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Preface 
The work presented in this PhD thesis was conducted from April 2015 to July 2019 

at the Department of Environmental Engineering at the Technical University of 

Denmark (DTU) under the supervision of Senior Researcher Anders Damgaard and 

co-supervision of Professor Thomas F. Astrup. The PhD project was funded by DTU 

through a scholarship from the R98 foundation. 

  

The thesis is organized in two parts: the first part puts into context the findings of the 

PhD in an introductive review, and the second part consists of the papers listed below. 

These will be referred to in the text by their paper number written with the Roman 

numbers I-IV. 

 

I Henriksen, T., Astrup, T.F., Damgaard, A. 2017. Linking Data Choices and 

Context Specificity in Life Cycle Assessment of Waste Treatment Technologies 

– A Landfill Case Study. Journal of Industrial Ecology. Vol 22(5), pp. 1039-

1049. DOI: 10.1111/jiec.12709 

 

II Henriksen, T., Levis, J.W., Barlaz, M.B., Damgaard, A. 2019. Approaches to 

fill data gaps and evaluate process completeness in LCA – perspectives from 

solid waste management systems. International Journal of Life Cycle 

Assessment. Online version. DOI: 10.1007/s11367-019-01592-z 

 

III Henriksen, T., Astrup, T.F., Damgaard, A. 2019. Data representativeness in 

LCA: Framework for systematic assessment of data quality relative to 

technology characteristics. Submitted. 

 

IV Henriksen, T., Bisinella, V., Astrup, T.F., Damgaard, A. 2019. Integrated data 

quality and uncertainty analysis in LCA. Manuscript. 

 

 

In the online version of the thesis, paper I-IV are not included but can be obtained 

from electronic article databases e.g. via www.orbit.dtu.dk or on request from DTU 

Environment, Technical University of Denmark, Bygningstorvet 115, 2800 Kgs. 

Lyngby, Denmark, info@env.dtu.dk.  

https://doi.org/10.1007/s11367-019-01592-z
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In addition, another publication and three conference proceedings, not included in 

this thesis, were also concluded during this PhD study: 

 Kromann, M., Jakobsen, J.B., Pedersen, J.K., Henriksen, T., Damgaard. A. 

2019. På vej – Mod øget genanvendelse af husholdningsaffald 

(livscyklusvurdering og samfundsøkonomisk konsekvensvurdering). 

Miljøprojekt nr. 2059. Miljøstyrelsen, Miljø- og Fødevareministeriet.  

 Henriksen, T., Astrup, T.F, Damgaard, A. 2017. Addressing spatial 

variability of waste treatment technologies – for prioritizing data collection in 

LCA studies. Presented at the 16th International Waste Management and 

Landfill Symposium, Sardinia, Italy.  

 Henriksen, T., Astrup, T.F., Damgaard, A. 2017. How to address data quality 

in the solid waste domain. Presented at the ISIE/ISSST 2017 Joint 

Conference, Chicago, USA. 

 Henriksen, T., Astrup, T.F, Damgaard, A. 2016. Influence of Data Choices 

in Life Cycle Assessment of Waste Management Systems. Presented at 

SETAC Europe 26th Annual Meeting, Nantes, France.  
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Summary 
Despite the data quality requirements in life cycle assessment (LCA) standards and 

existence of data quality assessment (DQA) frameworks there is still need for a 

further integration of data quality in LCA. Main challenges are the choice of 

appropriate life cycle inventory (LCI) data, subjectivity in the DQA process, and the 

lack of a standardized approach to include data quality alongside with the quantitative 

uncertainty when interpreting the LCA results. The scope of this PhD project was on 

the role of data quality in LCA of solid waste management (SWM) systems. The 

objectives, methods, results, and conclusions of the PhD project are summarized.  

The objectives were to make methodological contributions to 1) representative 

foreground modeling concerning data choices versus specificity of scope of study 

and concerning the occurrence of data gaps, 2) DQA methods concerning the 

assessment of data representativeness relative to technology characteristics, and the 

systematic assessment of process completeness, and 3) integration of uncertainty and 

data quality analysis to identify the critical data in a model.  

The same approach was followed for the four publications: development of a 

principle method and test on a case study. The case studies involved the construction 

of SWM LCA models. Furthermore, waste-to-energy (WtE) technology data was 

collected and applied as an illustrative example of modification of the criteria to data 

representativeness. In the LCA modeling benefits from the generation of usable by-

products were accounted for by system expansion. The LCA models were constructed 

in EASETECH and the data analysis was done in Excel and RStudio.  

Concerning objective 1, firstly, data choices relative to the specificity of the scope of 

study was analyzed for a landfill model. The number of representative landfill da-

tasets ranged from 52 to 1 for the least specific and most specific scope of study. This 

was reflected by the global warming potential (GWP) results, which ranged from -

457 to 293 kg CO2-eq for the least specific scope of study and a single point value 

for the most specific scope of study. The results highlighted the need for compatibil-

ity between the scope of study and LCI model. Secondly, the use of surrogate data to 

fill data gaps was analyzed for a model of household waste management. Alternative 

proxy values were identified for data gaps in the waste treatment processes, and the 

critical data gaps were those influencing the results > 5% when not filled by a proxy 

value; these were the CH4 release from composting (up to 40%), WtE efficiency 

(>100%), sorting efficiencies at the material recovery facility (up to 29%), and com-

position of the plastic, metal, and paper fractions in the waste (up to 25%). The se-

lection of proxies for the critical data gaps were based on a comparison of the data 

quality of all candidate proxy values.  
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Concerning objective 2, firstly, a general format of modified criteria to assess data 

representativeness in a pedigree matrix was developed. The modified criteria con-

sisted of a time interval according to the temporal development of the technology, 

and identification of relevant geographical and technical factors, which should be 

modeled accurately. An example with the flue gas emissions of the WtE technology 

resulted in 4 year time intervals and the worst pedigree score given for data older 

than 15 years. The relevant geographical and technical factors were the design of the 

scrubber, NOx removal, and dioxins removal, and the recipient of the flue gas emis-

sions. Secondly, a systematic identification of the expected flows for calculation of 

the process completeness score was tested on the WtE process. A completeness score 

of 78% was obtained for the material consumption, and the missing flows were aux-

iliary fuels and precipitation chemicals. The completeness score for the air emissions 

ranged from 38 to 50% depending on the inclusion of expert judgment. Consideration 

of the relevance of the air emissions to GWP resulted in an adjusted score of 67%. 

Furthermore, applying weighting factors reflecting the greenhouse gas contribution 

within the geographical context of the LCA adjusted the completeness score to  94%.     

Concerning objective 3, an integrated importance and data quality analysis was sug-

gested. Firstly, a comprehensive data quality evaluation was used to identify issues 

influencing the overall LCA results. Secondly, if not provided with the data, the es-

timation of the input uncertainty was correlated with the evaluation of the acquisition 

method and statistical properties of the data. Thirdly, the strength of the data was 

calculated as the average data quality score and plotted with the uncertainty contri-

bution of the data to identify critical data in an LCI model. A preliminary example 

with an LCA model of paper waste management was provided, which will be further 

elaborated.  

 

Based hereon, the principle conclusions of the PhD project are:  

A. To avoid bias of LCA results, due to data inaccuracies, the range in repre-

sentative discrete data choices should be included in the LCI model. 

B. Data quality and quantitative uncertainty are independent data attributes that 

are equally important in the interpretation of the LCA results. 

C. Systematic consideration of the technology characteristics in the assessment 

of representativeness and process completeness is a prerequisite of relevant  

and credible data quality scores and LCA results. 

D. An improved DQA framework is suggested that include the aspects of B and 

C.  
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Dansk sammenfatning 
På trods af krav i standarden til livscyklusvurdering (LCA) og eksisterende metoder 

til vurdering af datakvalitet er der stadig behov for en yderligere integrering af 

datakvalitet i LCA. De primære udfordringer er valg af passende data, subjektivitet i 

vurderingen af datakvalitet og manglen på en standardiseret metode til at inkludere 

datakvalitet i fortolkningen af LCA-resultaterne. Dette ph.d.-projekt omhandler 

vurdering af datakvalitet i forbindelse med LCA af affaldsbehandlingssystemer. Det 

følgende giver en opsummering af formål og metode samt de primære resultater og 

konklusioner.   

Formål med denne ph.d. var at levere metodiske bidrag til 1) repræsentativ valg af 

data som matcher de givne rammer for et LCA-studie og med henblik på manglende 

data og behovet for stedfortræder-data, 2)  metode til vurdering af repræsentativitet 

af data med hensyn til de teknologiske karakteristika samt og metode til vurdering af 

fuldstændighed af processer med hensyn til relevans og vigtighed af datapunkter, og 

3) en integreret analyse af den kvantitative usikkerhed og kvaliteten af data anvendt 

i en LCA-model.  

Samme fremgangsmåde var anvendt i de fire publikationer:  udvikling af en metode 

og test af metoden på et eksempel. De inkluderede eksempler var LCA-modeller af 

affaldsbehandlingssystemer og en analyse af affaldsforbrændings-teknologien. 

Fordelene ved genanvendelse og energiproduktion fra affaldsbehandlingen var 

inkluderet i LCA-modellerne ved at udvide systemet til at inkludere de påvirkede 

processer. LCA-modellerne var bygget i EASETECH, og resultaterne var analyseret 

i Excel og RStudio. For at tilvejebringe analyse af affaldsforbrænding blev der samlet 

data om danske affaldsforbrændingsanlæg. 

Vedrørende første delmål af formål 1, så blev en LCA-model af affaldsdeponering 

anvendt til analyse af datavalg ift. specificiteten af et LCA-studie. Antallet af repræ-

sentative deponi-datasæt var et interval fra 52 datasæt til et enkelt datasæt for det 

mindst specifikke henholdsvis mest specifikke LCA-studie. Denne forskel viste sig i 

resultaterne for ’global opvarmning’ hvilke havde en spændvidde på 750 kg CO2-eq 

for den mindst specifikke LCA og udgjorde enkeltværdier for den mest specifikke 

LCA. Resultaterne fremhævede behovet for overensstemmelse imellem specificiteten 

af en LCA og LCI-modellen. Vedrørende andet delmål af formål 1, så blev brugen af 

stedfortræder-data analyseret på en LCA-model af behandling af husholdningsaffald. 

Forskellig stedfortræder-data blev indsamlet for datamangler i affaldsbehandlings-

processerne, og de ’kritiske datamangler’ var dem som påvirkede resultaterne > 5% 

hvis ikke de blev udfyldt af stedfortræder-data; disse var methan-udslip fra kompo-

stering (op til 40%), el-produktion fra affaldsforbrænding (>100%), sorteringseffek-

tiviteter på sorteringsanlæg (op til 29%), and sammensætning af plastic, metal og 

papir i affaldet (op til 25%). Valget af stedfortræder-data for de kritiske datamangler 
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var baseret på en sammenligning af datakvaliteten af de indsamlede stedfortræder-

data.  

