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Introduction



1.1. Greenhouse Gas Footprints

There are more than 40,000 different commodities  (groups of 
substitutable products or services) registered by the United Nations 
(UNSPSC).  All these products and services that are required to fulfil our 
needs, such as housing, food, health and hygiene, and transportation, 
have impacts on the environment. Not only the use of products and 
services have an environmental impact, but also other parts of the life 
cycle. As shown in Figure 1.1, raw materials are extracted, products are 
manufactured, further distributed, used and finally disposed. 

Figure 1.1. Simplistic overview of the life cycle phases of products

Product environmental footprint is the term that is used to refer to the 
evaluation of the environmental performance of goods and services 
throughout their life cycle (Manfredi et al. 2012). Life cycle assessment 
(LCA) (Guinée 2002; Hauschild et al. 2013) is a method that has been 
widely used to quantify the environmental footprints of products and 
human activities. The European Commission developed the Product 
Environmental Footprint (PEF) (European Commission 2017) method 
to standardise the life cycle environmental assessment of consumer 
products to inform policy makers and to support reliable consumer-based 
comparative claims which are both key to achieving systemic change. The 
PEF method compares the environmental footprints of different products 
that can be used for a specific activity such as eating, showering, or 
clothes washing across 16 impact categories. Therefore, it can improve 
pro-environmental behaviour in consumers through helping them with 
product selection. However, for many products and services, a large 
share of the environmental footprint is not related to the raw material 
extraction or manufacturing phases of the product itself but, depending 
upon the impact category, is more related to the consumer behaviour in 
the use phase. The environmental footprints of products and services are 
also largely context dependent. For example, using 1 kWh of energy in a 
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region with fossil-based electricity grid has a larger impact than the use of 
1 kWh in a region with a green electricity system. Despite the fact that the 
impacts of the same product/service can vary greatly due to behavioural 
variability at both the individual and business levels (Throne-Holst et al. 
2007; Bastos et al. 2014), the majority of the footprint studies up to now 
have been deterministic in nature. The standardised approach employed 
in the PEF methodology does not cover human variability. For instance, 
the energy use of a laundry event with household heavy duty liquid 
laundry detergents used in the standard conditions (i.e. wash 4.5 kg of 
normally soiled dry fabric with 75 ml of concentrated liquid detergent 
products sold in the EU market in 2014, with a medium water hardness 
and a 6 kg capacity washing machine) is 2.1 kWh, resulting in a life cycle 
GHG footprint of 0.52 kg CO2-eq per wash cycle (AISE 2019). In real life 
conditions, the type and efficiency of washing machines and the consumer 
behaviour related to the temperature at which the washing machine is set, 
the wash programme’s duration, and the ambient cold water temperature 
may all strongly influence the electricity use of a washing event, causing 
the electricity use to vary from 0.1 kWh/cycle (Pakula and Stamminger 
2010) to 2.3 kWh/cycle (Tomlinson and Rizy 1998). 

1.2. Behavioural variability in GHG footprints

Environmental footprints of household activities such as clothes washing, 
dishwashing, vacuum cleaning, cooking and domestic water heating have 
been quantified in a number of LCA studies (Yamaguchi et al. 2011; Yuan et 
al. 2016; Yamaguchi et al. 2007; Gallego-Schmid et al. 2016; Favi et al. 2018; 
Tsilingiridis et al. 2004; Carnevale et al. 2014). However, how variability 
in human behaviour could influence environmental footprints is often not 
quantified. The environmental footprints of many products and services, 
can be modified by consumer behaviour (Schultz 2014) which in turn is 
driven by a combination of reasoned actions and habits. Reasoned actions 
are defined as actions that require a conscious thought process before 
they are performed. An example is the choice of consumers to install 
photovoltaic panels on their roofs to provide renewable electricity. On the 
other hand, many human behaviours are habitual rather than reasoned, 
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meaning that they are controlled by automated cognitive processes 
rather than conscious mental processes (Steg and Vlek 2009). Habitual 
behaviours have three important characteristics (Aarts et al. 1998): 

1. They are triggered by a certain stimulus in the presence of a specific 
goal; 

2. When the outcomes of habits are largely satisfactory, the same line of 
actions is likely to be repeated; and 

3. They are mediated by mental processes i.e. they are learnt, stored 
and readily retrieved from memory when the appropriate stimulus 
appears. 

While the purchase of cars and household appliances involve reasoned 
choices, the way people use their car, appliances and energy at home is 
often determined by their habits. When reasoned behaviour is repeatedly 
and satisfactorily performed it may lose its reasoned character and become 
a habit (Verplanken et al. 1998). However, the way a behavioural choice is 
made determines whether it is a habit or not and not the frequency of the 
behaviour (Steg and Vlek 2009). 
Peoples’ reasoned actions related to the one-off purchase of household 
items may vary greatly and will be influenced by a range of factors such 
as technology choice, price, availability and any legal constraints. For 
instance, in the case of laundry, people may choose to buy different types 
of washing machines (e.g. top loader or front loader) with different water 
and energy efficiency performances. People also buy different types of 
water heating systems (e.g. electric, gas etc.) and showerheads with 
differing flow rates for their showers (Walker 2009). Consumer habits in 
the use phase of products are also highly variable between individuals. 
For example, habits related to shower temperature and duration are 
variable between individuals (Ableitner et al. 2016b). The type and 
quantity of products that are used by consumers on day-to-day basis such 
as the dose of laundry detergents and shampoos are often among the 
habit related variables as well.  Product-based legislation, such as energy 
efficiency of home appliances, government policy on climate change and 
energy provision as well as voluntary actions by manufacturer’s (e.g. unit 
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dose detergents) are some additional factors that influence or defines the 
range of impacts associated with consumer behaviour.
Reducing environmental footprints requires changes in human behaviour 
through more sustainable policies (e.g. ecolabelling) and business 
activities (e.g. product design and manufacture, distribution etc.) and 
through more sustainable use and disposal of products (Schultz 2014). 
Behavioural change to reduce environmental impacts of consumers can 
be done through both reasoned actions and habits. Examples of these 
changes in consumer behaviour include: installing solar photovoltaic 
panels, reducing consumption of dairy products, changing from 
ruminants to poultry, reducing food waste, buying energy efficient cars 
and household appliances, reducing room temperature, buying locally 
made products, using less plastic and buying products with light or no 
packaging (Moran et al. 2018). Changing business behaviour towards 
more sustainable practices are often through reasoned choices such as 
brand positioning, consumer preferences and policy compliance. Sourcing 
of sustainable raw materials, choosing renewable sources of energy, 
such as wind, bio-power and solar PV, and the use of energy efficient 
production, transportation, distribution and storage technologies are a 
few examples related to the sustainable choices of businesses. (Moran et 
al. 2018) 
Although considered highly influential, behavioural variability and 
the consequences of behavioural change are typically ignored in LCA 
studies (Di Sorrentino et al. 2016; Weber et al. 2010). Quantification 
of behavioural variability has two main advantages. First, it enables us 
to probabilistically compare the environmental footprints of different 
products and processes delivering the same service. Second, it enables us 
to quantify the contribution of each input variable to the overall variance. 
If we can understand the drivers of environmental impacts, then this will 
help inform decision-making to reduce environmental footprints as well 
as consumer-based communications.

1.3. Goal 

The main goal of this PhD thesis was to quantify the influence of  
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behavioural variability on the environmental footprint of human 
activities. The main focus of this thesis was on behavioural variability in 
the use phase of fast-moving consumer products in the context of different 
countries and the main research questions were as follows:

1. How can behavioural variability be incorporated in the assessment of 
environmental footprint of human activities?

2. What are effective human behavioural changes to reduce 
environmental footprints?

Although many environmental impact indicators can be used, the focus of 
the PhD thesis is on life cycle greenhouse gas (GHG) emissions. Life cycle 
GHG emissions are typically taken into account in many LCA studies, also 
called the carbon footprint or GHG footprint (Lenzen 2014). This is due to 
the fact that climate change is considered to be one of the most important 
threats to our society and the focus of attention by both policymakers 
and product manufacturers. Besides, the LCA methodology is highly 
developed for assessing energy consumption and energy-related impacts. 
Climate change linked to GHG emissions may result in a wide range of 
environmental impacts, including biodiversity loss (Warren et al. 2018; 
Huang et al. 2017), and loss of human lives through increasing exposure 
to drought, storms and flooding (Nicholls et al. 2018; Jevrejeva et al. 
2018). Climate change can also have a negative influence on economic 
growth (Pretis et al. 2018; Park et al. 2018).

1.4. Outline

In chapter 2, the variability in the GHG footprint of laundry washing 
was quantified for 23 European countries. The variability related to 
the amounts and type of laundry products used and to the temperature 
setting and energy consumption of washing machines used by consumers 
was included in the assessment.  In chapter 3, the influence of variability 
in both consumers’ reasoned choices and consumers’ habits on the GHG, 
energy and water footprint of showering was quantified for four countries 
(Australia, Switzerland, the United Kingdom and the United States). In 
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chapter 4, the variability in the GHG footprints of product distribution 
and purchase of fast-moving consumer goods (FMCGs) via traditional 
(in-store) shopping and online shopping were compared for the United 
Kingdom. It was also shown how behavioural changes in parcel delivery 
business and in consumer behaviour could reduce the greenhouse gas 
footprints of each retail channel. Differences in in the last mile GHG 
footprints of traditional shopping in four countries with significantly 
different current consumer shopping behaviour, i.e. the United Kingdom, 
the United States of America, the Netherlands and China, were also 
quantified. 
Monte Carlo simulation was used to assess the influence of variability in 
human behaviour on GHG footprints in chapters 2-4.  As shown in Figure 1.2, 
in Monte Carlo simulation, the input variables of a model are  probability 
distributions rather than deterministic values. Model equations are 
fed by random samples that are repeatedly selected from the provided 
distributions and therefore the model output is also stochastic. Once 
the stochastic environmental footprints are generated, the contribution 
of each input variable to the variability in the environmental footprint 
can be quantified by correlating the variability in input parameters to the 
variability in the output. 

Figure 1.2. Variability assessment procedure used in chapters 2-4 of this study
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While in chapters 2-4 the focus was on the influence of consumer 
behaviour on GHG footprints, chapter 5 analyses the influence of policy 
interventions on business behaviour. A system dynamics model was 
developed to simulate how different Feed-in Tariff (FiT) rates influence 
the GHG emissions of future electricity production in Malaysia, a country 
with a fossil fuel dependent electricity grid. Feed-in Tariff is a guaranteed 
price per kWh that a power utility must pay to a renewable energy 
producer for a specific timeframe. That is, power utilities pay a higher 
price for the electricity generated from renewable energy compared to the 
electricity generated from fossil sources. FiT increases the willingness for 
investment in renewable energy, through providing financial incentives 
to influence the choice of investors in renewable technologies. Finally, 
the findings from these four chapters are combined in the synthesis, as 
reported in chapter 6.
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Abstract

Purpose Variability in consumer behaviour can significantly influence the 
environmental performance of products and their associated impacts 
and this is typically not quantified in life cycle assessments.  The goal of 
this paper is to demonstrate how consumer behaviour data can be used 
to understand and quantify the variability in the greenhouse gas emis-
sions from domestic laundry washing across Europe. 

Methods Data from a pan-European consumer survey of product usage 
and washing habits was combined with internal company data on prod-
uct format GHG footprints and in-home measurement of energy con-
sumption of laundry washing as well as literature data to determine the 
GHG footprint of laundry washing. The variability associated with four 
laundry detergent product formats and four wash-temperature settings 
in washing machines were quantified on a per wash cycle basis across 
23 European countries. The variability in GHG emissions associated with 
country electricity grid mixes was also taken into account. Monte Carlo 
methods were used to convert the variability in the input parameters 
into variability of the life cycle GHG emissions. Rank correlation analysis 
was used to quantify the importance of the different sources of variabili-
ty. 

Results and discussion Both inter-country differences in background elec-
tricity mix as well as intra-country variation in consumer behaviour are 
important for determining the variability in life cycle GHG emissions of 
laundry detergents. The average GHG emissions related to the laundry 
washing process in the 23 European countries in 2014 was estimated 
to be 5×102 g CO2-eq/wash cycle but varied by a factor of 6.5 between 
countries. Intra-country variability is between a factor of 3.5 and 5.0 
(90% interval). For countries with a mainly fossil-based electricity sys-
tem, the dominant source of variability in GHG emissions results from 
consumer choices in the use of washing machines. For countries with a 
relatively low carbon electricity mix, variability in life cycle GHG emis-
sions is mainly determined by laundry product-related parameters. 

Conclusions The combination of rich data sources enabled the quantifica-
tion of the variability in the life cycle GHG emissions of laundry washing 
which is driven by a variety of consumer choices, manufacturer choices 
and infrastructural differences of countries. The improved understanding 
of the variability needs to be balanced against the cost and challenges of 
assessing of consumer habits. 
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2.1. Introduction

Consumer choice and behaviour can be highly variable and a major 
contributor to the environmental impact of typical household activities 
such as washing, cleaning, cooking and entertainment (Throne-Holst 
2007). Interactions between consumers and products may have a large 
effect on the overall results of Life Cycle Assessment (LCA) studies. 
However, the variability in consumer behaviour is often not included 
in LCAs, because these are generally aimed at quantifying the average 
impact of a process or a product rather than the full extent of possible 
outcomes like in environmental risk assessment methods.  This has been 
identified as a key gap in LCA (Polizzi di Sorrentino et al. 2016; Hellweg 
and Mila i Canals 2014). According to a study on 38 countries, clothes 
washing (excluding tumble drying and ironing) is among the major energy 
demanding household activities, accounting for up to 17% (in Turkey) of 
the total domestic energy consumption (Pakula and Stamminger 2010).
A summary of the key variables that influence the greenhouse gas footprint 
of laundry washing, categorized as consumer-related, laundry detergent 
manufacturer related, and energy grid related is shown in Figure 2.1.  

Figure 2.1. Variables influencing the life cycle GHG emissions of laundry washing.
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Consumer behaviour can influence the GHG emissions associated with 
clothes washing in several ways. The contribution of consumer behaviour 
to variability in the GHG emissions can be classified in two categories 
namely (1) product-related parameters, including choice of detergent 
format (e.g. powder, liquid etc.) and dose, and (2) machine-related 
parameters, such as choice of wash program and temperature, load size 
and energy efficiency of washing machines. When a consumer chooses a 
laundry detergent product, the environmental impacts of this product are 
determined by the choices that were made by the manufacturer in terms 
of product design, manufacturing, sourcing and supply chain. For example, 
Saouter et al. (1998) argued that although more energy is consumed in 
the supply phase of liquid laundry detergents, the energy consumption 
during their use phase is lower in comparison to powder detergents. 
Furthermore, Nielsen et al. (2013) concluded that compaction can lead to 
less emissions from both powder and liquid laundry detergents in each 
wash cycle. 
Regardless of the format and amount of detergent used, energy use in 
washing machines ranges from 0.1 kWh/cycle (Pakula and Stamminger 
2010) to 2.3 kWh/cycle (Tomlinson and Rizy 1998). In particular, energy 
consumption of washing machines in different countries has been 
reported in a number of studies such as  A.I.S.E. (2013), Koerner et al. 
(2011), Laitala et al. (2011), Lin and Iyer (2007), Market Transformation 
Programme (2010), Masanet (2010), Novem (2001), Pakula and 
Stamminger (2015), Presutto et al. (2007), Yao and Steemers (2005) and 
Zaraket (2014). Inter-country variability arises from the differences in 
the GHG footprint of the electricity grid mixes and systematic differences 
in consumer behaviour in different countries. Depending on the source of 
energy used to generate electricity for households, either the consumer 
use phase or the ingredients supply phase may have the highest share 
of GHG emissions during the life cycle of products (Dewaele et al. 2006; 
Medyna et al. 2015). This means both the product-related as well as the 
machine-related choices can be the dominant influencers of the variation 
in GHG emissions related to clothes washing. Although the LCA studies on 
laundry detergents and clothes washing provide insights into individual 
sources of variability, they do not provide a systematic comparison of the 
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influence of the different sources of variability on the GHG emissions.
The main objective of this paper is to demonstrate how a combination of 
consumer behaviour data (e.g. survey data and technical observations) 
can be used to quantify the variability of the GHG impacts of a typical 
household activity, namely the laundry of clothes and other items. We 
quantified the influence of consumer behaviour on the variability in GHG 
emissions from clothes washing across European countries. Consumer 
survey data from a pan-European study were used (A.I.S.E. 2014), 
combined with in-home washing machine energy studies using data 
loggers (715 observation/100 households) and GHG data on laundry 
detergent products. We focused on GHG emissions which is one of the key 
impacts of laundry activity (Golsteijn et al. 2015; Koehler and Wildbolz 
2009; de Koning et al. 2010 and A.I.S.E. 2015). A Monte Carlo simulation 
(Rubinstein and Kroese 2016) was used to quantify the variability in GHG 
footprints of laundry washing due to variability in (i) detergent format, 
(ii) detergent dosage (actual), (iii) GHG emissions related to detergent 
production, (iv) wash temperature, (v) machine energy use within a 
range of temperature settings and (vi) country electricity grid mixes. In 
addition, we investigated the GHG emissions’ variability in a scenario in 
which the required electricity for washing machines was produced from 
solar PV.  

2.2. Methods

Data sources
Table 2.1 summarises the sample size and type of data used to assess 
variability in the GHG footprint of a laundry wash in 2014 across 23 
European countries including its temporal, geographical and product 
representativeness. Tables S1 and S2 and Figure S1 of the Supplementary 
Information (SI) provide more detailed information on the data.

A case study on laundry washing in Europe
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Table 2.1. Data sources used in this study for the different parameters and corresponding data 
collection criteria (T: Temperature, C: Country, i: detergent format)

Parameter Notation Sample Size Data 
Collection 
Year

Geographical 
Coverage

Reference

Probability of use of 
temperature setting 
T in Country C 

TST,C 4741 2014 23 European 
Countries

A.I.S.E. 
(2014)

Relative frequency 
of detergent format 
i used in country C

DFi,C 4741 2014 23 European 
Countries

A.I.S.E. 
(2014)

Dosage of  
detergent format i
in country C

Di,C Powder 1183 2009 Germany Kruschwitz 
et al. (2014)Liquid 1030

Tablet 100

Capsule 12 2014 France, 
Germany, 
Netherlands, 
UK

Unilever 
internal 
database

GHG emissions per 
unit of detergent 
product sold 
excluding use 
phase (i.e. product 
format/pack size)

FUPi Powder 29 2014 23 European 
Countries

Unilever 
internal 
database

Liquid 46

Capsule 12

Tablet 3 2010

Washing machine 
energy usage at 
temperature T in 
country C

ECT,C 30 °C or 
lower

228 2014 UK Unilever 
internal 
database40 °C 338

50 ° C 19

60 °C or 
higher

45

GHG emission 
factor of electricity 
production in 
country C

EFC 2012 23 European 
Countries

(Weidema, 
B.P. et. al 
2013)

GHG emission 
factor of electricity 
production using 
PV module in 
country C

EFPV,C 2012 23 European 
Countries

(Weidema, 
B.P. et. al 
2013)

Population of 
country C

PopC 2014 23 European 
Countries

World Bank 
(2014)

In 2014, the International Association for Soaps, Detergents and 
Maintenance Products (A.I.S.E.) commissioned a Pan-European 
consumption survey on sustainability and washing habits. The survey 
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gathered  information on  washing  habits and their  evolution  in 
the domains of laundry and dishwashing practices using an online 
questionnaire. 4741 men and women aged 18-65, responsible for 
purchase and using a laundry machine were recruited via panels in 
23 European countries. The relative frequency of use of the four main 
laundry detergent formats, i.e. powder, liquids, tablets and capsules 
were estimated from the type of laundry detergent used by respondents 
for normal washing over a three-month period.   The A.I.S.E. study also 
reports the probability of use of the temperature settings “30°C or lower”, 
40°C, 50°C and “60°C or higher” per country which we used in our study. 
The GHG emissions of laundry detergents vary by formulation, pack 
size, transportation and producer. An in-house dataset of GHG emissions 
for laundry detergents manufactured by Unilever in 2014 was used to 
estimate the variability in the GHG emissions (g CO2-eq/g detergent) 
of the four detergent formats in Europe.  Unilever is one of the major 
laundry detergent manufacturers in Europe with sales of powders, liquids 
and capsules with varying market share depending upon consumer 
preferences.
The consumer habit in actual dosing of powder, liquid and tablet laundry 
detergents was based on a comprehensive study performed in Germany 
(Kruschwitz et al., 2014). In the absence of comparable data for all 
countries we assumed that the variability in product dosing measured in 
Germany was representative for all countries. For the dosing of capsule 
laundry detergents, no empirical studies on consumer habits were 
available so we assumed that consumers use the recommended dosage of 
one capsule per wash cycle. 
The variability in the energy consumption of washing machines for the 
specified temperature ranges was quantified using data from a field 
investigation exploring laundry habits over 100 UK households (Unilever, 
internal data 2014). The study involved simultaneous collection of 
technical wash data using an advanced logger technology to record real 
wash information (i.e. duration, energy use, and temperature setting) 
of 715 wash cycles. We developed probability distributions of energy 
consumptions associated with the following temperatures ranges “30 °C 
or lower”, “40°C”, “50°C” and “60°C or higher” that were reported in the 
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AISE habits survey. The variability observed for each temperature range 
is driven by the duration of the wash, load size and the energy efficiency 
of the washing machine. Wash cycles with a duration over 200 minutes 
or shorter than 20 minutes (12 % of the total number of washes) were 
considered as outliers and were excluded. In the absence of comparable 
data for all countries, the variability in energy use measured in the UK 
study was considered representative for the other countries included. For 
the country specific GHG emissions per kWh electricity produced we used 
the ecoinvent database (Version 3.2, Weidema et al. 2013) that provides 
the relevant data for the year 2012. 
To obtain weighted average GHG footprints for Europe we used the 
population statistics reported by the World Bank (World Bank 2014) (See 
Table S1 of the Supplementary Information).
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Laundry wash model
To assess the variability in the GHG footprint of laundry washing in the 
23 European countries we applied the functional unit of one wash cycle. 
Figure 2.4 gives an overview of the variables that were assessed in this 
study. GHG emissions associated with retail (e.g. consumer shopping trip), 
product disposal, infrastructure (e.g. construction of factories, water and 
energy supplies), and the manufacture of appliances were excluded and 
typically considered to be relatively small compared to the other life cycle 
phases (Dewaele et al. 2006; Henkel AG & Co. KGAA 2009; Medyna et al. 
2015; Van Hoof et al. 2003b). 

F igure 2.2. Scope of the study: Boxes with thin borders show the input variables and boxes with 
thick borders show the variables calculated in this study.
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The total life cycle GHG emissions per wash cycle for the 23 European 
countries was estimated via equation 1:  

CFTotali,T,C = FUBi  × Di,C + EFC × ECT,C    Equation 1

Where CFTotali,T,C is the amount of greenhouse gas emissions associated 
with one wash using detergent i at temperature T in country C in g 
CO2-eq per wash cycle, FUPi the GHG emission factor related to sourcing, 
manufacturing, packaging and transportation of product i in g CO2-eq 
per gram detergent, Di,C the dosage of product i in country C in grams 
detergent per wash cycle, EFC the GHG emission factor of the electricity 
consumed in country C in g CO2-eq/kWh, and ECT,C  (in kWh) the electricity 
consumption when temperature is set to T in country C. 

To calculate an average GHG footprint for the 23 European countries we 
weighted the average GHG emissions associated with clothes washing per 
country by their respective population size. 

Model simulation
To quantify the variability of the GHG emissions from laundry washing, 
a Monte Carlo simulation with 100,000 runs was performed in Oracle 
Crystal Ball (11.1.2.4.600). To include the role of intra-country variability 
of temperature setting and of the detergent format relative frequency, a 
non-parametric bootstrapping procedure (Efron and Tibshirani 1986) 
was applied to develop a distribution for each country. First, we developed 
23 discrete custom distributions (one for each country) each having four 
probability values equal to the relative frequency of the four detergent 
formats in the country considered. We also developed 23 discrete custom 
distributions (one for each country) each having four probability values 
equal to the share of the four temperature categories. Then for each 
country and at each iteration, individual values were randomly selected 
for each parameter in its probability distribution and CFTotal was 
obtained using Equation 1 (see more detail on the algorithm in section 2 
of the SI). 
To quantify the relative influence of the various input parameters on the 
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GHG footprint per wash cycle we calculated Spearman rank correlation 
coefficients. Then we divided the squared rank correlation coefficient per 
input parameter by the sum of all squared rank correlation coefficients 
of the input parameters to calculate the relative contribution to the total 
variance of each input parameter. 

GHG reduction potential
To assess the influence of consumer behaviour change and to estimate the 
reduction potential in the GHG footprint of laundry washing, we assessed 
a shift of all consumer washes to “30⁰C or lower” or the substitution of 
the 2014 energy mix and consumption with renewable energy from solar 
photovoltaic (PV) electricity. We used the GHG emission factors related 
to the use of solar PV systems in each country (EFPV,C) instead of EFC and 
used the ecoinvent 3.2 database to obtain the emission factors related 
to the use of solar panels. The dataset represents the production of 
grid-connected low voltage electricity with a 3 kilowatt peak building-
integrated PV module (considering multi-Si panels installed on slanted 
roofs). 

2.3. Results

Variability in the GHG emissions of different laundry detergent formats
Figure 2.5 presents the distributions of GHG emissions related to the four 
different product categories without considering the energy use of the 
washing machine. It shows that tablet detergents have the highest median 
GHG emissions per wash cycle (1.7 × 102 g CO2-eq/wash cycle), while the 
three other product categories have lower median GHG emissions (8.4 ×
101 - 1.1 × 102 g CO2-eq/wash cycle). The relatively high GHG emissions 
for the tablets is due to the fact that even though the quantity of tablet 
detergents (in gram) used per wash cycle is lower than that of powder 
and liquid detergents, the production of tablet ingredients is relatively 
carbon intensive. It can also be seen from Figure 2.3 that the variability 
in GHG emissions related to liquid and powder detergents use is higher 
compared to the use of tablet and capsule detergents. That is because 
higher variability exists in both GHG emissions per gram detergent and 
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dosage of powder and liquid detergents than those of tablet and capsule 
detergents. 

F igure 2.3. Variability of the GHG emissions from the use of detergents (excluding washing machine 
energy use) between and within the four product categories (5th, 25th, 50th, 75th and 95th percentiles).

Variability in the GHG emissions associated with energy use in washing 
phase
Variability in the GHG emissions due to the consumer variability in 
temperature selection is shown in Figure 2.6. The variability is determined 
by the energy use of washing machines within a certain temperature 
category as well as the GHG emission factor of electricity production in 
different countries. The distributions represent the population-weighted 
average emissions per temperature category in Europe. The median GHG 
emission systematically increases from 1.5 × 102 to 5.1 × 102 g CO2-eq/
wash cycle with increasing temperature settings from “30°C or lower” 
to “60°C or higher”. The variability within a temperature category is a 
factor of 8-9 (represented as the ratio of the 95th and the 5th percentile 
of the variability range), with the exception of the temperature category 
of “30°C or lower” which has a variability factor of 23. The larger range is 
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due to the fact that cold water washes (i.e. without any water heating by 
the machine) are also included in this category. 

F igure 2.4. Variability of the GHG emissions from washing machine use for different temperature 
settings. The distributions refer to a population weighted average over all 23 European countries 
(5th, 25th, 50th, 75th and 95th percentiles).

Variability in the total life cycle GHG emissions 
Figure 2.7 presents the variability in the total life cycle GHG footprint of 
clothes washing in the 23 countries. To estimate the relative variability 
within countries we divided the 95th percentile by the 5th percentile of 
each spread and to estimate between-country variability we divided the 
highest median value by the lowest median value. 
The median life cycle GHG emissions vary by a factor of 6.5 between the 
different European countries. Norway has the lowest emissions with 1.2 
×102 g CO2-eq/wash cycle and Poland has the highest emissions with 7.9 ×
102 g CO2-eq/wash cycle. The population-weighted average life cycle GHG 
emissions in Europe are equal to 5.1 × 102 g CO2-eq/wash cycle. The intra-
country variability due to consumer differences in detergent and energy 
use varies between 3.5 and 5.0, depending on the country considered. 
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Figure 2.5. Life cycle GHG emissions related to one laundry wash in different European countries 
(CFTotali,T,C) (5th, 25th, 50th, 75th and 95th percentiles).

Figure 2.6 shows the relative share of the machine-related parameters 
(use phase) from the total GHG emissions in each country. The typical 
relative contribution of the use phase to the GHG footprint of clothes 
washing in Europe ranges from 27% to 88% depending on the country 
considered. In addition, the relative contribution of the use phase ranges 
intra-countries from a factor of 1.4 in Poland to a factor of 5.8 in Norway. 
Table S3 of the SI provides an overview of the lifecycle greenhouse gas 
emissions of clothes washing and the relative share of use phase reported 
in the literature.
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Figure 2.6. Share of the GHG emissions related to the use phase from the total life cycle GHG emis-
sions in different countries, ordered from the country with the highest median share (Poland) to the 
country with the lowest (Norway) (100% × EF� × ECT,C / CFTotali,T,C).

