy
demand in our study (48-53 GJ/t) is within the &g that in Paptryphon et al. (2004b) (31.0-78.4
GJ/t) and lower than those in Aubin et al. (2009 GJ/t) and Boissy et al. (2011) (55-55.7 GJ/). A
values of acidification, eutrophication, climateaoe and energy demand in our study are higher than
those in Papatryphon et al. (2004a), whose boussl@mcompassed only feed production. NPPU in
our study (114-153 t C/t) was at the same leveaitasdard salmon (145 t C/t) and trout (112 t @/t) i
the Boissy et al. (2011) study. The high variaiiotNPPU found in our study is due to the variapilit

in feed composition and improvements in data dmri®al composition.
4.3 Farm classification and contribution analysis

The three groups had similar environmental impantswere distinguished mainly by technical
and economic indicators (e.g., production levefuili oxygen consumption, NPPU, water
dependence, and human labor). G1 farms show intkateeperformances. These farms benefit from
the biological performances of small trout, combingth more traditional practices than farms from
the two other groups. G2 farms show the lowestiefficy of inputs, with high levels of water
dependence, NPPU and human labor to produce 1 fisbf Moreover, this group has less
homogeneous characteristics, with higher varighitit production level, liquid oxygen consumption
and human labor. These characteristics reflectaver level of specialization of the farms through
the different markets they supply: small and lamgeit for food or restocking markets. These more
opportunistic and variable strategies lead to lowesaring performances. These strategies can be
driven not only by economic considerations, buthgices about quality of life by the farmers. They
have the lowest mean production level. In contr@&,farms display high efficiency. Their water
dependence and NPPU were the lowest of the theggr and other indicators such as energy use
and FCR were not significantly different from theot other groups, although their specialization in
producing very large trout induces an increase hi@ biological FCR and the duration of the

production cycle. These farms are the largest ef ttiree groups and they use liquid oxygen to
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optimize fish performances. These farms aim forimar efficiency of inputs, including the human
labor necessary to produce 1 t of fish, which &ltwest of the three groups. They generally have a

high technical level and use genetically improvedt strains.
4.4  Correlations among variables and bootstrapped PCAe@sults

The negative correlation between production level BCR, climate change, energy demand,
NPPU, water dependence and human labor indicagesfdim production level strongly influenced
technical and environmental efficiencies. Econonofescale exist, which lead to an appropriate level
of production that balances economic constraints emvironmental laws. The significant negative
correlation between production and some environatémpacts (e.g., eutrophication, climate change,
energy demand, and NPPU) indicates that increabimgize of fish produced tends to reduce these
environmental impacts per t of fish. Therefore, gatimal level of production in each group that
maximizes production while minimizing environmentéinpacts could be calculated using
optimization modeling. NPPU was positively and ffigantly correlated with production level and
FCR, which shows that the feed system has an impbdirect influence on trout production but a
large indirect influence in regions where feed @ujents are produced. The positive correlations
between acidification, eutrophication, climate da@arand energy demand show that improving the

production system could improve all of these imgategories simultaneously.

We used the bootstrapped Kaiser-Guttman critetiio@ ower limit of Cl for eigenvalues >1)
(Guttman, 1954; Lambert et al., 1990) to determwhé&ch PCs to retain because this method considers
the random sampling error that may influence tterithution of eigenvalues, in which mean value
may be below the criterion value (i.e., equalsii)such cases, the bootstrap-based method may be
less arbitrary than the traditional Kaiser-Guttmaniiterion. However, although the bootstrapped
Kaiser-Guttman criterion reduces the number of ROsay still overestimate that number (Jackson,
1993). Our study shows that projecting the loadiofysriginal variables and individual scores onto
two or three PCs more clearly describes correlatiamong variables and identifies the most
influential individuals. However, the explanatioraded on the observed sample may be less
meaningful because its small sample size lackedhaldy, a prerequisite of PCA. Therefore, the
bootstrap-based method shows advantages for iatergrthe significance of PCA results. However,
more attention should be paid to avoid the re-andeaind reflection problems during the resampling
procedure. To overcome these problems, we appliedteéchnique proposed by Peres-Neto et al.
(2003) in this study, though orthogonal rotatiomisequivalent method (Milan and Whittaker, 1995;

Timmerman et al., 2007).
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4.5 Bootstrap method