 

Vedrørende første delmål af formål 2, så blev en generel skabelon med modificerede 

kriterier til vurdering af repræsentativitet i en pedigree-matrix udviklet samt identi-

ficering af relevante geografiske og tekniske faktorer. Et eksempel med røggasemis-

sioner fra affaldsforbrænding resulterede i tidsintervaller på fire år og den værste 

pedigree-score ved anvendelse af mere end 15 år gammel data. De relevante geogra-

fiske og tekniske faktorer var design af scrubber, NOx-fjernelse og dioxin-fjernelse 

samt recipient af røggasemissionerne. Vedrørende andet delmål af formål 2, blev de 

forventede data for en affaldsforbrændingsproces systematisk identificeret med hen-

blik på beregning af en score for fuldstændighed af processen. En score 78% blev 

opnået for kemikalieforbruget i røggasrensningen, og de manglende data var forbrug 

af støttebrændsler og udfældningskemikalier. Scores for røggasemissioner varierede 

fra 38-50 % afhængig af om der blev anvendt ekspertvurdering. Hvis der blev taget 

højde for relevansen af røggasemissionerne for global opvarmning opnåedes en ju-

steret score på 67%. Derudover blev der anvendt vægtningsfaktorer der afspejlede de 

relative bidrag til global opvarmning i USA, hvilket gav en justeret score på 94 %.    

 

Vedrørende formål 3 blev en metode for integreret analyse af vigtigheden og kvali-

teten af LCI-data foreslået. En dækkende datakvalitetsvurdering blev udført for at 

udpege steder med lav datakvalitet, som kan påvirke de overordnede LCA-resultater. 

Hvis den stokastiske usikkerhed af data ikke var tilgængelig blev denne estimeret 

baseret på om data er estimeret eller ej og om der findes en stikprøve eller en enkelt-

værdi. En målestok for ’styrken’ af data blev beregnet som middelværdien af alle 

datakvalitets-scorer. Kombineret med vigtigheden af data (dvs. bidraget til summen 

af output-variansen) kunne de kritiske LCI-data blive identificeret. Et simpelt eksem-

pel med LCA-model af behandling af papiraffald blev anvendt. 

 

Baseret på dette er de overordnede konklusioner som følger:  

A. For at undgå fejlbehæftede LCA-resultater, pga. data-unøjagtigheder, bør in-

tervallet af repræsentative diskrete datavalg inkluderes.  

B. Datakvalitet og kvantitativ usikkerhed er uafhængige data-egenskaber som er 

lige væsentlige i fortolkningen af LCA-resultaterne. 

C. En forudsætning for relevante og troværdige datakvalitets-scorer og LCA-re-

sultater er en systematisk inddragelse af teknologi-karakteristika i vurderin-

gen af repræsentativitet og fuldstændighed. 

D. Et forbedret rammeværktøj til datakvalitetsvurdering er foreslået, hvilket in-

kluderer aspekterne i punkt B og C.  
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1 Introduction 

1.1 Model uncertainty and decision-making  
Uncertainty is unavoidable whenever we need to make predictions, for example of 

climate change, economic growth, performance of technologies, degradation of en-

vironmental pollutants, etc. At the same time, uncertainty is difficult to communicate 

because decision-makers, journalists, politicians, and other societal stakeholders may 

interpret uncertainty as the inability to make any conclusions at all. Meanwhile, ex-

cluding the uncertainty entirely can give a false sense of certainty with the receivers 

of the information. Thus, we need to find a balance between including and communi-

cating uncertainty, and making useful conclusions based on our analyses. Applying 

models to analyse systems often includes a potentially complex network of sub-sys-

tems, a number of scenarios, large data requirements, and underlying assumptions. 

Solid waste management (SWM) systems, for example, consist of various combina-

tions of collection, transportation, treatment, utilization, and final disposal of the 

waste (Christensen, 2011). In the European Union (EU), the goal is that waste man-

agement develops from linearity (i.e. ‘cradle-to-grave’) to circularity (i.e. ‘cradle-to-

cradle’), where energy and resources are increasingly recovered from the waste ma-

terials as reflected in the waste management hierarchy (European Commission, 2008) 

and action plan for the circular economy (European Commission, 2015). With this 

development the waste management sector is becoming more complex.  

The analysis of complex systems characterized by high uncertainties and/or high de-

cision stakes (e.g. when the outcomes are used in policy-making) has been described 

as post-normal science (Funtowicz and Ravetz, 1990). Post-normal science deals with 

uncertainties arising from stochastic variation – analysed by traditional statistics – 

and with epistemic uncertainties. Epistemic uncertainties express lack of knowledge 

caused by e.g. unknown future conditions and simplifying model assumptions as well 

as the lack of measurement data leading to use of potentially outdated and inaccurate 

data from literature,  i.e. imperfect data (Clavreul et al., 2013). When we apply mod-

els to support decision-making the implications of the use of imperfect data along 

with other uncertainties should be communicated. However, the use of imperfect data 

is inherently a qualitative matter, which makes it less straightforward to integrate in 

the model compared to stochastic uncertainties. Yet, referring to the phrase “garbage 

in – garbage out”, the qualitative attributes of the input data must be considered to 

fully inform the decision-makers about the reliability of the model outcomes.  

Data quality represents the ‘characteristics of data relating to their ability to satisfy 

stated requirements’ (ISO, 2006a) and a ‘fitness for purpose attribute’ of data 

(Funtowicz and Ravetz, 1990). For example, data can be more or less reliable (e.g. 

measured or estimated), more or less representative, and more or less complete. Data 



2 

quality assessment is an entire framework for the description of data quality require-

ments, documentation, and final evaluation of data quality. Funtowicz and Ravetz 

(1990) developed the NUSAP system to combine the quantitative and qualitative as-

pects of uncertainties of data in environmental models; it describes the numerical 

value (N), unit (U), spread (S), assessment of confidence (A), and pedigree of the 

input data (P). Where spread targets the stochastic variation (i.e. precision) of the 

data, pedigree enables a systematic evaluation of the production process of infor-

mation (van Der Sluijs et al., 2005). The pedigree matrix contains a number of data 

quality indicators (e.g. reliability, completeness, and representativeness) and data 

quality criteria, which are translated into a semi-quantitative ranking scale 

(Funtowicz and Ravetz, 1990). The pedigree matrix was adapted to the field of life 

cycle assessment (LCA) more than 20 years ago to account for the attributes of the 

life cycle inventory (LCI) data (Weidema and Wesnæs, 1996); since then, the use of 

the pedigree matrix has been the ‘default approach’ to DQA in the LCA field but 

there are still potential for improvements. The following section gives an introduction 

to the LCA methodology with a focus on the role of data quality information.    

1.2 LCA and data quality information 
Life cycle assessment is a standardized method to assess the potential environmental 

impacts from the full life cycle of industrial activities, e.g. the manufacturing of prod-

ucts or operation of larger systems, such as waste management systems. All LCA 

models consist of foreground data meaning the direct exchanges with the environ-

ment (emissions, raw materials extraction), and background data containing the LCIs 

for the provision of energy, fuels, and materials consumed in the foreground model. 

In total, a large amount of data are required to conduct an LCA, which implies the 

use of data from heterogeneous sources (Finnveden et al., 2009). This is particularly 

the case for LCA of SWM systems often involving a wide range of individual tech-

nologies and waste compositions (Laurent et al., 2014a).   

There are four mandatory LCA phases (Figure 1): Goal and scope definition, LCI 

analysis, impact assessment, and result interpretation (ISO, 2006a). The goal and 

scope definition phase includes for example the intended application and audience of 

the study as well as the functional unit, system boundary, and data quality require-

ments of the study. The data quality requirements should specify the ‘characteristics 

of the data needed for the study’, i.e.  the required precision, completeness, con-

sistency, reproducibility, sources, uncertainty, and representativeness of the data  

(ISO, 2006a). The LCI analysis phase includes the collection of elementary flows 

occurring between the environment and industrial facilities (raw materials extraction, 

emissions, and waste streams) and intermediate flows occurring between the indus-

trial facilities (by-products and reference flow). In the impact assessment phase, the 

elementary exchanges are converted to potential impacts by classification and char-

acterization of each exchange. Finally, significant issues, conclusions, limitations 
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and recommendations are identified in the result interpretation phase (ISO, 2006b). 

Figure 1 highlights the role of data quality information in LCA as required by the 

ISO standard. As such, it is clear that data quality information should be an integral 

part of the scope, LCI modeling, and results interpretation of an LCA; however, the 

ISO standard does not include an operational data quality assessment (DQA) method.  

 

 

Figure 1 Mandatory LCA phases with addition of the role of data quality information. 

Based on Fig. 1 in ISO 14040 (ISO, 2006a)  

 

The lack of an ISO-required DQA method has been met by a number of methods 

suggested by the LCA community who has long considered DQA as key to knowing 

the limitations of the results (Finnveden and Lindfors, 1998; Kennedy et al., 1997; 

Smet and Stalmans, 1996; Vigon and Jensen, 1995). Since the pedigree matrix was 

introduced to the LCA field more DQA frameworks have been published (e.g. EC-

JRC, 2010; Edelen and Ingwersen, 2017; Weidema and Wesnæs, 1996). Overall, the 

current frameworks agree on the sequential (and iterative) approach of DQA, i.e. data 

quality goals definition, data collection, and data quality evaluation using a pedigree 

matrix. However, the frameworks differ with regards to the included data quality 

indicators, approach to quality scores aggregation, and subsequent application of the 

scores; section 3.2.1 provides a comparison of selected DQA frameworks.  

Despite the existence of multiple DQA frameworks there are still shortcomings. Sub-

jectivity is required to interpret the data quality criteria for some of the indicators 

(e.g. representativeness), which causes a lack of transparency in the evaluation of the 

data (Cooper and Kahn, 2012). In addition, there is no specific explanation or guid-

ance on how an LCA practitioner should evaluate background data that stem from 

databases, and for which documentation/metadata may be scarce and unit process 

flows aggregated (the ecoinvent database assess the quality of the data but does not 

provide a guideline for the user of the data). Finally, an operational method is lacking 

on how to identify the key data in an LCI model having a large influence on results 

and low data quality; this is only conceptually depicted so far (EC-JRC, 2010).  
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1.3 LCA modeling of waste management systems 
The waste management sector consists of several public and private stakeholders, 

and there are multiple technical treatment pathways for separate waste fractions. For 

example, traditionally organic household waste has been thermally treated in Den-

mark but is increasingly being source-separated and treated at anaerobic digestion 

plants (Danish EPA, 2016); and in other countries food waste is composted and land-

filled (US EPA, 2016). Due to the increasing complexity of SWM systems, LCA is 

used to support decision-makers via a systematic comparison of alternative waste 

treatment pathways and quantification of the upstream, direct, and downstream ben-

efits and burdens, e.g. the EU (COWI A/S and Utrecht University, 2018). Benefits 

stem from the recovery of recyclable materials and energy as well as other secondary 

resources that substitute primary materials, marginal energy, etc. Burdens stem from 

emissions during collection, transportation, treatment, and final disposal of the waste 

as well as from the raw material consumption related to the transportation and waste 

treatment processes.  

The complexity of SWM systems imply that there are intrinsic data needs and data 

quality issues related to LCA modeling of these. The design of the waste collection 

and treatment in an area is closely linked with the local waste composition, which 

varies over time and place (Bisinella et al., 2017; Edjabou et al., 2014; Eisted et al., 

2009). Furthermore, the choice of treatment pathway depends on the proximity of 

treatment facilities, market demands for energy and secondary materials, and on the 

quality of the secondary materials after sorting at a MRF (Pressley et al., 2015). Com-

bined with the occurrence of long-term emissions from the final disposal of residues 

[e.g. leaching from landfills (Laurent et al., 2014b) or leaching from crushed con-

struction and demolition waste used as road base (Allegrini et al., 2015)], site-spe-

cific LCI data is required for representative modeling of SWM systems. Meanwhile, 

the availability of site-specific data is scarce (Clavreul et al., 2012) suggesting the 

risk of inaccurate modeling, e.g. the use of outdated literature values that can cause 

biased LCA results. Furthermore, there is a risk of missing data and data gaps, which 

can end up favouring the least complete process in an LCA (Moreau et al., 2012). 