Importance Analysis
Table 2.2 presents the sensitivity of the variability in life cycle GHG 
emissions to the variability in the different input parameters of the model. 
For the majority of European countries, the life cycle GHG emissions are 
most sensitive to the variability in temperature setting (TST,C) and to the 
variability in energy consumption of washing machines within a specific 
temperature setting (ECT,C). The latter is mainly influenced by duration 
of wash, load size and the efficiency of washing machines. These are the 
countries with relativity high GHG emissions for producing electricity. 
For the countries with relatively low carbon electricity generation mixes 
(Norway, Sweden and France), GHG emissions are most sensitive to 
the product-related parameters (53-87%).  The variation on machine-
related parameters contributes 13-98% to the variation in life cycle GHG 
emissions depending on the country considered.
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Table 2.2. Contribution to variance of the different parameters for each country (In percentage). 
For each country, the darkness of the colour of each cell shows the importance of the cell.

Country Detergent 
dosage (Di,C)

Format and 
relative frequency 
of detergents 
(FUPi,C + DFi,C)

Washing machine 
electricity 
consumption 
(ECT,C)

Temperature 
setting (TST,C)

Poland 1 1 41 57

Greece 1 1 34 65

Romania 2 1 33 64

Bulgaria 2 1 37 60

Czech 2 1 45 52

Germany 2 1 35 61

Ireland 2 2 41 55

United Kingdom 2 2 39 58

Turkey 2 1 33 63

Hungary 3 2 44 51

Netherlands 3 3 32 63

Portugal 3 2 30 65

Slovakia 4 2 45 49

Italy 4 4 25 68

Spain 5 4 36 56

Austria 7 4 34 56

Denmark 8 3 41 48

Belgium 9 8 24 59

Finland 12 5 52 31

Switzerland 33 17 21 29

France 26 27 14 33

Sweden 66 12 13 9

Norway 65 22 6 7
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GHG reduction potential
In the case all washes were done using the temperature category of 
“30⁰C or lower”, inter-country variability would be a factor of 4.5 and the 
population-weighted average life cycle GHG emissions in Europe would be 
330 g CO2-eq/wash cycle. Given that, the average GHG reduction potential 
of this scenario would be 177 g CO2-eq/wash cycle that implies a 35% 
reduction in the life cycle GHG footprint of clothes washing. 
In the case electricity for washing machines was generated by PV panels, 
inter-country variability would be as low as 1.3 and the population-
weighted average GHG emissions in Europe would be 1.6 × 102 g CO2-eq/
wash cycle.  This implies a 3-fold decrease in the life cycle GHG footprint 
of clothes washing. In this scenario, the product-related parameters 
would account for two thirds of the contribution to variance and the 
washing-machine related parameters would influence one third of the 
contribution. 

2.4. Discussion

Variability and uncertainty 
An understanding of variability and uncertainty is critical for decision-
making but often poorly addressed in many LCA studies which tend to be 
deterministic (Ascough et al.  2008; Polizzi di Sorrentino et al. 2016 ).  In 
this study we simulated the variability in the GHG footprint of a typical 
household activity (i.e. laundry washing) by integrating consumer habits 
and survey data, using the Monte Carlo method. Various approaches 
and statistical treatments have been applied to estimate variability and 
uncertainty in LCA, such as the use of regression models in assessing 
life cycle inventories (Steinmann et al. 2014a) and the application of 
Monte Carlo methods (Steinmann et al. 2014b).  Empirical studies of 
variability and probabilistic approaches are more commonly applied in 
related areas such as human and environmental risk assessment (Huizer 
et al. 2012). Taking consumer behaviour into account is challenging as 
its characterization and measurement on significant samples of the 
population is complex and costly.  In this study, we benefited from having 
access to large datasets collected by the detergent industry.
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Different data collection methods such as using questionnaires, 
interviews, diaries, cameras and data loggers exist and each method has 
its own pros and cons. With regard to the choice of detergent format and 
temperature, we based our analysis on relatively large samples collected 
with questionnaires.  However, behavioural data based on self-report has 
some limitations. Consumers often do not have sufficient insight into the 
drivers of habitual behaviours and will struggle to precisely remember 
and report on their habits (Verplanken et al., 2005). Also, social 
desirability may influence reporting as socially desirable behaviours 
tend to be over-reported in self-reports (e.g. Chung & Leung, 2007). 
For the energy consumption, we used sensor-based data loggers that 
measure the actual behaviour. Such studies are more costly to implement 
than questionnaires and diaries but provide more reliable behavioural 
data. This is the reason why we were only able to include information 
on energy use per temperature setting for a relatively small group of 
100 households in the UK only. This may limit representativeness for 
countries that have significantly different washing behaviours and energy 
consumptions beyond differences in machine temperature settings, 
i.e. in wash duration, load size and machine efficiency. The data also 
does not cover the variance in the ambient water temperature in the 
different countries and at different times in the year. This may lead to 
underestimation of variability of the GHG footprint per wash cycle within 
the temperature categories.  Having said that, to the best of our knowledge 
it is the only available measured data on consumers’ real laundry washing 
behaviour. We compared the reported average energy consumption per 
temperature setting in our study with the average energy consumption in 
washing machines used in European countries reported by Stamminger 
and Schmitz (2016). In their study the energy consumption of 50 specific 
models of washing machines bought from the European market between 
the years 2012 and 2014 was measured at 40°C and 60°C. The average 
consumption reported in that study is consistent with the average of the 
figures reported in Unilever’s dataset for the same programmes (both 
equal to 0.78 kWh per wash cycle). 
Another uncertainty is the fact that the data we used for the GHG emissions 
per unit of detergent was representative of the Unilever product portfolio 
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only. However, we compared the average used in this study with the 
one reported by Lasic et al. (2015) and found them consistent (both 
1.7 gCO2-eq/g detergent). Other sources of uncertainty and variability 
related to the detergent dataset were not considered in this study, such 
as the manufacturing processes, sourcing of raw materials, and sources 
of energy used for manufacturing. 
With regard to the dosing behaviour, we assumed consumers use only 
one capsule per wash and we used the capsule mass data as provided by 
Unilever. If more than one capsule were used, the associated GHG emissions 
from capsule detergents would increase accordingly. For detergent formats 
other than capsules, distributions of dosing amounts per wash cycle and 
per detergent format were available from a large consumer study in 
Germany. It is unknown whether this data is representative for the rest of 
Europe. We also did not differentiate between the use of concentrated and 
regular forms of liquid detergents. Based on the recommended dosages 
for these formats one could argue that liquid detergents should be split 
into different use categories. Chapotot et al. (2011) found, however, that 
there is no statistically significant difference between the real dosage of 
concentrated and regular liquid detergents. Furthermore, A.I.S.E. (2014) 
reported that up to 40% of the consumers do not adjust their dosage 
behaviour according to the form of liquid detergent. Therefore, modelling 
the liquid detergents as one group, with a range of impacts (in g CO2-eq/g 
detergent) that covers both non-concentrated as well as concentrated 
forms of liquid detergents is considered justified. We did not include the 
possible impacts of additional products such as bleaches, fabric softeners 
and water softeners in this study.    
We did not consider possible correlations between the input variables. 
According to the “Sinner Circle” (Sinner 1960; Stamminger 2010), 
laundering performance is the result of chemistry, temperature, 
mechanical action from the washing machine, time and water.  This 
means that in theory higher average wash temperatures may have lower 
the dosage to reach the same performance. 
Finally, to obtain the GHG emission factor of the electricity consumed 
in different countries (EFc), we considered electricity on the low voltage 
level of the different markets. However, different approaches of GHG 
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calculation for electricity mixes will lead to different GHG emission factors. 
As an example, correcting the Norwegian electricity consumption for the 
European trade of guarantees of origin will results in a GHG emission 
factor of 500 gCO2-eq per kWh for Norway (RE-DISS 2015). 

GHG footprint improvement potential
Using the estimation of 34.3 billion wash loads per year in Europe by 
A.I.S.E. (2014), we estimated a potential GHG saving of 5.9 million tonnes 
CO2-eq per year from switching all washes to 30 °C or lower. Considering 
6.7 t of CO2 emissions per capita in Europe (World Bank 2013a), the 
saving potential equates to the total GHG emissions produced by more 
than 880,000 European inhabitants.   
The results of the PV scenario analysis suggest that, consumers can largely 
influence the life cycle GHG emissions of laundry detergents not only by 
lowering the temperature settings of the washing machine, but also by 
using low carbon technologies for electricity production. Considering 
the number of annual wash loads in Europe, the corresponding GHG 
saving potential of switching to low-carbon intensive resources (in this 
study we only considered PV panels) is 11.8 million tons CO2-eq per year. 
This equals to the total GHG emissions produced by 1,760,000 European 
inhabitants.   

2.5. Conclusion

The results demonstrated that in countries with carbon intensive 
electricity sources, the variability in life cycle GHG emissions is most 
sensitive to the variability in machine-related parameters, such as the 
temperature setting. However, in countries with low carbon electricity 
sources, GHG emissions are most sensitive to the product-related 
parameters, such as the type and amount of detergent applied. 
Given the importance of the role of variability in consumer behaviour in 
LCA studies, using a combination of different data collection methods 
would help in producing data of higher quality and representativeness. 
This would lead to a more accurate quantification of the environmental 
impacts associated with daily activities and enable more targeted 
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measures for the reduction of the environmental footprint of consumer 
goods. The use of a combination of rich data sources enabled us to 
quantify the variability in the life cycle GHG emissions of a household 
activity which is caused by variety of consumer choices, manufacturer 
choices and infrastructural differences of countries. 
While the presented results are limited to GHG emissions, a similar 
approach can be used for the quantification of other environmental 
impacts in particular to highlight trade-offs that may be associated 
with particular choices. Besides, the application of this method to other 
household activities could be of interest for future studies. 
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Abstract

Understanding variability in consumer behaviour can provide further 
insights into how to effectively reduce environmental footprints related 
to household activities. Here, we developed a stochastic model to quantify 
the energy, greenhouse gas (GHG) and water consumption footprints of 
showering in four different countries (Australia, Switzerland, the United 
Kingdom and the United States of America). We assessed the influence 
of two broadly distinct categories of behaviour i.e.  habitual behaviours 
and one-off reasoned actions, on the footprints of showering. We also 
investigated if changing showering behaviour has a substantial impact on 
the associated energy, GHG and water footprints. Our results show that 
the variation in environmental footprints within the countries due to 
differences in consumer behaviour is a factor of 6-17 (95th percentile/5th

percentile) depending on the country and the indicator selected. Both 
consumers’ reasoned-actions - particularly the choice of a specific 
heater and shower type - and habitual behaviours, length of showering 
in particular, are the dominant sources of footprint variability. Significant 
savings are achievable by making better one-off decisions such as buying 
an efficient water heater and by taking shorter showers. 

Abstract

Understanding variability in consumer behaviour can provide further 
insights into how to effectively reduce environmental footprints related 
to household activities. Here, we developed a stochastic model to quantify 
the energy, greenhouse gas (GHG) and water consumption footprints of 
showering in four different countries (Australia, Switzerland, the United 
Kingdom and the United States of America). We assessed the influence 
of two broadly distinct categories of behaviour i.e.  habitual behaviours 
and one-off reasoned actions, on the footprints of showering. We also 
investigated if changing showering behaviour has a substantial impact on 
the associated energy, GHG and water footprints. Our results show that 
the variation in environmental footprints within the countries due to 
differences in consumer behaviour is a factor of 6-17 (95th percentile/5th

percentile) depending on the country and the indicator selected. Both 
consumers’ reasoned-actions - particularly the choice of a specific 
heater and shower type - and habitual behaviours, length of showering 
in particular, are the dominant sources of footprint variability. Significant 
savings are achievable by making better one-off decisions such as buying 
an efficient water heater and by taking shorter showers. 
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3.1. Introduction 

Many everyday consumer behaviours are habitual.  The behaviours 
are fairly automatic, cued by stimuli in the environment and usually 
unaccompanied by much conscious reflection (Verplanken et al. 1998; 
Kurz et al. 2015). For instance, showering has become a routine and 
consumers do not give much thought to how long they shower for, what 
temperature they set the shower at, or how much shower gel, shampoo or 
conditioner they use in the shower. In contrast to these routine behaviours, 
other actions and decisions taken by consumers can be more deliberative. 
These actions are goal-directed and guided by more conscious evaluation 
of the pros and cons of the behavioural choice (Kurz et al. 2015; Strack and 
Deutsch 2004). For example, in the case of showering, one-off actions such 
as the installation of a water heater or the selection of a new showerhead 
are largely driven by conscious considerations.  In this paper we use the 
dual process models of human behaviour that describe how everything 
we do is regulated by two interacting brain processes (conscious and non-
conscious), as a framework for assessing the differences in environmental 
impact due to differences in everyday consumer behaviour (Kahneman 
and Egan 2011). 
Analysing differences in showering behaviour is of particular interest 
for assessing the environmental footprint of consumer activities because 
showering is a major contributor to domestic water and energy use. It has 
been estimated that showering accounts for 28%, 25% and 20% of the 
indoor domestic water use in Australia, the United Kingdom (UK) and the 
United States of America (US) respectively and contributes to 39% of the 
domestic hot water use in the US (Energy Saving Trust 2013; Beal et al. 
2011; Kenway et al. 2008; Water Research Foundation 2016).  Moreover, 
while the water use in clothes washers, toilets and dishwashers in the 
US significantly decreased between the years 1999 and 2016 (up to 
39%), water use per shower held steady during the same period (Water 
Research Foundation 2016). 
A number of studies have reported the water use associated with 
showering (Water Research Foundation 2016; Beal et al. 2011; Waterwise 
2009; Willis et al. 2010; Makki et al. 2013; Wilkes et al. 2005; Kordana et 
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al. 2014; Unilever and the UK water companies 2015) and other studies 
(Beal et al. 2011; Ableitner et al. 2016; Staake et al. 2016) have estimated 
the corresponding energy use. Results of these studies indicate that 
showering behaviour can be highly variable between individuals in a 
country. For example, according to a study by Unilever and the UK water 
companies (2015), which investigated consumer showering behaviour 
in the UK, the median shower time in the UK is 5.6 minutes. However, 
25% of the shower events are longer than 8.3 minutes and 5% of the 
showers even last more than 14.3 minutes. Showering behaviour also 
varies between countries. While the average flow rate, shower time and 
shower temperature in Switzerland are 11 L/minute, 4 minutes and 36 °C 
respectively (Ableitner et al. 2016), the same parameters for the United 
States were found to be 5.1 L/minute, 7.9 minutes and 40 °C (Water 
Research Foundation 2016; Wilkes et al. 2005). These studies have 
focused on the potable water and energy used during one shower event, 
which can be used as input in the assessment of life cycle environmental 
impacts of showering. 
Life Cycle Assessment (LCA) is widely used as a tool for environmental 
footprinting of household activities, although behavioural variability is 
typically not addressed in these studies (Golsteijn et al. 2015; Koerner 
et al. 2010; Yuan et al. 2016; Ross and Cheah 2017). Quantification of 
variability in the environmental footprints and calculating the contribution 
of different variables as well as different types of behaviour to the overall 
variance provides a better understanding of the environmental footprints 
and their key drivers (Di Sorrentino et al. 2016). This helps to identify 
the most effective policy options to lower the environmental impact of 
household activities.
The objective of this study was to quantify the variability in life cycle  
energy use, GHG emissions, and water consumption of domestic showering 
associated with the two type of consumer behaviour. We applied one 
shower event as our functional unit and focused on four countries with 
different climatic conditions, different infrastructures for energy and 
water provision and with sufficient data for the analysis, i.e. Australia, 
Switzerland, the United Kingdom and the United States. We applied Monte 
Carlo simulation to propagate the variability in consumer behaviour -e.g. 
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shower duration, flow rate etc.- to the variation in the environmental 
footprints. We also quantified the contribution to variance associated 
with variability in the two different types of consumer behaviour.

3.2. Materials and Methods

Data Sources
The foreground data related to consumer behaviour including sample 
size, type of behaviour, source of data and the corresponding distributions 
used to calculate the environmental footprint indicators across the four 
selected countries are summarized in Table 3.1. We used measured data 
–collected by sensors and data loggers−  from studies instead of self-
reported data for the key behavioural variables of the model, i.e. flow rate, 
shower duration and shower temperature, as consumers do not always 
accurately remember their showering behaviour due to the automatic 
nature of habits (Verplanken et al. 2005; Chung and Leung 2007). Note 
that selection of a showerhead is a reasoned action whereas how much 
a consumer opens the tap is a habit. Given that, variability in the water 
flow rate is derived by the variability in a mix of behaviours. However, our 
analysis of variance on the US data shows that the variance in the flow rate 
between different showerheads is significantly higher than the variance 
within the showerheads (F statistic = 38.2). This is in line with the results 
of Beal et al. (2011) and Ableitner et al. (2016). Therefore, the selection 
of a showerhead dominates the variability in the shower flow rate and 
consequently flow rate is considered as a reasoned action in this study. 
Country and industry related background variables such as GHG emissions 
per kWh of electricity and the footprints related to the production of 
unit amount of ingredients and packaging materials are presented in 
Table S1. Depending on the type of variable and the availability of data, 
we fitted distributions for the different input variables of the model. 
Where we had access to the raw data with a sufficient sample size, we 
fitted normal and lognormal distributions and selected the distribution 
with the best goodness of fit. When our access was limited to a minimum, 
a maximum and a most likely value, we fitted a BetaPERT distribution 
to the data. Given that, we applied a lognormal distribution for shower 
duration, cold water temperature and product dosage. We also included 
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a lognormal distribution for water flow rate in the UK and the US, while 
normal distribution was a better fit for water flow rate in Australia and 
Switzerland. We derived a BetaPERT distribution for shower temperature 
and for the energy efficiency of the water heaters. The fitted distributions 
have been graphed and explicit rationales have been given for each 
variable (in sections 2-5 of the SI). 
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Table 3.1. Behavioural variables used in this study and their corresponding characteristics. Where 
a normal distribution is used, the arithmetic mean and the arithmetic standard deviation are report-
ed in the parenthesis. Where a lognormal distribution is used, the geometric mean and geometric 
standard deviation are reported in the parenthesis. Where BetaPERT distribution is used, minimum, 
likeliest and maximum values are reported in the parenthesis. Where a custom distribution is used, 
the probability associated with each number is reported. (AU: Australia, CH: Switzerland, UK: Unit-
ed Kingdom, US: United States).  

Variable Country Sample Size Distribution Type of 
Behaviour

Reference

Water Flow 
Rate (FR) in 
(L/minute)

AU 252 households Normal (7.9,2.8) Reasoned 
Action

(Beal et al. 
2011)

CH 5610 shower 
events from 636 

households

Normal (11,2.5) (Ableitner 
et al. 2016)

UK 276 households Lognormal (7.3,1.6) (Unilever 
and the 

UK water 
companies 

2015)a

US 2428 shower 
events from 103 

showers

Lognormal (4.7,1.5) (Water 
Research 

Foundation 
2016)

Shower 
Duration 
(ShD) in 
(minutes)

AU 252 Households Lognormal (5.5,1.5) Habit (Beal et al. 
2011)

CH 5610 shower 
events from 636 

households

Lognormal (3.2,1.9) (Ableitner 
et al. 2016)

UK 6977 shower 
events from 276

households

Lognormal (5.6,1.8) (Unilever 
and the 

UK water 
companies 

2015)
US 2428 shower 

events from 103 
showers

Lognormal (7.2,1.7) (Water 
Research 

Foundation 
2016)

Shower 
Temperature 
(Tshower) 
in (°C)

AU 7 households BetaPERT (25,40,47) Habit (Kenway 
et al. 2016; 
Binks et al. 

2016)
CH 5610 shower 

events from 636 
households

BetaPERT (25,36,47) (Ableitner 
et al. 2016)

UK 7 households BetaPERT (25,40,47) (Kenway 
et al. 2016; 
Binks et al. 

2016)
US 7 data points BetaPERT (25,40,47) (Wilkes et 

al. 2005)
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Variable Country Sample Size Distribution Type of 
Behaviour

Reference

Penetration 
Rate of 
Different 
Types of 
Water 
Heaters (PR) 
in (%)

AU Electric Custom 39 Reasoned 
Action

(Energy 
Rating 
2014)

Gas 45
Solar 13

Heat Pump 3
CH Electric Custom 28 (Prognos 

2015)Gas 25
Solar 3

Heat Pump 2
Oil 42

UK Electric Custom 13 (Boait et 
al. 2012)

{Boait, 
2012 

#54;Boait, 
2012 #54}

Gas 87

US Electric Custom 44 (Maguire et 
al. 2013)Gas 56

Energy 
Efficiency 
of Water 
Heaters (EE)

AU, CH, 
UK, US

Electric BetaPERT 
(0.77,0.85,1)

Reasoned 
Action

 (Prognos 
2015; 

Waterwise 
2009; Boait 
et al. 2012; 
Maguire et 

al. 2013, 
Whaley et 
al. 2014)

Gas BetaPERT 
(0.40,0.68,0.98)

Oil BetaPERT
(0.40,0.65,0.98)

Heat Pump BetaPERT
(2,2.35,2.73)

AU Solar BetaPERT
(0.85,1.6,7)

CH BetaPERT
(0.85,1,7)

Product 
Dosage 
(D) in (g/
Shower)

Liquid Facewash Men Lognormal 
(2.75,1.83)

Habit (Ficheux et 
al. 2016)

Liquid Facewash Women Lognormal 
(2.70,2.10)

Shower Gel Men Lognormal 
(9.04,1.93)

Shower Gel Women Lognormal 
(8.03,2.00)

Shampoo Men Lognormal 
(4.81,1.90)

Shampoo Women Lognormal 
(8.40,1.92)

Hair Conditioner Men Lognormal 
(5.00,1.33)

Hair Conditioner Women Lognormal 
(7.62,2.09)
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Variable Country Sample Size Distribution Type of 
Behaviour

Reference

Number 
and type of 
products 
used 

0 Custom 6% Habit (Unilever 
and the 

UK water 
companies 

2015)

1: shower gel 19%
2: shower gel and shampoo 27%
3: shower gel, shampoo and 

conditioner
27%

4: shower gel, shampoo, 
conditioner and face wash

14%

5 or more 7%

 a: Using a shower monitor based on sensor technology, reliable and objective data on showering 
behaviour in the UK were gathered in a representative sample of UK households based on the acorn 
type consumer classification system (CACI 2014) For the sample collection protocols in the other 
countries, please refer to the corresponding references as provided in Table 3.1 and Table S1.  

For shower duration, shower fl ow rate, shower temperature and cold water 
feed temperature we used measured data as explained in sections 2-5 of the 
Supporting Information (SI). For the type and energy effi  ciency of water heat-
ers, we derived data from country specifi c reports as presented in Table 3.1 
and explained in section 6 of the SI. For the number and types of products 
used per showering event, we used Unilever empirical data from a UK study 
(Unilever and the UK water companies 2015) and assumed that the same dis-
tribution is applicable to the other three countries. Based on the frequencies 
reported by this study for the products used per day, we considered a specifi c 
order of products used, as specifi ed in Table 3.1. For the dosage relating to 
each of the considered products we used data from Ficheux et al. (2016) and 
assumed 50% of the consumers are men and 50% are women. We estimated 
the showering products footprints by using Unilever product specifi cations 
and life cycle inventory data from ecoinvent v3.3 (Wernet et al., 2016) and 
other literature sources as presented in section 7 of the SI. With regard to the 
packaging, we used data from Product Environmental Footprint (PEF 2014).  
See Section 7 of the SI for more details. 

Environmental footprints
The environmental footprint associated with one shower event in 
country i,   (in MJ primary energy, gCO2-eq or L water consumed) was 
calculated by summing up the footprints related to (i) heating the water, 
(ii) water provision and wastewater treatment and (iii) manufacturing of 
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the shower products (including the packaging):  

Where FRⁱ is the water flow rate in country i (L/minute), ShDi is the 
shower duration in country i (minutes per event), C is the heat capacity 
of water (4.2 MJ/L. °C ), Tsi is the shower temperature in country i (°C), 
Tci is the ambient water feed temperature in country i (°C), EEik is the 
energy efficiency of the water heating type k in country i (dimensionless), 
EIEik is the environmental impact to deliver one MJ of energy type k in 
country i (MJ/MJ, gCO2-eq/MJ, or L/MJ), EIWi is the environmental impact 
related to the provision and waste treatment of 1 L of water in country
i (MJ/L, gCO2-eq/L or L/L ), EIPh is the environmental impact related to 
the production of material h (MJ/gram, gCO2-eq/gram or L/gram), Qhp is 
the amount of material h per unit of product p (gram/gram) and Dp is the 
amount of product p used in the shower in (gram per event). We excluded 
any potential heat loss in the water heater system and the place where 
shower temperature was measured.    
Water consumption is defined as the freshwater that is not released back 
to the original watershed (Pfister et al. 2011). We assumed that water 
returns to its original watershed after being used in the households and 
in the cooling systems of electricity generation plants. Evaporation due to 
electricity generation and product manufacturing as well as evaporation 
during water provision and wastewater treatment are included as 
sources of water consumption. Water included in the shower product 
formulations is also considered as water consumption.  

Model Simulation
To quantify the variability in the environmental footprints for each 
country, a Monte Carlo simulation (Frey 1992) with 10,000 iterations 
was performed in Oracle Crystal Ball (11.1.2.4.600). In each iteration, 
a number was randomly selected from the distributions of the input 
variables to calculate the environmental footprints. To include the role 
of water heater types and their associated energy efficiency in different 
countries, we first developed four discrete custom distributions (one for 
each country) each having probability values equal to the penetration 
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rate (PR) of the different water heaters in the four countries. Then, for 
each country and at each iteration, individual values were randomly 
selected for each parameter using its probability distribution. We used 
the same sampling approach to account for the number of products 
used in the shower. We first developed a discrete custom distribution 
with probability values equal to the probability of the use of n (n in {1: 
5}) products and then in each iteration we sampled one value from this 
distribution. Environmental footprints were then calculated using eq. 1.  
The variability in the environmental footprints within a country was 
summarized by dividing the 95th percentile by the 5th percentile of the 
output distribution (see also Slob, 1994). We also presented the geometric 
standard deviation of each output variable in the supporting information. 
Finally, to assess the relative influence of the various input parameters on 
the variability in the footprints, we quantified the contribution to variance 
for the different variables of the model. For the categorical variables (i.e. 
heater type and gender), we first performed a 2-way analysis of variance 
(ANOVA). Contribution to variance for each categorical variable was then 
calculated by dividing the sum of squares of each variable by the total sum 
of squares. The corresponding equation and ANOVA results are provided 
in section 8 of the SI. 
The remaining variability is explained by the continuous variables 
(shower duration, flow rate, product dosage etc.). For these variables, 
we divided the squared Spearman’s rank correlation coefficient for each 
input parameter with footprint of interest by the sum of all squared rank 
correlation coefficients of the continuous input parameters. 

3.3. Results

Variability in the environmental footprints
Figure 3.1 shows the variability in the environmental footprints of showering 
in the four selected countries. The diff erences in the intra-country variabili-
ties are caused by the variability in the showering behaviour of the consumers 
as well as the diff erences in the effi  ciency of the countries’ energy provision 
infrastructure. Figure 3.1.a shows that the intra-country variability (95th per-
centile/5th percentile) associated with energy consumption ranges between 
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a factor of 10 and a factor of 12 in the selected countries. Figure 3.1.b shows 
that GHG emissions vary between a factor of 11 in the UK and the US up to a 
factor of 17 in Australia and Switzerland. Intra-country variability in the GHG 
emissions is larger than that of primary energy use. This is due to the fact that 
variability in the GHG emission factors between heating technologies is gen-
erally higher than the variability in primary energy requirement (See table S1).  
Figure 3.1.c. shows that intra-country variability related to water consumption 
varies from a factor of 6 in Australia up to a factor of 11 in Switzerland. Numer-
ic results associated with Figure 3.1 are presented in Table S6 of the SI.

Figure 3.1. Life cycle footprints associated with one showering event. The box plots show 5th, 25th, 
50th, 75th and 95th percentiles and the red points show the arithmetic means. (AU: Australia, CH: 
Switzerland, UK: United Kingdom, US: United States). 

Figure 3.2 shows the contribution and variability in the three footprints 
relating to water provisioning and treatment, water heating and to product 
usage. Water heating has a dominant contribution to the life cycle energy 
use and GHG emissions of showering in all countries. Water consumed for 
water provision and wastewater treatment has the highest contribution 
to the water consumption footprint in all countries.  Numerical values 
associated with the footprints by each contributor are presented in Table 
S7 of the SI. 
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Figure 3.2. Variability in the footprints by contributor (WH: water heating; WP&T: water provision-
ing and treatment; P: products,) and by country (AU = Australia; CH = Switzerland; UK = United King-
dom; US = United States of America)

Variability importance analysis
Figure 3.3 shows the importance of the variability in the input variables 
to the variability in the environmental footprints calculated by the use of 
2-way ANOVA and rank correlation analysis. Both consumers’ reasoned 
actions and consumers’ habits have a major influence on the variability 
in the footprints.  Of the habits, shower duration contributes most, while 
shower temperature, the number of products used per shower event and 
the dosage have a minor influence on the variance.  Choice of shower flow 
rate (which is dependent on the showerhead fitted in the shower) and 
water heater are the major contributors to variance among the one-off 
reasoned actions. 

a b c
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Figure 3.3. Contribution to variance associated with the four environmental footprints of the model 
(AU: Australia, CH: Switzerland, UK: United Kingdom, US: United States).