Most significance tests (e.g., student t-test alNDXA) assume that the population mean is
normally distributed, especially when the expectatbe and variance of the population are known.
Although the mean and standard deviation of obsesamples are usually used to represent the
expected value and the square root of variancéefpbpulation, it generally requires a sufficiently
large sample size (n>30) or that the parameterissaistribution be known. However, this is not
always the case in aquaculture studies (Henrikesal., 2012; Papatryphon et al., 2004b). Several
studies have compared tests of equality to overabimeshortcoming (Boos and Brownie, 2004; Efron
and Tibshirani, 1993; Lim and Loh, 1996; Reiczig#lal.,, 2005). In our study, we used non-
parametric bootstrap to perform the significancasteThe 95% Cls around the differences in group
means were used to judge whether or not the npibtimgsis was rejected. Bootstrapped results were
more conservative and realistic than those from shenple-based calculation because random
sampling error was taken into account. Also, the-mormality of some indicators (e.g., production,
liquid oxygen consumption, and acidification) sustgehat non-parametric bootstrap was more robust
than a parametric bootstrap (Potvin and Roff, 1988)ause there was no assumption about the true
distribution of indicators to represent the wholepplation. Another advantage of the bootstrap
method is its ability to estimate Cls around sortegigtics which cannot be obtained from the
observed sample. In this study, for example, BCa uged to estimate Cls for the correlations, which
were used to validate their significance. As codetliby Medulsee (2003), non-parametric bootstrap

was a robust method for estimating Cls for Peassoaoirelation coefficients.

As an approximation method, however, the bootstrathod is designed to estimate uncertainty
in any statistical value (e.g., mean, median andetaion coefficient), and the accuracy of
bootstrapped results depends on the quality andtigyi@f the observed sample (Luo et al., 2013;
Wisz et al., 2008). Nevertheless, when paramessum@ption is justified (satisfying normality and
homogeneity of variance), Efron (1988) suggestaagusarametric bootstrap, which is more accurate
than non-parametric bootstrap. To do so, more datarequired to increase the reliability of
parametric bootstrap. In addition, the quality etendary data used in an analysis may result in
additional uncertainty (e.g., inaccurate measuremed unrepresentative data). Thus, increasing data
guality could reduce parameter uncertainty andigemnore accurate results (Henriksson et al., 2013;
Weidema and Wesnaes, 1996).

5. Conclusion

In this study, a small sample of survey data waslus compare three types of trout production
systems. The results showed strong links betwesmieal/economic and environmental indicators.

Non-parametric bootstrap and BCa-based Cls werdieappo better estimate uncertainty in the
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statistical values. PCA showed the relative infe=nof variable indicators and individual scores.
Technical/economic indicators (production levelmam labor) were the main drivers and were
correlated with environmental impacts such as ehigation and climate change. So, improving

rearing performances is one way to decrease emagntal impacts. The remaining variability in

indicators within farm groups showed that thereoism to improve farm management and decrease
environmental impacts, especially in G2, whose Bs=cialized production led to less control over
management parameters. Feed and liquid oxygen cgusn are the main factors that influence the
environmental impacts. Furthermore, these indisateflect practices such as the monitoring of fish
growth, water quality, and feeding practices. Timeé groups had few differences in environmental
impacts. Despite the small sample size, our bagped PCA method reinforces this overall

conclusion.

Consideration of uncertainty in LCA is an improveréhat is frequently cited. We applied a
method to address the uncertainty due to a smalbleasize in an LCA-based case study. For the first
time, non-parametric bootstrapped PCA has beentosaskess groups of trout farms, and it is able to
express uncertainty in statistical parameters ditators. In the future, to provide reliable resuttata

guality and other types of uncertainty should bestaered throughout the entire system.
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Appendix. Bias-corrected and accelerated (BCa) bostrap method

The BCa method is used to estimate the confidaneeval of a statistic of intereét(e.g., mean
and median) at significance lewe(Efron and Tibshirani, 1993). Its lower and upliits are found

at the 10Q,th and 100,th percentile of bootstrap distribution, respedtive

+ a
a, = D(z, +#OZ+Z‘1)) Eq.1
(1-a)
@ = Dz + —22 Eq. 2

1-a(zo+z(1-D)
where ® is the standard normal cumulative distributioncliom, 7 is the 10@th percentile
point of ®, and 3 is calculated as:

7o = o1 (%5Y Eq. 3

where @71 is the inverse of the standard normal cumulatigtrithution function9;* is the ith

bootstrap estimate 6f and B is the number of the iteration.
Skewness is corrected by the “accelerated inditatomhich is calculated as:

En:l(gl_en)3
= Eq. 4
6+(Tn=1(6"-0n)2)>" a

where@,, is the estimated statistic of interest from theesked sample without the nth row

(jackknife replicate) an€él’is the mean of,,.
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