These characteristics are not unique to SWM systems but may also be the case for 

other industrial sectors and emerging technologies in general (e.g. Hung et al., 2018; 

Meron et al., 2016a).    
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1.4 Aim and research objectives 
The aim of this thesis is to provide an improved DQA framework for evaluating and 

ensuring the role of data quality in LCA of complex multi-technology systems, such 

as waste management systems. To fulfil this aim, the research objectives are as 

follows: 

Obj. 1 Enhance the representativeness of foreground modeling by linking the data 

choices with the specificity of the scope of study (Henriksen et al., I), and 

by a systematic selection of surrogate data to fill data gaps in the LCI 

(Henriksen et al., II). 

Obj. 2 Improve the qualitative assessment of data representativeness and process 

completeness by considering the technology characteristics when 

evaluating representativeness (Henriksen et al., III), and by a systematic 

identification of the set of expected flows (Henriksen et al., II).   

Obj. 3 Suggest an approach for integrated analysis of the importance and quality 

of the data with the purpose to identify the critical data in an LCI model 

(Henriksen et al., IV).   

The remaining part of the thesis is structured in six chapters:   

Chapter 2 describes the methodological approaches used throughout this PhD 

project. In chapter 3, the state-of-the-art description presents the current knowledge 

of the scientific field, i.e. approaches to representative foreground modeling (obj. 1), 

characteristics of existing DQA methodologies (obj. 2), and analysis of the 

importance of the data in an LCI model (obj. 3). Hereafter, chapters 4-6 present the 

contributions of this PhD project. The contributions are methodological 

developments, which were tested on case studies, and accordingly the chapters are 

structured by a description of the developed method followed by a description of the 

case study, and main outcomes. Chapter 4 describes the contributions to 

representative modeling related to the scope specificity and occurrence of data gaps 

(obj. 1). Chapter 5 describes the contributions to quality assessment methodologies 

concerning technology-relevant data quality criteria to representativeness and 

process completeness (obj. 2). Chapter 4 and 5 conclude with recommendations that 

link to obj. 1 and 2, respectively. Next, chapter 6 describes the contributions to an 

improved DQA framework, which ensures the role of data quality information in the 

LCA phases, and combines the evaluation of data quality and importance (obj. 3) . 

Finally, chapter 7 presents the main conclusions and recommendations.  
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2 Methodology 
This chapter describes the general methodological approaches used throughout this 

PhD project. The sections describe the LCA modeling principles and structure of 

LCA waste management models as well as the applied case studies and data sources. 

Furthermore, a list of key terms used throughout the PhD project are defined in Box 

1 at the end of this chapter. 

2.1 Relevant LCA phases and perspective of the 

modeling 

2.1.1 Relevant LCA phases 

The principles of the LCA methodology was described in section 1.2 including the 

four mandatory LCA phases. Data quality should play a role in the goal and scope 

definition, LCI analysis, and interpretation phase (Figure 1); thus, the work of this 

PhD project is placed in these three phases. The goal and scope definition describes 

the data needs and coverage of the study, which is  relevant to the context-dependent 

indicators (defined in section 3.2). The data collection, documentation and quality 

evaluation occur in the LCI analysis phase, e.g. the documentation of the expected 

flows and technology characteristics as described in sections 5.1 and 5.2. Finally, an 

approach to consider data quality aspects in the interpretation phase is described in 

section 6.1.  

2.1.2 LCA practitioners perspective 

Data quality management can be seen from the perspective of the data generator, 

repository, and user (Edelen and Ingwersen, 2017). This PhD project takes the user 

perspective; in other words, the LCA practitioner. From the perspective of the LCA 

practitioner, the foreground system is the area of expertise and the background data 

are extracted from databases (see Figure 2). The chosen perspective gave rise to the 

priority of approaches targeting the foreground data and the underlying aim of en-

hancing the level of understanding of the foreground processes. Oppositely, a per-

spective of the data generator/repository (i.e. database) might have shifted the prior-

ity towards e.g. automation of the DQA (Edelen and Ingwersen, 2017). In the thesis, 

‘user’ refers to the execution of the procedure of a DQA framework, and ‘practi-

tioner’ refers to the execution of all LCA phases, i.e. ‘user’ and ‘practitioner’ are the 

same person performing different tasks.   

2.2 LCA modeling approach 
The LCA practitioner must select the modeling approach and apply this consistently 

in all components of the analysis (ISO, 2006b). There are two principle LCA model-

ing approaches; consequential and attributional modeling. The attributional modeling 
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approach describes the system as it occurs in the actual supply-chain; the goal is to 

quantify the potential impacts that can be attributed to the foreground system; and 

allocation is used to solve multifunctionality. The goal of a consequential modeling 

approach is to identify the consequences that a decision in the foreground system 

have on processes in the foreground and background system. Multifunctionality is 

solved by system expansion (EC-JRC, 2010).  

The LCA models in the case studies that were carried out (see section 2.4) aimed at 

accounting the potential impacts from existing waste management technologies  and 

systems. The attributional modeling approach was applied in the foreground model 

to account for the potential impacts from the waste management processes. In addi-

tion, the benefits and burdens were modeled by expanding the system to include the 

external processes influenced by the SWM system1, e.g. the substitution of commer-

cial fertilizer by the use of compost (Henriksen et al., II). This combination of attrib-

utional and consequential modeling corresponded to the modeling approach depicted 

for ‘situation C1’ in EC-JRC (2010b).  

2.3 LCA modeling of solid waste management  

2.3.1 Applied tools 

Useful LCA modeling tools should respond to variation in the waste composition, 

include input-specific and process-specific emissions, and set up entire waste man-

agement systems (Gentil et al., 2010). The LCA model EASETECH was applied to 

model the SWM scenarios in Henriksen et al., I, II, IV. EASETECH allows for frac-

tional and physico-chemical characterization of the waste, parameterization of the 

inventories, and set-up of entire waste management systems (Clavreul et al., 2014).  

The LCA results were analysed in Excel and RStudio. RStudio is an open-source 

software for statistical computing and graphics.  

2.3.2 Model structure 

The principle structure of the LCA models were a sequence of connect processes 

modules, which were modeled bottom-up with key parameters governing the envi-

ronmental performance of the processes (Boldrin et al., 2011). The process modules 

were quantified by direct elementary exchanges (i.e. emissions and raw materials 

                                                 

 

 

1 Example of method: to obtain equivalence in a comparison LCA of thermal treatment versus recy-

cling of waste, the co-products from the thermal treatment (electricity and heat) and recycling (sec-

ondary materials) were credited by subtracting otherwise produced energy and primary materials.   
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extraction), intermediate flows (i.e. waste fractions and by-products), and parameters 

including transfer coefficients and efficiency measures.    

The scenarios in the case studies all targeted the management of household waste of 

which major fractions are food waste, paper, cardboard, plastic, glass, and metals 

with associated differences in the physico-chemical composition (Edjabou et al., 

2014; Götze et al., 2016; Riber et al., 2009). Figure 2 illustrates the model structure 

and unit processes of a household waste management system. The order of the unit 

processes may be different (e.g. sorting after collection) and there is often a mix of 

treatment pathways for the individual waste fractions (Bassi et al., 2017). The waste 

collection, transportation, and treatment processes constitutes the foreground model 

of the SWM LCAs. Figure 2 illustrates the interaction with the background model, 

where ‘repository’ is a broad term used to cover commercial databases and other 

storage places for background data. The background processes typically account for 

the provision of materials and energy as well as the substituted processes, e.g. the 

substituted marginal energy due to energy generation from waste incineration (Astrup 

et al., 2009a). Environmental exchanges occur at the boundary of the ecosphere and 

technosphere for the foreground and background model, and the environmental im-

pact assessment is the result of the classification and characterization of the environ-

mental exchanges (EC-JRC, 2011).  

 

Figure 2 Principle structure of the LCA model of household waste management. In-

spired by the generic Fig. 13 in EC-JRC (2010b)  

2.4 Case studies 
As mentioned in section 1.4 the contributions of this PhD project are methodological. 

Four case studies were conducted to illustrate the usability of the developed methods 

(a-d in Figure 3). Case studies a-c involved LCA modeling of SWM scenarios. The 

scenarios started with waste generation and source separation at the household, but 

differed in terms of included waste management processes. In d, the characteristics 

of the WtE process was analysed and applied to illustrate suggested methods for the 

assessment of representativeness and process completeness (Henriksen et al., II, III). 
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Figure 3 Overview of the four case studies conducted in this PhD project including 

the relevant thesis sections and publications 

 

2.4.1 Data sources 

Secondary data were collected to conduct the case studies. Landfill process modules 

on the management of landfill gas and leachate were collected from the EASETECH 

database (Olesen and Damgaard, 2014), and data from the EASETECH database were 

also used to model paper recycling (Henriksen et al., I, IV). Data on household waste 

composition and management in the US were collected from the SWOLF database 

(NCSU, 2014) as well as the EASETECH database and other literature (Henriksen et 

al., II). Finally, the data applied to analyze the characteristics of the WtE technology 

were measurement data reported by ten Danish facilities in the period 1995-2016 and 

a state-of-the-art report on Danish WtE facilities (Danish EPA, 2019; ISWA, 2012). 

The reported data were available as pdf files or in physical magazines, and raw data 

for flue gas emissions, chemicals consumption, and energy recovery efficiencies 

were transferred to Excel (Henriksen et al., III). 

The data sources for the composition of the household waste in case study a-c were 

a) fractional composition based on Jensen et al. (2013) and physico-chemical com-

position based on Riber et al. (2009), b) fractional composition based on SCS 

Engineers (2014) and physico-chemical composition based on Riber et al. (2009), 

and c) fractional composition based on Petersen (2011) and physico-chemical com-

position based on Riber et al. (2009, 2006). 

a. Landfilling of residuals

Household waste

c. Paper remanufacturing

Source 

separation

Section 4.1.2 (Henriksen et al., I)

Section 6.1.2 (Henriksen et al., IV)

b. Integrated waste management 

in the US

Section 4.2.2 (Henriksen et al., II)

d. Analysis of WtE technology

Section 5.1.2 and 5.2.2 
(Henriksen et al., II, III)
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Box 1 Definition of key terms used throughout this thesis 

Context is the part of the scope definition that describes the technological, geo-

graphical, and temporal coverage of an LCA study (Henriksen et al., I). More spe-

cifically, the target data is the year, place, and technology that the LCA study is 

intended to represent; also called data quality goals (Weidema and Wesnæs, 1996).  

 

Technologies are either single devices (a product) or multiple connected devices 

in an industrial facility (e.g. a product manufacturing plant).  Technology compo-

nents are separate parts of a facility for which process data can be collected; equal 

to single operating or aggregated unit processes. Key parameters describe the en-

vironmental performance of the technology components (Henriksen et al., III). 