Relationship between the volume of water used in the shower and the 
environmental footprints
Although the indicators quantified in this study are important from an 
environmental point of view, some of them are not fully tangible for 
consumers, as they often do not know how much water and energy is 
consumed in the upstream processes to deliver water and energy to their 
homes. In addition, the amount of water and energy used in the upstream 
processes is dependent on the volume of heated water, which is directly 
used by consumers in the shower. Therefore, we quantified the variability 
for each footprint per water heater type – a reasoned choice-, given the 
volume of water used in the shower – derived by a habit i.e. duration and 
a reasoned choice i.e. showerhead flow rate- (See figures S6-S8). Figure 
3.4 shows that, in Switzerland, despite the fact that primary energy 
use associated with electric water heaters is typically higher than that 
of oil and gas water heaters, the GHG emissions associated with them 
are typically much lower than those of oil and gas water heaters. This 
is because the majority of electricity used in Switzerland is produced by 
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nuclear and hydro power, which have a lower emission intensity compared 
to fossil fuels. In the other countries where electricity generation is highly 
dependent on fossil fuels, GHG emissions associated with electric water 
heaters are higher than those of gas heaters. 

Electric water heaters have typically the highest water consumption. This is 
due to water evaporation during the cooling processes of thermoelectric gen-
eration. The variability associated within each water heater type is caused by 
the variability in the effi  ciency of the technologies used to produce energy.    

Figure 3.4. The variability for each footprint per water heater type, given the volume of water used 
in the shower events in Switzerland.

3.4. Discussion

Assumptions
An alternative to the functional unit of ‘environmental impact per shower 
event’, as used in our study, could be the ‘environmental impact of 
showering per person per day’. This alternative functional unit requires 
information on the variability in the frequency of taking a shower. Wilkes 
et al (2005) showed that the frequency of taking a shower in the US is 
typically one shower per day (60% of the population), but could also be 
zero showers (22%), two showers (17%), or more than 2 showers (1%). 
The overall average frequency is found to be 0.98 showers per person per 
day. So, our findings for the US are representative for the environmental 
footprint of the average shower frequency, but typically ranges from no 
environmental impact for zero showers in 22% of the cases to double the 
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environmental impact for 17% of the cases. For other countries we did 
not find information on the variability in the frequency of taking a shower.
The data sources we used for the two key behavioural variables of the 
model i.e. shower duration and flow rate provided us with measured 
–collected by sensors and data loggers- rather than self-reported data 
on a large number of shower events recorded recently. We also used 
recent data (2012-2015) for the penetration rate of the different types of 
water heaters. However, our results are not without uncertainty because 
of a number of assumptions in our input data and in our analysis. First, 
uncertainty is caused by the implementation of footprint data of simplified 
showering products. We used five representative ingredients (based on 
median inclusion levels in a range of Unilever product formulations) for 
the predominant functional classes of chemicals in body and hair wash 
products compared to a total number of over 100 chemicals (see section 
7 of the SI). However, our calculations include the major ingredients 
and hence give a reasonable estimate of the impact of such product 
types. Secondly, uncertainty also exists due to lack of country-specific 
distributions for shower temperature in the UK (see section 4 of the SI) 
and for cold water temperature in Switzerland (see section 5 of the SI). 
However, as the results showed, these variables have minor effect on the 
overall variabilities and we do not expect changes in these figures to have 
significant impact on our results. Thirdly, our references often provide 
us with demographically representative data that cover a wide range of 
consumers with various characteristics. We, however, cannot fully exclude 
the selection bias in the sample (e.g. pro-environmental behaviour).
Finally, we neglected the potential correlations among the different input 
variables of the model. Our analysis on the UK and the US data showed 
weak correlation between shower duration and shower flow rate (R= 
-0.14 and R= -0.09 respectively). The Swiss study (Ableitner et al. 2016) 
also reports small correlations among the variables shower duration, 
flow rate and shower temperature. They found that the correlation 
between shower duration and flow rate was -0.08, the correlation 
between shower temperature and duration was 0.40 and the correlation 
between shower temperature and flow rate was -0.02. We also derived 
a weak correlation (R= 0.26) for the number of products used and the 
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shower duration from the UK showering habits data (Unilever and the UK 
water companies 2015). According to Smith et al. (1992), in the presence 
of weak correlations, dependencies between the input parameters have 
only limited influence on the Monte Carlo simulation.  

Implications for Policy Makers, Industries and Consumers
The need to move towards more sustainable showering with lower 
resource use and impacts typifies the challenge facing many policy makers 
where consumer behaviour is involved. Our analysis has highlighted the 
differences in impact associated with showering and the contribution to 
the variance in impacts from reasoned decisions and habitual behaviour 
in four consumer markets.  It illustrates the need for multiple policy 
interventions that act both on one-off reasoned decision such as the 
choice of energy supply and shower equipment and on habitual consumer 
behaviour such as length of shower. However, it is important for policy 
makers and product designers to understand which type of behaviour 
they are trying to influence and the barriers involved as this is likely to 
determine both the rate and the size of change achievable.
In the case of showering, national policies should be focused on more 
efficient water heating and shower equipment and lower carbon-
intensity energy supply.  As shown in Figure S7, given the current 
electricity generation systems, electric water heaters have often the 
highest GHG emissions. However, if grid decarbonization policies are 
placed and pursued, electricity could be the most efficient source of water 
heating. Switzerland is a good example of this argument as the electricity  
consumed in Switzerland is mostly generated by hydro and nuclear  
power plants. 
Energy Saving Trust (2013) and Energy Rating (2014) argue that replacing 
the electric hot water systems with solar water heaters and replacing the 
old showerheads with efficient showerheads can significantly reduce 
both water and energy demand. Investment in new infrastructure 
and adoption rates for new equipment at a national level may be slow. 
However, such policy interventions can be successful as illustrated by 
the US where a lower flow shower standard has been in place since 1992 
and where only 5% of the showers now have a flowrate over 9 litres 
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per minute compared to 80% in Switzerland and 35% in Australia.  As 
another example, if all consumers in Australia switch to solar boosted 
water heaters, our calculations show that there will be a 39% reduction in 
primary energy use, 33% reduction in GHG emissions and 4% reduction 
in water consumption. The saving potentials due to switching to solar 
boosted water heaters in Switzerland will be 54% in primary energy use, 
52% in GHG emissions, and 17% in water consumption. Although we 
assumed solar water heaters in Australia have a higher energy efficiency, 
the savings could be greater in Switzerland. This is mainly because the 
penetration rate of solar water heaters in Australia is already larger than 
that of Switzerland (See table 3.1).
Changing consumer habits such as the length of the shower is also 
challenging particularly where it is associated with multiple functions and 
consumer satisfaction and not simply one function such as cleaning one’s 
body or hair (Kurz et al. 2015). Such consumer habits tend to be engrained 
and resistant to change especially when a new behaviour such as taking 
shorter showers may result in lower comfort and enjoyment (Poortinga 
et al. 2003). Verplanken and Wood (2006) argue that attempts to change 
people’s beliefs and intentions are unlikely to be successful in changing 
habitual behaviour. For example, research on energy conservation shows 
that mass media campaigns and information workshops can increase the 
knowledge level of consumers but does not necessarily result in behaviour 
change (Gardner and Stern 2008; Abrahamse et al. 2005). Verplanken 
and Wood (2006) also argue that successful interventions for changing 
old habits and establishing new ones requires three key elements: 1. 
Changing the context cues that stimulate the existing habits, 2. Providing 
incentives that encourage new actions and 3. Encouraging repetition of 
new behaviours in stable conditions to form links between features of the 
environment and the action in the consumer’s memory. For example, both 
providing feedback on energy consumption levels (Karlin et al. 2014) and 
reinforcement through monetary rewards have been reported to have a 
positive effect on energy savings.   However, several studies suggest that 
the effects of these interventions may be short-lived and might diminish 
over time (Slavin et al. 1981; Stewart et al. 2013).
In the case of showering there is a need for coordinated and concerted 
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action and communications to consumers by all parties involved in 
showering namely, energy and water providers, shower manufacturers 
and shower product manufacturers, on how consumers can shower 
more sustainably.  Examples could include the visualization of shower 
times and flow rates through the use of timers and in-shower displays 
as well as financial incentives to support water and energy savings.  The 
development of products that avoid the need for showering such as dry 
shampoos could also be an option.  However, it is important to recognize 
that changes involving technological interventions, as opposed simply 
reducing shower times, will invariably result in trade-offs across other 
environmental impact categories not necessarily addressed in this 
study.  It is, therefore, important that interdisciplinary approaches that 
link psychological, socio-cultural and technological aspects are applied 
to any behavioural interventions intended to reduce the environmental 
footprints or impacts of consumer products (Steg and Vlek 2009; Staats 
et al. 2004).  
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Abstract

Variability in consumer practices and choices is typically not addressed 
in comparisons of the environmental impacts of traditional shopping 
and e-commerce. Here, we developed a stochastic model to quantify the 
variability in the greenhouse gas (GHG) footprints of product distribu-
tion and purchase of fast moving consumer goods (FMCGs) via three 
prevalent retail channels in the United Kingdom (UK). We found that 
shopping via bricks & clicks (click and fulfilment via a physical store 
delivery) most likely decreases the GHG footprints when substituting 
traditional shopping, while FMCGs purchased through pure players with 
parcel delivery often have higher GHG footprints compared to those 
purchased via traditional retail. The number of items purchased, and the 
last mile travel distance are the dominant contributors to the variability 
in the GHG footprints of all three retail channels. We further showed that 
substituting delivery vans with electric cargo bikes can lead to a GHG 
emission reduction of 26% via parcel delivery. Finally, we showed the 
differences in the ‘last mile’ GHG footprint of traditional shopping in the 
UK compared to three other countries (China, Netherlands and United 
States of America), which are primarily caused by the different shares of 
modes of transport (car, walk, bus, bike).

Abstract

Variability in consumer practices and choices is typically not addressed 
in comparisons of the environmental impacts of traditional shopping 
and e-commerce. Here, we developed a stochastic model to quantify the 
variability in the greenhouse gas (GHG) footprints of product distribu-
tion and purchase of fast moving consumer goods (FMCGs) via three 
prevalent retail channels in the United Kingdom (UK). We found that 
shopping via bricks & clicks (click and fulfilment via a physical store 
delivery) most likely decreases the GHG footprints when substituting 
traditional shopping, while FMCGs purchased through pure players with 
parcel delivery often have higher GHG footprints compared to those 
purchased via traditional retail. The number of items purchased, and the 
last mile travel distance are the dominant contributors to the variability 
in the GHG footprints of all three retail channels. We further showed that 
substituting delivery vans with electric cargo bikes can lead to a GHG 
emission reduction of 26% via parcel delivery. Finally, we showed the 
differences in the ‘last mile’ GHG footprint of traditional shopping in the 
UK compared to three other countries (China, Netherlands and United 
States of America), which are primarily caused by the different shares of 
modes of transport (car, walk, bus, bike).
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4.1. Introduction

Fast moving consumer goods (FMCGs), such as personal care and 
homecare products, are typically defined as competitively low-priced 
products that sell quickly and are purchased frequently (Kenton 2019). 
FMCGs have traditionally been sold via physical retail stores (bricks & 
mortar), but the share of sales via e-commerce channels is increasing 
(KANTAR Worldpanel 2017). For example, the online value share of the 
FMCG market in China, the United Kingdom and the United States of 
America in 2017 was 6.2%, 7.5% and 1.5% respectively and is forecast to 
rise to 15%, 12%, 8% respectively by 2025 (KANTAR Worldpanel 2017).  
This shift in sales will affect the environmental impacts associated with 
the purchase of such products. 
E-commerce covers a wide range of shopping models but the two main 
types of e-commerce are the “Store based” model – often called bricks 
& clicks (e.g. online ordering and fulfilment via a physical shop or store) 
- and a “Non-Store based” model – often called “pure play” – typically 
conducted by e-commerce retailers (van Loon et al. 2015, KANTAR 
Worldpanel 2017). These two e-commerce models have different supply 
chain configurations (e.g. warehousing and logistics) and hence different 
GHG footprints (van Loon et al. 2015). A num ber of studies suggest 
that e-commerce has a lower GHG footprint than traditional shopping 
(Siikavirta et al. 2002, Edwards and McKinnon FCILT 2009, Wygonik 
and Goodchild 2012), although one must be careful not to draw general 
conclusions given the complexity and diversity of the retail environment 
and consumer shopping practices (Tiwari and Singh 2011, van Loon et al. 
2015). 
The GHG emissions of product distribution and purchase (including 
collection and delivery to the home) of traditional retail and e-commerce 
are region-dependent and influenced by both supply chain configuration 
as well as consumer-related factors. The choice of the shopping channel 
is the first source of variability. Consumer density of the region influences 
the performance of all three retail channels. When an online channel is 
used, the delivery window - the timeframe that something needs to be 
delivered within - is shown as an important variable (Boyer et al. 2009). 
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The GHG footprints of parcel delivery calculated from the annual reports 
of some of the main parcel companies –who perform the pure players’ 
delivery- vary by a factor of 3 (0.4 - 1.2 kg CO2-eq per parcel) (Hermes 
2016, PostNL 2017, DPDgroup 2018, GLS 2018, UPS 2018). When the 
bricks & mortar method is used, mode of transport, distances travelled, 
number of products purchased and fuel efficiency of vehicles are key 
variables. As an example, in the USA, 95% of shopping trips are made 
by car (U.S. Department of Transportation 2017) compared to only 44% 
in the Netherlands (Hoogendoorn-Lanser et al. 2015). Depending on 
the functional unit, the type, number, size, mass and price of products 
purchased through each retail channel could also be critical variables in 
the GHG footprint. For example, the GHG footprint of clothes purchased 
online can be very different from those purchased via bricks & mortar, as 
the return rate is much higher for online purchases (Allen et al. 2018). 
The basket size is also highly variable and is mainly related to the living 
situation of the consumers (Market Track 2014). Van Loon et al. (2015) 
showed that when only a single FMCG item is purchased, the life cycle 
GHG footprint of shopping through “pure players with parcel delivery 
networks” is around half that of shopping through bricks & mortar (0.9 
kgCO2-eq/item vs. 2.04 kgCO2-eq/item). At the same time, they also 
showed that life cycle GHG emissions per item delivered via pure players 
can be much higher than those of traditional retailing when the actual 
number of products purchased through each channel are considered 
(0.81 kgCO2-eq/item vs. 0.24 kgCO2-eq/item). 
Even though the w ay consumers perform their FMCG shopping is known 
to be highly variable both within and across countries, it is not typically 
quantified mainly due to a scarcity of specific data on consumer shopping 
practices (Weber et al. 2009). While deterministic models ignore a large 
range of differences in real world activities, quantification of variability 
in the GHG footprints and calculation of the contribution of different 
variables to the overall variance provides a better understanding of the 
footprints and their key drivers (Di Sorrentino et al. 2016). A stochastic 
model has 2 main advantages: 1) it enables us to probabilistically compare 
the GHG footprint of shopping through different retail channels and 2) it 
enables us to quantify the contribution of each source of variability to the 
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variability in the overall GHG footprints and consequently discover the 
opportunities for improvement. 
The goal of this study was to systematically characterise, quantify and 
compare the variability in the GHG footprint of product distribution and 
purchase of FMCG products purchased via three different retail channels; 
i.e. “bricks & mortar”, “bricks & clicks” and “pure players” in the United 
Kingdom. Monte Carlo simulation was used to propagate the variability 
throughout the supply chain. Since previous research has indicated that 
the last mile phase, i.e. the transport of products from a transportation 
hub - such as a store or a warehouse - to consumers, has an important 
influence on the GHG footprint of FMCG items [2], we further investigated 
the role of consumer practices and choices on 1) the last mile footprints 
of bricks & mortar in three other countries (Netherlands, United States 
of America, and China) with different shopping behaviour, and 2) the 
influence of using electric cargo bikes for the last mile footprints of pure 
players.    

4.2. Materials and Methods

Scope of The Study

GHG Footprint of Product Distribution and Purchase of FMCG Products in 
The United Kingdom
The activities included in the GHG footprint of the FMCG products 
purchased in the UK from the point of manufacture to the consumer’s 
home are summarised in Figure 4.1 and include transport, storage 
(e.g. warehousing, in store) and any delivery packaging activities. We 
 used Global Warming Potentials with a time horizon of 100 years to 
calculate the greenhouse gas footprints in CO2-eq. Three retail channels 
are considered, namely 1) traditional retail (bricks & mortar) and two 
e-commerce channels: 2) online retail and delivery from a store based 
supplier (bricks & clicks) or 3) online retail and home parcel delivery 
from a non-store based supplier (pure player). 
The total GHG emissions associated with the purchase of one FMCG 
product via each retail channel were calculated by summing the GHG 
emissions from (i) upstream transport i.e. primary, secondary and 
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tertiary transport, (ii) energy use in warehousing/product storage, (iii) 
last mile transport and (iv) transport packaging left with the consumer 
(for pure players only). In this study, primary transport is defined as the 
transport of products from the factory to the manufacturer’s warehouse. 
Secondary transport is the transport of products from the manufacturer’s 
warehouse to the retailer’s distribution centre and tertiary transport 
is used when products are transported to either a retail shop (bricks & 
mortar and bricks & clicks) or a parcel distribution centre (pure players). 

The allocation of GHG emissions to a single item was done in the following 
way:
1. The GHG emissions due to storage and upstream transport of a 

single FMCG item were allocated based on the volume and weight 
of the product respectively. We assumed the same types of products 
are purchased through the different channels and the weight and 
volume of the products were estimated using 2,900 non-refrigerated  
products supplied by the company Unilever. 

2. As suggested by Edwards et al. (2010), the GHG emissions from the 
last mile transport and transport packaging were allocated based 
on the basket size; i.e. the number of products purchased through a 
specific channel. Passe nger cars and delivery vans are often not full 
when they are used for the purpose of transporting FMCGs. This 
means that FMCGs’ weight or volume is often not a limitation that 
affects the number of trips/deliveries (Siikavirta et al. 2002).

Excluded from the study are:
• all activities up to and including product manufacture, storage at 

home, use and disposal of the product.  These are assumed to be the 
same for all three retail channels.  

• the GHG emissions associated with the construction of buildings, 
the employees for each retail channel, and IT (e.g. data centres and 
devices) used by retailers and consumers. 

• return and loss of products.
• Last mile delivery packaging for both bricks & mortar and bricks & 

clicks channels: delivery packaging is considered to be negligible for 
these channels (van Loon et al. 2015).
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Figure 4.1. Scope of the study: UK market. Variables presented in the dashed box are excluded from 
this study. Only disposal of the delivery packaging for the pure play channel is included in the model.

Last Mile GHG Emissions in China, Netherlands, The United Kingdom and 
The United States of America for Bricks & Mortar 
In addition to the calculations performed for bricks & mortar in the UK, 
we gathered empirical data for three other countries with significantly 
different consumer travelling behaviour for the purpose of shopping, 
namely China, Netherlands, and the United States of America to quantify 
the influence of inter-country behavioural variability in the last mile 
transport.

Last Mile GHG Emissions of Delivery Vans or Electric Cargo Bikes for Pure 
Players
The distance driven by the parcel companies’ delivery vehicles can be 
divided into two parts: 

1. The so-called ‘stem mileage’, i.e. the distance between the depot of the 
parcel company and the delivery zone; and 

2. The ‘drop mileage’ i.e. the distance travelled after a delivery zone has 
been reached (Rushton et al. 2014). 

While the stem mileage is almost always done by delivery vans, the 
drop mileage can also be performed by electric cargo bikes or tricycles 
rather than delivery vans (Jingzhu 2018).  Although there are also other 
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alternatives such as drones (Goodchild and Toy 2018) and robots (Field 
2018), their application is quite limited.  Parcel companies around the 
world are showing strong interest in cargo bikes, which  could serve a 
considerable fraction of the last mile deliveries in many areas of the world 
(Reid 2018). The applications and environmental impacts of cargo bikes 
have been investigated in a number of recent studies (Gruber et al. 2014, 
Nocerino et al. 2016, Saenz et al. 2016, Arnold et al. 2018, Sheth et al. 
2019). Given that, we also modelled a scenario in which cargo bikes were 
used for drop mileage. 

GHG Footprint Equations

Upstream Transport
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Product Storage in Retail Channels 

Last Mile Delivery 
Bricks & Mortar

Bricks & Clicks
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Pure Players
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Last Mile Delivery Packaging

Data Sources
Finding sufficient data is a challenging and important step in developing 
stochastic models. We gathered raw data from various industry sources 
and national statistics and combined them with data available from the 
literature and LCA databases to be able to develop distributions for the 
input variables of our model (see tables 4.1-4.3 and S1-S5). We included 
variability in (i) products weight and volume, (ii) upstream transport 
and storage of products, (iii) consumer choice of the retail channel, (iv) 
number of items purchased, (v) mode of travel, and (vi) the GHG emission 
intensity of passenger cars. 
Variable distributions were derived in the following order of preference:
1. Where the probability distribution was provided by the reference, we 

used the given distribution. 
2. Where we had access to raw data, we derived the geometric mean and 

the geometric standard deviation to define a lognormal distribution. 
3. When our access was limited to a minimum, a maximum, and a most 

likely value, we assumed a BetaPERT distribution fits the data. The 
BetaPERT distribution gives more emphasis on the most likely value 
to match the shape of the normal distribution (Huizer, Oldenkamp et 
al. 2012). 
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4. Where we only had a range, e.g. for classes of transport distances, we 
used a uniform distribution.

For categorical variables, e.g. the choice of transport mode, we always 
implemented a custom distribution to select a category with a specified 
probability (see section 2.4 for further information). 

Table 4.1 provides an overview of the variables that are used in the 
upstream transport and the storage phases  of our model. Note that the 
size and weight of FMCG products was specifically based on Unilever’s 
portfolio of ambient stored products i.e. personal care products, homecare 
products and food and refreshment products such as peanut butter and 
tea (Unilever 2015)).  The corresponding figures and assumptions are 
presented in sections 1 and 2 of the supplementary information.    

Table 4.3. Variables used in the upstream transport and storage phases

Phase Variables References

Upstream 
Transport

Product weight and volume
Probability of each 
mode of transport
Distance by each mode of 
transport

(Unilever 2015, Department for Transport 2016, 
Unilever 2017)

Storage Electricity Consumption
Heat Consumption
Storage Time
Storage Volume Factor

(Unilever , EIA 2012, Stone 2014, Fichtinger et al. 
2015, United States Census Bureau 2016, European 
Commission 2017, Golsteijn et al. 2018)

The data and sources for the last mile phase of the three retail channels 
are shown in Tables 4.2 (bricks & mortar) and 4.3 (bricks & clicks, pure 
play). We used country-specific data for the last mile travel phase in bricks 
& mortar and therefore the corresponding calculated GHG emissions are 
also country-specific. However, sufficient data to create country-specific 
distribution for the last mile transport in the online channels were not 
available. The last mile transport in the online channels highly depends 
on the consumer density of the region where the products are delivered to 
(Boyer et al. 2009). Therefore, we gathered data from different regions with 
potentially different consumer density –that influences the drop mileage 
for both bricks & clicks and pure play -and logistical infrastructures related 
to parcel delivery –that influences the stem mileage for pure play only-. 
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For bricks & clicks we used data from Gonzalez-Feliu et al. (2012), which 
provided information for central urban, near periphery and far periphery 
areas. For the pure play channel, we estimated the distribution of stem 
mileage using the information from Dablanc et al. (2017) who provided 
the distance between the warehouses to the centre of gravity for 23 areas 
around the world covering a population density of between 70 and 5328 
inhabitants/km2. For drop mileage we found data from the literature 
for various regions with various consumer densities in the UK, the US 
and Belgium (see Table 4.3) and used them to create the distribution. 
Therefore, our results for the last mile travel are generic figures that can 
be used for the UK and also for other countries with a high variability in 
consumer density in different regions of the country. Further details of 
the assumptions related to the last mile phase are presented in section 
3 of the SI. The GHG emissions intensity of the different types of vehicles 
and materials that are used in this study are presented in Section 4 of the 
SI.  
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Table 4.4. Input variables related to the last mile phase of the bricks & mortar channel. Where 
two numbers are reported, a lognormal distribution is defined by a geometric mean and geometric 
standard deviation. Where three numbers are reported, a BetaPERT distribution is used and the 
minimum, most likely and maximum numbers are provided.

Variable Values Unit Distribution References
Car Walk Bus Bike

One-way 
Distance 
(DBM)*

UK 4.91,
2.76

1.21,
1.85

4.67,
2.28

1.87,
2.19

km

Lognormal
(Department for 
Transport 2016)

US 4.83,
3.16

0.40,
2.35

5.33,
2.20

NA
Lognormal

(U.S. Department of 
Transportation 2017)

NL 3.51,
3.61

0.41,
2.48

6.14,
2.90

1.34,
2.50

Lognormal
(Hoogendoorn-

Lanser et al. 2015)
CN 1.82, 

2.75
0.6, 
1.86

1.79, 
2.44

0.9, 
2.20

Lognormal (Feng et al. 2017) 

Mode of 
Travel 
(TMode)*

UK 80 9 10 1

%

Custom
(Department for 
Transport 2016)

US 94 5 1 0
Custom

(U.S. Department of 
Transportation 2017)

NL 44 17 7 31
Custom

(Hoogendoorn-
Lanser et al. 2015)

CN 8 56 3 29 Custom (Wang 2014)
GHG 
Emission 
Intensity
(GITMode)

**

UK 0.12, 
1.27

0 0.10,
1.32

0

kg CO2-
eq/
Km

Lognormal
(Mercure and Lam 
2015, Wernet et al. 

2016)
US 0.18, 

1.30
0 0.10, 

1.31
0

Lognormal
(Mercure and Lam 
2015, Wernet et al. 

2016)
NL 0.11, 

1.19
0 0.11,

1.20
0

Lognormal

(Wernet et al. 
2016, European 
Environmental 
Agency 2017)

CN 0.15, 
1.18

0 0.11, 
1.15

0
Lognormal

(Mercure and Lam 
2015, Wernet et al. 

2016)
Shopping 
Basket 
Size 
(BSBM)***

All 1,30,
70

1,5,
15

1,10,
20

1,5,
15

items BetaPERT
(Market Track 2014, 
van Loon et al. 2015)

* Data for the mode of travel and the distances in the UK, the US and the Netherlands came from 
national travel studies [7, 8, 19]. The data for China came from studies in Shanghai [21] and Nanjing 
[20] and are only considered to be representative of urban regions in China. See section 3.1 of the SI 
for further details. 

** See section 3.1 of the SI for the calculation details.

*** Rounded to the nearest integer. See section 3.1 of the SI for further details.
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Table 4.5. Input variables related to the Last Mile Delivery of bricks & clicks and pure play channels 
(Single numbers are modelled as a deterministic value. Where two numbers are reported, a lognor-
mal distribution is assumed and geometric mean and geometric standard deviation are provided. 
Where three numbers are reported, a BetaPERT distribution is used and the minimum, most likely 
and maximum numbers are provided.)

Channel Variable Values Unit Distribution References
Bricks & Clicks Distance per 

delivery (DBS)
2.1,4.3,
7.3

km BetaPERT
(Gonzalez-Feliu et al. 
2012)

Number of 
items per 
delivery1 (BSBC)

5,45,
100

BetaPERT (van Loon et al. 2015) 

GHG emission 
intensity of 
delivery vans 
(GIveh)2

0.26,
1.26

kg CO2-
eq/km

Lognormal

(National Renewable 
Energy Laboratory 
2012, Network for 
Transport Measures)

Pure Players- 
Last Mile 
Delivery

Stem mileage 
(SM)3

17.87,
2.15

km Lognormal (Dablanc et al. 2017)

Drop Mileage 
(DLM-PP)

11.9,
45,96

km BetaPERT

(Edwards and 
McKinnon FCILT 2009, 
McLeod and Cherrett 
2009, Edwards et 
al. 2010, Brown and 
Guiffrida 2014, Allen 
et al. 2016, Allen et al. 
2018, Arnold 2018)

Number of 
Deliveries (ND)

32,100,
168

Parcels BetaPERT

(Edwards and 
McKinnon FCILT 2009, 
McLeod and Cherrett 
2009, Browne et al. 
2011, Brown and 
Guiffrida 2014, Gevaers 
et al. 2014, Allen et al. 
2016, Allen et al. 2018, 
Arnold 2018)

Number of 
Items per 
delivery (BSPP)4

1,2,5 Items BetaPERT

(Edwards and 
McKinnon FCILT 2009, 
van Essen 2013, van 
Loon et al. 2015, Allen 
et al. 2018)

Distance to the 
Collection & 
Delivery Point 
(DCDP)

1,2,5 km BetaPERT
(McLeod and Cherrett 
2009)

GHG Emission 
Intensity of 
Delivery Vans 
(GIvan)

0.26,
1.26

kg CO2-
eq/km

Lognormal

(National Renewable 
Energy Laboratory 
2012, Network for 
Transport Measures)
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Pure Players- 
Transport 
Packaging5

Product volume 
(Vprod)

0.25, 
3.15

L Lognormal (Unilever 2015)

Weight of 
Corrugated 
Cardboard 
(WCB)

12.5 g/L (VAL-I-PAC)

Gram Kraft 
paper used per 
litre of empty 
space (WKF)

0.033 g/L (Rajapack 2019)

Box saturation 
(S)

10,50,
90

% BetaPERT (Alberto et al. 2014)

1 Rounded to the nearest integer. See section 3.2 of the SI for further information. 
2 See section 3.2 of the SI for further information.
3 We multiplied this figure by 2 in our model to account for a round trip. See section 3.3 of the SI for 
further information.
4 Rounded to the nearest integer. See section 3.3 of the SI for further information.
5 Further information on the “end of life” phase of the delivery packaging is provided in section 3.4 
of the SI. 

