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1. Introduction
Design, in the modern sense, is defined as the creation of tools and products that
serve a purpose by completing functions [1]. Consumer products can easily be defined and
distinguished by listing the functions that the product performs. However, a design can
exemplify complex design objectives that may not be immediately evident. One such
embedded purpose is design for environmental sustainability. Due the uptake in
environmental awareness, many companies and designers are shifting focus to design
products that reduce resource use, greenhouse gas emissions, and increase the overall
sustainability as compared to previous iterations of a product [2]. The increase in
sustainability-minded designs highlight the need to bridge the cognitive gaps between
complex sustainable design and intuitive product function. Designer intuition, design
repositories, and machine learning all have a part in bridging this gap. The manuscripts
presented in this thesis employ all three methods to progress the area of sustainable design
research.

1.1 Manuscript 1 – Repositories in Design
Design repositories are a collection of databases that house product design data in
the form of a data schema [3]. The data schema includes information about component
function, bill of materials, and design structure matrices [3]. These repositories catalog
design solutions for design problems and allow designers to identify solutions that best fit
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a design need. Design repositories are used as a searchable tool that increases the
accessibility of design knowledge.
Current research in design repositories is focused on making design repositories
accessible, standardized, and having increased repository utility. Specifically, researchers
have focused on increasing the viability of design repositories by creating a standardized
data schema [3,4]. Specific to the area of sustainable design, it has been shown that
environmental impact data has validity in the early design phase of concept
generation[5,6]. Furthermore, eco-design repositories have been used to track
environmental performance through product iterations [7].
Sustainability is becoming an emerging DfX topic of interest in design [5]. Connecting
Life Cycle Analysis (LCA) indicators to design decisions is a viable way to improve the
potential sustainability of a product during the design phase [8]. Introducing the concept of
environmental sustainability and LCA data in the early design is of meaningful interest
since 70% of product cost and 80% of environmental impact is embedded into a product
during the early design phase [9]. In this paper, we explore the idea of connecting the
potential design benefits of using design repository data and product environmental
sustainability, through the creation of a sustainable design repository (SDR). Our goals in
conducting this research are to improve the data-knowledge of current design repositories,
enhance the viability of sustainable design in industry by providing specialized knowledge,
and provide a vehicle to further research in environmental sustainability relating to design.
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1.2 Manuscript 2 – Product Labeling
Manufacturing industries are currently experiencing a paradigm shift in that they
are not only focusing on profit, but also considering the effects of sustainability in
manufacturing [10]. Sustainable manufacturing is defined by the National Council for
Advanced Manufacturing USA as “the creation of manufactured products that use
processes that are non-polluting, conserve energy and natural resources, and are
economically sound and safe for employees, communities, and consumers” [11].
Sustainability, in the context of this work, has a triple bottom line featuring environmental,
economic and social considerations.
Along with the manufacturing shift towards sustainability, consumers are caring
more about product sustainability. The 2013 Green Gap Trend Tracker by Cone
Communications found that 71% of American consumers consider the environment when
purchasing goods [12].

In addition, according a study of 10,000 online consumers

conducted by the Natural Marketing Institute (NMI), 40% of consumers choose sustainable
product alternatives compared to conventional products. Of this 40%, 50% of these
consumers were millennials (ages 21-25). Millennials are also most likely to spend more
on sustainable alternatives, and to check labeling for environmental information. The study
concludes that millennials are three times more likely to check for sustainable labels and
spend more on sustainable products than Generation X (ages 35-49), and twelve times more
likely to do so than Baby Boomers (ages 50-64) [13]. Furthermore, current research shows
that consumers are willing to pay more for products that are sustainable [14]. This effect is
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amplified by eco-labels that differentiate the levels of sustainability [15]. This preliminary
research shows that sustainability-labeled products show a growing economic and social
impact especially when considering younger consumers and future generations.
Sustainable thinking coupled with self-branding initiatives has led to more
consumer goods manufacturers to employ eco-labeling on product packaging. Eco-labeling
is “an environmental label or declaration that provides information about a product or
service in terms of its overall environmental character, a specific environmental aspect or
number of environmental aspects” [16]. Marketing products as “sustainable” is intended
to affect end customers, as it lends a sense of responsibility to the user. As more consumer
behaviors trend toward concern for the environment, eco-labeling is designed to
corroborate and influence that concern. Research has shown that eco-labels affect
consumers’ response toward the product company, and that the perceived corporate social
responsibility connects to corporate credibility and brand attitude [17]. As such, there is
concern than unregulated eco-labels may be dubious in nature. The work presented in
manuscript two uses the SDR and other LCA tools to quantify the relationship between
eco-labels and product sustainability.