 

Factors are geographical conditions and technical configurations whose variation 

potentially influence the environmental performance of the technologies (Henrik-

sen et al., III).  
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3 State-of-the-art description 
This chapter presents the current scientific knowledge relevant to research obj. 1-3 

of this PhD project. Section 3.1 addresses representative foreground modeling (basis 

for obj. 1), section 3.2 compares current DQA methodologies and describes the eval-

uation of representativeness and process completeness (basis for obj. 2), and section 

3.3 describes the analysis of the importance of data in LCA models (basis for obj. 3).  

3.1 Representative foreground modeling 

3.1.1 Data choices reflecting context specificity 

Data representativeness is a measure of how accurate a single data point or a dataset 

cover the ‘true’ system, i.e. the temporal, geographical, and technological context of 

the LCA study defined in the goal and scope definition (context defined in Box 1). 

The context may cover a single technology applied at a specific site or multiple tech-

nologies applied in a larger region; and the LCI data must represent the true values 

or mixes of values depending on the specificity of the study (EC-JRC, 2010; ISO, 

2006b).  

Uncertainty intervals may cover the stochastic variation (i.e. precision) and  inaccu-

racy of the data; inaccuracy is e.g. the use of a unit process with deviating technology 

configuration to the target technology. Failure to include the variability of processes 

under different operating conditions can introduce a bias to the results, which is larger 

than the stochastic variation (EC-JRC, 2010; Henriksson et al., 2013). 

The simplest uncertainty interval is the min-max interval (Clavreul et al., 2013; 

Heijungs, 1996). Min-max intervals have been used around so-called horizontal av-

erages of discrete technologies, years, and sites, e.g. the horizontal average of nu-

merous disposable beverage cups datasets (Henriksson et al., 2013; van der Harst et 

al., 2014). Other authors linked the boundaries of the LCI data with the available 

information about the manufacturing of steel resulting in larger intervals for lower 

information levels (Bawden et al., 2016). In addition, authors suggested a method to 

identify subsets of representative datasets in a database based on the available infor-

mation (Olivetti et al., 2013). Yet, none of the current work target SWM and modular 

process modeling. 

As mentioned in section 1.3, accurate modeling of SWM systems requires infor-

mation about the local conditions. An example showed that the ranking of incinera-

tion versus recycling of paper depended on the specific technology configurations, 

e.g. the automation level of the recycling facility (Merrild et al., 2008); thus, if the 

automation level is not specified in the scope of study, the LCI should in principle 

cover the range of possible configurations. Based hereon, representative LCI model-

ing requires an understanding of the inherent variability of the technologies within 
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the context of the study as well as available data and a model setup that allows for 

the inclusion of all possible configurations. These aspects were addressed in 

Henriksen et al., I and are presented in section 4.1.   

3.1.2 Missing data and selection of surrogate data  

The large amount of data needed to conduct an LCA implies that missing data and 

data gaps are common, being entire unit processes or single data points (Canals et 

al., 2011; Hischier et al., 2001). There is a risk of complete data gaps when modeling 

emerging technologies, such as a unit process for the use of bioleaching to recover 

metals from electronic waste (Villares et al., 2017, 2016) and when only those indus-

trial emissions monitored by law are measured while the other emissions are ignored  

as in the case of waste water treatment plants (Yoshida et al., 2014). On the other 

hand, site-specific data gaps are common and express only the lack of data represent-

ing the specific technology, time, and/or place (regardless if it is primary or second-

ary data); the ‘normal procedure’ is to locate surrogate data in literature, databases, 

or via expert judgement (Subramanian and Golden, 2016). Missing data should be 

treated by the justified use of a non-zero value, zero value, or calculated/estimated 

value (ISO, 2006b).  

There are different approaches to fill data gaps including the use of proxies (proxies 

defined in Box 2). Alternatively to proxies, models have been used to compute and 

scale missing data; for example Pressley et al. (2015) estimated the energy use per 

unit mass of material processed at MRFs, and Sanjuán et al. (2014) estimated the 

energy use in food. Though, a drawback of applying models to estimate missing data 

is that the models themselves require additional data, and potentially introduce more 

data gaps and uncertainty. Currently, there is no systematic approach for the selection 

of surrogate data, which includes evaluation of the type and nature of the data gaps, 

and documents the final choice of surrogate(s). Section 4.2 presents an approach for 

the choice of proxies to fill data gaps based on the type of data gap and data quality 

of the candidate proxy values (Henriksen et al., II).    

Box 2 Definition of proxies 

Proxies are surrogate data intended to represent missing data and used instead of a 

zero value to fill a data gap. Proxies stem from secondary data sources, i.e. are not 

produced for the specific study in question. Direct proxies are surrogate data used 

without modifying the original values; averaged proxies are the mean, median, or 

mode of multiple surrogate data values; and scaled proxies involve a linear scaling 

of the known part of some compositional data to cover the unknown part of the 

data (Canals et al., 2011). 
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3.2 Current DQA methodologies   
The methodologies of four existing DQA frameworks are compared to get an over-

view of the current state-of-the-art. The comparison is followed by a further descrip-

tion of the assessment of representativeness and process completeness (section 3.2.2 

and 3.2.3), which were the focus of Henriksen et al., II, III.  

3.2.1 Comparison of existing DQA frameworks 

Four DQA frameworks are compared; the ILCD, ecoinvent database, LCA Research 

Center, and ‘NUSAP field’2 (Table 1). The first three frameworks have been devel-

oped to evaluate LCI data: the ILCD recommendations and LCA Research Center are 

published by the European Union and US EPA, respectively, and the intended audi-

ence is the LCA practitioner. Oppositely, the ecoinvent framework targets database 

LCIs. The fourth framework was developed for environmental risk assessment mod-

els and targets the scientist (Funtowicz and Ravetz, 1990). The comparison covers 

the level of the data quality evaluation, included data quality indicators, and use of 

the data quality scores.     

Included data quality indicators  

Data quality indicators are context-dependent or intrinsic, also called dynamic and 

static (Edelen and Ingwersen, 2016). Context-dependent indicators are the temporal, 

geographical, and technological representativeness evaluated relative to the target 

data (target data defined in Box 1, section 2.4). Also process completeness is con-

text-dependent because it is evaluated relative to the expected flows for a unit process 

(Garraín et al., 2015). All four frameworks include representativeness, however, the 

NUSAP field via a single indicator called ‘proxy’ (Boone et al., 2009; van Der Sluijs 

et al., 2005). Process completeness is included by the ILCD and LCA Research Cen-

ter. In addition, methodological consistency is included only by the ILCD; however, 

the user should anyway consider this aspect required in the LCA standard (ISO, 

2006b).  

The intrinsic indicators express data properties that are constant regardless of the 

context of the LCA study. These are precision, reliability, completeness/data collec-

tion methods, and process review (Table 1). Precision (i.e. stochastic variation) is 

included by the ILCD while the others separate precision from the quality assessment. 

Reliability relates to the ‘sources, acquisition methods, and verification procedures’  

of the data (Weidema and Wesnæs, 1996). Completeness refers to the statistical basis 

                                                 

 

 

2 ’NUSAP field’ is an umbrella term that covers the publications by scientific researchers who apply 

the NUSAP methodology  
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and evaluates the sample size and sampling period of the LCI flows. Reliability and 

completeness are included by the ecoinvent and LCA Research Center [data collec-

tion methods ≈ completeness (Edelen and Ingwersen, 2017)]. ‘Process review’ eval-

uates the level of review a dataset has undergone.   

The NUSAP field differs from the other frameworks by applying alternative pedigree 

matrices, such as one for research and one for environmental models (Funtowicz and 

Ravetz, 1990). For example, the data quality of model parameters used to calculate 

emissions from paint were evaluated with the following indicators; proxy (≈repre-

sentativeness), empirical basis (acquisition method and scientific status), method (ac-

ceptability of applied method), and validation (verification of the data).    

Use of data quality scores  

The DQA frameworks differ in the use of the scores. The ecoinvent scores the data 

at flow level and converts each score to an additional uncertainty factor. The use of 

default uncertainty factors has been criticized for being arbitrary and inaccurate 

(Cooper and Kahn, 2012), and there is ongoing research in uncertainty factors with 

an empirical basis and estimating the additional uncertainty while considering the 

sensitivity of a the data to a specific indicator (Ciroth et al., 2013; Laner et al., 2015).  

The other frameworks aggregate the scores. The ILCD calculates a data quality rating 

by aggregating across indicators while others argue that there is no ‘amount of data 

quality’ and that the data quality indicators are independent; thus, aggregation is not 

meaningful (Edelen and Ingwersen, 2017; Weidema, 1998; Weidema and Wesnæs, 

1996); yet, Weidema (1998) also argued for the comparison of the data quality across 

different studies. A justification to aggregate the different indicator scores is that they 

all indicate data quality, rather than measured data quality (May and Brennan, 2003). 

The NUSAP field aggregates the scores across indicators giving the overall data qual-

ity attribute ‘strength’. Then, the parameter strength is plotted with the uncertainty 

contribution of the parameters to identify the parameters having a large influence on 

results and a low strength (Boone et al., 2009; van Der Sluijs et al., 2005); a similar 

approach is suggested for LCI data in section 6.1 based on Henriksen et al., IV.  
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Table 1 Comparison of four existing DQA frameworks  

 Frameworks 

 

ILCD  ecoinvent  LCA Research 

Center 

NUSAP  

Level of 

evaluation: 
Process Flow 

Process and 

flow 
Model parameters 

Included in-

dicators:     

Representa-

tiveness 
+  +   + (flow) 

Different indicators 

for different needs 

Completeness +  +   - (process) 

Precision +  -  - 

Consistency +  - - 

Reliability - +  + (flow) 

Process re-

view 
- - + (process) 

Data collec-

tion methods 

-  -  

+ (flow; same 

as complete-

ness) 

Use of 

scores: 

Aggregate 

across indica-

tors 

Convert to un-

certainty fac-

tors 

Aggregate per 

indicator  

Aggregate and nor-

malize to ‘strength’ 

NOTES: This table partly overlaps with table 6 in Edelen and Ingwersen (2017).  

References: ILCD (EC-JRC, 2010), ecoinvent (Weidema et al., 2013), LCA Research 

Center (Edelen and Ingwersen, 2016), and NUSAP (founded by Funtowicz and 

Ravetz, 1990). 

 

3.2.2 Evaluation of process completeness 

Process completeness is the number of included flows divided by the number of ex-

pected flows for an LCI process p (eq. 1): 

Process Completeness
p
 =

Number of Included Flowsp

Number of Expected Flowsp

           (eq. 1) 

According to the ILCD, completeness expresses the impact coverage of the unit pro-

cess, i.e. the proportion of relevant elementary flows in relation to the substances 

included in an impact assessment method (EC-JRC, 2010). An analysis of the com-

pleteness of energy datasets of the ELCD database was conducted, which identified 

the expected flows by performing a sectorial background analysis and cross-checking 

with the flows covered by the impact assessment methods (Fazio et al., 2015; Garraín 

et al., 2015). In contrary to the ILCD, the LCA Research Center evaluates process 

completeness for all types of flows (Edelen and Ingwersen, 2016). They provided a 
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generic method for the use of ‘points’ to weight some flows higher than others; how-

ever, they did not provide specific examples and did not guide how to identify the 

expected flows.   

Henriksen et al., II suggested an approach for the systematic identification of the 

expected flows and adjustment of the process completeness score according to the 

relevance and importance3 of the flows, which is presented in section 5.1.  