Model Simulation
To quantify the variability in the GHG footprints of a single FMCG  item 
purchased through each channel, a Monte Carlo simulation (Frey 1992) 
with 10,000 iterations was performed in R version 3.6.1 (R Core Team 
2017). In each iteration, a number was randomly selected from the 
distributions of the input variables and equations 1-7 were used to 
calculate the GHG footprints. 
To include the role of travel modes in the bricks & mortar channel and 
their associated distance in different countries, we first developed 
four discrete custom distributions (one for each country) each having 
probability values equal to the probability of the use of different modes 
of travel in the four countries (See Table 4.2). Then, for each country 
and at each iteration, individual values were randomly selected for each 
parameter using its probability distribution. 
To quantify the GHG emissions per item due to delivery packaging of 
pure players, we randomly sampled n (= BSPP: the number of items per 
delivery) numbers from the generated distribution by Equation 7 and 
summed them to estimate the total GHG emissions per delivery due to 
packaging. Then, we divided the GHG emissions per delivery by BSPP.
To quantify the relative influence of the input parameters on the variability 
in the GHG footprints, we calculated the contribution to variance for 
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all of the variables of the model following the procedure described by 
Shahmohammadi et al. (2019). For the categorical variables (e.g., mode 
of transport, truck type and the use of ships), we first performed a multi-
factor analysis of variance (ANOVA). Then we calculated the contribution 
to variance for each categorical variable by dividing the sum of squares 
of each variable by the total sum of squares. The remaining variability 
is explained by the continuous variables (distances, gas and electricity 
use by warehouses and retailers, etc.). For these variables, the squared 
Spearman's rank correlation coefficient for each input parameter with 
the GHG footprint of interest was divided by the sum of all squared rank 
correlation coefficients of the continuous input parameters.

4.3 Results

GHG Footprint of Different Retail Channels 
The GHG footprints per item for the different retail channels is shown in 
Figure 4.2. In 63% of the runs in our simulation the total GHG footprints 
of bricks & mortar (in the UK) are higher than those of bricks & clicks 
and are lower than those of pure players in 81% of the simulation runs. 
The median total GHG emissions of 0.18 kg CO2-eq per item (90% interval 
0.08-0.52 kg CO2-eq/item) delivered via the pure play channel are about 
twice as high as the median total GHG emissions of traditional retailing 
(0.10 kg CO2-eq/item; 90% interval: 0.04-0.37 kg CO2-eq/item) in the 
UK and 2-5 times greater than those of bricks & clicks (0.07 kg CO2-eq/
item; 90% interval: 0.05-0.11 kg CO2-eq/item). Upstream and last mile 
transport account for the majority of the total GHG emissions while the 
last mile emissions show the highest variability.  
The variability in GHG emissions associated with the upstream transport 
is lowest for bricks & mortar and bricks & clicks (0.03-0.06 kg CO2-eq per 
item) and is highest for pure players (0.01-0.10 kg CO2-eq per item). The 
GHG emissions of the last mile packaging for pure players range between 
0.003 and 0.09 kg CO2-eq/item. The GHG emissions associated with the 
storage of products are small (< 0.01 kg CO2-eq) in all cases. The last 
mile transport has a median GHG footprint of 0.04 kg CO2-eq/item (90% 
interval: 0- 0.31 kg CO2-eq/item) for bricks & mortar, 0.02 kg CO2-eq/item 
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(90% interval: 0.01- 0.07 kg CO2-eq/item) for bricks & clicks and 0.11 kg 
CO2-eq/item (90% interval: 0.03- 0.43 kg CO2-eq/item) for the pure play 
channel. 

Figure 4.2. GHG footprint of different retail channels by phase in kg CO2-eq./item (Boxplots show 
the 5st, 25th, 50th, 75th ,95th percentiles.) 

Contribution to Variance
Figure 4.3 shows that the basket size is the dominant source of variability 
in both bricks & mortar (in the UK) and bricks & clicks channels. For the 
pure play channel – where the number of items delivered varies between 
1 and 5 - basket size contributes to 28% of the variance. The second major 
contributor to the variance is the last mile travel distance with a share of 
32% for bricks & mortar, 15% for bricks & clicks and 34% (25% from 
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stem mileage and 9% from drop mileage) for pure players. While the GHG 
emission intensity of delivery vehicles –used in the last mile- accounts for 
15% and 12% of the variance in the footprints of bricks & clicks and pure 
players respectively, the GHG emission intensity of passenger cars only 
contributes to 1% of the variance in bricks & mortar. Instead, the mode 
of transport has a considerable contribution to variance (14%) for bricks 
& mortar. Number of parcels delivered per delivery tour and the failed 
delivery rate respectively account for 15% and 13 % of the variance in the 
GHG footprint of pure players.   

Figure 4.3. Contribution of input variables to the variance in the total GHG footprints 

Differences in Last Mile GHG Footprints Between Countries (Bricks & 
Mortar)
Figure 4.4 shows that the last mile GHG emissions in the bricks & mortar 
channel vary from 0 in all countries (in cases where vehicles are not 
used) up to 0.03 kg CO2-eq in China, 0.27 kg CO2-eq in the Netherlands, 
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0.31 kg CO2-eq in the United Kingdom and 0.56 kg CO2-eq in the United 
States of America (95th percentiles). The median last mile GHG emissions 
in China, Netherlands, United Kingdom and the United States of America 
are 0, 0.002, 0.041 and 0.065 kg CO2-eq/item respectively. The differences 
in the last mile figures for bricks & mortar are primarily caused by the 
different shares of each mode of transport used in different countries 
(See Table 4.2).

Figure 4.4. Last mile GHG emissions (bricks & mortar). The boxplot presents the 5th, 25th, 50th, 75th

and 95th percentiles. 

Use of Electric Cargo Bikes for Pure Players
Substituting delivery vans with electric cargo bikes leads to a GHG 
emission reduction of 0.02-0.11 kg CO2-eq per item. The median GHG 
emissions associated with last mile transport are 42% lower and the 
median footprints are 26% lower when fossil fuel vans are replaced by 
electric cargo bikes for the last phase of delivery i.e. the drop mileage. 
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4.4. Discussion

Online Vs. Traditional Shopping
In this study we compare the different retail channels from a climate 
change impact perspective.    Whether online shopping is better or worse 
than traditional shopping of FMCGs in terms of GHG emissions depends 
on the online retail channel and the consumer practices and choices in 
the region for which the comparison is made. Bricks & mortar typically 
has a lower GHG footprint than pure play retail. This finding contradicts 
the results of Edwards et al. (Edwards and McKinnon FCILT 2009) 
who argued that online retailing can make a significant contribution to 
the development of a future low carbon economy. They have, however, 
compared the GHG emissions per shopping event and did not consider 
the link between the retail channels and the basket size, which leads to a 
different conclusion than the current study. The   GHG footprints calculated 
from the corporate sustainability reports of parcel companies such as 
GLS (GLS 2018), UPS (UPS 2018), DPD group (DPDgroup 2018), Hermes 
(Hermes 2016) and PostNL (PostNL 2017) range between 0.4 and 1.2 kg 
CO2-eq per parcel (which in our model includes 1-5 items). These GHG 
footprints are larger than our average figure for the last mile transport of 
pure players (0.3 kg CO2-eq per parcel). This difference can be explained 
by the fact that not all of the deliveries by parcel companies are related 
to e-commerce. For example, 62% of the revenue gained by PostNL in 
2017 was not related to e-commerce (PostNL 2017). For e-commerce the 
last mile distance (the sum of stem mileage and drop mileage) is rather 
short (See Table 4.3) as the parcel distribution centres are often relatively 
close to the areas where the parcels are being delivered to. In particular, 
FMCGs are often offered only relatively locally to prevent high transport 
costs on items with only a moderate margin. However, for deliveries that 
are not related to e-commerce the distances could be much longer (e.g. 
when a parcel must be transported between two places that are faraway 
or international deliveries). In this study, we assumed that only vans are 
used for the last mile delivery of the ecommerce channels whereas the 
numbers reported by parcel delivery companies cover a wider range of 
services including air freight, which is not typically used for low-priced 
products like FMCGs. The GHG footprint related to air freight is relatively 
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high (1.1 kgCO2-eq/kg-km) (EPA 2008) and in 2018, 59% of the UPS’ GHG 
footprints were related to airline fuels (UPS 2019). 
Bricks & clicks has a lower median GHG footprint than bricks & mortar 
in our study. This is in line with Wygonik et al. (2012), who observed 
20-90% reductions in CO2 emissions when home delivery (bricks & 
clicks) substituted traditional grocery shopping in the US. However, for 
regions where consumers often walk or cycle to the shops, as in China, 
there is less or even no reduction in GHG emissions to be achieved by 
bricks & clicks.  

Study Limitations
We selected two archetypes of e-commerce, i.e. bricks & clicks and pure 
play, while other types of online shopping channels, such as pure play 
with own van delivery (rather than through parcel delivery companies) 
and Click & Collect (where consumers order online and travel to a shop 
or collection point to retrieve their goods), are currently also employed. 
However, these new forms resemble the archetypes studied here, with the 
supply chain of Click & Collect being similar to that of traditional retailing 
whilst pure players with van delivery is likely to be similar to bricks & clicks 
(van Loon, Deketele et al. 2015). Additionally, in some cases products are 
returned by consumers and this could add to the GHG emissions since 
additional transportation will be needed to return the products. Products 
could also be damaged or expire during transportation or in the stores. 
Previous research shows that returns of products are typically higher in 
online channels and unsold products are larger in traditional retailing 
(Pålsson et al. 2017) and that the impacts of returns and losses could be 
significant for some products (Mangiaracina et al. 2015, Pålsson et al. 
2017). Whether the overall effect of product returns and losses is lower 
for online shopping or for traditional shopping is controversial (Borggren 
et al. 2011, Wiese et al. 2012, Pålsson et al. 2017). A number of studies 
argue that returns are negligible for FMCGs (Edwards et al. 2011, van 
Loon et al. 2015, Allen et al. 2017). However, we do not know whether the 
impacts of losses for FMCGs is higher in the online channels or in bricks 
& mortar. 
We also assumed that delivery packaging is negligible for bricks & mortar 
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and bricks & clicks because many consumers use reusable bags in the 
bricks & mortar channel and returnable packaging is often used in the 
bricks & clicks channel. Besides, using data from the literature we found 
that including the use of plastic bags for the last mile transport would 
have negligible influence on the GHG footprints of these channels (See 
section SI3.4 for more details). For  the pure play channel, even though 
both air-filled plastic and kraft paper are widely used to fill the void in 
the box, we based our calculations on the use of paper only. Given the 
small amount of paper or plastic used for this purpose, we do not expect 
to see significant changes in our results by adding air-filled plastic to 
our analysis (air-filled plastic weighs around 1 gram per piece (Amazon 
2020)). The GHG emissions associated with information technology (IT) 
used by retailers and consumers were also assumed to be minor. Previous 
studies showed that the contribution of IT to GHG footprints of retail 
channels is less than 1% (Weber et al. 2009, van Loon et al. 2015).  
Although great care was taken in gathering process-specific data for each 
retail channel, it was sometimes inevitable to make assumptions because 
of data limitations. Various sources of data are collected by both online 
and bricks & mortar retailers. However, published empirical data on the 
type and number of products purchased are very limited and therefore we 
had to make some assumptions regarding the basket size for each retail 
channel. Bes ides, for the last mile delivery phase, we ignored the role of 
product weight and volume in GHG footprint allocation. Furthermore, 
we assumed that the same types of products are purchased through the 
different channels. However, while the top selling FMCGs at supermarkets 
are food products (ECR Europe 2010, statista 2018), personal care and 
baby care products dominate the online basket (KANTAR Worldpanel 
2017). Buying bulkier products through online channels would lead to 
higher GHG emissions due to transportation, storage and packaging. We 
further assumed that all upstream transport is the same for the three 
different channels even though the logistics of pure players could be 
different from those of bricks & mortar and bricks & clicks, affecting GHG 
estimates related to secondary and tertiary transport. Systematically 
tracing the distribution steps for products through their entire supply 
chain could provide valuable information for better evaluation of the 
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environmental impacts of different retail channels. However, as FMCGs 
are competitively low-priced products, detailed tracking and tracing of 
travel routes is not financially feasible using conventional technologies. 
Modern technologies such as blockchain could potentially enable this 
level of traceability for a wide range of FMCGs in the near future (Tian 
2016, Caro et al. 2018, Kamath 2018).              

GHG Reduction Potential
Our results showed large variability in the GHG footprints of pure players 
and the GHG footprints of bricks & mortar when vehicles are used for 
shopping. Consumers who shop traditionally (i.e. via bricks & mortar), 
could reduce their GHG footprints by applying trip chaining (when the 
shopping trip is part of a larger trip e.g. shopping when returning home 
from work) and by using cleaner modes of transport.
Pure players could reduce their last mile footprints by switching from 
delivery vans to electric cargo bikes and also by reducing the failed 
delivery rate. Another option for pure players to reduce their GHG 
footprints is to locate warehouses closer to their customers in order to 
decrease the stem mileage. However, Dablanc et al. (2017) studied the 
logistics sprawl in 25 metropolitan areas of the world and found that the 
average distance of warehouses to their barycentre (centre of gravity) is 
increasing by a rate of 0.31 km/year. Pure players offer a huge range of 
products to consumers. However, these products are often not stored in 
one place and therefore multiple deliveries might be required to fulfil an 
order when several products are purchased. Therefore, consumers could 
reduce the GHG footprints of their online purchase by purchasing multiple 
products from the same supplier and by choosing to bundle items rather 
than send each item as soon as it is ready. Consumers can also reduce the 
environmental impacts of their online shopping by foregoing fast delivery 
as it affects the routing efficiency (Gevaers et al. 2014). Nonetheless, Barr 
(2013) and Utter (2013) argue that consumers value the convenience 
that fast delivery offers and are unlikely to forego it. Indeed, consumers 
buy more products online when same-day delivery is available and they 
are highly willing to pay for it (Brusch and Stüber 2014).
The  majority of online orders are found to substitute frequent trips to a 
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grocery store and do not substitute the infrequent trips to purchase items 
for occasional events (Dablanc et al. 2017). Hiselius et al. (2012) argued 
that consumers who frequently shop online make the same total number 
of trips to shops as consumers who do not. Our results show that online 
purchasing of FMCGs via bricks & clicks most likely reduces the GHG 
footprints in regions where personal vehicles are often used for traditional 
shopping (e.g. the US). However, online shopping of FMCGs could increase 
emissions in the regions where people often walk or cycle to the shops (e.g. 
China and the Netherlands), even when substituting rather than adding to 
the number of shopping trips. When online shopping does not substitute 
traditional shopping, GHG emissions associated with individuals’ overall 
shopping activity will likely increase. This is exacerbated when online 
shopping is fulfilled by the rapidly growing pure players, since these 
have the highest footprints per item delivered and barely substitute the 
consumer trips to supermarkets (van Loon et al. 2015).    
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Abstract

Malaysia has an abundant potential for renewable energy 
generation mainly because of its rich agriculture, providing a 
large bio-energy potential, and its tropical climate, which provides 
sufficient sunlight for utilization of solar systems. The Feed-in 
Tariff mechanism (FiT) has been applied since 2011 in Malaysia to 
expand utilization of renewable energy for electricity generation. 
In this study, a broad range of data is gathered to develop a 
comprehensive System Dynamics model to evaluate the impacts 
of Feed-in Tariff mechanism on the generation mix of Malaysia and 
the corresponding greenhouse gas emissions during a 20-year 
period between 2011 and 2030. Results demonstrate that although 
the policy may lead to a satisfactory level of carbon reduction, 
the Malaysian government may face an increasing shortage in its 
Renewable Energy Fund budget starting around 2019 unless it 
increases its income by raising the surcharges on electricity bills 
or decreases its expenditures by optimizing the amount of FiT 
payments in different periods. The sensitivity analysis illustrates 
that more funding will not lead to a more sustainable generation 
mix, unless it is paid in the right time and in the right direction. 
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Nomenclature

ACG Accumulated Cost of 
GHG

FuC Fuel Cost RE Renewable Energy

ACJ Accumulated Created 
Jobs

FuCon Fuel Consumption 
(Annual)

SD System Dynamics

AFC Annual Fixed Cost FuS Fuel Subsidy SEDA Sustainable Energy 
Development 
Authority

AFU Amount of fuel used 
to generate 1 kWh of 
electricity 

GC Generation 
Capacity

SFuC Subsidized Fuel Cost

AFuCon Accumulated Fuel 
Consumption

GCT GHG emission Cost 
per Ton

SMART Specific, Measurable, 
Attainable, Realistic 
and Time-specific

BYC Base Year Capacity GCU GHG emission 
Cost per Unit 
of Electricity 
Generation

T&D Transmission and 
Distribution Losses

BYFC Base Year Fixed Cost GE GHG Emission 
(Annual)

TF Tax Factor

CG Cost of GHG (Annual) GEF GHG Emission 
Factor

TInv Total Investment

CJ Created Jobs GHG Greenhouse Gas TRR Rate of Tariff 
Revision

CRF Capital Recovery 
Factor

HR Heat Rate TWI Total Willingness for 
investment

DC Displaced Cost IC Increase in 
Capacity (Annual)

UCEG Unit Cost of 
Electricity 
Generation

EC Electricity 
Consumption

Inv Investment UCEGG Unit Cost of 
Electricity 
Generation including 
cost of GHG

EG Electricity Generation 
(Annual )

MTOE Million Tonnes of 
Oil Equivalent

UGP Unit Gross Profit

EGC Electricity Generation 
Cost (Annual )

MSW Municipal Solid 
Waste

USP Unit Selling Price

ER Employment Rate NT Normal Electricity 
Tariff

VC Variable Cost

FC Fixed Cost OCC Overnight Capital 
Cost

VOC Variable Operating 
Cost

FHC Fuel Heat Content PDC Prevailing 
Displaced Cost

WI Willingness for 
Investment

FiA Feed-in Approval PPP Purchasing Power 
Parity

FiT Feed-in Tariff PV Photovoltaics

FOC Fixed Operating Cost R Revenue
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5.1. Introduction

Malaysia’s energy supply policy is a high impact issue for its economy. 
With an annual growth rate of 8.1 percent it is projected by Chua and 
Oh (2011) that Malaysia’s final energy demand in 2020 will reach 116 
MTOE. Therefore due the rapid economic development, and the positive 
correlation of Malaysia’s GDP with its energy consumption (Oh et al. 
2010), the need for more energy resources in Malaysia’s energy mix is 
vivid.
The electricity generation of Malaysia has been strongly oil and natural 
gas dependent for many years. With oil and natural gas starting to run 
out and coal being a cheap resource, Malaysia shifted its perspective 
to utilizing coal to generate a large part of its required electricity. This 
substitution first took place by decreasing the share of oil and distillate, 
increasing the share of natural gas and starting the utilization of coal. Then 
in recent years, it went on by using more coal resources and less natural 
gas. Starting to use a cheaper resource was good from an economic point 
of view, but it highly increased the level of pollution and GHG emissions 
as in 2010, Malaysia was the 26th largest GHG emitter in the World (Muis 
et al. 2010) with 54 percent higher per capita emissions than the world’s 
average (Malaysia EPU 2010).
Research shows that Malaysia has a promising potential for renewable 
energy resources (Oh et al. 2010). In order to resolve the high level of
pollution, Malaysia’s authorities decided to bring renewable energy into 
the mix planning, aiming to increase its role in electricity generation. They 
began their planning by considering renewable energy resources in the 
8th Malaysia Plan (2001-2005)(Malaysia EPU 2000) but the achievements 
were poor; leading to only 0.3 percent of the target (Oh et al. 2010; Abdul 
Malek 2010). The achievements in the 9th Malaysia Plan (2006-2010) 
(MALAYSIA EPU 2005) were higher but still not satisfying, reaching 15% 
of the target (Sovacool and Drupady 2011; Abdul Malek 2010). 
The main reasons that prevented the investors from switching 
to   renewable electricity generation were technical, economic and 
institutional challenges (Sovacool and Drupady 2011) as well as 
disappointment from previous achievements. In order to tackle these 
challenges, the Sustainable Energy Development Authority Malaysia 

Chapter 5

92



(SEDA) developed a new plan called National Renewable Energy Policy 
and Action Plan (KeTTHA 2008) which focuses on green or so called 
Specific, Measurable, Attainable, Realistic and Time-specific (SMART) 
targets by defining fiscal incentives. In order to reach these targets, new 
policies were defined in this plan to stimulate investors to contribute 
in renewable electricity generation; the most important of which is the 
Feed-in Tariff (FiT) mechanism. The 10th Malaysia Plan (Malaysia EPU 
2010) which is in its final phases, has a target of 985 MW by 2015.
FiT refers to the regulatory minimum guaranteed price per kWh that 
a power utility has to pay to a renewable power producer (Sijm 2002). 
Based on previous studies, FiT is the most beneficial policy for the 
expansion of RE utilization (Midttun and Gautesen 2007; Hsu 2012).
FiT provides investors in renewable energy with a long-term, minimum 
guaranteed price for the electricity they produce. Therefore, it increases 
their willingness for investment by providing a confident degree of 
financial reliability and reducing the risk of investment (Lesser and Su 
2008). For this reason, it has been the major mechanism for renewable 
energy generation expansion in both Europe and the US in a way that 20 
European countries were applying FiT mechanism in 2009 (Campoccia et 
al. 2009). Having said that, large budgets are required for the governments 
to adopt the FiT mechanism.
Although the FiT mechanism has a number of benefits, it may lead to some 
drawbacks if it is not applied properly. FiT rates, degression rates and the 
period in which FiT policy is applied are the most important factors in 
utilization of this policy. The FiT rates must be high enough to recover the 
investment cost within a reasonable timeframe (Dusonchet and Telaretti 
2010) nonetheless small enough to avoid placing a big financial burden 
on the states (Rüther and Zilles 2011). 
The Renewable Energy Act was enforced in 2011 by SEDA Malaysia (IREA 
2013) establishing the FiT system. Costs of the system are transferred 
onto electricity consumers who pay an additional surcharge on top of 
their electricity bills collected by the distribution licensees, and then 
deposited into the Renewable Energy Fund. Customers who consume 
less than 300 kWh/month will be exempted from contributing to the 
Renewable Energy Fund. FiT rates are ranging over a 21-year period for 
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solar photovoltaics (PV), solid waste and mini-hydro and 16-year period 
for biomass and biogas (KeTTHA 2008). 
The main objective of this study is to develop an assessment model to 
evaluate the ability of FiTs to achieve the SMART targets under different 
conditions. For this purpose, the investors' willingness for investment 
(WI) is quantified by applying the idea that more profit per unit of 
investment absorbs more capital. Capacity limits are also considered to 
estimate the willingness for investment in each of the resources. Clearly 
all of the factors affecting the profit, capital cost and capacities including 
fixed and variable costs, electricity tariff and FiT rates as well as capacity 
factors will affect the WI in each of the resources that will consequently 
lead to changes in the electricity mix. Then, results of applying the FiT 
mechanism in terms of achievements to the targets, CO2 emissions, job 
creation and fuel consumption are estimated. Eventually, sensitivity 
analysis is used to show the impact of FiT rates as well as the surcharges 
on the electricity bills on the Renewable Energy Fund budget and the 
total electricity generation from renewables. 
Using this model, Malaysian policymakers can carry out analysis to 
determine the amount of money that must be collected from the electricity 
consumers through the surcharges on electricity bills as well as the 
amount of FiTs to be paid for different renewable resources in different 
periods of time. 

5.2. Material and Methods

System Dynamics (SD)
System Dynamics (SD) is a simulation methodology introduced by Jay 
Forrester for understanding, visualizing and analysing complex dynamic 
feedback systems (Zhao et al. 2011). It can be used to understand the 
behaviour of complex systems over time and to develop a Simulation 
Model of a complex system. Causal and stock and flow diagrams are 
the main elements of a System Dynamics model. The feedback loops 
and the delays in the system are first presented in the causal diagrams. 
Mathematical relationships are then implemented using the stock and 
flow diagrams. 
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Designed subsystems
Ten main subsystems were modelled in order to shape the stock & flow 
diagram of Malaysia’s electricity generation system. These subsystems 
employ several stocks accumulating the important outputs of the 
model for each year and consequently applying them to the next year. 
The equations used for each subsystem are presented in Table 5.1 and 
the stock and flow diagrams associated with these 10 subsystems are 
presented in section 3 of the supplementary information.
The Renewable Energy Fund budget subsystem accumulates its 
corresponding stock by deducting annual FiT payments from annual the 
Renewable Energy budget income. Annual Renewable Energy budget 
income is calculated by multiplying the annual electricity sales, surcharge 
and high consumption percentage. Annual FiT payment is the sum of FiT 
payments for each of the RE resources. 
To compare the competitiveness of the generation technologies we 
calculated the levelized cost of electricity (LCOE) that includes capital 
costs, fixed and variable costs, fuel costs, financing costs and a utilization 
rate for each technology (See section 1 of the SI). The fixed costs 
subsystem includes tax and tax savings to calculate the fixed cost of each 
resource in terms of equivalent series of annual costs. The main variables 
of this subsystem are fixed costs (FC), fixed operating cost (FOC) and 
overnight capital cost (OCC). The variable cost subsystem is the sum of 
variable operating cost (VOC and fuel cost (FuC). An important feature 
of this subsystem is considering the fuel consumption subsidy. The GHG 
emissions subsystem includes the amount of greenhouse gas emissions in 
the simulation as well as the monetized environmental impacts. The data 
we used in our model represented the cost of carbon in the USA. Since the 
cost of carbon in Malaysia is definitely different from that of the USA, the 
Purchasing Power Parity (PPP) conversion factor is used to make it more 
realistic for Malaysia. In spite of the fact that the fixed cost is accumulated 
in each year (since we are not eliminating any previous capacities), the 
electricity generation cost can also decline or increase each year due to 
change of technology. This explains the necessity of defining the annual 
fixed cost (AFC) as a stock. By knowing the GHG emission cost (per kWh) 
we can calculate the resulting unit cost of electricity with its resulting 
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GHG emission by adding it up to UCEG. This cost can be used later to find 
the grid parity.
The generation subsystem accumulates the generation capacity for each 
year and estimates the annual electricity generation. The selling price in 
the revenue subsystem is the sum of normal tariff rate and the related FiT 
for each technology in each year. The amount of electricity consumption 
in each year is calculated by deducting the transmission and distribution 
losses from the total electricity generated in that year. Once grid parity is 
achieved, feed-in approval holders will be paid based on the prevailing 
displaced cost for the remaining effective period of the agreement.
The fuel consumption subsystem is considered to estimate the 
accumulated amount of required fossil fuels to generate electricity. A 
variable named "Willingness for Investment" (WI) is defined in investment 
subsystem for the purpose of estimating how much capital is going to be 
invested in different available resources to generate electricity if different 
policies are applied. In fact, WI is used to quantify the qualitative concept 
that conducts the financiers to invest their money in a specific resource. 
Eventually the employment subsystem is considered to estimate the 
number of jobs created by applying different policies. 
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Table 5.1. Subsystems, parameters and the equations used in the proposed model.

 1“Displaced cost” refers to the average cost of generating and supplying one kWh of electricity from 
resources other than RE resources through the supply line up to the point of interconnection with 
the RE installation (KeTTHA, 2008).
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Data Gathering
Table 5.2 shows the main variables and the corresponding references. 
The related figures and values are presented in section 2 of the SI.  

Table 5.2. Data sources

Data Category References

Costs of Electricity Data

Equipment's Lifetime (Wei et al. 2010)

Interest rate (IEA 2013)

Overnight Capital Cost (OpenEI 2013a)

Fixed Operating Cost
Present value of Depreciation

(OpenEI 2013a)
(OpenEI 2013a)

Variable Operating Cost (OpenEI 2013a)

Fuel Consumption Data (EIA 2014b)

Fuel Cost
Fuel Heat Rate and Heat Content
Fuel Subsidy

(World Bank 2013c; Muis et al. 2010)
(EIA 2014a)
(IEA 2011)

GHG Emission Factor
Cost of CO2

(Shekarchian et al. 2011; OpenEI 2013b)
(EIA 2013)

Purchasing Power Parity (World Bank 2013d)

Unit Cost of GHG emission (U.S. EPA 2013)

Transmission and Distribution Losses (TNB 2012; OpenEI 2013b)

FiT and Degression Rates (KeTTHA 2008)

Employment Rate (Wei et al. 2010)

Average Electricity Prices (KeTTHA 2008; Malaysia Energy Commission 2010)

Generation
Lead Time
Existing Capacity 
Capacity Factor
T&D Losses 

(EIA 2013)
(Ng et al. 2012; MEIH ; Shekarchian et al. 2011)
(IEA 2013; KeTTHA 2008)
(World Bank 2013b; TNB 2012)

5.3. Results and Discussion

Sustainability Factors
Implementation of RE policies, leads to lower environmental, social and 
economic impacts. Table 5.3 presents the comparison of these factors 
obtained by the proposed model of this study during the 20-year period 
of 2011 to 2030 for business as usual (BAU) and Malaysia’s National 
Renewable Energy Policy (NREP). The data for BAU scenario were 
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obtained from (ASEAN Energy Outlook 2011) and implemented into the 
model to be compared with the NREP outcomes.