1.3 Manuscript 3 – Cognition and Design Repositories
As previously stated, many designers rely on previous experiences and design
intuition to fulfill the complicated objectives of the design of a product. As such, it can be
difficult for novice designers to design with confidence in many DFX areas [4,18]. It is
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clear that increasing available knowledge, and having access to lessons learned from
previous designs, will increase the success of future designers and their products. Current
research is focused on using design repositories to stimulate and enhance design knowledge
[19]. Design repositories are a set of databases that house extensive product information
(data schema) such as bills of materials, manufacturing locations, and costs. In-depth,
specialized repositories are the focus of ongoing research. Examples include design
repositories based on functional decomposition, and repositories focusing on product
sustainability [20,21].
Unfortunately, design repositories are not commonly used as a design tool in
industry due to the lack of accessibility and availability of these repositories [4,19,22]. To
increase usability and acceptance of repositories, research has been conducted to
standardize data schemas, allowing repositories to be searchable, and increasing
assimilation into industry [3,23]. Design repositories, in their current state, require some
previous knowledge and intuition to “connect the dots” between the raw data available in
a repository and design purpose fulfillment. We hypothesize the manual nature of
repositories prevents acceptance of these approaches in industry. Effort has been made to
offer more direct knowledge by automating concept generation using design repository
data [24]. Furthermore, repositories have been used to publish direct design conclusions
via product comparison [25–27]. Continuing to increase the output of direct knowledge,
using machine learning, can be the key for improving the usability of repositories,
especially in complex DFX design areas.
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2. Manuscript 1 – A Sustainable Design Repository for Influencing the Eco-Design
of New Consumer Products

2.1 Abstract
Engineering designers are constantly seeking ways to be more innovative, decisive,
and informed of emerging technologies in the design of consumer products. Design tools,
such as functional decomposition, morphology, and Pugh charts help stimulate the design
process. However, these tools require designers to have experiential or empirical design
knowledge; novice designers, or designers with little experience designing for certain
objectives, may struggle to apply these approaches. In contrast to these current tools, using
repositories to store product design information can provide additional and extensive
design knowledge to the global design community. Using repository data in the design of
new products can be especially impactful for DfX design objectives, such as product
sustainability, about which many engineering designers have limited knowledge. In this
paper, we discuss the creation of a sustainable design repository – a collection of product
data that includes environmental impact information. Through the initialization of a 47product repository, we seek to create data-driven design processes that can influence
designers to consider environmental sustainability. We found, for example, that in the first
year of a product’s life, 29-64% of the environmental impact occurs during the product’s
use phase, and that uncertainty in input data (such as component manufacturing location
and disposal method) can significantly contribute to environmental impact variation. The
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creation of this sustainable design repository highlights the need for the consideration of
input uncertainties when conducting environmental impact analysis. Additionally, the
repository has also been used in tandem with machine learning to understand design
decisions that lead to more sustainable products. This sustainable design repository enables
subsequent data-driven design research in that it provides a large dataset on which machine
learning approaches can operate.

2.2 Introduction
Globalization in consumer product design and increased competition is driving
innovation, and increasing the demand for accessible design knowledge. Today’s designers
need readily-accessible and multi-disciplinary information sources to be able to make
informed design decisions and to meet design objectives, including cost models,
manufacturing data, consumer preference models, environmental impact data, and many
more. Currently, there are many tools in the design field that are used to stimulate the
design processes and facilitate designers’ ability to ideate unique design concepts.
Functional Decomposition, Morphology, and Pugh Charts are all used to increase the
diversity and novelty of a designer’s design ideas [20,28,29]. However, such methods are
not typically data-driven, in that they do not employ existing product data from existing or
analogous products. Instead, these approaches rely on the cognitive and creative ability of
the designer, and can be intractable for novice designers or for designers with little
experience in design-for-X (DFX) areas of interest, such as design for the environment, risk
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mitigation, reliability, and other objectives [18]. We hypothesize that integrating data in
the early design phase using a sustainable design repository can enable designers to make
more informed design decisions, resulting in reduced redesign throughout the design
process.
The Sustainable Design Repository (SDR) presented in this manuscript includes
Life Cycle Analysis information for existing consumer products and their design features.
Products that are added to the repository are subject to a standardized input data schema
that includes (at minimum): bills of materials, manufacturing locations, disposal methods,
and intended use phase quantification. This data schema is used to complete three LCA
methods per product included in the SDR: Eco-indicator 99, SolidWorks Sustainability,
and ReCiPe (via GaBi). These LCA outputs are recorded in the repository for the respective
product.
In this paper, the SDR data schema standard and methodology is applied to an initial
study of 47 products. This product set is a proof-of-concept and the starting seed for the
SDR. The 47 products represent a wide variety of consumer products and were chosen to
test the robustness of the data schema when subjected to varied sources of information. The
case study performed on the initial product set also provides a real-time method for
identifying inherent problems with missing information for the data schema and LCA
methods. This study is used to refine the methods of data input to the SDR, and to develop
troubleshooting solutions for future users. Lastly, using the SDR, this paper explores
preliminary research in LCA end-result variations due to changes made in input data.
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2.3 Materials and Methods