3.2.3 Evaluation of representativeness  

Representativeness is evaluated by comparing the temporal, geographical, and tech-

nological coverage of the collected data with the target data. Current pedigree criteria 

are fixed time intervals (temporal repr.); qualitative descriptions of the geograohical 

location (geographical repr.); and qualitative descriptions of the technological corre-

lation (technological repr.) (e.g. Laner et al., 2015; Weidema and Wesnæs, 1996). 

New criteria to i) geographical and ii) technological representativeness have been 

suggested (Edelen and Ingwersen, 2017). The new criteria evaluated i) the accuracy 

of the geographical resolution and actual location (i.e. from the same or a related 

area), and ii) the number of matches of four technology categories (i.e. process de-

sign, operating conditions, material quality, and scale). While the new criteria are 

more objective than former criteria, subjectivity is still needed to define ‘a related 

area’, and there is no formal approach to deal with varying technology characteristics 

(Edelen and Ingwersen, 2017).   

The rate of development and dependency on the local conditions differ among tech-

nologies and industrial processes. For example, potable water systems vary across 

sites due to desalination in some areas (Meron et al., 2016) while the plastics content 

in electronics is relatively constant within Europe (Laner et al., 2015). Also, the de-

velopment of the paper and pulp industry is relatively slow suggesting that the use of 

updated LCI data is not critical (Strömberg et al., 1997). The varying characteristics 

have already been acknowledged by authors but not formally included in the criteria 

to representativeness (e.g. Weidema, 1998). Thus, the user must either subjectively 

interpret the criteria according to the specific LCA study or assign data quality scores 

that are irrelevant and then afterwards account for relevance; e.g. describe the rele-

vance of indicators in the interpretation phase or take into account the relevance of 

the indicator when converting the data quality scores to uncertainties (Cooper and 

Kahn, 2012; Edelen and Ingwersen, 2017; Laner et al., 2015; Maurice et al., 2000) .  

                                                 

 

 

3 Here, the term ‘importance’ regards the weighting of some flows over other flows. It is not to be 

confused with the definition of importance related to the contribution to uncertainty (see section 3.3).  
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An alternative solution is to integrate the technology characteristics in the formula-

tion of the criteria. Such a method was suggested in Henriksen et al., III and is pre-

sented in section 5.2. 

3.3 Analysis of the importance of LCI data 
Due to constraints in time and resources the LCA practitioner needs to prioritize the 

LCI data collection. Priority should be put in refining the data having the largest 

influence on the LCA results, which depends on the quantitative uncertainty of the 

data, LCI model configuration, and impact category (Bisinella et al., 2016). A tool to 

identify those important parameters and processes is the global sensitivity analysis 

(GSA), which takes into account both the input uncertainty and sensitivity of the data 

(Heijungs, 1996). The output of GSA is a measure of importance, which is the con-

tribution of the variance of a parameter to the total variance of the scenario in an LCI 

model; i.e. importance is a measure of the uncertainty contribution or contribution to 

variance (CTV) of parameters (Clavreul et al., 2012; Heijungs et al., 2005).  

A sequential GSA approach was suggested and tested on a SWM LCA model 

(Bisinella et al., 2016): In step 0, the contribution analysis gave an overview of con-

tributing processes and relevant parameters; in step 1, a perturbation analysis was 

conducted and sensitivity coefficients (SCs) were calculated; and in step 2, the ana-

lytical uncertainty (i.e. variance) of the results was calculated based on an estimated 

input uncertainty and the SC of each parameter per impact category. The total vari-

ance of the scenario was the sum of the variance from the selected parameters in step 

0. Finally, the CTVs of the parameters were calculated by dividing the output uncer-

tainty from the parameter with the total variance of the scenario; see further details 

in Bisinella et al. (2016).   

The GSA approach offers a systematic method for identification of important param-

eters but it currently lacks the inclusion of data quality aspects. To enhance the ro-

bustness of the method other data attributes than the stochastic variation should be 

considered (May and Brennan, 2003). Section 6.1 presents a revision of the GSA 

approach to identify the critical parameters having a high importance and low data 

quality (based on Henriksen et al., IV). 

The following three chapters describe the contributions from the work of this PhD 

project to the relevant scientific fields.    
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4 Contributions to representative 

foreground modeling 
This chapter describes the contributions of the work conducted in this PhD project 

with regards to obj. 1, i.e. to enhance the representativeness of foreground modeling. 

First, section 4.1 presents the method, case study, and outcomes related to representa-

tive data choices within a given LCA context (Henriksen et al., I). Second, section  

4.2 presents the method, case study, and outcomes related to the selection of proxies 

to fill data gaps (Henriksen et al., II). Third, section 4.3 summarizes the recommen-

dations with respect to obj. 1.  

4.1  Data choices reflecting context specificity  

4.1.1 Method 

The suggested approach reflected the part of the uncertainty interval, described in 

section 3.1.1, that cover the inaccuracy of the data. The purpose of the approach is to 

identify the possible LCI data choices for a given context of the LCA study (context 

defined in Box 1, section 2.4), and this way include the variability of unit processes 

across discrete sites and technology configurations.  

The specificity of the context of an LCA study expresses the level of knowledge 

about the system. Therefore, increasing the specificity of the context (e.g. defining a 

specific location) decreases the number of representative data choices, which then 

decreases the uncertainty of the decision-making (conceptualized in Figure 4). At the 

same time, if an increased context specificity is not actually reflected by the level of 

knowledge then the smaller result interval gives a false sense of certainty. The lowest 

level of technology information in Figure 4 is the technology category and the highest 

levels of information is the technology type and specific efficiencies. Regarding the 

level of geographical information, the lowest level was an unknown location (e.g. 

somewhere in the world) and the highest level was a specific site. Potential geograph-

ical factors includes the precipitation level, ambient pressure, temperature, and emis-

sion recipient (Henriksen et al., III).  
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Figure 4 Conceptual illustration of increasing specification of the LCA context: 

Technological specificity ranges from technology category to known technology type 

and known efficiencies. Geographical specificity ranges from unknown location 

(whole world) to a known unspecific location and a specific site. Generalization of 

Fig. 3 in Henriksen et al., I 

 

Four steps were carried out for the modeling of the variability of technologies within 

a given LCA context and the subsequent use of min-max intervals to express the 

variability in the LCA results: 

1. Specifying the geographical and technological context of the LCA study  

2. Grouping possible technology configurations and sites 

3. Constructing discrete datasets representing each possible technology config-

uration and site 

4. Calculating potential impacts for each dataset and creating min-max intervals 

of the groups defined in step 2 

 

4.1.2 Case study: Landfill modeling relative to context  specificity 

A model of household waste landfilling was constructed by connection of different 

process modules for the landfill gas generation, collection, oxidation, and treatment 

as well as the leachate generation, collection, and treatment. Each process module 

was a technology component whose environmental performance depends on the spe-

cific technology configuration and its dependency on geographical factors  (technol-

ogy component and factors defined in Box 1, section 2.4). The waste degradation, 

leachate generation, and landfill gas production are influenced by the landfill tech-

nology and geographical factors such as precipitation, temperature, and pressure 

Specific site

Technology category

Technology type

Technology 

efficiency

Unknown location

Unspecific location
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(Fjelsted et al., 2019; Yang et al., 2015). The input waste composition was kept con-

stant as focus was on technological and geographical/climatic variations.  

In step 1, six levels of the technological and geographical specificity were 1a) known 

technology category, unknown location; 1b) known technology type, unknown loca-

tion, 1c) known technology type, known regional location, 1d) known technology 

type, known specific location, 1e) some known technology efficiencies, known spe-

cific location, and 1f) all known technology efficiencies, specific location (see details 

in Fig. 3 in Henriksen et al., I). 

In step 2 and 3, the variability of the landfill technology was modeled by combining 

the technology components and constructing discrete landfill datasets that were rep-

resentative of the six context specificity levels. Alternative options of technology 

configurations and climatic conditions were included for the following process vari-

ables; humidity level, landfill gas collection, landfill gas treatment as well as leachate 

generation, leachate collection, and leachate emission recipient. This resulted in a 

total of 52 landfill datasets representative of specification level 1a, and a decreasing 

number of datasets representative of specification level 1b-1f.   

In step 4, the potential impacts of the landfill datasets were calculated and min-max 

intervals were generated.     

4.1.3 Outcomes  

Figure 5 illustrates the GWP results for the six specification levels. As expected, the 

min-max intervals were largest for the lowest level of knowledge (to the left) and 

smallest for the highest level of knowledge (to the right). Part of the uncertainty in 

specification level 1d was due to uncertainties of the continuous variables regarding 

the landfill gas collection and oxidation efficiency; this uncertainty could also have 

been modelled as a distribution but was modeled as a discrete choice (i.e. ‘high’, 

‘medium’, and ‘low’). On the other hand, the uncertainty in specification level 1e 

was due to two discrete options for landfill gas treatment being either energy utiliza-

tion or flaring; the choice of landfill gas treatment is usually within the area of control 

for decision-makers (Levis et al., 2014). Finally, the highest specification level 1f 

showed no uncertainty at all. The lack of uncertainty is due to the focus uncertainties 

caused by data inaccuracy; yet, to reflect reality the stochastic variation of the pro-

cesses should be added.     
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Figure 5 GWP min-max intervals as a function of increasing specification of LCA context. 

The x-axis expresses specification level 1a-1f: 1a) known technology category; unknown 

location, 1b) known technology type; unknown location, 1c) known technology type; known 

regional location, 1d) known technology type; known specific location, 1e) some known 

technology efficiencies; known specific location, and 1f) all known technology efficiencies; 

specific location. CRL=conventional reactor landfill, BRL=bioreactor landfill (Henriksen et 

al., I) 

Figure 6 illustrates two types of results bias caused by data inaccuracies; too specific 

modeling (case A) and too general modeling (case B). In case A, the obtained interval 

(= specification level 1e) was within the target interval (=specification level 1a) but 

the range in potential impacts was underestimated; in other words, a too optimistic 

GWP result was obtained. The underestimation of impacts were due to the omission 

of data representing worse performing conventional reactor landfills. In case B, the 

obtained interval (=specification level 1a) was larger than the target interval (=spec-

ification level 1e) and the obtained mean value expressed the horizontal average of 

different discrete landfill technologies and sites (Henriksson et al., 2013). The hori-

zontal average included worse performing landfills than the target mean value, thus, 

overestimated the potential impacts. The two cases illustrated the relevance of in-

cluding the range of possible data choices in the LCI model, and emphasized that the 

scope definition must be adjusted according to the available data.    
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Figure 6 Two cases of biased data choices in landfill modeling; case A = too specific mod-

eling and case B = too general modeling. The x-axis expresses specification level 1a-1f: 1a) 

known technology category; unknown location, 1b) known technology type; unknown loca-

tion, 1c) known technology type; known regional location, 1d) known technology type; 

known specific location, 1e) some known technology efficiencies; known specific location, 

and 1f) all known technology efficiencies; specific location (Henriksen et al., I) 

While the current section focused on the inclusion of a range of representative data, 

a prerequisite of this is that appropriate data are actually available. Next section ad-

dresses missing data and the selection of surrogate data to fill data gaps.    