Table 5.3. Sustainability factors, BAU vs. NREP

Factor BAU NREP NREP vs. BAU

CO2 Emission (Million Tons) 2577 2249 -328

Cost of Emission (Million USD) 83,280 78,495 -4785

Job Creation 425,165 467,769 +42,604

Coal Fuel Consumption 
(Million Short Tons)

666 581 -85

Natural Gas Fuel Consumption
(Billion Cubic Feet)

13,166 13,907 +741

Willingness for investment and its in�luence on the generation mix
Figure 5.1.a presents the willingness for investment, which has been 
obtained by implementing Malaysia’s National Renewable Energy Policy. 
The reason that WI has converged to zero for small-hydro and bio-power/
MSW resources is that they have reached their maximum capacity. 
The results show an increasing role of solar PV resource in Malaysia’s 
generation mix. This increase is due to fixed cost reduction and increase 
of capacity factor for solar PV over time. The high share of Solar PV in the 
mix can be justified by the high level of FiT payments assigned for solar 
energy. The WI trend will lead to the generation mix showed in Figure 
5.1.b.
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Figure 5.1. a) Willingness for investment mix, b) electricity generation mix

Potential target achievements

Figure 5.2. a) Share of Renewable Electricity Capacity (Estimated vs. Targets) and b) Renewable 
Electricity Generation Mix (Estimated vs. Targets). (Large scale hydro power is excluded)

Figure 5.2.a shows the comparison of the proposed model’s estimation 
for the resulting share of renewable energy capacity in future years, and 
the targets of Malaysia’s National Renewable Energy Policy. The displayed 
trends are similar, but the system dynamics model estimation predicts 
the shares to increase at a later point in time than originally targeted. 
Not considering lead times or delays between investments and successful 
utilization of resources in the targets can account for this difference. Also, 
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the starting slope of the targets is steep whereas the model estimates a 
slower increase in capacity. Since the FiT payments started at 2011, their 
influence appears in 2015 and not immediately in 2011. However, the 
model shows that the capacity share reaches a higher level of 14.63% 
compared to the targeted 13% in 2030. The models’ estimated Renewable 
Energy mix (Figure 5.2.b) reaches to 9.76% which is only slightly lower 
than the targeted 10%.  This can be explained by the fact that the capacity 
factors used in the system dynamics model was lower than the capacity 
factor considered when providing the targets.

Renewable Energy Fund budget shortage
Although implementing the renewable energy policies improves 
sustainability factors and results in an acceptable level of achieving the 
set targets, the model’s projections alert an increasing trend of shortage 
in the Renewable Energy Fund budget after the year 2019. Figure 5.3 
shows that the renewable energy policies result in an increase in the 
government’s net income at first but follows with a decreasing trend 
starting in 2016. That is, the government’s FiT payments will exceed its 
income from surcharges on electricity bills. This implies that in order to 
achieve a satisfying level of targets, the government has to assign higher 
surcharge rates to bills. Otherwise, the government will have to decrease 
its FiT payments which may lead to lower willingness for investment in 
renewable energy.

Sensitivity analysis
The sensitivity analysis on this section provides a better insight on how 
altering the surcharges on electricity bills and FiT rates can influence 
the government’s net income. The accomplished sensitivity analysis 
is twofold: First, the impacts of changing the Renewable Energy Fund 
budget inflow (surcharges on electricity bills) has been investigated. 
Then, sensitivity of Renewable Energy Fund budget to its outflow (FiT 
payments) has been discussed. 
As mentioned in the previous subsection, the government will face 
shortages in its budget in case of assigning a 2% surcharge to consumers 
using more than 300 kWh/month. To overcome this problem, the 
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government must either increase its income by increasing the consumers' 
contribution or decrease its outcome by lessening the amount of FiTs. 
The latter could be done by decreasing the FiT rates or refusing to 
approve submissions from the investors who are willing to invest in RE 
projects. Obviously, the second option may lead to a situation in which the 
government does not meet its renewable energy targets. 
Figure 5.3 provides different trends of the Renewable Energy Fund budget 
for different potential surcharge rates. It shows that choosing the first 
approach will require the consumers' contribution to be at least 4 percent 
to be able to provide sufficient funding for the RE projects until 2030. 
However, these figures provide an estimation for the required income, 
and for more accuracy, optimization methods must be applied to find the 
best contribution percentage in different periods. The numbers in other 
countries also show a higher percentage for consumers' contribution; for 
instance, Australia, China, Germany, Italy and Japan use 2.4, 3, 19, 8 and 
3 percent respectively, (Abdul Malek 2013). Figure 5.4 shows how the 
Renewable Energy Fund budget will respond to different percentages of 
predefined FiT rates on solar PV by SEDA Malaysia. 

Figure 5.3. Government’s Renewable Energy 
Fund budget for different consumer contribu-
tion rates.

Figure 5.4. RE fund budget for different per-
centages of predefined FiT rates on solar PV.

The relationship between the percentage of FiT payment on solar power, total 
FiT payments on renewables and electricity generation from RE is shown in 
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Figure 5.5. The horizontal axis indicates the total FiT payments on renewables 
where the vertical axis shows the generation electricity from all renewable re-
sources. The trends have been obtained for zero percent (when no FiT is paid 
for solar), 40%, 70% and 100% as well as a special state of starting 100% pay-
ments after 2020 in which no FiT is assigned before 2020. For instance, in 
case of 70%, 70% of the proposed FiT rates by SEDA Malaysia is paid in each 
year.

Figure 5.5. The relationship between the percentage of FiT payment on solar power, total FiT 
payments on renewables and electricity generation from RE. 

The two oscillations in the trajectories shown in Figure 5.5 are due to 
the sharp reductions in other renewables' FiTs when grid parity happens 
(see section 4 of the SI) and at the end of the FiT agreement respectively. 
Figure 5.5 shows that paying more FiTs on one renewable resource does 
not necessarily lead to more electricity generation from total renewables. 
It may even have an opposite effect in some periods. This can be explained 
by considering the point that although assigning high FiT rates on one 
resource can make it interesting for investors and absorb a lot of capital, 
it may not result in higher electricity generation because of the low 
capacity factor of that resource. That is, paying excessively high FiTs in 
a resource with low capacity factor in comparison with other renewable 
resources prevents the investors to invest in other renewables with 
higher capacity factors and this may lead to only a small increase or even 
a decrease in total electricity generation from renewables; while keeping 
the government’s funding on the same level. Therefore, even though the 
assigned FiT rates may lead to reaching a satisfying level of targets, our 
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sensitivity analysis shows that they can nonetheless be inefficient. Tables 
S6 and S7 provide information on the estimated total amount of FiTs to 
be paid for all renewables in case of applying different policies in FiT 
payment for solar resource as well as the related electricity generation 
from all renewables. Comparing the two policies of paying 100% from 
the beginning and 100% from 2020 onwards indicates that although the 
first policy will lead to a total an extra 1460 GWh of electricity generation, 
but it needs 4,656 million USD more funding by 2030, that means 3.19 
USD per kWh. In addition, analysing the numbers in Table S9 reveals that 
paying 100% of solar PV FiTs will increase the costs for the government 
by 837 million USD while the total power generation from renewables 
will be 407 GWh less by 2020 in comparison with paying no FiTs to solar 
PV.

Model validation
To validate the accuracy of the proposed economic model, the results were 
compared to the real outputs of the National Renewable Energy Policy 
in Malaysia. (Abdul Malek 2013) has provided the information on the 
approved capacities from renewables by November 2013 that will lead to 
484.6 MW operational capacity by 2015. This capacity of RE is only 1.8% 
more than the estimated 475 MW capacity in 2015 by the proposed model 
of this study that shows the model results are reliable. The year 2015 is 
added to the validation period since the plants, which are to be utilized 
in 2015, have been set up in 2014 and have already received their FiT 
approval. In fact, there is a lead-time between investment, construction 
and utilization which leads to consideration of these FiT applicants in 
2015 for checking the reliability of the designed model for capacity of RE 
resources.

5.4. Conclusion and Future Directions

Rapid growth in Malaysia's population and economy can cause serious 
challenges in terms of environmental, social and economic issues. As 
a developing country that is involved in key conventions regarding 
environment and sustainable development, Malaysia has utilized 
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several policies promoting renewable energy. Application of Feed-in 
Tariff mechanism is the newest policy launched by SEDA Malaysia in 
2011 in order to support renewable energy technologies until the grid 
parity occurs. Apparently, the level of success in this policy is highly 
dependent on the Renewable Energy Fund budget management. Taking 
all into account, results show the Malaysian government will face an 
increasing shortage in its Renewable Energy Fund budget starting around 
2019 unless it increases its income sources by rising the surcharges on 
electricity bills or decreases its expenditures by optimizing the amount 
of FiT payments in different periods. Sensitivity analysis indicates that 
if the government chooses the first option, the contribution fee must be 
around 4% during this period to cover the expenses. It also reveals that 
the FiT rates assigned for solar energy are not efficient at all; that is to 
say, assigning high FiT rates for solar systems not only will not lead to a 
more sustainable generation mix but also can decrease the efficiency of 
FiT payments in some periods.
As there are infinite states that can be considered for both surcharge 
percentage on electricity bills and the FiT rates in different time intervals 
for different resources; it is highly recommended to the researchers to 
apply optimization methods on this model to find the optimum amount of 
money that must be collected from the consumers as well as the optimum 
FiT rates that must be assigned to different resources in different periods. 
Calibration of the model by updating the data used in the model will 
increase the model accuracy. In addition, considering other incentives 
like facilities and capital expenditures in the model can empower its 
application and provides a more comprehensive analysis.

A Decision Support System for Evaluating Effects of Feed-In Tariff
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6.1. Key questions

Human activities have been the dominant cause of global warming (IPCC 
2019; Cook et al. 2016) mainly through emissions of greenhouse gases 
(GHG). Changes in both consumer behaviour and in business behaviour 
are required to combat climate change to restrict global warming to 
well below 2 degrees Celsius (above pre-industrial levels) and to pursue 
efforts to limit that to 1.5 degrees Celsius (Sovacool and Drupady 2011; 
Creutzig et al. 2016) as agreed in the Paris agreement (UNFCCC 2015).  An 
understanding of the impacts of consumer behaviour and the drivers and 
contributions to the variation is important to help inform both consumers 
and decision makers, such as governments and businesses.
The main goal of this PhD thesis was to quantify the influence of 
behavioural variability on the environmental footprint of human activities 
via the following two research questions:

1. How can behavioural variability be incorporated in the assessment of 
environmental footprint of human activities?

2. What are effective human behavioural changes to reduce 
environmental footprints?

In chapters 2-4, a wide range of data was gathered from industries, national 
statistics and literature to quantify the influence of consumer behaviour 
on the GHG footprints of products in different regions of the world. In 
chapters 2 and 3 I investigated how consumer behaviour of respectively 
washing laundry and showering influences the GHG footprints of those 
services and in chapter 4 I focused on how different purchasing practices 
and retail channels of fast moving consumer goods influence GHG 
footprints. In chapter 5, I assessed the influence of fiscal incentives and 
technology development over time on the behaviour of investors in the 
electricity sector and on the corresponding GHG emissions. Variability in 
consumer behaviour together with spatial variability were addressed in 
chapters 2-4, while variability in investors’ behaviour in connection to 
temporal variability were addressed in chapter 5.
In this thesis, I made an effort to improve the realism of the GHG footprint 
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calculation of products by including human behaviour in a stochastic 
way. Stochastic comparisons of the results of chapters 2-4 as well as 
intra-country and inter-country variability in the GHG footprints are 
discussed in Sections 6.2. In section 6.3, the influence of variability in 
human behaviour on the environmental footprints and how interventions 
could improve human environmental behaviour are discussed.  Overall 
conclusions and recommendations are provided in chapter 6.4.  

6.2. Variability in GHG footprints  

6.2.1. Stochastic comparison
One of the advantages of our stochastic model is that it enables us to 
probabilistically compare the environmental footprints of different 
products and processes delivering the same service.  In chapter 2, the 
GHG emissions associated with wash cycles at 40°C and 60°C or higher 
are greater than those of wash cycles at 30°C or lower in 83% and 92% 
of the cases, respectively. In chapter 3, when all sources of variability are 
included, the probability that the GHG emissions per shower event in 
Australia are greater than those of Switzerland, the UK and the US is 69%, 
58% and 60% respectively. The GHG emissions per shower event in the 
UK and the US are higher than those of Switzerland in 63% and 61% of 
the cases respectively. In chapter 4, I showed that the GHG footprints of 
bricks & mortar in the UK are higher than those of bricks & clicks and are 
lower than those of pure players in 63% and 81% of the simulation runs, 
respectively. Besides, when the last mile GHG emissions of traditional 
shopping (bricks & mortar) in different countries are compared, the 
probability that the GHG emissions in the US are higher than those of the 
UK is 60%, the probability that the GHG emissions in the UK are higher 
than those of the Netherlands is 69% and the probability that the GHG 
emissions in the Netherlands are higher than those of China is 49%. 

6.2.2. Intra-country variability 
As shown in Chapter 2, the GHG footprints of doing the laundry can differ 
by a factor of 3.5-5 within a country, depending on the energy efficiency 
of the washing machine, the temperature setting and the amount of 
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detergent used. Chapter 3 showed that intra-country variability due to 
behavioural differences are even higher for showering compared to that of 
laundry washing, i.e. a factor of 11-17, depending on the shower duration, 
temperature setting, and efficiency of the water heater. The intra-country 
variability in laundry footprints is restricted by the available washing 
programmes of the washing machines in that country. This results in 
washing times that are often between 60 and 180 minutes. Shower times 
on the other hand are much more directly driven by human behaviour and 
therefore vary widely from 2 minutes up to more than 20 minutes. With 
regards to the water temperature the opposite is true. Washing machine 
temperatures range from about 5 degrees (cold wash) up to 90 degrees 
Celsius, whereas shower temperatures show far less variability (ranging 
from about 30 to 38 degrees). The difference in variability between doing 
the laundry and showering can also partially be explained by the fact that 
washing machines in Europe often only use electricity to work whereas 
other sources of energy (such as gas and oil) are also widely used for 
water heating for the purpose of showering. Not only is the intra-country 
variability high in the use phase of these products, but also it is high in 
the retailing phase of these items as shown in chapter 4. For example, the 
GHG emissions associated with purchasing a FMCG item in the UK could 
range between 0 and 0.52 kgCO2-eq.  
Large intra-country variability in the GHG emissions of products and 
activities implies that a lot can be done to reduce product GHG footprints 
in each country. As an example, Figure 6.1 shows the variability in the 
GHG footprints of laundry washing (per wash cycle), showering (per 
shower event) and shopping for fast moving consumer goods through 
traditional (bricks & mortar) shopping (per item purchased by the end 
user) in the UK. The absolute differences between the 95th percentiles and 
the medians are often much larger than the differences between the 5th

percentiles and the medians. For instance, while the 50th-95th percentiles 
of the GHG emissions associated with showering release 0.5-1.9 kg CO2-eq 
per shower event, the 5th-50th percentiles release 0.2- 0.5 kg CO2-eq per 
shower event. Therefore, it is implied that environmental policies should 
aim to reduce the high end emissions (i.e. the top 50% of the distributions) 
because we can get a more than proportionate reduction in climate change 
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impacts if we manage to get these closer to the median than if we focus on 
lowering the median by a certain percentage.

Figure 6.1. GHG emissions in the UK related to doing the laundry (kg CO2-eq/washing cycle), show-
ering (kg CO2-eq/shower), and traditional shopping (bricks & mortar) of fast moving consumer 
goods (kg CO2-eq/product delivered). Boxplots show the 5th, 25th, 50th, 75th and 95th percentiles. 

6.2.3. Inter-country variability 
Inter-country and intra-country variability in consumer behaviour in 
relation to GHG footprinting studies, have been partially addressed in 
a number of previous studies (Pakula and Stamminger 2010; Schmitz 
and Stamminger 2014; Stamminger et al. 2007; Kruschwitz et al. 2014; 
Laitala et al. 2012; Wang et al. 2014; Ableitner et al. 2016b; Binks et 
al. 2016). The inter-country variabilities in chapters 2-4 of this thesis 
showed the significant importance of supply-side solutions such as 

Synthesis

111

6



electricity decarbonisation. Indeed, the influence of consumer behaviour 
on product GHG footprints is context dependent. For example, laundry 
washing practice in Poland and Greece always releases more greenhouse 
gases than the laundry washing practice in Norway and Sweden, caused 
by differences in the electricity grid between countries. The median life 
cycle GHG emissions of laundry washing in Poland, is 6.5 times greater 
than those of Norway and the median GHG footprint of showering in 
Australia is almost 2 times greater than that of Switzerland. In chapter 
3, we showed that although energy use per shower event in Switzerland 
is typically higher than that of the other countries considered, the 
corresponding GHG emissions are lower. We also showed that where the 
GHG emission intensity of electricity production is low (e.g. in Switzerland) 
the GHG footprints of showering with an electric water heater is often 
lower than those of gas and oil water heaters. In contrast, in countries 
where the electricity grid is highly fossil-fuel dependent (e.g. Australia, 
the UK and the US), the GHG footprints of electric water heaters are often 
higher than those of gas-fired water heaters. This finding implies that 
policies aimed at electrification of the heating systems will be much more 
effective in reducing the GHG footprints if there is also a simultaneous 
decarbonisation of the electricity sector. Knobloch et al. (Knobloch et al. 
2020) found that when heat pumps are used, electrification of household 
heating will be better than the fossil alternatives even without further 
decarbonisation of electricity generation in the majority of countries. 
Climatic differences between countries could also influence the product 
environmental footprints. In my study the contribution to variance 
associated with the climatic characteristics of a country, such as the 
ambient water temperature was limited, <10% contribution to variance. 
However, for other household activities such as space heating or space 
cooling, inter-country variability due to differences in climate are likely to 
be much higher (Corvacho et al. 2016; Nakagami et al. 2008). 

6.3. Human behavioural change

6.3.1. In�luence of variability in human behaviour
Table 6.1 provides the assumptions with regard to the type of behaviour 
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in each chapter of this thesis. It is often straightforward to distinguish 
between reasoned actions and habits. However, sometimes, labelling a 
behaviour can be complicated. For example, if a consumer evaluates the 
pros and cons of buying FMCGs online versus buying them in a retail 
store, then the type of the retail channel is a reasoned action for this 
consumer. In contrast, if a consumer always purchases his/her FMCGs 
in a retail store (or online), then the type of the retail channel is a habit 
for this consumer. Indeed, as mentioned in the introduction, the way a 
behavioural choice is made determines whether it is a habit or not. In 
this section, for reasons of simplicity, we consider the variables that are 
directly related to human one-off decisions as reasoned choices and the 
more frequent actions as habits. 

Table 6.1. Categorisation of behavioural variables included in each chapter of this thesis 

Chapter Behavioral Variables Type 

2 Temperature setting Habit 

Detergent Format Habit 

Detergent dosage Habit 

Washing machine energy efficiency1 Reasoned action

3 Water Flow Rate2 Reasoned action

Shower Time Habit 

Shower Temperature Habit 

Water Heater Type (Source of energy)3 Reasoned action

Energy Efficiency of Water Heaters3 Reasoned action

Type of shower product Habit 

Number of shower products Habit 

Shower product dosage Habit 

4 Retail Channel Habit

Mode of consumer travel to the store Habit

GHG emission intensity of cars4 Reasoned action

Basket Size Habit

5 Investment in electricity production5 Reasoned action
1 One-off decision on the purchase of washing machine
2 One-off decision on the purchase of showerhead
3 One-off decision on the purchase of water heater
4 One-off decision on the purchase of car
5 One-off decision on the choice of investment
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Figure 6.2, which has been created using data from chapters 2-4, presents 
the contribution to variance related to each type of behaviour for the three 
investigated consumer activities in the UK. The contribution to variance 
in the GHG footprints of laundry washing and showering is mainly driven 
by consumer habits. Basket size (which is often a habit) has the highest 
contribution to variance in the GHG emissions of shopping through bricks 
& mortar (traditional in-store shopping) and bricks & clicks (online 
shopping and fulfilment via a physical store delivery to home). The 
variance in the GHG emissions of shopping through the pure play channel 
(delivery to home by parcel delivery companies) is nonetheless mainly 
influenced by variables that are not directly considered as consumer 
behaviour (e.g. distances and the number of deliveries per delivery tour). 
However, some of these variables i.e. the drop mileage and the number 
of deliveries per tour could be highly influenced by consumer online 
shopping habits (e.g. fast delivery and limited delivery window). These 
findings show that both types of behaviour, habits in particular, are key in 
determining the variability in GHG footprints of consumer products and 
activities.

Figure 6.2. Contribution to variance calculated for the 2 types of behaviour for laundry, showering 

and shopping for FMCG in the UK (B&M: bricks & mortar, B&C: bricks & clicks, PP: pure play).

6.3.2. Interventions for behaviour change

As shown in Figure 6.2, the variability in GHG footprints of consumer 
products and services is a result of differences in habits and reasoned 
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choices both by consumers and business. To move towards more 
sustainable performance and behaviours several strategies, including 
incentives, feedback, social norms, commitments, convenience and 
prompts, have been proposed (Schultz 2014).  These strategies can be 
characterized into two types (Steg and Vlek 2009): 

1. antecedent strategies that are focused on the factors that come before 
the occurrence of a behaviour, such as product design, and increasing 
awareness through consumer information and education, and 

2. consequence strategies, such as feedback, penalties and rewards that 
are focused on the consequences of a behaviour. 

Behavioural interventions could also be categorized as informational 
strategies versus structural strategies. While the informational strategies 
focus on changing perceptions, norms, knowledge and motivations, 
structural strategies are focused on changing contextual factors like 
the cost and benefits and availability of behavioural choices. Structural 
strategies are particularly useful when a pro-environmental behaviour is 
costly (Steg and Vlek 2009).       
Integrated approaches that provide information on the factors that 
influence energy consumption behaviour as well as information on 
acceptability of energy system changes are needed in investigating the 
human dimensions of a sustainable energy transition (Steg et al. 2015). 
Changing people’s reasoned actions can be challenging as it often involves 
an extra investment, such as using a more efficient source of energy or a 
more efficient appliance (Niamir et al. 2018). Although changing people’s 
habits could even reduce their costs (e.g. through reduced energy use 
at home)  it could be even more challenging compared to changing 
reasoned actions, particularly when the change in behaviour results in 
lower comfort and enjoyment (Poortinga et al. 2003), such as decreasing 
the shower duration and temperature or using a bicycle instead of a car 
for the purpose of shopping. The effectiveness of changing consumer 
habits through different strategies is controversial. For example, both 
providing feedback on energy consumption levels (Karlin et al. 2014) 
and reinforcement through monetary rewards have been reported to 
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have a positive effect on energy savings. However, consumers might 
get overloaded with information and lose their attention to the climate 
change mitigation policies if a new policy is designed for every single 
behaviour (van der Werff and Steg 2015). Therefore, focusing on general 
antecedents and strengthening of people’s normative goals is a more 
promising strategy to reduce both direct and indirect energy use (van der 
Werff and Steg 2015; Steg et al. 2014).    
As shown in chapters 2 and 3, the electricity sector highly influences 
the product environmental footprints. Electricity producers’ investment 
in a technology is considered as a human reasoned action. Indeed, 
investors constantly monitor the feasibility and profitability of different 
investment choices. Renewable technologies are rapidly changing over 
time and changes in the cost and capacity of the different technologies, 
could significantly change their competitiveness (the influence of 
temporal variability). In chapter 5, I showed how interventions through 
financial incentives could lead to more investment on renewable sources 
of energy. I also showed that improper decisions on the type, time and 
amount of the incentives could lead to a financial burden for countries 
and ineffective implementation of renewable energy policies. To further 
investigate the validity of my model, I gathered more recent data on the 
electricity installed capacity in Malaysia. Although the target capacity 
from renewable sources (excluding large-scale hydro power) by January 
2018 was set to around 7% in Malaysia (KeTTHA 2008), renewable 
sources of energy accounted for 3.5% of the electricity capacity by then 
(Statista 2019). This is close to the predictions of my model in chapter 
5 which forecasted 3.1% and 3.9% electricity generation capacity from 
renewables (i.e. solar PV, bio power and small-scale hydro power) for 
2017 and 2018 respectively.

6.4. Conclusions and Recommendations

The following main conclusions and recommendations can be drawn 
from this PhD thesis on how behavioural variability can be incorporated 
in the assessment of environmental footprint of human activities:
• It is important to know how, where and when products are used. 

Therefore, inclusion of different sources of variability, in particular 
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behavioural variability, in environmental footprinting of human 
activities is recommended. 

• Behavioural variability can be incorporated in the assessment of 
environmental footprints of human activities by the use of Monte 
Carlo simulation. The reliability of Monte Carlo simulation is highly 
dependent on the representativeness and quality of input variables 
and therefore extensive empirical data collection is recommended for 
behavioural variables. 

• The focus in the case studies of the PhD thesis was on single services, 
i.e. laundry washing, showering, retailing and electricity generation. 
As a next step, there is a need for the development of life cycle models 
to find the optimum solutions for pro-environmental behavioural 
change of a combination of activities and their interactions at a 
systems level. 

• The focus in the PhD thesis was mostly on greenhouse gas footprints. 
Inclusion of behavioural variability in the assessment of other 
environmental impacts, such as water and land stress, of human 
activities is considered important for future studies. 

The following main conclusions can be drawn from this PhD thesis on 
effective human behavioural changes to reduce environmental footprints:

• Large intra-country and inter-country variabilities in the GHG 
footprints imply that there is a large reduction potential.

• Consumer behaviour plays a more important role in GHG emission 
mitigation in countries with a fossil-based energy system compared 
to countries with renewable energy systems.  

• It is important for policy makers and product designers to understand 
which type of behaviour cause variability in GHG footprints, as the 
type of behaviour likely determines both the rate and the size of 
change achievable. The case studies included in this thesis, i.e. laundry 
washing, showering, shopping for fast moving consumer goods and 
investment in electricity generation, showed that depending on the 
type of activity, both habits and reasoned choices can have a major 
contribution to the variance in the GHG footprints.
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Appendix 1

Supplementary Information for chapter 2:

Quantifying drivers of variability in life cycle greenhouse gas emissions of 
consumer products - A case study on laundry washing in Europe 

Variable values used in the study
In Table 2.1 of the main text, we illustrated the sample size and type of 
data used to assess variability in the GHG footprint of a laundry wash. In 
Tables S1, Table S2 and Figure S1, the corresponding values associated 
with each of the variables used in this study are presented.

Table S1. Country-specific parameter values used in this study (EFC: GHG emission factor of 
electricity production in country C, EFPV,C: GHG emission factor of electricity production using PV 
module in country C, POPC: Population of country C)

VARIABLE EFc EFPV,C PopC

UNIT g CO2-eq/kWh g CO2-eq/kWh Million people

REFERENCE (Weidema  et al. 2013) (Weidema, et al. 2013) (World Bank 2014)

AUSTRIA 374 87 8.5

BELGIUM 278 100 11.2

BULGARIA 797 63 7.2

SWITZERLAND 110 84 8.2

CZECH REPUBLIC 762 96 10.5

GERMANY 645 90 81

DENMARK 345 92 5.6

SPAIN 477 69 46.5

FINLAND 255 95 5.5

FRANCE 119 74 66.2

GREECE 954 62 10.9

HUNGARY 559 80 9.9

IRELAND1 637 101 4.6

ITALY 515 67 60.8

NETHERLANDS 560 88 16.9

NORWAY1 37 90 5.1

POLAND 1026 81 38

PORTUGAL 562 57 10.4
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VARIABLE EFc EFPV,C PopC

ROMANIA 693 72 19.9

SWEDEN 57 90 9.7

SLOVAKIA 499 74 5.4

TURKEY1 687 62 75.9

UNITED KINGDOM 660 101 64.6

1 The ecoinvent 3.2 database (Weidema, B.P. et. al 2013) does not provide information on the GHG 
footprint of Solar PV panels in Ireland, Norway and Turkey. Based on their geographical locations, 
we assumed the footprints in these countries to be similar to those of the UK, Sweden and Greece, 
respectively.   

Table S2. Non-country-specific parameters used in this study. Log-normal distributions are used for 
all parameters.  

Parameter Notation Unit Geometric mean, 
geometric Std. References

Detergent dosage powder D1,C

g/cycle

66.5, 1.61
Kruschwitz et al. 
2014

Detergent dosage liquid D2,C 68.6 ,1.55

Detergent dosage tablet D3,C 50.5, 1.54

Detergent dosage capsule D4,C 33.7, 1.12
Unilever internal 
database

GHG emissions per unit of 
powder detergents (Relative 
value for the mean)1

FUP1

g CO2-eq/g 
detergent

1.12, 1.33

Unilever internal 
database

GHG emissions per unit of 
liquid detergents (Relative 
value for the mean)1

FUP2 1.00, 1.52

GHG emissions per unit of 
capsule detergents (Relative 
value for the mean) 1

FUP3 2.88, 1.06

GHG emissions per unit of 
tablet detergents (Relative 
value for the mean) 1

FUP4 2.69, 1.02

Washing machine energy use 
at 30 °C or lower

EC<30,C

kWh/wash

0.37, 1.65

Unilever internal 
database

Washing machine energy use 
at 40 °C

EC40,C 0.69, 1.45

Washing machine energy use 
at 50 ° C

EC50,C 0.76, 1.47

Washing machine energy use 
at 60 °C or higher

EC>60,C 1.00, 1.58

1 As the absolute numbers are confidential company data, we used relative values for the Geometric 
means associated with GHG emissions per unit of detergents. We divided all variables by the abso-
lute value of the Geometric mean associated with GHG emissions of liquid detergents. 
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Figure S1. Relative frequency of different temperatures and different detergent formats used in 
European countries obtained from (A.I.S.E. 2014). The dataset contains information about six 
detergent formats of 1. Regular laundry powders, 2. Compact laundry powders, 3. Regular laundry 
liquids/gels in a bottle, 4. Concentrated laundry liquids/gels in a bottle, 5. Laundry tablets and 6. 
Laundry liquid tablets/pouches/liquid doses. We merged regular and compact laundry powders as 
well as regular and concentrated laundry liquids.   

Simulation algorithm
In section 2.3 of the main text, we explained the initial steps of the model 
simulation. Here, the algorithm is expanded in detail:    

For each country and in each iteration:
1. One detergent format (i) was randomly selected based on the 

probability distribution related to the relative frequency of the 
detergents related to that country (DFi,C).

2.  One random number was selected from the FUPi distribution (GHG 
emission per g detergent from detergent format i) related to the 
selected detergent format. 

3.  One random number was selected from the Di,C distribution (dosage 
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per wash cycle) related to the selected detergent format.
4. The random number selected from step 2 was multiplied by the 

number selected in step 3 to derive the GHG emissions associated 
with the use of products per wash cycle.

5. One temperature category (T) was randomly selected based on the 
temperature setting distribution associated with that country (TSt,c).

6. One random number was selected from the ECT,C distribution (washing 
machine energy use) related to the selected temperature category.

7. The selected number in step 6 was multiplied by the GHG emission 
factor of electricity production in that country (EFC) to derive the GHG 
emissions associated with the use of washing machines per wash 
cycle.

8. The numbers from step 4 and step 7 were summed up to derive the 
Total GHG emissions per wash cycle (CFTotali,T,C), following equation 
1. 

Life cycle GHG emissions reported in the literature
In figure 5 of the main text we presented the Life cycle GHG emissions 
related to one laundry wash in different European countries. Table S3 
shows some of the corresponding numbers previously reported in the 
literature. 
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T able S3. Total lifecycle greenhouse gas emissions of clothes washing and the relative share of use 
phase 

Product Countries Results Reference

Use  
Phase 
%

Total 
(gCO2eq)

1 Granular 
Laundry 
Detergents: 
Traditional and 
Super Compact1

Netherlands Netherlands 1988 77 1257 (Saouter et al. 
2002)Netherlands 1998 83 918

Sweden Sweden 1988 26 285

Sweden 1998 44 153

2 Traditional 
granular 
Laundry 
Detergent

Belgium granular Detergent 71 544 (Saouter and 
Van Hoof 
2002)

3 Tablet and 
Compact 
powder laundry 
detergents

Tablet detergent 64 614 (Golsteijn et 
al. 2015)

Compact Powder 
detergent

67 580

4 Tablet Solid 
Laundry 
Detergents2

Europe Tablet Solid Detergent 62 (AISE 2013)

5 Powder Laundry 
Detergent

Europe Powder 62 538 (Medyna et 
al. 2015)

6 Regular Powder 
and Dilute liquid

France Powder 1998 28 312 (Dewaele et 
al. 2006)Powder 2001 28 298

Liquid 1998 28 315

Liquid 2001 32 259

7 Regular Powder, 
Compact 
Powder, Powder 
Tablet, Dilute 
Liquid, Compact 
Liquid, Liquid 
Unit Dose

UK Regular Powder 1988 70 to 
80

1288 (Van Hoof et 
al. 2003)Regular Powder 1998 1071

Regular Powder 2001 1053

Compact Powder 1992 1117

Compact Powder 1998 1018

Compact Powder 2001 978

Powder Tablet 2001 1018

Dilute Liquid 1988 1388

Dilute Liquid 1998 1035

Compact Liquid 1998 1029

Compact Liquid 2001 933

Liquid Unit Dose 994

Appendices

124



8 Detergents Germany 46 degree 72 700 (Henkel AG 
& Co. KGAA 
2009)

30 degree 56 450

60 degree 79 930

9 Powder 
Detergent, 
Liquid 
Detergent

Europe Powder Detergent 62 536 (Koehler and 
Wildbolz 
2009)

Liquid Detergent 61 541

11988: Traditional granular detergents, 1998: Super compact detergents
2Numbers are estimated from a chart.
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Appendix 2

Supplementary Information for chapter 3:

The In�luence of Consumer Behaviour on Energy, Greenhouse Gas and 
Water Footprints of Showering

SI1. Spatial and technological variables
Table S1. Country and industry related input variables used in this study and their corresponding 
characteristics. Where lognormal distribution is used, geometric mean and geometric standard 
deviation are reported in the parenthesis. (AU: Australia, CH: Switzerland, UK: United Kingdom, US: 
United States)  

Country related data

Variable Country Sample Size
Distribution/

Characteristics
Reference

Cold Water Feed 
Temperature in (°C)

AU
24 average values 

from 47775 
measurements1

Lognormal (15.7,1.4)
(Kenway and 
Grace 2014)

CH Lognormal (9.8,1.2)
(Martin Jenk 

2015) and 
assumptions

UK 112 data points Lognormal (14.8,1.2)
(Energy 

Saving Trust 
2008)

US 75 data points Lognormal (14.0,1.4) (PNL 2001)

Energy for provision 
and treatment of 1 L 
of water  in (MJ/L)

AU 0.01

(Wernet et al. 
2016)

CH 0.01

UK 0.01

US 0.01

Water consumed 
for provision and 
treatment of tap 
water in (L/L)2

AU 0.1

(Wernet et al. 
2016)

CH 0.01

UK 0.01

US 0.01

Water consumed in 
country j to supply 1 
MJ of energy in (L/
MJ)3

AU

Source of Energy

(Wernet et al. 
2016)

Electricity 0.63

Gas 0.03

CH
Electricity 1.93

Gas 0.1
Oil 0.17

UK
Electricity 0.62

Gas 0.03

US
Electricity 0.90

Gas 0.03
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primary energy used 
to deliver one unit 
of secondary energy 
type k in country i in 
(MJ/MJ)

Source of Energy

(Wernet et al. 
2016)

AU
Electricity 3.38

Gas 1.11

CH
Electricity 2.96

Gas4 1.21
Oil 1.43

UK
Electricity 3.21

Gas 1.11

US
Electricity 3.31

Gas 1.11

Energy related data

Variable Country Heater Type Values Reference

GHG emission factors 
in (gCO2-eq/MJ)

AU

Electric

Custom

292
(Wernet et al. 

2016)

Gas 71
(Wernet et al. 

2016)

Solar5

Electricity-
boosted

292 (Wernet et al. 
2016)

Gas-boosted 71

Heat Pump 292
(Wernet et al. 

2016)

CH

Electric

Custom

29

(Wernet et al. 
2016)

Gas 72

Solar6

Electricity-
boosted

29

Gas-boosted 72
Oil-boosted 90

Heat Pump 29
Oil 90

UK
Electric

Custom
183

(Wernet et al. 
2016)

Gas 70
(Wernet et al. 

2016)

US
Electric

Custom
193 (Wernet et al. 

2016)Gas 70
1 12 records from Yarra Valley Water and 12 records from South East Water (monthly average re-
cords). 
2 Ecoinvent does not directly provide the water consumption related to the treatment of tap water. We 
modi�ied the unit process “tap water” to include a waste treatment phase. This was done by using the 
Swiss wastewater treatment process. For Australia, the UK and the US the water and energy �lows were 
corrected to correspond to the country of interest.
3 Water consumption is calculated as the amount of water extracted from a watershed minus the 
amount of water that is returned to that watershed. We followed the SimaPro V8.5.2.0 implemen-
tation of the ReCiPe (Huijbregts et al. 2017) midpoint impact category water use in ecoinvent to 
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calculate this. ecoinvent only provides country-specific values for the use of gas in Switzerland. We 
used “Heat, central or small-scale, natural gas {CH}| heat production, natural gas, at boiler condens-
ing modulating <100kW | Alloc Rec, U” for Switzerland. For Australia, the UK and the US electricity 
flows were corrected to correspond to the country of interest. 
4 The primary energy demand for 1 MJ of natural gas is higher for Switzerland than for the other 
countries. This is due to the fact that ecoinvent provides specific data for Switzerland and all other 
countries are modelled as Rest of the World. Although we used the world mix information for 
Australia, the United Kingdom and the United States, it is unknown whether the world mix is more 
representative for these countries than the Swiss mix. 
5 Based on the current penetration rate of different solar hot water systems in Australia, 23% gas 
boosted (EF= 60) and 77% Electric boosted (EF= 292).
6 Based on the penetration rate of coventional water heaters, we assumed 26% gas boosted (EF= 
67) and 30% electricity boosted (EF= 29) and 44% oil boosted (EF=90).

SI2. Shower Duration (Minutes)
Ableitner et al. (2016) (Ableitner et al. 2016a) argue that shower duration 
in Switzerland follows a lognormal distribution. Distribution fitting on 
the raw data for shower duration in the UK and the US confirms that a 
lorgnormal distribution fits the duration data well (figures S1 and S2) 

 Australia
Lognormal distribution with geometric mean of 5.49 minutes and 
geometric standard deviation of 1.48 (Arithmetic mean = 5.92 minutes, 
Arithmetic Stdev. = 2.40 minutes) was used based on the data provided 
by Beal et al. (2011) (Beal et al. 2011). The study provided the mean 
and standard deviation of shower duration in 4 regions of South-East 
Queensland i.e. Gold Coast, Brisbane, Ipswich and Sunshine Coast. 
Using the provided values, we calculated the overall mean and standard 
deviation for South-East Queensland. The study gathered data from 252 
households in south-east of Queensland-Australia. 

 Switzerland
Lognormal distribution with geometric mean of 3.23 minutes and 
geometric standard deviation of 1.95 (Arithmetic mean = 4.04 minutes, 
Arithmetic Stdev. = 3.04 minutes) was used based on the statistics 
provided by Ableitner et al. (2016a). The study has analyzed 5610 data 
points from 636 households in 2012. 
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UK
Data from Unilever and the UK water companies (Unilever and the UK 
water companies 2015) were used to derive a lognormal distribution 
with geometric mean of 5.6 minutes and geometric standard deviation 
of 1.8 (Arithmetic mean = 6.6 minutes, Arithmetic Stdev. = 4.2 minutes).  
This survey has measured data from 6977 shower events from 276 
households. Showers shorter than the 1st percentile and showers longer 
than the 99th percentile were considered as outliers and were excluded 
from our analysis before fitting the distribution.  The fitted distribution as 
well as the figures that show the goodness of fit are presented in Figure 
S1. 

Figure S1: Shower Duration in the UK
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U S
Lognormal distribution with geometric mean of 7.2 minutes and 
geometric standard deviation of 1.7 (Arithmetic mean = 8.3 minutes, 
Arithmetic Stdev. = 4.8 minutes) was used based on the data provided 
by REUW (2016) (REUW 2016). This study has gathered data from 2428 
showers. Showers shorter than the 1st percentile and showers longer than 
the 99th percentile were considered as outliers and were excluded from 
our analysis before fitting the distributions. The fitted distribution as well 
as the figures that show the goodness of fit are presented in Figure S2.

Figure S2. Shower Duration in the US
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SI3. Water Flow Rate (L/minute):
Ableitner et al. (2016) (Ableitner et al. 2016a) show that the shower flow 
rate in Switzerland follows a normal distribution. The information given by 
Beal et al. (2011)  (Beal et al. 2011) (mean, standard deviation, skewness, 
kurtosis and the quartiles) also suggest that a normal distribution would 
be a good fit for shower flow rate in Australia. However, our analysis on the 
UK and the US data shows that a lognormal distribution provides a better 
fit of the data for the shower flow rate in these countries. Therefore we 
used normal distributions for the flow rate in Australia and Switzerland 
and lognormal distributions for the shower flow rate in the UK and in the 
US.    

Au   stralia
A normal distribution with an arithmetic mean of 7.9 L/minute and an 
arithmetic standard deviation of 2.8 L/minute was used based on the data 
provided by Beal et al. (2011). The study provided the mean and standard 
deviation of the shower flow rate in 4 regions of South-East Queensland 
i.e. Gold Coast, Brisbane, Ipswich and Sunshine Coast. Using the provided 
values, we calculated the overall mean and standard deviation for South-
East Queensland. The study gathered data from 252 households in south-
east of Queensland-Australia. 

Sw itzerland
A normal distribution with an arithmetic mean of 11 L/minute and an 
arithmetic standard deviation of 2.5 L/minute was used based on the 
data provided by Ableitner et al. (2016a). The study has analyzed 5610 
data points from 636 households in 2012. 

UK 
Unilever Internal datasets were used to derive a lognormal distribution 
with geometric mean of 7.3 L/minute and geometric standard deviation 
of 1.6 (Arithmetic mean = 8.2 L/minute, Arithmetic Stdev. = 4.1 L/
minute). This survey has measured data from 295 showerheads. The 
fitted distribution as well as the figures that show the goodness of fit are 
presented in Figure S3.
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Figure S3. Shower flow rate in the UK

US
 We obtained the raw data of the Residential End Uses of Water study 
(REUW 2016) in the United States by contacting the Water Research 
Foundation. This study has gathered measured data from 2428 individual 
shower events. 
The dataset provides data on the duration and water volume of individual 
showers. To quantify the water flow rate, we divided the water volume by 
the shower duration for every single shower. Consequently, a lognormal 
distribution with a geometric mean of 4.7 L/minute and a geometric 
standard deviation of 1.5 (Arithmetic mean = 5.1 L/minute, Arithmetic 
Stdev. = 2.1 L/minute) was generated based on the calculated water flow 
rates. The fitted distribution as well as the figures that show the goodness 
of fit are presented in Figure S4.
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Figure S4. Shower flow rate in the US

SI4. Shower Temperature (degrees Celsius)
Representative data on variability in shower temperature were lacking 
for most of the considered countries. Ableitner et al. (2016) (Ableitner et 
al. 2016a) argue that shower temperature follows a normal distribution. 
Given the limited available data, to be able to make a fair assumption we 
used the BetaPERT distribution that is smoothed around the most likely 
value and therefore, more emphasis is placed on the most likely value to 
match the normal distribution-shaped curve (Van Hauwermeiren et al. 
2009). Based on the graph provided by Ableitner et al. (2016) (Ableitner 
et al. 2016a) for shower temperature in Switzerland, we assumed the 
minimum and maximum temperature to be 25oC and 47oC respectively. 
Then we used literature data to estimate the most likely value of shower 
temperature for each country.    
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Aust ralia
We assumed a BetaPERT distribution with the most likely value of 40oC 
for shower temperature in Australia. The most likely value is estimated 
by the mean value of the shower temperatures reported by Binks et al. 
(2016) and Kenway et al. (2016). These studies gathered data from 7 
households in Melbourne and Brisbane.

Swit zerland
We assumed a BetaPERT distribution with the most likely value of 36oC 
for shower temperature in Switzerland. The most likely value is estimated 
by the mean value of the shower temperatures reported by Ableitner et al. 
(2016a) . The study has analyzed 5610 data points from 636 households 
in 2012. 

UK
W e did not find the specific shower temperature data for the UK. We 
assumed the shower temperature setting in the UK is similar to that of 
Australia. 

US
 We assumed a BetaPERT distribution with the most likely value of 39.7oC 
for shower temperature in the US. The most likely value is estimated by 
the mean value of the shower temperatures reported by Wilkes et al. 
(2005) (Wilkes et al. 2005). They reported 7 numbers from different 
studies and locations for the average shower temperature in the US. 

SI5. Cold water feed temperature (degrees Celsius)
A histogram provided by Energy Saving Trust (2008) (Energy Saving 
Trust 2008), suggests that the cold water temperature in the UK follows a 
lognormal distribution. Distribution fitting on the data provided by PNL 
(2001) (PNL 2001) on the cold water temperature also suggests that 
the lognormal distribution is a good fit for this variable. Therefore, we 
assumed cold water temperature follows a lognormal distribution in all 
of the considered countries.    
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Aust ralia
Kenway et al. (2014) (Kenway and Grace 2014) have gathered 45917 data 
points at Yarra Valley for the period 2005-2013 and 1858 data points 
at South East Australia for the period 2008-2013. However, they have 
only reported the average monthly values of cold water temperature in 
these regions (24 aggregated mean values). We used the mean of their 
aggregated values as the arithmetic mean of the cold water temperature 
in Australia. Since the dataset is relatively small, we did not directly use 
the standard deviation of the data. Instead, we assumed the geometric 
standard deviation of cold water temperature in Australia is similar to 
that of the US. Consequently, we developed a lognormal distribution with 
a geometric mean of 15.7 oC and a geometric standard deviation of 1.4 
(arithmetic mean = 16.6oC, arithmetic standard deviation = 5.8oC).  

Swit zerland
We did not find empirical data for the cold water temperature in 
Switzerland. According to Jenk (2015) (Martin Jenk 2015) the average 
cold water temperature in Switzerland is 10°C. To estimate the standard 
deviation, we assumed the geometric standard deviation of cold water 
temperature in Switzerland is similar to that of the UK. Then, we developed 
a lognormal distribution with a geometric mean of 9.8°C and a geometric 
standard deviation of 1.2.  (arithmetic mean = 10oC, arithmetic standard 
deviation = 1.8oC).  

UK
W e developed a lognormal distribution based on the histogram provided 
by Energy Saving Trust (2008) (Energy Saving Trust 2008). The histogram 
is developed using the numbers gathered from 112 samples. Since the 
exact values related to each bar of the histogram were not available, we 
first used the software “GetData Graph Digitizer Ver. 2.26” (GetData Graph 
Digitizer 2013) to obtain the numbers from the provided histogram. 
Then we created a Lognormal distribution with geometric mean of 14.8 
oC and geometric standard deviation of 1.2 (Arithmetic mean = 15.06 oC, 
Arithmetic Stdev. = 2.66 oC). 
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US
A  lognormal distribution with geometric mean of 14.02 oC and geometric 
standard deviation of 1.40 (Arithmetic mean = 14.85 oC, Arithmetic Stdev. 
= 5.19 oC) was used based on the data provided by PNL (2001) (PNL 
2001). The distribution is derived from 75 data points corresponding 
to 75 different locations in the US. The fitted distribution as well as the 
figures that show the goodness of fit are presented in Figure S5.  

Figure S5. Cold water temperature in the US

SI6. Type and Energy ef�iciency of water heaters
Countries use different water heater types and the level of the 
corresponding details reported in studies varies from one study to 
another. Given that, in order to have consistency in the four countries in 
this study, we considered five types of hot water systems: electric, gas, oil, 
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solar and heat pump water heaters. Where a specific type of water heater 
was not used in a country or its market share was negligible, we assigned 
a penetration rate of 0% for that type of water heater. Other types of 
water heaters were excluded from this study and for this reason the 
numbers reported in Table 3.1 of the main manuscript might be slightly 
different from the numbers reported in the corresponding references. 
Finally, combining the information provided by the different sources 
associated with the countries considered, we developed technology-
based probability distributions as shown in Table 3.1 of the main text. 
Except for solar boosted heaters, we assumed that the technologies used 
for each type of water heater are similar in the four considered countries, 
but the penetration rate of different heater types varies from one country 
to another. We assumed BetaPERT distributions for energy efficiency 
associated with each technology and we considered the minimum, 
maximum and most likely values using the following references: Prognos 
(2015)(Prognos 2015), Boait et al. (2012) (Boait et al. 2012), Whaley 
et al. (2014) (Whaley et al. 2014), Maguire et al. (2013) (Maguire et al. 
2013) and Walker (2009) (Walker 2009). For the energy efficiency of 
oil water heaters, we only found one number (65%). We considered this 
number as the most likely value for the BetaPERT distribution and we 
assumed the Min and Max values to be similar to that of natural gas. For 
the efficiency of solar boosted water heaters in Australia we assumed a 
BetaPERT distribution with min = 0.85, max = 7 and the most likely value 
= 1.6 using the information given by Whaley et al. (2014) (Whaley et al. 
2014). For solar boosted water heaters in Switzerland, we assumed the 
same min and max values and used a most likely value of 1.0 based on the 
information given by Prognos (2015)(Prognos 2015). 

SI7. Use of products
Assumptions related to the footprints associated with the use of products:
• As shown in Table S2 we used data from a consumer survey carried 

out by Unilever and UK water companies (Unilever and the UK water 
companies 2015) to consider the number of products used per 
shower event. 

• Although the investigation was done in the UK only, we assumed that 
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people in the other considered countries use the same number of 
products per shower.

• To account for the number and the type of products used, in each 
iteration of the simulation procedure we chose a random number 
based on the probabilities demonstrated in Table S2. These figures 
are based on the frequencies reported for the products used per 
day in the Unilever internal data (2015) (Unilever and the UK water 
companies 2015).

Table S2. Probability of the number of products used per shower and the corresponding products

Number of 
products used

Probability 
(%) Assumed products

0 6 NA

1 19 shower gel

2 27 shower gel, shampoo

3 27 shower gel, shampoo, conditioner

4 14 shower gel, shampoo, conditioner, facewash,

5 or more 7 Where 5 or more products were used, we considered only 5 
products and assumed the footprints of the 5th product to 
be similar to the average footprints of the four considered 
products.

• We used Unilever shampoo and conditioner formulations to estimate 
the footprints of products. A wide variety of ingredients (over 100 
chemicals) are used to manufacture different showering products. 
We grouped those ingredients into 4 main categories and then used a 
representative ingredient for each of those main categories to estimate 
the footprints. Ingredients with a median weight concentration of less 
than 1% were considered negligible and excluded from the analysis. 
Table S3 shows the main categories, the representative ingredients 
and the corresponding footprints per gram of ingredients.  
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Table S3. Ingredients used to produce showering products and the corresponding footprints (EI: 
Energy consumption (MJ/g ingredient), GI: GHG emissions (gCO2-eq/ g ingredient), WI: Water 
Consumption (L/ g ingredient). 

Ingredient 
Category

Representative 
Ingredient EI1 GI2 WI3 Reference

Inorganic 
chemicals 

Sodium Chloride 0.0032 0.183 0.004
(Wernet et al. 2016)

Organic 
chemicals

Fatty Alcohol Sulfate 0.070 2.56 0.095
(Wernet et al. 2016)

Fats and 
oils

Coconut Oil 0.007 0.905 0.57
(ERASM) accessed via 
SimaPro

Silicones 
and Silanes

Silicone Emulsion 0.060 3.310 0.118
(Wernet et al. 2016)

Water Water 0.0001 0.009 0
(ELCD) accessed via 
SimaPro

1  We used the Cumulative Energy Demand (Frischknecht et al. 2007) method in SimaPro version 
8.5.2.0 to calculate the energy used for production of materials. Both renewable and non-renewable 
sources of energy are taken into account.  
2 We used the IPCC 2013 GWP 100a method (Stocker 2014) in SimaPro version 8.5.2.0 to calculate the 
GHG emissions relating to the production of materials.
3 To calculate the water consumption, we deducted the water returns from the water extractions 
associated with each ingredient. 

• We used the above table and the amount of the ingredient used in 
the formulations of shampoos and conditioners )  to estimate the 
footprint per gram of product. Table S4 presents the statistics of the 
footprints. We fitted a lognormal distribution for each product and 
each indicator.    

Table S4. Estimated footprints per gram product (where two numbers are reported, figures show 
the geometric mean and the geometric standard deviation respectively)

Product Energy 
consumption 
(MJ/g product)

GHG emissions 
(gCO2-eq/g 
product)

Water consumption 
(L/g product)

Shampoo, Shower gel, facewash 0.02, 1.25 0.68,1.25 0.02, 1.27

Hair Conditioner 0.01,1.18 0.29,1.22 0.01,1.34

Packaging 0.003 0.31 0.01

• We assumed that shower gels and face washes have the same 
footprints as shampoos.
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• For primary, secondary and tertiary packaging we used the material 
types (polyethylene, polypropylene, cardboard, wood and paper) as 
proposed by Cosmetic Europe for a 250 ml shampoo product, PEF 
(2014) (PEF 2014). We used SimaPro V8.5.2.0 (PRe Consultants 2018) 
to quantify the footprints related to each material type. Country-
specific data is not available for the ingredients and packaging 
materials in ecoinvent. Therefore, we used the “GLO” figures that 
represent activities which are considered to be average values for all 
countries in the world.    

• We used the data from Ficheux, A., et al. (2016) for the dosage relating 
to each of the considered products. 

• We assumed 50% of the consumers are men and 50% are women.
• According to Golsteijn et al. (2018) (Golsteijn et al. 2018), 

transportation and product end of life have a minor contribution to 
the climate change and water consumption of showering products. 
Therefore, we assumed these stages have negligible impact on the 
footprints and excluded them from our analysis. 

SI8. ANOVA Results
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Table S5. ANOVA Results

Indicator Country Variable SS DF F-Value P
En

er
gy

 C
on

su
m

pt
io

n

Australia

Heater Type 139.6988 3 909.8467 0

Male/Female 0.046241 1 0.903482 0.3418778

Residuals 418.553 8178 NA NA

Switzerland

Heater Type 40.01709 4 184.9188 5.85E-152

Male/Female 0.021746 1 0.401948 5.26E-01

Residuals 442.3829 8177 NA NA

UK

Heater Type 30.99323 1 504.7634 1.60E-108

Male/Female 0.084257 1 1.372232 2.41E-01

Residuals 502.2642 8180 NA NA

US

Heater Type 103.1834 1 1822.812 0

Male/Female 0.180466 1 3.188074 0.07421441

Residuals 463.043 8180 NA NA

GH
G 

Em
is

si
on

s

Australia

Heater Type 256.5974 3 1511.79 0

Male/Female 0.029786 1 0.526471 0.4681151

Residuals 462.6863 8178 NA NA

Switzerland

Heater Type 294.4962 4 1.27E+03 0

Male/Female 0.003596 1 6.18E-02 0.8036928

Residuals 475.9077 8177 NA NA

UK

Heater Type 24.82489 1 384.3929 1.12E-83

Male/Female 0.048899 1 0.757167 3.84E-01

Residuals 528.2813 8180 NA NA

US

Heater Type 80.45802 1 1337.993 1.91E-271

Male/Female 0.090449 1 1.504138 2.20E-01

Residuals 491.8909 8180 NA NA

W
at

er
 C

on
su

m
pt

io
n

Australia

Heater Type 25.03603 3 271.6572 4.38E-168

Male/Female 0.204857 1 6.668478 9.83E-03

Residuals 251.2292 8178 NA NA

Switzerland

Heater Type 119.4516 4 603.6089 0

Male/Female 0.011527 1 0.232992 0.6293273

Residuals 404.5483 8177 NA NA

UK

Heater Type 9.058464 1 176.5337 7.16E-40

Male/Female 0.190346 1 3.709518 5.41E-02

Residuals 419.7398 8180 NA NA

US

Heater Type 61.93929 1 1320.918 2.98E-268

Male/Female 0.155199 1 3.309772 6.89E-02

Residuals 383.5692 8180 NA NA
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SI 9. Model Outputs
Variability in the main output variables of the study was presented in 
Figure 2 of the main text. Table S5 illustrates the 5th, 25th, 50th, 75th and 95th

percentiles as well as the geometric mean and the geometric standard 
deviation of the corresponding variables.  

Table S6. Summary statistics of the main output variables

Variable Country Unit per 
shower

5th 25th Med 75th 95th Geo
mean

Geo
SD*

Energy 
Consumption

AU

MJ

2.5 5.6 9.5 15.6 31.1 9.3 1.82

CH 3.4 6.1 9.8 16.0 33.1 9.9 1.74

UK 2.9 5.2 8.5 14.5 31.9 8.7 1.80

US 2.5 5.1 8.4 14.2 29.8 8.5 1.83

Total GHG 
Emissions

AU

gCO2-eq

160 379 682 1223 2630 675 1.98

CH 84 199 364 665 1438 361 2.01

UK 169 311 514 886 1931 526 1.82

US 143 305 503 845 1769 506 1.83

Total Water 
Consumption

AU

L

2.4 4.1 5.8 8.2 13.8 5.8 1.52

CH 2.4 4.2 6.7 11.4 26.2 6.9 1.80

UK 2.2 3.6 5.7 9.2 18.5 5.8 1.69

US 1.8 3.3 5.0 7.9 15.4 5.0 1.67

* Unit-less

Relative contributions to the footprints have been presented in Figure 2 of 
the main text. Table S6, provides information on the footprints by phase 
and by country. The 5th, 25th, 50th, 75th, and 95th percentiles are presented 
in the table. 
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Table S7. Contribution to the footprints per shower by country and by contributor.