4.2 Missing data and selection of surrogate data 

4.2.1 Method   

In Henriksen et al., II an overall approach for the evaluation of process completeness, 

identification of data gaps, and selection of surrogate data to fill the gaps were sug-

gested. Figure 7 illustrates the last part of the approach that is related to the selection 

of surrogate data to fill the data gaps; thus, it is presumed that the data gaps have 

already been identified. In step A, it is determined if the data gap can be categorized 

as a complete data gap or a site-specific data gap (explained in section 3.1.2); if it is 

a complete data gap the user should make a rough, but qualified, estimate based on 

expert knowledge, and if it is a site-specific data gap the user should apply available 

secondary data from databases or literature (step B). In step C, the user should eval-

uate if the data gap is critical, i.e. has an influence on LCA results. A 5% threshold 

was applied for the difference between leaving the gap (i.e. inserting a zero value) 

and applying a proxy; this was essentially a sensitivity analysis where the outcome 
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depended on the model configuration, numerical value of the proxy, and impact cat-

egory. Instead of this simple approach, a more formalized sensitivity and uncertainty 

analysis may be applied, however, this was not included in Henriksen et al., II be-

cause focus was on the selection and implementation of proxies related to the type 

and nature of the data gap.  

In step D, the selection of final surrogate values depended on the outcome of step C. 

For critical site-specific data gaps, the most appropriate proxy values were selected 

among candidate values; and for critical complete data gaps, the first rough estimate 

was refined. Finally, for the remaining non-critical data gaps, the initially applied 

surrogate values could be kept.  

 

 

Figure 7 Last part of Fig. 1 in Henriksen et al., II sub-divided into steps A-D for the 

selection of surrogate data to the data gaps 

 

4.2.2 Case study: Selection of proxy values in a SWM scenario 

A scenario representing the management of household waste in the US was con-

structed. The upper system boundary was the waste generation at the household and 

source separation of recyclables, food waste, and yard waste. The recyclables were 

mechanically sorted at a MRF and sent to remanufacturing; the food and yard waste 

was composted, and the residuals thermally treated at a WtE facility.  

Hypothetical but realistic data gaps were selected for the fractional waste composi-

tion, cardboard remanufacturing, waste incineration, MRF, and composting.  The se-

lected data gaps were site-specific because secondary data were available for use as 

proxies, thus, leaving out the possibility for complete data gaps (step A in Figure 7). 

In step B, candidate proxy values were listed for each data gap based on literature 

search (table 4 in Henriksen et al., II). The data of some of the proxies were generic, 
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e.g. average CO2-eq. for cardboard remanufacturing (Brogaard et al., 2014), while 

the data of other proxies were specific, e.g. electricity recovery measurements at US 

WtE facilities (EPA,  2017). Furthermore, there were direct proxies, averaged prox-

ies, and min-max intervals. Thus, the data quality varied among the candidate values.  

The physico-chemical composition of the household waste was parameterized to en-

able the implementation of proxies for the waste composition (Table 2). Furthermore, 

the nature of the data gaps of the waste composition differed from the data gaps in 

the waste treatment processes in being compositional and therefore requiring scaled 

proxies; Box 3 shows an example of the calculation of a scaled proxy.   

Step C and D cover the outcomes of the case study, which are described in the next 

section. 

Table 2 Example of parameterized physico-chemical waste properties copied from 

Excel (Henriksen et al., I) 

 
NOTE: VS=volatile solids 

Box 3 Example of calculating the scaled proxy for the plastic fraction in the waste 

(Henriksen et al., I) 

The unknown plastic constituents (=data gaps) were the proportions of LDPE and 

HDPE. The data gap was filled by scaling the proportion of the known plastic 

constituents (PET, mixed plastic, and non-recyclable plastic) to the entire plastic 

fraction:  

Masstotal = massLDPE (51.7 kg) + massHDPE (9.4 kg) + massPET (20.2 kg) + mass-

mixed (11.3 kg) + massnon-recyclable (25.3 kg) = 118 kg  

Masswith data gap = masstotal – massLDPE – massHDPE = 56.8 kg   

Scaling ratio, SR= 
Masstotal

Masswith data gap
=

118 kg

56.8 kg
= 2.08  

Scaled mass of known plastic constituents:  

PETscaled = massPET ×SR = 42.0 kg; Mixedscaled = massmixed ×SR = 23.5 kg; Non-recycla-

blescaled = massnon-recyclable×SR = 52.6 kg 

Check: PETscaled  + Mixedscaled + Non-recyclablescaled = 118 kg = masstotal 
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4.2.3 Outcomes  

In step C, to examine if the data gaps were critical the GWP was calculated from 

applying the candidate proxy values and from leaving the gaps; the net scenario re-

sults are plotted in Figure 8. For illustration purposes the 5% thresholds are inserted 

for the critical data gaps for those cases where the difference between using a proxy 

and leaving the gap was larger than 5%. In brief, the critical data gaps were the me-

thane emissions from composting; electricity efficiency at the WtE facility; MRF 

recovery efficiency of cardboard, paper, and ferrous metal; electricity consumption 

and CO2 emissions at the cardboard remanufacturing facility; and the composition of 

the plastic, paper, and metal in the household waste. The critical data gaps were case-

specific and usable as a general outcome for LCA models of household waste man-

agement. In principle a prior identification of important parameters is not meaningful 

because it depends on the model configuration and applied data (Bisinella et al., 

2016).   

In step D, the final proxies were selected for the critical data gaps based on an eval-

uation of the representativeness and reliability of the candidate values, which in com-

bination was a useful screening of the accuracy and validity of the proxy values. For 

the non-critical data gaps with differences to leave gap < 5%, the initially and easily 

available proxies were applied in the final LCI model. This was in order not to spend 

unnecessary resources on the data with little influence on the LCA results.         
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Figure 8 GWP per ton of household waste from. The bracket lines show the 5% threshold around results for ‘leaving gap’. The bracket 

lines highlight the 5% thresholds around the zero value (=‘leave gap’) where the difference between filling and leaving a data gap > 

5%; the colour equals the parameter “Gap” in the legend. ‘Leave gap’=insertion of a zero value in the model  (Henriksen et al., II) 
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4.3 Recommendations to representative modeling  
Based on the work within the scope of obj. 1 this section provides a summary of the 

recommendations on representative foreground modeling with respect to the speci-

ficity of the LCA study and the selection of surrogate data to fill gaps.  

 

The level of specificity of the LCA context controls the weight between uncertainty 

due to inaccurate data choices and uncertainty due to stochastic variation. In a highly 

specific study the stochastic variation has a larger weight because the number of rep-

resentative discrete data choices is minimal. On the contrary, in a broadly defined 

study, e.g. where the exact technology is unknown, it is not sufficient to estimate the 

stochastic variation because the variations of distinct technologies might cause a bias 

of the results exceeding the stochastic variation. In the latter case, the possible con-

figurations should be included and the results given as an interval. Not only the mean 

value of the interval should be given because the interval includes equally – or more 

– likely options. In addition, to provide valid decision-support it is essential that the 

goal and scope definition of the LCA is adjusted to the available data.  

Representative foreground modeling is also a matter of the completeness of the unit 

processes. When site-specific data are missing and proxy values are used, it is – again 

– recommended that an interval of suitable proxies are applied instead of a single, 

randomly selected proxy value. It is not possible to detect the critical data gaps be-

forehand as the influence of the data gap depends in part on the setting of the LCI 

model and impact category. Furthermore, it is important to use surrogate data that fit 

the nature of the data gap; e.g. the use of scaled proxies to data gaps in the waste 

composition. LCA practitioners already use proxy data in their normal practise so the 

contribution of this study is to make it more deliberate and systematic. Together, the 

modeling of several discrete data choices and an interval of suitable proxy values 

will increase the range in results; yet, at the same time enhance the robustness of the 

results.  
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5 Contributions to DQA methodologies  
This chapter describes the contributions of the work conducted in this PhD project 

with regards to obj. 2, i.e. to improve the DQA of data representativeness and process 

completeness. First, section 5.1 presents the method, case study, and outcomes re-

lated to the identification of expected flows to evaluate process completeness 

(Henriksen et al., II). Second, section 5.2 presents the method, case study, and out-

comes related to modification of the criteria to representativeness (Henriksen et al., 

III). Third, section 5.3 summarizes the recommendations with respect to obj. 2.   

5.1 Identification of expected flows to evaluate 

process completeness 

5.1.1 Method  

As depicted in the state-of-the-art (section 3.2.2) the set of expected flows constitutes 

the data quality criterion for process completeness, and is prerequisite for a valid data 

quality score. Of this reason, a systematic approach was suggested for the identifica-

tion of the expected flows, calculation of the process completeness score, and iden-

tification of data gaps (Figure 9).  

In step A, the LCI data is collected for all unit processes, P, in the LCA model. In 

step B, the set of expected flows are identified for each unit process, p, including 

intermediate and elementary flows. References for this procedure must be docu-

mented to ensure transparency. Relevant references are legislation (e.g. emission 

threshold values) and industry reports with data on material and energy consumption. 

In addition, other locally relevant flows can be searched for in local jurisdictions. 

The final set of expected flows equals the preliminary set from B or the preliminary 

set plus expert’s additions (step C). In step D, the completeness score is calculated 

and potential data gaps are identified. Next section illustrates the use of the method 

on a case study.  
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Figure 9 First part of Fig. 1 in Henriksen et al., II sub-divided into steps A-D for the 

identification of the set of expected flows and calculation of process completeness 

score 

 

5.1.2 Case study: Expected flows for the WtE process 

The WtE process was used as case study, where the completeness of the flue gas 

cleaning component was evaluated with regards to both intermediate and elementary 

flows (Henriksen et al., II). The intermediate flows were the consumption of chemi-

cals and the elementary flows were the flue gas emissions to air; only the analysis of 

the elementary flows are included here. An analysis of the other technology compo-

nents was excluded, such as the energy recovery, metal scrap recovery, disposal of 

fly ash, and wastewater treatment (Astrup et al., 2009b; Beylot et al., 2018). 

In step A, the LCI data were collected for the flue gas cleaning unit process, p. Table 

3 shows the number of included elementary flows and alternative sets of expected 

flows. These preliminary and final sets of expected flows were identified based on 

different bodies of legislation and expert judgement (step B). The expected flows 

were aggregated into a sum that excluded and included the expert judgment.  
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Table 3 Number of elementary flows included as WtE flue gas emissions and differ-

ent sets of expected elementary flows based on different references  

Included flows 20 

Expected flows   

US standards  12  

IPPC directive  20 

PRTR register 27 

Sum excl. experts addition 38  

Sum incl. experts addition 51 

NOTE: The actual substances are shown in Henriksen et al., II. IPPC=Integrated Pollution 

and Prevention Control, PRTR=Pollutant Reference and Transfer register.  

5.1.3 Outcomes 

In step D, the calculated completeness scores ranged from 39% to 53% including and 

excluding expert judgement (Table 4). Based hereon, there were 18 and 31 data gaps, 

respectively; for example nitrous oxide (N2O), which was included in all the refer-

ences in Table 3, except for the IPPC directive, and cadmium, which was included in 

all the references in Table 3. The scores suggested that the completeness of the flue 

gas cleaning process was relatively low.  

 

To further qualify the completeness score, the set of expected flows was adjusted in 

accordance with the relevance and importance of the flows. The relevance of the 

flows were evaluated by cross-checking with the substance coverage of the LCIA 

methods included in the study (Garraín et al., 2015). In this case study only the green-

house gases in the set of expected flows were relevant, which reduced the set of ex-

pected flows to CO2, CH4, and N2O, and gave an adjusted score of 67%. Furthermore, 

the importance of the flows was evaluated by applying weighting factors, which re-

flected the relative contribution to global warming of the three greenhouse gases  

within the geographical context of the study (the US); the relative contributions from 

CO2, CH4, and N2O were 81.6%, 10.1%, and 5.7% (US EPA, 2018), and applying 

these numbers as weighting factors gave an adjusted completeness score of 94% 

(equation in Henriksen et al., II). This adjusted score was more valid for the case 

study due to GWP and a US context. For the score to be valid and reliable it is essen-

tial that the adjustment is documented, or else suspicions of deliberate misleading 

may prevail.  

 

The contribution of this research is complementary to the former research described 

in section 3.2.2 as it provided a detailed example for one unit process instead of a 

meta-study of a database (Fazio et al., 2015; Garraín et al., 2015); furthermore it 

provided a specific example of weighting of the scores instead of the generic point 

system provided by Edelen and Ingwersen (2016). The recommendations based 

hereon are given in section 5.3.  
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Table 4 Process completeness scores for sets of expected elementary flows (Henrik-

sen et al., II) 

Expected flows Completeness score (%)                                                                                               

Sum excl. experts addition 53 (20 included/38 expected) 

Sum incl. experts addition 39 (20 included/51 expected) 

Only those relevant to GWP 67 (2 included/3 expected)       

Weighted according to contribution to GW 94  

 

5.2 Modification of the representativeness criteria 

5.2.1 Method  

A guideline for the assessment of representativeness was suggested, which was based 

on the hypothesis that understanding the technology development is a prerequisite 

for properly evaluating the representativeness of LCI data (Fig. 1 in Henriksen et al., 

III). The guideline is a sequence of four steps in iteration. First step is the definition 

of the target year, location, and technology of the LCA study, which takes place in 

the goal and scope definition phase. The following three steps occur in the LCI anal-

ysis phase. The second step is the analysis of the technology characteristics enabling 

the evaluation of representativeness relative to the target data and technology char-

acteristics. The third step is the modification of the data quality criteria according to 

the technology characteristics; and the fourth step is the evaluation (i.e. scoring) of 

the data representativeness using the modified criteria.  

The novelty of the approach is related to the second step of the guideline, i.e. the 

analysis of the temporal, geographical, and technological characteristics of the tech-

nology in question. The general format of the modified criteria to representativeness 

are shown in Table 5. The temporal characteristics are evaluated by plotting a so-

called technology curve to identify the current development phase and so-called tech-

nology shift (both terms are defined in Box 4). Based on the target year, year of last 

technology shift, and year of the generation of the collected data, the time difference 

between the target year and year of the latest technology shift (TD shift) can be calcu-

lated as well as the time difference between the target year and year of the data gen-

eration (TDactual):  

TDshift (years) = Target year of the study - Year of latest technology shift   (Eq. 2) 

TDactual (years) = Target year of the study - Year of latest technology shift  (Eq. 3) 

This allows for the calculation of the modified time interval (MTI) to be used as the 

modified criteria to data representativeness: 

MTI (years)=
TDshift 

i - 1
                     (Eq. 4) 
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With i = 1,…,n data quality indicators in the pedigree matrix, which is equal to five 

in Table 5. 

The geographical and technological characteristics are analyzed by identifying the 

relevant geographical and technical factors, which influence the environmental per-

formance of the technology (factors are defined in Box 1, section 2.4). The technical 

factors were grouped in four categories in accordance with Edelen and Ingwersen 

(2017) and the geographical factors were grouped in three categories being the cli-

matic conditions, external market demand and supply, and origin of the input material 

(as mentioned in section 3.2.3). To evaluate the geographical and technological rep-

resentativeness the user must count the number of matching factors between the tar-

get data and the collected data, which requires the availability of metadata for the 

collected data. Assigning scores 2 to 5 in the pedigree matrix is based on the obtained 

match (%) calculated as the number of matching factors divided by the total number 

of relevant factors. A score 1 is assigned if the collected data cover the specific loca-

tion or specific technology, regardless if the data is primary or secondary.  

Table 5 General format of the modified criteria to assess the temporal, geographical, 

and technological representativeness of LCI data (Henriksen et al., III) 

Score Temporal Geographical  Technological  

1 0 to MTI years difference Specific location Specific technology 

2 MTI+1 to 2×MTI years 

difference 

76-100% related 

area 

76-100% related tech-

nology 

3 2×MTI+1 to 3×MTI years dif-

ference 

51-75% related 

area 

51-75% related area 

4 3×MTI+1 to 4×MTI years dif-

ference 

26-50% related 

area 

26-50% related area 

5 > TDshift  0-25% related 

area 

0-25% related area 

 

Box 4 Definition of technology development curve and technology shift 

Technology development curve is a plot of the performance of a technology over 

time (Graedel and Allenby, 2003). The slope of the curve indicates the rate of de-

velopment and the development phase of the technology. The development phases 

are the initial research and development, market growth (e.g. an emerging technol-

ogy), and market saturation (e.g. a mature technology). A technology in the satu-

ration phase may be replaced by a new technology with competitive advantages; 

historical examples are the replacement of sail ships with steamships and the re-

placement of mechanical calculators with electronic calculators (Sandström, 2013). 

  

Technology shift is a major change in the performance of a technology causing a 

significant change in the LCI values of the unit process representing the technol-

ogy. Thus, data from before the technology shift is no longer representative 

(Henriksen et al., III).   



33 

 

5.2.2 Case study: Modified criteria for the WtE technology 

As an example, modified data quality criteria were suggested based on the analysis 

of the characteristics of the WtE technology; more specifically the flue gas cleaning 

and energy recovery technology components. The target data of the case study are 

shown in table 2 in Henriksen et al., III. The current section presents selected parts 

from the analysis of the characteristics corresponding to step 2 in the guideline (Fig. 

1 in Henriksen et al., III). Then, next section presents the results in the form of the 

modified criteria while the final data quality scores are not shown here.   

Concerning the temporal characteristics, Figure 10 shows selected technology curve 

plots of flue gas emissions and energy recovery efficiencies over time (data sources 

given in section 2.4.1). The trend of the emission plots suggested that the flue gas 

cleaning component was located in the saturation phase with minor but ongoing im-

provements. Furthermore, the latest technology shift was estimated to take place in 

year 2005 where the slope flattened out; this trend was verified by the introduction 

of new legislation around the same time (European Commission, 2000). The trend of 

the energy efficiencies also suggested that the energy recovery component was in the 

saturation phase; however, with a potential rapid increase in year 2020 due to the 

expected implementation of flue gas condensation in the majority of Danish Wte fa-

cilities (Danish Energy Agency, 2017). There was no available data for year 2017-

2019 but it was assumed that the rapid improvement of heat recovery took place be-

fore 2020, thus, it was assumed that the energy recovery technology shift took place 

in year 2016. Values of TDshift and MTI were calculated for the flue gas emissions 

and energy recovery based on the year of the technology shifts and the target year of 

the case study (year 2020).  
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Figure 10 Temporal development of the flue gas cleaning component (top: mean and 

median flue gas emissions) and energy recovery component (bottom: mean total elec-

tricity and heat recovery including min-max intervals). Selected graphs from 

Henriksen et al. (III) 

 

Concerning the geographical and technological characteristics, the relevant technical 

factors were identified as the best performing technology configurations out of a 

number of potential technology configurations for Danish WtE facilities, e.g. the type 

of furnace, boiler, and acid gas treatment (Fig. 4 in Henriksen et al., III); the best 

performing configurations were selected because the target technology of the case 

study was a state-of-the-art WtE facility (Henriksen et al., III). The relevant geo-

graphical factors were identified based on expert judgement and literature. It was 

found that the environmental performance of the WtE technology was influenced by 

the recipient of the flue gas emissions (e.g. urban or rural site), the market demand 

(to purchase the energy by-products), and location of the waste generation because 

the composition of depends on the geographical location (Laurent et al., 2014b). The 

analysis resulted in a total of five relevant geographical factors and nine relevant 

technical factors of which the collected data should be accurate.   

5.2.3 Outcomes  

Important outcomes of the case study were the modified criteria adapted to the char-

acteristics of the WtE technology, shown in Table 6. The value of TDshift differed for 

the flue gas cleaning and energy recovery component, and the resulting different 

MTIs reflected the difference in the temporal development of the two components. 

The larger interval for the flue gas cleaning emissions meant that the use of older 
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data is less critical than for the energy recovery. The relevant geographical and tech-

nical factors were identified bottom-up (i.e. for each of the technology components) 

but presented as data quality criteria top-down in Table 6. The user must fit the num-

ber of relevant factors to the number of scores in the pedigree matrix.   

Table 6 Criteria for assessment of data representativeness modified according to the 

characteristics of the WtE technology 

Score 1 2 3 4 5 TDshift MTI 

Temporal   

Flue gas 

emissions 
0-4 years  

5-8 

years 

9-12 

years 

12-15 

years 

> 15 

years 

15.0 3.75 

Energy effi-

ciency 
0 years  1 years 2 years 3 years 

≥ 4 

years 

4.00 1.00 

Geograph-

ical 
Specific site 

4-5 out 

of 5  

2-3 out 

of 5  

1 out of 

5  

0 out of 

5 

- - 

Technologi-

cal 

Specific 

technology 

7-9 out 

of 9  

4-6 out 

of 9  

2-3 out 

of 9  

1 out of 

9 

- - 

NOTES: The time intervals express the difference between the target year of the study and 

the year of the generation of the collected data. The criteria for score 2-5 of geographical 

and technological representativeness are the number of matching factors out of the total 

number of relevant factors 

 

The intention with the suggested guideline and modification of criteria were to for-

malize the so far informal and subjective interpretation of the data quality criteria 

(e.g. Weidema, 1998). Furthermore, the formalization makes it easier to document 

the steps of the DQA and this way meet the requirement of reproducibility (ISO, 

2006b). Possible limitations of the method is the additional work load on the user and 

the lack of automation potential (Edelen and Ingwersen, 2017; Weidema, 1998). 

However, while automation may be suitable for the DQA of database processes this 

PhD project took the perspective of the LCA practitioner (as explained in section 

2.1.2). Furthermore, the focus on decision-making could have implied the introduc-

tion of decision theory or optimization modeling as these two areas explore the pos-

sibilities within a given decision space (Keeney, 1982; Levis et al., 2014). 

5.3 Recommendations to data quality evaluation  
Based on the work within the scope of obj. 2 this section provides a summary of the 

recommendations on the data quality evaluation of representativeness and process 

completeness.  

 

To properly evaluate the representativeness of LCI data the development of the tech-

nology must be understood. A method was suggested, which integrated such an un-

derstanding of the technology into the DQA procedure. The user must analyse the 

temporal, geographical, and technological characteristics of the technology and use 
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this knowledge to modify the criteria to representativeness. For the modified criteria 

to be reliable and reproducible the modification steps must be documented; this can 

be ensured by following the guideline in Henriksen et al., III. Preferably, the scores 

should be assigned at technology component level to distinguish between the differ-

ences in characteristics. However, the technology categories ‘scale’ targeted the fa-

cility level and the evaluation of the input waste composition is not connected to a 

specific technology component. The modified criteria should per default all be rele-

vant to the technology in question, however, weighting factors can be applied if e.g. 

temporal representativeness is weighted higher than geographical representativeness 

of the data (Henriksen et al., III).     