Country Indicator Phase 5% 25% 50% 75% 95%
Au

st
ra

lia

Energy 
Consumption 
(MJ/Shower)

Water Heating 1.77 4.68 8.40 14.63 29.93
Water Provisioning 
and Treatment

0.22 0.39 0.56 0.79 1.27

Product 0.00 0.30 0.50 0.73 1.23

GHG Emissions
(gCO2-eq/
Shower)

Water Heating 120 328 616 1,184 2,567
Water Provisioning 
and Treatment

18 31 44 62 100

Product 0 10 17 25 42

Water 
Consumption
(L/Shower)

Water Heating 0.07 0.18 0.61 2.41 5.48
Water Provisioning 
and Treatment

1.64 2.88 4.15 5.82 9.37

Product 0.00 0.27 0.45 0.69 1.17

Sw
it

ze
rl

an
d

Energy 
Consumption 
(MJ/Shower)

Water Heating 2.72 5.33 8.92 15.06 33.24
Water Provisioning 
and Treatment

0.13 0.23 0.37 0.58 1.15

Product 0.00 0.30 0.50 0.73 1.23

GHG Emissions
(gCO2-eq/
Shower)

Water Heating 55 163 327 616 1,394
Water Provisioning 
and Treatment

7 11 18 29 57

Product 0 10 17 25 42

Water 
Consumption
(L/Shower)

Water Heating 0.27 0.61 1.27 4.87 17.61
Water Provisioning 
and Treatment

1.41 2.46 3.89 6.13 12.19

Product 0.00 0.27 0.45 0.69 1.17

U
K

Energy 
Consumption 
(MJ/Shower)

Water Heating 2.18 4.40 7.31 12.76 29.66
Water Provisioning 
and Treatment

0.16 0.29 0.46 0.76 1.57

Product 0.00 0.30 0.50 0.73 1.23

GHG Emissions
(gCO2-eq/
Shower)

Water Heating 137 275 455 787 1,792
Water Provisioning 
and Treatment

10 19 30 50 104

Product 0 10 17 25 42

Water 
Consumption
(L/Shower)

Water Heating 0.06 0.13 0.22 0.44 3.32
Water Provisioning 
and Treatment

1.57 2.91 4.61 7.62 15.84

Product 0.00 0.27 0.45 0.69 1.17
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U
S

Energy 
Consumption 
(MJ/Shower)

Water Heating 1.80 4.16 7.47 13.44 29.44
Water Provisioning 
and Treatment

0.15 0.28 0.44 0.68 1.27

Product 0.00 0.30 0.50 0.73 1.23

GHG Emissions
(gCO2-eq/
Shower)

Water Heating 111 258 457 809 1,741
Water Provisioning 
and Treatment

12 22 34 53 99

Product 0 10 17 25 42

Water 
Consumption
(L/Shower)

Water Heating 0.06 0.14 0.38 2.90 7.75
Water Provisioning 
and Treatment

1.12 2.09 3.22 5.01 9.37

Product 0.00 0.27 0.45 0.69 1.17

SI10. Relationship between water volume and the environmental impacts

Figure S6. Water used in the shower vs. primary energy use
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Figure S7.  Water used in the shower vs. total GHG emissions

Figure S8. Water used in the shower vs. total water consumption
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Appendix 3

Supplementary Information for chapter 4:

Comparative Greenhouse Gas Footprinting of Online Versus Traditional 
Shopping for Fast Moving Consumer Goods: A Stochastic Approach

1. Upstream Transport

Table S7. Data used for primary and secondary transport. The figures represent specifications and 
transport of Unilever products. (Where two numbers are reported, a lognormal distribution is as-
sumed and geometric mean and geometric standard deviation are provided. Where three numbers 
are reported, a BetaPERT distribution is used and the minimum, most likely and maximum numbers 
are provided.)

Variable Value Unit Distribution Reference

Product Specification

Gross Weight 0.25, 3.14 Kg/item Lognormal
(Unilever 2015)

Volume 0.26, 3.13 L/item Lognormal

Primary Transport

(Unilever 2017)
Distance- Truck 157,3.08

Km/trip

Lognormal

Distance-Train 28,492,1791 BetaPERT

Distance- Ship 377,2.3 Lognormal

Probability of Transport by Truck 91 % Custom

(Unilever 2017)
Probability of Transport by Train 9 % Custom

Probability of Additional 
Transport by Ship

27 % Custom

Secondary Transport

(Unilever 2017)

Distance - Truck 163,1.66
Km/trip

Lognormal

Distance - Ship 219

Probability of Transport by Truck 100 % Custom

Probability of Additional 
Transport by Ship

6 % Custom
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Table S8. Tertiary Transport by Distance and by the Type of Vehicle. Source: (Department for 
Transport 2016): Combined “Goods moved by commodity and length of haul: 2016 (revised) for 
commodity type “Groupage”” and “Goods moved by type and weight of vehicle and length of haul.”  

Share of vehicles

Vehicle Type: Rigid Vehicle Type: 
Articulated

Probability*

(%) 
Distance
(Km)

Distribution 3.5t-7.5t 7.5t-17t 17t-25t Over 25t 3.5t-33t Over 33t

2 10-25** Uniform 6% 3% 9% 46% 1% 35%

6 25-50 Uniform 4% 3% 7% 42% 2% 42%

15 50-100 Uniform 3% 2% 6% 27% 2% 61%

15 100-150 Uniform 2% 1% 5% 13% 3% 77%

18 150-200 Uniform 1% 1% 4% 9% 4% 81%

25 200-300 Uniform 1% 1% 4% 6% 3% 86%

19 300-500*** Uniform 1% 1% 2% 9% 2% 87%

*In the original source, the distance is reported in ranges and the probability of each range is given. 
For our simulation, we first randomly chose a range based on the given probabilities. Then we 
randomly chose a number from the selected range (i.e. we assumed a Uniform distribution for each 
range) and finally we randomly selected the type of truck based on the information given on the 
share of different types of trucks for each distance category.  

**In the original source it is reported as “Up to 25 km” and we assumed 10 to 25 km.

***In the original source it is reported as “Over 300 km” and we assumed we assumed 300 to 500 
km.   
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2. Storage

Table S9. Data used for the warehouses and retailers in the model (Single numbers are modelled 
as deterministic value. Where two numbers are reported, a lognormal distribution is assumed 
and geometric mean and geometric standard deviation are provided. Where three numbers are 
reported, a BetaPERT distribution is used and the minimum, most likely and maximum numbers are 
provided.)

Phase Variable Value Unit Distribution Reference

Manufacturer 
Warehouse

Electricity Use 2.68,1.49 MJ/m3.year Lognormal (Unilever)

Heat Use 2.73,2.11 MJ/m3.year Lognormal (Unilever)

Storage Time* 1,15,30 Days BetaPERT (United States 
Census Bureau 
2016, European 
Commission 
2017, Golsteijn, 
Lessard et al. 
2018)

Storage Volume 
Factor

0.22 - 0.27 Uniform (Stone 2014)

Distribution 
Centre

Electricity Use 18, 227, 1112 MJ/m2.year BetaPERT (EIA 2012)

Heat Use 6,52,395 MJ/m2.year BetaPERT (EIA 2012)

Storage Time* 1,15,30 BetaPERT (United States 
Census Bureau 
2016, European 
Commission 
2017, Golsteijn, 
Lessard et al. 
2018)

Storage Volume 
Factor

0.22 - 0.27 Uniform (Stone 2014)

Warehouse 
height**

2.4,6.1,12.2 Meters BetaPERT (EIA 2012)

Parcel 
Distribution 
Centre

Electricity Use 18,227,1112 MJ/m2.year BetaPERT (EIA 2012)

Heat Use 6,52,395 MJ/m2.year BetaPERT (EIA 2012)

Storage Time* 0.5,1,2 Days BetaPERT (United States 
Census Bureau 
2016, European 
Commission 
2017, Golsteijn, 
Lessard et al. 
2018)

Storage Volume 
Factor

0.3 - 0.75 Uniform (Fichtinger, Ries 
et al. 2015)

Warehouse 
Height**

2.4,6.1,12.2 Meters BetaPERT (EIA 2012)
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Retailer Electricity Use 412, 2.40 MJ/m2.year Lognormal (EIA 2012)

Heat Use 194,3 MJ/m2.year Lognormal (EIA 2012)

Storage Time* 1,28,60 Days BetaPERT (United States 
Census Bureau 
2016, European 
Commission 
2017, Golsteijn, 
Lessard et al. 
2018)

Storage Volume 
Factor

0.22 - 0.27 Uniform (Stone 2014)

Height of The 
Shelf Stack**

2 Meters Assumption

* United States Census Bureau (United States Census Bureau 2016) provides data on current stocks 
of goods, and on annual purchases of general merchandise stores. We divided the stock with the 
annual purchase and multiplied it by 365 to derive the number of days before the stock of goods 
has been fully depleted (58 days). We then assumed this is a reasonable proxy for the average entire 
storage time.  Based on the information provided by the PEF guidelines (European Commission 
2017, Golsteijn, Lessard et al. 2018), products remain in in the retail store for 4 weeks on average. 
We assumed the remaining 30-day storage time is equally distributed between the manufacturers’ 
warehouse and the distribution centres (so 15 days for each). To develop a BetaPERT distribution, 
we assumed a minimum of 1-day storage time for each warehouse and a maximum of 60 days 
for product storage at the retail shop and 30 days for distribution centres and manufacturer’s 
warehouse. The storage time in a parcel distribution centre is generally very short. Therefore, we 
assumed an average of 1 day with a minimum of half a day and a maximum of 2 days for the storage 
time in a parcel distribution centre.

** The number of items per cubic meter is calculated by dividing the storage area factor by the 
average volume of an item. For manufacturer warehousing the energy use figures have been report-
ed in kWh per cubic meter so we directly used them and did not use the warehouse height in the 
equation. Using the information provided by the EIA  (EIA 2012) for non-refrigerated warehouses 
we assumed a BetaPERT distribution for the warehouse height. For the retail stores we used the 
height of a stack of shelf (2 meters) as products are never placed at a height that is not reachable by 
a consumer. 

3. Last Mile

Bricks & Mortar
To estimate the distances travelled in China, we used the modes of 
travel for the purpose of grocery shopping as reported by Wang  (Wang 
2014). Feng et al. (Feng, Dijst et al. 2017) reported the average distance 
for each mode of transport. To estimate the average distance for each 
mode of transport (distance travelled for the purpose of shopping), we 
weighted the figures by first dividing the average distance for each mode 
of transport by the average distance by all modes and all purposes (i.e. 
5.2 km) and then multiplying the outcome by the average distance for the 
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purpose of shopping (i.e. 2 km). We assumed the coefficient of variation 
for the shopping travel distances in China would be similar to that of the 
UK. 
 As presented in table 4.2 of the main text, we used data from Mercure 
et al. and the European Environmental Agency (Mercure and Lam 2015, 
European Environmental Agency 2017) for the tank to wheel GHG 
emissions of passenger cars in each country (cars with 4 wheels and with 
different fuel types including hybrid and electric cars). These numbers do 
not include the GHG emissions caused by manufacturing and maintenance 
of cars and the emission due to the construction of roads. ecoinvent 3 
(Wernet, Bauer et al. 2016) reports 7 kg CO2-eq per kg of car production. 
We assumed a car weighs 1000 kg and has a lifespan of 240,000 km, 
as suggested by ecoinvent 3. That leads to 0.029 kg CO2-eq per km. We 
also added 1080 kg CO2-eq for the maintenance of a car as reported by 
ecoinvent 3. Given a lifetime of 240,000 km, the average GHG emissions 
due to maintenance would be 0.004 kg per km. We assumed the emissions 
caused by construction and maintenance of roads are negligible in our 
model. Therefore, we added a total of 0.033 (0.029 + 0.004) kg CO2-eq per 
km to the reported numbers when we used them in the model. 
We associated the basket size to the mode of transport. When cars were 
used for shopping trips, we assumed a BetaPERT distribution with a 
minimum value of 1 item, a most likely value of 30 items and a maximum 
value of 70 items based on the figures reported by Market Track and 
Van Loon et al. (Market Track 2014, van Loon, Deketele et al. 2015). 
For shopping trips by foot, bicycle and bus we assumed a BetaPERT 
distribution using the numbers reported in Table 4.1.  
ecoinvent 3 (Wernet, Bauer et al. 2016) reports an average of 0.11 kgCO2-eq 
per passenger km for the GHG emission intensity of buses.  We assumed 
the coefficient of variation for the GHG emission intensity of buses in each 
country is similar to that of passenger cars in the same country and we 
used that to estimate the corresponding standard deviation.

Bricks & Clicks
Gonzalez-Feliu et al. (Gonzalez-Feliu, Ambrosini et al. 2012) reported four 
figures for the distance driven by delivery trucks of retailers. We used the 
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smallest number (for central urban area), the average distance and the 
largest number (for far periphery) to develop a BetaPERT distribution. 
Van Loon et al. (van Loon, Deketele et al. 2015) reported an average basket 
size of 45 items for the bricks & clicks channel. As there is often a lower 
bound for the total value of the items delivered by retailers, we assumed 
a minimum basket size of 5 items for this channel. We also assumed a 
maximum basket size of 100 items per delivery.
The US National Renewable Energy Laboratory (National Renewable 
Energy Laboratory 2012) reports 0.88 kgCO2-eq/t km for the life cycle 
GHG intensity of light commercial vehicles. Based on the numbers 
reported by the Network for Transport Measures (Network for Transport 
Measures) we assumed an average load of 0.3 tonnes for light commercial 
vehicles. We quantified the corresponding emission intensity per km by 
multiplying the intensity per tonne km by the average load of vans.  Then 
we assumed the coefficient of variation for the GHG intensity of light 
commercial vehicles is similar to that of passenger cars in the UK and we 
used that to estimate the corresponding standard deviation.
Based on the information provided by Van Loon et al. (van Loon, Deketele 
et al. 2015), failed delivery rate was considered to be negligible for bricks 
& clicks.  

Pure Players
Dablanc et al. (Dablanc, Liu et al. 2017) reported the average distance 
from warehouses to the centre of gravity for 23 locations around the 
world. We used those data as a proxy for the stem mileage in our model. 
For the drop mileage and the number of deliveries we used data shown 
in Table S4.

Appendices

151

A3



Table S10. Data used for the variables drop mileage and the number of parcels delivered

Drop Mileage (km) Number of Deliveries Reference

61 56 (McLeod and Cherrett 2009)

73 56

87 56

96 150 (Edwards, McKinnon et al. 2010)

80 120

40 110

45 51 (Allen, Piecyk et al. 2016)

57 51

62 51

13.3 50 (Brown and Guiffrida 2014)

80 120 (Edwards and McKinnon FCILT 2009)

34 50 (Arnold 2018)

32 100

20 117

11.9 72 (Allen, Piecyk et al. 2018)

32

120

168 (Browne, Allen et al. 2011)

For the number of items per delivery we first estimated a most likely value 
of 2 items based on the provided references. Then we assumed a minimum 
of 1 and a maximum of 5 items to develop a BetaPERT distribution. 

4. Packaging

To account for the GHG emissions of delivery packaging for transport, we 
included the cardboard box used for the packaging and the Kraft paper 
used in the boxes to fill the void.  We used the volume of over 2900 Unilever 
(Unilever 2015) products to derive a distribution. Based on the data 
provided by Alberto et al. (2014) we assumed a box saturation (Volume of 
product/Volume of box) of 10-90% with a most likely value of 50%. Given 
the data provided by VAL-I-PAC, we calculated the weight of corrugated 
cardboard used per litre of a box. We used the number reported by 
Rajapack (2019) to quantify the amount of Kraft paper required to fill a 1 
L void in the boxes. We extracted the GHG emission intensity of corrugated 
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cardboard and unbleached Kraft paper from ecoinvent 3 (Wernet, Bauer 
et al. 2016). The majority of the packaging materials are recycled in the 
countries considered (e.g. around 70% in Europe and the USA (EPA 2015, 
eurostat 2019)). We used UK data in our model, which includes 79% 
recycling and recovery of paper (with negligible GHG emissions) and 21% 
landfilling of paper (Defra 2019) with a GHG impact of 1.5 kgCO2-eq per 
kg paper (Wernet, Bauer et al. 2016)).  
With regard to the last mile delivery packaging for bricks & mortar and 
bricks & clicks, Muthu et al. (2011) used 0.01 kgCO2-eq per plastic bag 
and one bag is often used to carry multiple products. Therefore, inclusion 
of the impacts of plastic bags would have a negligible impact per item 
purchased and would not significantly change the outcomes of our study.       

5. GHG Emission Intensities

Table S11. Background data for GHG emission intensities (calculated by using the IPCC 2013 meth-
od (Stocker, Qin et al. 2013) in the SimaPro software (PRe Consultants 2017))

Variable Name Value Unit Reference

Bags 0.693 gCO2-eq/g bag (Wernet, Bauer et al. 2016)

Cardboard (GICB) 0.001 KgCO2-eq/g (Wernet, Bauer et al. 2016)

Kraft Paper (GIKF) 0.001 KgCO2-eq/g (Wernet, Bauer et al. 2016)

Landfilling of Paper 1.5 KgCO2-eq/kg (Wernet, Bauer et al. 2016)

Electric Cargo Bikes* 0.08 KgCO2-eq/km (Leuenberger and Frischknecht 2010, 
Saenz, Figliozzi et al. 2016, Sheth, 
Butrina et al. 2019)

Rigid Truck- Over 3.5 to 
7.5**

0.74 KgCO2-eq/tkm (Wernet, Bauer et al. 2016)

Rigid Truck- Over 7.5 to 17 0.30 KgCO2-eq/tkm (Wernet, Bauer et al. 2016)

Rigid Truck- Over 17 to 25 0.23 KgCO2-eq/tkm (Wernet, Bauer et al. 2016)

Rigid Truck- Over 25 0.11 KgCO2-eq/tkm (Wernet, Bauer et al. 2016)

Articulated Truck- Over 3.5 
to 33***

0.50 KgCO2-eq/tkm (Wernet, Bauer et al. 2016)

Articulated Truck- Over 33 0.11 KgCO2-eq/tkm (Wernet, Bauer et al. 2016)

GHG Emissions- Train 0.04 KgCO2-eq/tkm (Wernet, Bauer et al. 2016)

GHG Emissions- Ship 0.01 KgCO2-eq/tkm (Wernet, Bauer et al. 2016)

Electricity Consumption 
- China

1.19 KgCO2-eq/kWh (Wernet, Bauer et al. 2016)
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Electricity Consumption 
- UK

0.83 KgCO2-eq/kWh (Wernet, Bauer et al. 2016)

Heat use – UK 0.04 KgCO2-eq/MJ (Wernet, Bauer et al. 2016)
* In some regions- particularly in China- the last mile tour is performed by electric cargo bikes or 
tricycles rather than delivery vans. To estimate the life cycle GHG footprints of electric cargo bikes 
per km we first used the data provided by (Saenz, Figliozzi et al. 2016) for the total GHG emis-
sions due to production, assembly, disposal and recycling of an electric cargo bike as well as the 
GHG emissions due to the production of the battery. (Sheth, Butrina et al. 2019) argue that one 
full charge of a cargo bike battery can last between 19 and 29 km and that the battery needs to be 
replaced after 500+ charges. Based on this information, we assumed a lifetime of 12500 km for a 
battery and we assumed that a bike can be ridden  four times that distance i.e. 50000 km (Leuen-
berger and Frischknecht 2010) assumed a lifetime of 50000 km for electric scooters and  (Saenz, 
Figliozzi et al. 2016) assumed a lifetime of 5 years for electric cargo tricycles). That leads to a total 
of 0.05 kgCO2-eq/km for the cargo bike and a total of 0.01 kgCO2-eq/km for the battery. Next, based 
on the information provided by (Saenz, Figliozzi et al. 2016) we assumed an average energy use of 
38 Wh per km and we used the GHG emission intensity of China’s electricity grid to estimate the 
GHG emissions associated with the use of electricity by the vehicle (leads to 0.02 kgCO2-eq/km). 
The total GHG emission intensity is calculated by summing these three numbers (0.05, 0.01 and 
0.02 kgCO2-eq/km).   
** According to Road Freight statistics 2016 - Table RFS0117 (Department for Transport 2016), 30% 
of the distance driven by trucks are empty runs. Therefore, we added 0.7 to the denominator of our 
equation to account for those empty runs where a truck is used. 
*** We estimated this number by calculating the average of the corresponding figures for the other 
trucks.
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Appendix 4

Supplementary Information for chapter 5:

A Decision Support System for Evaluating Effects of Feed-In Tariff Mecha-
nism: Dynamic Modelling of Malaysia’s Electricity Generation Mix
In this study, a broad range of data was gathered to develop a 
comprehensive System Dynamics model to evaluate the impacts of 
Feed-in Tariff mechanism on the generation mix of Malaysia and the 
corresponding greenhouse gas emissions during a 20-year period 
between 2011 and 2030. All data used in this study have been gathered 
from open access sources. Table S1 shows the title of the variables and the 
references used to get the corresponding data. 

Table S1. Data sources

Data Category References

Costs of Electricity Data

Equipment's Lifetime (Wei et al. 2010)

Interest rate (IEA 2013)

Overnight Capital Cost (OpenEI 2013a)

Fixed Operating Cost
Depreciation

(OpenEI 2013a)
(OpenEI 2013a)

Variable Operating Cost (OpenEI 2013a)

Fuel Consumption Data (EIA 2014b)

Fuel Cost
Fuel Heat Rate and Heat Content
Fuel Subsidy

(World Bank 2013c; Muis et al. 2010)
(EIA 2014a)
(IEA 2011)

GHG Emission Factor
Cost of GHG

(Shekarchian et al. 2011; OpenEI 2013b)
(EIA 2013; U.S. EPA 2013)

Purchasing Power Parity (World Bank 2013d)

FiT and Degression Rates (KeTTHA 2008)

Employment Rate (Wei et al. 2010)

Electricity Tariff (KeTTHA 2008; Malaysia Energy Commission 2010)

Generation
Lead Time
Existing Capacity 
Capacity Factor
T&D Losses 

(EIA 2013) & assumptions
(Ng et al. 2012; MEIH ; Shekarchian et al. 2011)
(IEA 2013; KeTTHA 2008)
(World Bank 2013b; TNB 2012; Kannan et al. 2006)
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Equipment's Lifetime
Equipment's lifetime is the period over which the initial investment is 
recovered. The considered values in this model are shown in Table S2.

 Table S2. Equipment's lifetime of different resources

Energy Resource Equipment Lifetime (Years)

Coal 40

Natural Gas 40

Bio-power 40

Solar 25

Hydro 40

Interest Rate
Capital interest rate is considered to be 8%.

Overnight Capital Cost
Overnight capital cost is the initial cost of a generation technology per 
kilowatt of capacity if it could be conducted overnight. The overnight 
capital cost does not take into consideration financing cost or escalation. 
Values considered for this study are shown in Figure S1. 
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 Figure S1. Capital Cost of different resources
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Fixed Operating Cost
Fixed operating cost is the maintenance cost for generation paid regardless 
of the total amount generated. Values considered for this study are shown 
in Figure S2. 

0

10

20

30

40

50

60

70

80

2005 2010 2015 2020 2025 2030 2035

Coal NG Bio-power Solar Hydro

 Figure S2. Fixed Operating Costs USD/KW

Capacity Factor
Capacity factor is the ratio between the average power and peak capacity 
for a specific technology. Values used in this model are considered to 
be fixed for mature technologies including natural gas, coal and hydro-
power and changing for evolutionary technologies including bio-power 
and solar. The features are considered to be 80%, 60% and 57% for 
coal, natural gas and hydro-power respectively. In addition, we assumed 
that capacity factor linearly rises from 70% to 80% for bio-power and 
from 13% to 25% for solar systems between 2010 and 2030 (IEA 2013; 
KeTTHA. 2008). 

Variable Operating Cost
Variable Operating Cost is the maintenance cost for generation paid for 
unit of energy produced. The values used in this model are shown in 
Figure S3.
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Figure S3. Variable Operating Costs (USD/kWh)

Fuel Consumption
According to EIA (EIA 2014a), the power plant heat rate is considered to 
be 10444 Btu/kWh for Coal and 8152 Btu/kWh for natural gas and the 
fuel heat content is 19,530,000 Btu per Short Ton of coal and 1,021,000 
Btu per 1,000 Cubic Feet (Mcf) of natural gas. So the kWh generated per 
unit of fuel used is 1870 per Ton of coal and 125 per Mcf (1,000 cubic feet) 
of Natural Gas. 

Fuel Cost
Based on the abovementioned fuel consumption assumptions and the 
price forecast of the world bank in Oct. 2013 (World Bank 2013c) the 
cost of fuel to generate unit amount of electricity is calculated as shown 
in Figure S4. 
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Figure S4. Fuel Cost
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Fuel Subsidy
Average subsidization rate in Malaysia is 19.5 percent. Malaysia does not 
pay consumption subsidy for coal but it pays for natural gas. In 2012, 
1100 million US dollar was paid for natural gas consumption subsidy (IEA 
2011). This amount is divided by the total natural gas consumption in 
2012 (1103 Billion Cubic Feet) (EIA 2014b) to estimate the amount of 
subsidy per thousand cubic feet of natural gas. Equation S1-S2 shows the 
related formula.

Existing Capacity, Lead Time and GHG Emission Factor Related to Each 
Source of Energy
Existing capacity shows the electricity capacity for each resource at 
the beginning of the simulation in 2010. Lead time is the time between 
investments and successful utilization of the resources and the CO2-eq 
factor shows the life cycle greenhouse gas emissions associated with 
generation of 1 kWh electricity from each resource. The corresponding 
values related to these variables are shown in Table S3.

  Table S3. Variables related to each source of energy

Resource Existing 
Capacity (MW)

Depreciation Lead Time (Years) GHG Emission Factor 
(gCO2-eq /kWh)

Coal 6650 0.54 5 1200

Natural Gas 11500 0.54 3 530

Bio-power 68 0.83 4 40

Solar 2 0.83 2 50

Hydro 2686 0.54 3-4* 7
*3 years for small hydro and 4 years for large scale hydro power
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RM to USD Exchange Rate
RM to USD exchange rate is assumed to be 1/3 during the 20 year running 
period of the model.

Purchasing Power Parity
In order to estimate the unit cost of GHG emissions in Malaysia, Purchasing 
Power Parity (PPP) conversion factor, GDP (LCU per international $) is 
used to localize the cost from the United States to Malaysia. Purchasing 
power parity conversion factor is the number of units of a country's 
currency required to buy the same amounts of goods and services in 
the domestic market as U.S. dollar would buy in the United States. This 
conversion factor is for GDP. Based on the data gathered from World Bank 
(World Bank 2013d) the PPP is assumed to be 1.87 in this model.

Unit Cost of GHG emission
Multiplying the GHG emission factor by cost of GHG emission per metric 
Ton of fuel consumption will result in unit cost of GHG emission per kWh. 
Unit Cost of GHG Emission = GHG Emission Factor × Cost of GHG emission 
per Ton
Cost of GHG emission per metric Ton of fuel consumption is extracted 
from EPA (U.S. EPA 2013) and then multiplied by the emission factor of 
each technology. 

Transmission and Distribution Losses
Electric power transmission and distribution losses include losses in 
transmission between sources of supply and points of distribution and 
in the distribution to consumers, including pilferage. Based on the data 
gathered from TNB and World Bank (World Bank 2013b; TNB 2012) 
8% transmission and distribution losses is considered for the electricity 
generated from all of the resources excluding Solar PV system which has 
4% losses because it can be used as a distributed power system (Kannan 
et al. 2006).
Electricity Tariff
Electricity tariff data is gained from KeTTHA (KeTTHA 2008) as shown 
in Table S4.
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 Table S4. Projected Average Retail Electricity Tariff in Malaysia

Year Tariff (RM sen/kWh)

2009 31.31

2011 33.50

2015 36.85

2020 40.53

2025 49.05

2030 53.95

Employment 
The average employment over life of equipment are considered in this 
model. To estimate the employment rate, required jobs for construction, 
installation, manufacturing, operation, maintenance and fuel extraction 
and processing are considered (Wei et al. 2010). Average employment 
rates over life of equipment for different resources are shown in Table S5. 
Table S5. Average employment over life of equipments.

Resource Average job-year/GWh

Coal 0.11

NG 0.11

Oil 0.11

Bio-Power 0.21

Solar 0.87

Hydro 0.27

Table S6 provides information on FiT duration, FiT rates and annual de-
gression for different sources of renewable energy.   