The evaluation of process completeness is useful in systematically identifying data 

gaps and evaluating the impact coverage of the unit process. A prerequisite for the 

evaluation of process completeness is validity of the expected flows. As for the cri-

teria to representativeness the expected flows must fit the technology in question. 

Thus, the properties of the unit process must be known and documented, such as the 

process-specific emissions and required auxiliary materials. To further qualify the 

completes score, the user can adjust the expected flows according to substances in-

cluded in the impact characterization methods, termed relevance. The importance of 

the flows can vary due to different levels of contribution to impacts, and weighting 

factors can be added to account for this (as done for the contributions from CO2, CH4, 

and N2O to global warming in the US).   
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6 Contributions to an improved DQA 

framework 
This chapter addresses obj. 3 and the overall aim of this PhD project, i.e. to integrate 

the analysis of data quality and importance for the identification of the critical data 

in an LCI model; this is presented in section 6.1 (based on (Henriksen et al., IV). The 

overall aim of the PhD project was to provide an improved DQA framework to be 

used in LCA of SWM systems and other multi-technology systems; this is presented 

in section 6.2.   

6.1 Integrated analysis of importance and quality of 

LCI data 

6.1.1 Method 

To enable the identification of critical data a combined data quality and importance 

analysis of LCI data was suggested (Henriksen et al., IV). The approach is a revision 

of step 0-2 of the sequential GSA approach in Bisinella et al. (2016) described in 

section 3.3. The revised approach consists of step 0-3 which are presented in the 

current section. Henriksen et al. IV is a draft manuscript and the method, results, and 

conclusions are still preliminary.     

Step 0 provides an overview of the LCA results and data quality. The data quality 

evaluation covers the foreground and background data, and the evaluation of the rep-

resentativeness, process completeness, and empirical basis of the data. Step 1 in-

cludes the perturbation analysis and calculation of the SCs in accordance with 

Bisinella et al. (2016). Step 2 includes the formulation of the input parametrical un-

certainty and the subsequent calculation of relative uncertainty contributions reflect-

ing the importance of the data. Formulation of the input uncertainty involves the 

probability distribution, center value, and uncertainty range. If available, the given 

input uncertainty is used. If not available, the input uncertainty is estimated; here, a 

lognormal or normal distribution is chosen for measured values and a triangular or 

uniform distribution is chosen for estimates. The documentation of the acquisition 

method and scientific status of the available data is ensured when the ‘empirical ba-

sis’ of the data is evaluated (Table 1 in Henriksen et al., IV). The CTV values are 

calculated by multiplying the input uncertainty with the SC per parameter and impact 

category (Bisinella et al., 2016). Step 3 is the identification of the critical parameters 

by plotting the CTVs with the ‘strength’ of the data, calculated as the arithmetic av-

erage of the data quality scores (Boone et al., 2009; van Der Sluijs et al., 2005). A 

conceptual plot illustrates the identification of the critical data with a low strength 

and a relatively large importance (Figure 11). Towards the right the strength of the 

data is high, which indicates that the stochastic variation dominates the uncertainty 
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of the data, and towards the left the strength of the data is low indicating that data 

quality issues dominate the uncertainty of the data.      

 
Figure 11 Conceptual diagram for the identification of critical data in an LCI model. 

The x-axis is the averaged data quality score across indicators. The y-axis is the pa-

rameters’ contribution to scenario variance (Henriksen et al., IV). The strength score 

is reversed so that a low data quality score is a high strength  

 

6.1.2 Case study and preliminary outcomes 

Henriksen et al., IV includes a preliminary case study to illustrate the described 

method. A scenario of household paper waste management in Denmark was modeled 

for the year 2020. The scenario included collection, sorting at a paper MRF and re-

manufacturing of secondary paper, and the residuals from remanufacturing were in-

cinerated at a WtE facility.  

Figure 12 shows the scenario and outcomes from the contribution analysis (step 0). 

The main contributing processes were paper recycling and incineration, and the con-

trolling parameters were the electricity use, substitution factor, and material loss (pa-

per recycling), and the electricity recovery efficiency (WtE). Based hereon, the con-

tributing background processes were electricity production and primary paper pro-

duction. In addition, the MRF sorting efficiencies for magazines and cardboard con-

trolled the amount of paper being remanufactured or incinerated. A comprehensive 

data quality evaluation was conducted, which highlighted weak foreground and back-

ground data primarily due to the use of old data (Henriksen et al., IV).      

 

Critical data

Possibly critical data

0.0

0.3

0.6

12345

Importance

Strength

(low strength) (high strength)
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Figure 12 LCA model in EASETECH of the collection and recycling of paper waste 

from households. The contributing foreground parameters (black) and background 

processes (grey) are shown 

 

The perturbation analysis in step 1 provided the SCs of the identified relevant pa-

rameters, and the analytical uncertainty was calculated in step 2. As the data were 

either measured single values or estimates, the input uncertainty was estimated. The 

relative uncertainty contributions were highest for the MRF sorting efficiencies (56 

% for magazines + cardboard), the primary paper substitution factor (19 %), and the 

material loss in paper remanufacturing (14 %). In step 3, the strength of the data was 

calculated and plotted with the calculated uncertainty contributions to identify the 

critical parameters. The most critical parameter was the MRF sorting efficiencies 

with the relatively largest importance and a strength ranging from 1.3 to 4.3. Only 

the data quality of the background processes were assessed, while a method for the 

uncertainty analysis of the background processes is lacking.  

6.2 Suggested DQA framework 
According to the aim of this PhD project, a DQA framework is suggested for the 

evaluation and inclusion of data quality in LCA of SWM systems and other complex 

systems. Compared to current DQA frameworks the improved framework clearly 

- Electricity production

- Primary paper production

- Electricity use

- Substitution factor

- Material loss

Electricity production

Electricity recovery- Magazines recovery

- Cardboard recovery



40 

specifies how to evaluate the data quality, and when and how to use the data quality 

information in the LCA. The suggested DQA framework includes the methodologies 

in Henriksen et al. II, III, IV. The steps in the framework are presented.  

Step A is the definition of the data quality requirements in terms of the temporal, 

geographical, and technological coverage of the LCA study as well as the specifica-

tion of the DQA method, e.g. the application of the pedigree matrix. The recom-

mended indicators are representativeness, process completeness, and empirical basis. 

In step B, the  data quality is evaluated. The evaluation must be documented, i.e. 

documentation of the set of expected flows (process completeness), technology char-

acteristics (representativeness), and the information on the data acquisition method 

(empirical basis), as described in Henriksen et al., II, III, IV. In Step C, the potential 

impacts are calculated and an overview of the results are obtained by a contribution 

analysis. The data quality evaluation from step B is used to identify issues that need 

to be solved in the next LCA iteration. Furthermore, the input uncertainty reflecting 

stochastic variation is estimated or calculated, or a provided uncertainty range is ap-

plied (Henriksen et al., IV). Step D involves the identification of the critical data. 

This involves conducting sensitivity and uncertainty analyses, in accordance with 

Fig. 4 in ISO (2006a). Calculated relative contribution-to-variance and strength of 

the parameters are combined to identify the critical foreground data in the LCI model. 

The critical background processes are identified based on the contribution analysis 

and data quality; yet, more research is needed into the uncertainty analysis of back-

ground data. To improve the reliability of the LCI model, the critical data should be 

replaced by more appropriate data or additional uncertainties should be added based 

on process insights.  
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Figure 13 Suggested DQA framework based on the work of this PhD project. The 

framework consists of four steps, which takes place in the four LCA phases (noted 

to the right).

A Data quality requirements

• Definition of target data (i.e. coverage) of LCA study

• Specification of DQA method and included indicators

B Data quality evaluation

• Process completeness: Relative to set of expected flows

• Representativeness: Relative to target data and technology characteristics

• Empirical basis: Acquisition method and statistical properties

• ”Strength”: average data quality score across indicators

GOAL AND SCOPE 

LCI ANALYSIS

C LCA results

• Contribution analysis: Overview of contributing processes and relevant 

parameter

• Compare with data quality evaluation (B) to identify issues

• If not given, estimate input uncertainty based on acquisition method of data

D Data criticality

• Sensitivity and uncertainty analysis

• Critical foreground data:

• Identification based on contribution to variance and data strength

• Action: Replace data or add uncertainty to reflect low strength

• Critical background data

• Identification based on contribution analysis and data quality scores

• Action: Replace with alternatives from databases or modify dataset

LCIA

INTERPRETATION
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7 Conclusions  
This PhD project targeted data quality in LCA of waste management systems with a 

focus on the role of data quality assessment to support decision-making. The overall 

aim of the project was to provide an improved data quality assessment (DQA) frame-

work for evaluating and ensuring the role of data quality in LCA of waste manage-

ment systems and other multi-technology systems. 

In comparison to previous frameworks, the suggested framework is an improvement 

in specifying how to evaluate the data quality, and when and how to use the data 

quality information in the LCA. The purpose of the new DQA framework is to stand-

ardize the communication of data quality to decision-makers and to clearly identify 

the limitations of the LCA with regards to data quality. 

On this basis the following conclusions were made: 

 For representative LCI modeling the range of likely data choices should be 

included to avoid biased results caused by inaccuracies. Test on a landfill 

model resulted in min-max intervals ranging from -457 to 293 kg CO2-eq rep-

resenting an LCA study with a low level of knowledge about the system. The 

goal and scope definition should reflect the choice of data, and should thus be 

adjusted according to the available data.   

 Missing data, i.e. data gaps, must be identified. A systematic approach for the 

identification of missing data in unit processes and the subsequent selection 

of proxy values was suggested. Hereunder, the identification of the set of ex-

pect flows must be documented and based on expert knowledge. To reflect the 

uncertainty caused by the missing site-specific data, it is recommended that 

an average or an interval of appropriate proxy values are applied instead of a 

single proxy value. Obtained process completeness scores for the air emis-

sions from waste-to-energy ranged from 38-50 % depending on the inclusion 

of expert knowledge, and adjusted scores of 67 % and 94 % were obtained 

when considering relevance and importance of the flows, respectively. This 

adjustment must be documented to ensure transparency.       

 Technology-relevant assessment of data representativeness is important, why 

a framework is suggested to allow for this. The criteria of the framework con-

sist of a time interval according to the temporal development of the technol-

ogy and identification of relevant geographical and technical factors, which 

must be modeled accurately, e.g. with 75-100 % accuracy corresponding to a 

score 2 in the pedigree matrix. The modified criteria enhanced the relevance 

of the data quality scores and the quality of the interpretation but also implies 

more workload for  the user.  
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 A procedure for the identification of critical LCI data is suggested, which 

combined the analysis of importance (i.e. uncertainty contribution) and qual-

ity of the data. Optimally, the critical data should be replaced by more appro-

priate data, or else an additional uncertainty should be added. To avoid arbi-

trariness it is recommended that the additional uncertainty is based on sector- 

and process-specific insights, instead of the use of default uncertainty factors.  

In the future there is a need for more research into uncertainty analysis of the back-

ground processes in an LCI model alongside with the uncertainty analysis of the fore-

ground parameters. In addition, for a holistic overview of the credibility of an LCA, 

there is a need for also evaluating the quality and uncertainty of the LCI model struc-

ture, e.g. linearity of emissions, and of the data basis for the cause-effect models of 

the impact characterization methods.        
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