Table S6. FiT Rates and Degression

RE Resources FiT Duration
(Years)

Range of FiT rates
(RM/kWh)
Min/Max

Annual Degression
(Percent)

Biomass 16 0.24-0.35 0.2

Biogas 16 0.28-0.35 0.2

Mini-Hydro 21 0.23-0.24 0

Solar PV 21 1.25-1.75 6

Solid Waste & Swage 21 0.30-0.46 1.5
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SI3. Subsystems

Fixed O&M Cost
$/KW Overnight Capital

Cost $/KW 0

Fixed Costs
$/KW 00

<Time>
Overnight Capital

Cost Look up

Fixed O&M Look
up $/KW

Capital Recovery
Factor

Equipment's
Lifetime

<Interest Rate><Tax Rate>

Depreciation

Tax Factor

Figure S5. RE fund budget subsystem. Figure S6. Fixed cost subsystem.

Variable O&M Cost
Look up $/KWh

Fuel Cost
USD/mmBTU

Variable Costs

<Time>
Fuel Cost Look up

USD/mmBTU

Heat Rate

Variable
Operating Cost

Fuel Cost
USD/kWh Fuel Subsidy

Figure S7. Variable costs subsystem. Figure S8. GHG subsystem.

Figure S9. Unit cost of electricity subsystem. Figure S10. Generation subsystem.

Accumulated
Fuel

Consumption

Annual Fuel
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Amount of Fuel
used per kWh

Annual Electricity
Generation from Fossil

Fuel X

Heat rate
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Figure S11. Revenue subsystem. Figure S12. Fuel consumption subsystem.
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Figure S13. Investment subsystem. Figure S14. Employment subsystem.

SI4. Grid parity
The proposed model presents an insight for different resources unit cost 
of electricity’s grid parity as shown in table S7 for two cases of including 
and excluding cost of carbon. These features can be helpful for revising 
FiT rates.

Table S7. Grid Parity of different resources in two cases.

Including Cost 
of Carbon

Grid Parity Year Excluding Cost 
of Carbon

Grid Parity Year

Small-Hydro vs. 
Natural Gas

2030 Bio-Power vs. 
Natural Gas 

2020

Solar vs. 
Coal

2028

Bio-Power vs. 
Natural Gas

2017 Bio-Power vs. 
Coal

2015

Bio-Power vs. 
Coal

2011

SI5. Sensitivity Analysis

Table S8. Effects of assigning different FiT rates on solar resource on the Estimated FiT payment 
and Electricity Generation from renewables by 2030

Percentage Accumulated Paid 
FiT (Million USD)

Accumulated Generated Electricity 
from RE By 2030 (GWH)

0% 6,478 187,427

40% 7,255 194,144

70% 9,883 197,626

100% 14,896 203,590

100% 2020 Onwards 10,239 202,130
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 Table S9. Effects of assigning different FiT rates on solar resource on the Estimated FiT payment 
and Electricity Generation from renewables by 2020

Percentage Accumulated Paid 
FiT (Million USD)

Accumulated Electricity Generation 
from RE By 2020 (GWH)

0% 2,440 31,372

40% 2,460 31,375

70% 2,673 31,421

100% 3,277 30,965

100% 2020 Onwards 2,454 31,372
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Appendix 5

Research Data Management
This thesis research has been carried out under the RDM policy of the 
Institute for Water and Wetland Research, version [17 February 2020] 
accessed on www.ru.nl/iwwr. 

The data used in this thesis can be accessed from the following links:  
Chapter 1: No data has been produced
Chapter 2: https://doi.org/10.1007/s11367-017-1426-4
Chapter 3: https://doi.org/10.1111/jiec.12858
Chapter 4: https://doi.org/10.1021/acs.est.9b06252
Chapter 5: No data has been produced
Chapter 6: No data has been produced
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Summary

Several studies have quantified the greenhouse gas (GHG) footprints 
of human activities. However, the influence of variability on the GHG 
footprints, particularly behavioural variability has been rarely addressed.
Quantification of variability has two main advantages. First, it enables 
us to probabilistically compare the environmental footprints of different 
activities delivering the same service. Second, it enables us to quantify 
the contribution of each input variable to the overall variance. If we can 
understand the drivers of environmental impacts, then this will help 
inform decision-making and interventions such as product and energy 
policies to reduce environmental footprints. Therefore, the main goal 
of this PhD thesis was to quantify the influence of variability in human 
behaviour on the GHG footprints of human activities via the following two 
research questions:

1. How can behavioural variability be incorporated in the assessment of 
environmental footprint of human activities?

2. What are effective human behavioural changes to reduce 
environmental footprints?

In chapter 2, I showed how consumer behaviour data can be used to 
understand and quantify the variability in the greenhouse gas emissions 
from domestic laundry washing across Europe.  I combined data from a 
number of resources including (1) a pan-European consumer survey of 
product usage and washing habits, (2) internal company -Unilever- data 
on product format GHG footprints, (3) in-home measurement of energy 
consumption of laundry washing and (4) literature data to determine the 
GHG footprint of laundry washing. The variability associated with four 
laundry detergent product formats (liquid, powder, tablet and capsule) 
and four wash-temperature settings in washing machines were quantified 
on a per wash cycle basis across 23 European countries. The variability 
in GHG emissions associated with country electricity grid mixes was 
also taken into account. Monte Carlo simulation was used to convert 
the variability in the input parameters into variability of the life cycle 
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GHG emissions. Multi-factor Analysis of Variance and Rank Correlation 
Analysis were used to quantify the importance of the different sources 
of variability. Results showed that both inter-country differences in 
background electricity mix as well as intra-country variation in consumer 
behaviour are important for determining the variability in life cycle GHG 
emissions of laundry detergents. The average GHG emissions related 
to the laundry washing process in the 23 European countries in 2014 
was estimated to be 0.5 kg CO2-eq/wash cycle, but varied by a factor of 
6.5 between countries with Poland and Greece with the highest GHG 
footprint and Norway and Sweden the lowest GHG footprint of doing the 
laundry, caused by differences in the electricity grid between countries. 
Intra-country variability is between a factor of 3.5 and 5.0 (90% interval). 
The GHG emissions associated with wash cycles at 40°C and 60°C or 
higher are greater than those of wash cycles at 30°C or lower in 83% and 
92% of the cases respectively. For countries with a mainly fossil-based 
electricity system, the dominant source of variability in GHG emissions 
results from consumer behaviour in the use of washing machines, while 
for countries with a relatively low carbon electricity mix, variability in life 
cycle GHG emissions is mainly determined by laundry detergent-related 
parameters. I showed that the variability in the life cycle GHG emissions of 
laundry washing is driven by a variety of consumer choices, manufacturer 
choices and infrastructural differences of countries. These insights may 
enable more targeted measures for the reduction of the GHG footprint of 
doing the laundry in Europe.
In chapter 3, I combined data on consumers’ reasoned choices, consumers’ 
habits, climatic parameters, manufacturing of products and infrastructure 
of countries to quantify the variability in the energy use, greenhouse gas 
emissions and water footprints related to the life cycle of showering. 
The impacts of showering were modelled via Monte Carlo simulation in 
four countries with significantly different electricity generations systems 
and consumer showering behaviour namely Australia, Switzerland, the 
United Kingdom and the United States of America. The results showed 
that where the GHG emission intensity of electricity production is low (e.g. 
in Switzerland) the GHG footprints of showering with an electric water 
heater is often lower than those of gas and oil water heaters. In contrast 
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in the other three countries, i.e. Australia, the UK and the US where 
the electricity grid is highly fossil-fuel dependent, the GHG footprints 
of electric water heaters are often higher than those of gas-fired water 
heaters. The intra-country variation in environmental footprints due 
to differences in consumer behaviour is a factor of 6-17 (90% interval) 
depending on the country and the indicator selected. Both consumers’ 
reasoned-actions - particularly the choice of a specific heater and shower 
type - and habitual behaviours, particularly the duration of showering, 
are the dominant sources of footprint variability. 
While chapters 2 and 3 were mainly focused on the use phase of products, 
in chapter 4, I developed a stochastic model to assess the influence of 
consumer behaviour on the greenhouse gas (GHG) footprints of product 
distribution and purchase (collection or delivery) of ambient fast moving 
consumer goods (FMCGs) via 3 retail channels in the United Kingdom. In 
addition, I compared the so called ‘last mile’ GHG footprints of traditional 
shopping for four countries with widely differing shopping practices i.e. 
China, the Netherlands, the United Kingdom and the United States of 
America. The GHG footprint of product distribution and purchase of FMCGs 
via traditional retail (bricks & mortar) and two prevalent e-commerce 
models (bricks & clicks –click and fulfilment via a physical store delivery 
to home directly from stores and pure play – delivery to home by parcel 
delivery companies) in the UK are 0.10 (90% interval: 0.04-0.37), 0.07 
(90% interval: 0.05-0.11) and 0.18 (90% interval: 0.08-0.52) kg CO2-eq/
item purchased, respectively. The GHG footprints of bricks & mortar (in 
the UK) are higher than those of bricks & clicks and are lower than those 
of pure players in 63% and 81% of the simulation runs respectively. 
The number of items purchased and the last mile travel distance were 
the dominant contributors to the variability. In countries like the UK and 
the USA where consumers often drive a car to purchase their FMCGs via 
bricks & mortar, shopping via bricks & clicks most likely decreases the 
GHG footprints when substituting traditional shopping. However, FMCG 
items purchased through pure players often have higher GHG footprints 
compared to those purchased via traditional retail. We also showed that 
replacing fossil-based delivery vans by electric cargo bikes can result in 
26% lower GHG emissions in the pure play channel. Finally, we showed 
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that inter-country variability in the last mile GHG footprint of traditional 
shopping could be very large. For example, the median last mile GHG 
footprints in the bricks & mortar channel in the USA and in the UK are 
32 and 20 times larger than that of the Netherlands respectively. The 
large differences are primarily caused by the different shares of modes of 
transport with dominant use of the car for shopping in the USA and the 
UK in contrast to biking and walking in the Netherlands.
Unlike chapters 2-4 that are mostly focused on consumer behaviour, 
chapter 5 is mostly focused on investors’ behaviour. In chapter 5, I assessed 
the influence of a structural intervention strategy i.e. the Feed-in Tariff 
(FiT) mechanism on the investors’ behaviour with regard to investment 
on renewable energy over a 20-year period from 2011 to 2030 in Malaysia. 
Malaysia has an abundant potential for renewable energy generation 
particularly through bio-power and solar PV and therefore, the Feed-in 
Tariff policy was introduced in this country in 2011. Using a System 
Dynamics model I assessed the impacts of the changes in the FiT rates, 
technological changes as well as the changes in the costs and revenues 
over the time on the electricity investors’ choices and consequently on 
the GHG emissions and energy resource consumption associated with 
electricity generation. Results demonstrated that although the FiT-policy 
may lead to a satisfactory level of target achievement, i.e. reducing the 
GHG footprints of electricity generation, the Malaysian government may 
face an increasing shortage in its Renewable Energy Fund budget starting 
around 2019 unless it increases its income by raising the surcharges on 
electricity bills or decreases its expenditures by optimizing the amount of 
FiT payments in different periods. The sensitivity analysis illustrates that 
more funding will not lead to a more sustainable generation mix, unless it 
is paid at the right time and in the right direction. 
In chapter 6 the main results of this thesis are synthesised. In this 
thesis, I illustrated that knowing how, where and when consumer 
products are used, is key in the environmental footprinting of human 
activities. I showed that behavioural variability can be incorporated in 
the assessment of environmental footprints by the use of Monte Carlo 
simulation. It is important for policy makers and product designers to 
understand which type of behaviour they are trying to influence and the 
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barriers involved as this is likely to determine both the rate and the size 
of change achievable. GHG savings through decarbonisation of energy 
sources are sometimes more effective than reducing energy consumption 
at home. However, large intra-country variabilities imply that there is 
also a significant GHG emission reduction potential through consumer 
behavioural change. Consumer behaviour plays a more important 
role in GHG emission mitigation in countries with a fossil-based 
energy system compared to countries with renewable energy systems. 
Consumers –particularly the top 50% polluters- do not have to wait for 
their country’s energy system to become renewable. They can already 
significantly decrease the GHG footprints of their activities by actively 
choosing to change their behaviour. For instance, consumers in many 
countries can nowadays choose to generate their own electricity, given 
the high availability of solar energy for domestic uses.  The GHG savings 
from each of the activities investigated in chapters 2-4 of this thesis 
might look relatively small per functional unit. However, considering the 
global frequency of these activities (billions of each per day) shows the 
importance of reducing the footprints through behavioural change. In my 
case studies, I focussed on the service rather than strictly the product. 
i.e. laundry washing, showering retailing and electricity generation are 
all a combination of different products and interactions. The focus in the 
case studies of the PhD thesis was on single services, i.e. laundry washing, 
showering, retailing and electricity generation. As a next step, there 
is a need for the development of life cycle models to find the optimum 
solutions for pro-environmental behavioural change of a combination 
of activities and their interactions at a systems level. Finally, inclusion of 
variability in human behaviour in the assessment of other environmental 
impacts, such as water and land stress, of human activities is considered 
important for future studies.  
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Samenvatting

De klimaatvoetafdruk van producten is in recente jaren veelvuldig 
onderzocht. De invloed die variabiliteit (met name, variabiliteit in 
menselijk gedrag) op deze klimaatvoetafdrukken heeft echter nog 
nauwelijks aandacht gekregen. Het kwantificeren van variabiliteit 
heeft twee voordelen. Ten eerste, stelt het ons in staat om vanuit een 
probabilistisch oogpunt de milieuvoetafdrukken van verschillende 
producten en processen die dezelfde dienst leveren te vergelijken. Ten 
tweede kan de invloed van elke input-variabele op de verschillen in 
milieuvoetafdruk berekend worden. Het begrijpen van de belangrijkste 
sturende krachten achter milieu-impacts kan de besluitvorming vooruit 
helpen, bijvoorbeeld bij het maken van product- en energiebeleid gericht 
op het verlagen van de milieuvoetafdrukken. Het hoofddoel van deze 
PhD-thesis was dan ook het kwantificeren van de invloed van variabiliteit 
in menselijk gedrag op de klimaatvoetafdrukken van producten, volgens 
de volgende twee onderzoeksvragen:

1. Hoe kan variabiliteit in gedrag meegenomen worden bij het bereken 
van de klimaatvoetafdrukken van menselijke activiteiten?

2. Wat zijn effectieve gedragsveranderingen die kunnen leiden tot lagere 
klimaatvoetafdrukken?

In hoofdstuk 2 heb ik aangetoond hoe gegevens over consumentengedrag 
gebruikt kunnen worden om de variabiliteit in de broeikasgasuitstoot 
van het wassen van kleding in Europa te kwantificeren. Hiertoe heb 
ik gegevens uit een aantal bronnen gecombineerd, namelijk: (1) een 
Europa-wijde consumentenstudie over wasgedrag en het gebruik van 
wasmiddelen; (2) interne bedrijfsdata van Unilever over samenstelling 
van wasmiddelen en hun klimaatvoetafdruk; (3) metingen van het 
energiegebruik van wassen van kleding door huishoudens; (4) overige 
literatuurdata die nodig was om de klimaatvoetdruk van wassen 
van kleding te berekenen. De variabiliteit in de samenstelling van 
vier soorten wasmiddelen en vier temperatuurinstellingen van de 
wasmachine werd hierbij gekwantificeerd op basis van één wascyclus 
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in 23 Europese landen. Ook de variabiliteit in de klimaatvoetafdruk 
van het elektriciteitsnet in de 23 landen is meegenomen. Door middel 
van Monte Carlo analyse heb ik de variabiliteit in de inputparameters 
vertaald naar variabiliteit in klimaatvoetafdruk van één wascyclus. 
Het relatieve belang van alle bronnen van variabiliteit is bepaald d.m.v. 
het analyseren van de rangcorrelaties tussen inputvariabelen en de 
klimaatvoetafdruk. Zowel de verschillen in klimaatvoetafdruk van de 
elektriciteit tussen landen als de variabiliteit in consumentengedrag 
binnen de landen leverden een grote bijdrage aan de totale variabiliteit. 
De gemiddelde klimaatvoetafdruk van het wassen van kleding in de 23 
Europese landen was 0.5 kg CO2-eq/wascyclus. De variatie tussen landen 
was echter hoog, met een 6.5 keer zo hoge klimaatvoetafdruk in Polen en 
Griekenland ten opzichte van Noorwegen en Zweden, veroorzaakt door 
de verschillen in elektriciteitsproductie tussen de landen. De variabiliteit 
binnen de landen omvatte een factor van 3.5 tot 5.0 (90%-interval). 
De klimaatvoetafdruk van wascycli op 40°C en op 60°C of hoger was 
hoger dan die van wascycli op 30°C in 83% en 92% van de gevallen. 
De variabiliteit in consumentengedrag was de belangrijkste bron van 
variabiliteit in de klimaatvoetafdruk van één wascyclus voor landen met 
een elektriciteitsnet dat sterk afhankelijk is van fossiele brandstoffen. Voor 
landen met een relatief emissiearm elektriciteitsnet werd de variabiliteit 
echter gedomineerd door variabiliteit in de productie en gebruik van 
het wasmiddel zelf. Ik heb aangetoond dat de totale variabiliteit in de 
klimaatvoetafdruk van het wassen van kleding bepaald wordt door een 
combinatie van consumentenkeuzes, producentenkeuzes en verschillen 
in infrastructuur tussen landen. Deze inzichten kunnen gebruikt worden 
om meer doelgerichte maatregelen te treffen voor het reduceren van de 
klimaatvoetafdruk van het wassen van kleding in Europa.
In hoofdstuk 3 heb ik gegevens over consumentenkeuzes en -gewoontes, 
klimaatvariabelen, productieprocessen en infrastructuur van 
landen gecombineerd om de variabiliteit in de energie-, klimaat- en 
watervoetafdrukken van douchen te berekenen. De impact van douchen 
is gemodelleerd met behulp van Monte Carlo simulaties in vier landen 
(Australië, Zwitserland, het Verenigd Koninkrijk en de Verenigde 
Staten) met een duidelijk verschillende elektriciteitsopwekking en 
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consumentengedrag. Daar waar de klimaatvoetafdruk van de elektriciteit 
laag was (bijvoorbeeld in Zwitserland), was de klimaatvoetafdruk 
van het douchen meestal lager wanneer het water verwarmd wordt 
door middel van elektriciteit ten opzichte van gas of olie. In de andere 
drie geanalyseerde landen, waar veel fossiele elektriciteitsproductie 
is, waren de klimaatvoetafdrukken van mensen die een elektrisch 
waterverwarmingssysteem hebben vaak juist hoger dan die van mensen 
met een gas- of oliegestookte ketel. De variatie in milieuvoetafdruk 
binnen één land omvat een factor 6 tot 17 (90%-interval) afhankelijk van 
het land en de gekozen voetafdruk. Beredeneerde consumentenkeuzes, 
met name het type waterverwarmingssysteem en soort douchekop en 
consumentengewoonten, met name de duur van één douche, waren de 
belangrijkste bronnen van variabiliteit voor alle milieuvoetafdrukken.
In hoofstukken 2 en 3 heb ik met name naar de gebruiksfase van producten 
gekeken, terwijl ik in hoofdstuk 4 de invloed van consumentengedrag op 
de klimaatvoetafdruk van het kopen en distribueren van producten heb 
gemodelleerd. Ik heb hiervoor gebruik gemaakt van een stochastisch  
model waarmee ik de aanschaf van snel verkopende producten, de 
zogeheten “fast moving consumer goods” (FMCGs) via drie verschillende 
aankoopkanalen in de het Verenigd Koninkrijk heb bestudeerd. De drie 
verschillende aankoopkanalen waren: 1) conventionele winkels (bricks & 
mortar), 2) online winkels die ook fysieke locaties hebben (bricks & clicks) 
en 3) exclusief online opererende winkels die via pakketdiensten bezorgen 
(pure play). De vergelijking in de “laatste-mijl” klimaatvoetafdruk (het 
transporteren van een product vanaf de laatste opslagruimte of winkel naar 
de klant) van FMCGs tussen deze drie kanelen heb ik gemaakt voor China, 
Nederland, het Verenigd Koninkrijk en de Verenigde Staten, vier landen 
met grote verschillen in de manier van winkelen. De klimaatvoetafdruk 
van de distributie en aankoop van FMCGs in het Verenigd Koninkrijk was 
0.10 kg CO2-eq/gekocht product (0.04-0.37, 90% interval) voor aankopen 
in conventionele winkels, 0.07 (0.05-0.11, 90% interval) kg CO2-eq/
gekocht product voor online aankopen via Bricks&Clicks en 0.18 (0.08-
0.52, 90% interval) kg CO2-eq/gekocht product voor online aankopen via 
een pure play kanaal. De conventionele manier van boodschappen doen 
had een hogere klimaatvoetafdruk in vergelijking met online winkelen 
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via Brick&Clicks in 63% van de simulaties, maar vergeleken met online 
winkelen via een Pure  Play kanaal was de klimaatvoetafdruk lager in 
81% van de simulaties. De variabiliteit in de klimaatvoetafdruk werd met 
name bepaald door het aantal producten dat tegelijk aangeschaft werd 
en de transportafstand voor de “laatste mijl”. In het Verenigd Koninkrijk 
en de Verenigde Staten leidt online winkelen via het Bricks&Clicks kanaal 
over het algemeen tot een lagere klimaatvoetafdruk vergeleken met de 
conventionele manier van winkelen, omdat er relatief vaak een autorit naar 
een fysieke winkel mee uitgespaard wordt. Vergeleken met aankopen via 
het pure play is conventioneel winkelen echter vaak klimaatvriendelijker. 
De klimaatvoetafdruk van aankopen via een pure play kanaal kunnen 
met 26% verminderd worden wanneer gebruik gemaakt wordt van 
elektrische transportfietsen in plaats van bestelbusjes. Tot slot heb ik 
aangetoond de variabiliteit in de klimaatvoetafdrukken van het “laatste 
mijl” transport tussen landen erg groot kan zijn. Voor de conventionele 
manier van boodschappen doen is de mediane voetafdruk in de Verenigde 
Staten en het Verenigd Koninkrijk respectievelijk 32 en 20 zo groot als 
de mediane voetafdruk in Nederland. Deze grote verschillen worden 
met name bepaald door de manier van transport naar de winkel, in de 
Verenigde Staten en het Verenigd Koninkrijk maken consumenten veelal 
gebruik van de auto terwijl veel consumenten in Nederland lopend of met 
de fiets naar de winkel gaan.
Hoofdstukken 2-4 richtten zich op consumentengedrag terwijl in hoofdstuk 
5 het gedrag van investeerders centraal stond. In dat hoofdstuk heb ik 
de invloed van een strategie voor structurele interventie, het zogeheten 
Feed-In Tarief (FiT) mechanisme, op het gedrag van investeerders in 
hernieuwbare energie in Maleisië geanalyseerd voor de periode 2011 tot 
2030. Maleisië heeft een groot potentieel voor hernieuwbare elektriciteit 
en dan met name voor bio-energie en zonne-energie, om dit potentieel 
beter te benutten is Feed-in Tarief beleid in 2011 ingevoerd. Met behulp 
van een System Dynamics model heb ik de invloed van veranderingen 
in Feed-In Tarieven, veranderende technologieën en veranderende 
kosten en baten op de beslissingen van investeerders in hernieuwbare 
energie gemodelleerd. Hiermee kon ik het (toekomstige) gebruik van 
energiebronnen en resulterende broeikasgasemissies van Maleisische 
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elektriciteitssector inschatten. Uit mijn resultaten is gebleken dat het 
gebruik van Feed-In Tarieven inderdaad kan leiden tot het behalen van 
de doelstellingen; namelijk het reduceren van de klimaatvoetafdruk van 
elektriciteitsproductie. Het hiervoor beschikbaar gestelde budget wordt 
echter vanaf 2019 overschreden tenzij het beschikbare budget vergroot 
wordt door middel van verhoogde energiebelastingen of doordat de 
uitgaven worden beperkt door gebruik te maken van optimalisatie van 
Feed-In Tarieven over de tijd. Mijn gevoeligheidsanalyse laat namelijk 
zien dat hogere Feed-In Tarieven alleen bijdragen aan een meer 
duurzame elektriciteitsmix als deze op het juiste moment en voor de 
juiste technologie beschikbaar worden gesteld.
Een synthese van mijn resultaten wordt gegeven in hoofdstuk 6. In 
mijn thesis heb ik aangetoond dat kennis over hoe, waar en wanneer 
consumentenproducten gebruikt worden essentieel is voor het bepalen 
van de bijbehorende milieuvoetafdrukken. Ik heb aangetoond dat 
variabiliteit in gedrag meegenomen kan worden in de berekening van 
milieuvoetafdrukken door middel van Monte Carlo simulaties. Voor 
beleidsmakers en productontwikkelaars is het belangrijk om zich te 
realiseren welk type gedrag zij proberen te beïnvloeden en welke barrières 
hierbij aanwezig kunnen zijn, omdat dit bepaalt hoeveel en hoe snel 
gedragsverandering mogelijk is. Het besparen van broeikasgasemissies 
door het verduurzamen van het energienet is in sommige gevallen 
effectiever dan het beperken van de energieconsumptie door 
huishoudens. Desalniettemin laten mijn resultaten vaak grote variabiliteit 
aan klimaatvoetafdrukken binnen één land zien, wat impliceert dat 
een significante reductie in broeikasgasemissies ook mogelijk is door 
gedragsverandering van consumenten. Met name in landen die een 
fossiel energiesysteem hebben kan consumentengedrag een belangrijke 
rol spelen. Consumenten – vooral de top 50% vervuilers – hoeven dus 
niet te wachten tot hun energiesysteem helemaal verduurzaamd is, zij 
kunnen hun klimaatvoetafdruk nu al flink verlagen door hun gedrag 
te veranderen. In veel landen is het dankzij de beschikbaarheid van 
zonnepanelen tegenwoordig mogelijk voor consumenten om hun eigen 
elektriciteit duurzaam op te wekken. De besparing in broeikasgasemissies 
per functionele eenheid, zoals gegeven in hoofdstukken 2-4, lijkt op het 
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eerste gezicht klein. De frequentie waarmee deze activiteiten worden 
uitgevoerd (miljarden keren per dag wereldwijd) toont echter het 
belang van gedragsverandering aan voor de reductie in emissies. In mijn 
onderzoeken heb ik me gericht op de dienst in plaats van enkel op één 
product. Het wassen van kleding, douchen, de aankoop van boodschappen 
en elektriciteitsopwekking in een land omvatten allemaal combinaties 
van verschillende producten en interacties. In mijn PhD-thesis heb 
ik me steeds op één zo’n dienst tegelijk gericht. Als volgende stap 
kunnen levenscyclusanalyse modellen ontwikkeld worden om optimale 
oplossingen te vinden voor gedragsveranderingen op een systeemniveau, 
waarbij verschillende activiteiten en hun interacties tegelijkertijd worden 
meegenomen. Tot slot, het bepalen van de invloed van menselijk gedrag op 
milieuvoetafdrukken hoeft zich niet te beperken tot de klimaatvoetafdruk, 
het meenemen van andere milieuvoetafdrukken zoals de watervoetafdruk 
of landvoetafdruk is van belang voor toekomstige studies.
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سپاسگزارم از پدر و مادر عزیزم که در طول زندگى ام از هیچ تالشى براى رشد و تعالى من کوتاهى نکردید. 
م امان جانم، از کودکى ام دوست داشتین که من تحصیالتم را تا مقطع دکترا ادامه بدم و على رغم اینکه 
خودم چنین برنامه اى نداشتم، این دکترا به پشتوانه دعاهاى خیر شما شروع شد و به پایان رسید. امیدوارم 
این نتیجه، خستگى سال ها زحمتى که براى آموزش و تحصیل و تربیت من کشیدین رو از تنتون به در 
ببره. باباجانم، در تمام دوران تحصیل و کارى ام همواره پشتیبان مادى و معنوى ام بودین و هستین و 
همیشه بهترین مشاورم بودین و خواهید بود. برادر عزیزم حامدجان، ازت ممنونم که همیشه حامى ام بودى 
و حتى در زمان نبود من در ایران زحمات بسیارى برایم کشیدى. سپاسگزارم از مادرخانوم و خواهرخانوم 
هاى عزیزم که همواره پشتیبان ما بودین و دعاى خیرتان بدرقه راهمان. پدرخانوم عزیزم، امروز جاى شما 
بسیار خالى است، کاش پیشمون بودین و این موفیقت رو دور هم جشن میگرفتیم. سپاس از همه شما که 

دلمون رو همواره به محبتتون گرم نگه داشتین. 

سارا جانم، بسیار ممنونم از تو که در همه لحظات دوران پس از آشناییمان بهترین دوست و همراه و یار و 
یاورم بوده اى. این موفقیت بدون همیارى و فداکارى هاى تو هیچ گاه میسر نمیشد. همزمان سختى هاى 
ناشى از مهاجرت و غربت و بچه دارى رو به دوش کشیدى و براى پیشرفت خانواده مان، از بسیارى از 
عالیق و دلبستگى هات گذشتى. سامى عزیزم، تو مبارك ترین اتفاق این دوره از زندگى ام هستى و خیلى 

ازت ممنونم که همه خستگى هام رو با حرف ها و خنده هاى شیرینت به در میبردى. 
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