2.3.1

Life Cycle Assessment Methods
The design of the SDR provides multi-fidelity LCA information for consumer

products. The first step for implementing the SDR is to identify various LCA methods that
represent a wide breadth of analysis complexity. Currently, there are many LCA methods
available, including CML, TRACI, ReCiPe, Eco-Indicator 99, and ILCD 2011 [30–34].
Implementing these methods can be assisted by the use of software, such as GaBi,
OpenLCA, SimaPro, and Solidworks Sustainability [35–38]. In developing the sustainable
design repository, we use CML via Solidworks Sustainability, Eco-Indicator 99, and
ReCiPe via GaBi. These three methods, in tandem with their implementation software,
each provide a unique LCA approach that covers a wide range of use difficulty,
convenience, and information. A description and rationale for each of the methods are
given as follows.

2.3.1.1 Eco-Indicator 99
Eco-Indicator 99 (EI99) is the simplest and most novice LCA of the chosen
methods; it is the only LCA method that does not require any software to implement. EI99
includes three impact categories: Ecosystem Quality, Human Health, and Resource Use
[33]. Using a normalization process, the output of the in the EI99 methodology is a single
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unitless metric called a milliPoint (mPt). This single metric can be separated in a variety
of ways to quantify the impact of specific phases of a product’s life cycle. At the discretion
of the user, the impact of transportation, manufacturing, use, and disposal can be isolated
to identify areas of high impact. The higher the mPt value, the more negatively impactful
the product is to the environment. As EI99 is primarily used as a comparative tool between
similar products and process alternatives [33].
In developing the EI99 information in the SDR, we use isolated production, use
phase, and disposal indicators as the three metrics of focus. The production metric
highlights the production of the materials used and the manufacturing processes. The use
phase metric measures the impact of any resource required throughout the duration of time
in which the product is used by the consumer. Lastly, the disposal or end-of-life metric
records the impacts of the method through which the product is destroyed or repurposed.
The mPt indicators for each metric for a given product are recorded into the SDR LCA
database.

2.3.1.2 CML (SolidWorks Sustainability)
The CML LCA method—available in SolidWorks’ Sustainability analysis—is an
LCA method that is designed to be applied during the embodiment design phase.
SolidWorks, a commonly used computer-assisted drawing program, includes this
sustainability tool that uses a modified CML method to quantify the estimated
environmental impact of CAD models [30,38]. The modified CML LCA has four output
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indicators: carbon footprint, energy consumption, air acidification, and water
eutrophication. After a model or assembly is created in SolidWorks, the user can specify
the material, manufacturing method and location, use phase, and disposal method for each
component. SolidWorks Sustainability (SWS) offers the ability to view the relative impact
variation caused by changing any of user-specified inputs listed above.
A SolidWorks assembly model is created for product in the SDR, or sourced from
websites such as GrabCAD [39]. Each product component within the assembly is assigned
a material, manufacturing method and location, use location, use phase, and life
expectancy. For each product, the SDR records the CML output indicators. Additionally,
the SWS program calculates the weight of each component via model geometry and
material density. The SWS estimated part weights are used to populate the component
weights in the product schema if the product is not physically available for part weighing.
2.3.1.3 ReCiPe (GaBi)
ReCiPe via GaBi software is the most robust LCA method used in the SDR. The
ReCiPe LCA has 21 output indicators; 18 are mid-point raw indicators and three are
normalized end point indicators [35]. The 18 mid-point indicators measure specific LCA
outputs such as global warming potential, global toxicity, CFC-11 emission, and radiation
emission. The three end points—DALY, Species Depletion and Resources Cost—are
normalized from the 18 mid-point indicators, and represent an easy-to-understand indicator
alternative compared to the mid-points. DALY is the measure of damage to human health
by the summation of the metrics years of life lost and years of life disabled. DALY is
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classically applied to quantify the damage inflicted by diseases, but has proven useful in
LCAs [40]. The loss of species per year is a measurement of the damage to the eco-system
and represents the fraction of species lost over an area and time multiplied by species
density. Resource usage is the measure of damage to resource availability quantified by
increased resource cost.
GaBi allows the user to create and control manufacturing flows, enabling multiple
manufacturing locations and disposal methods to be applied to a single product. The
software uses a graphical interface in which the user adds materials, manufacturing
methods, and disposal methods to the product plan. These processes are pre-programed
into GaBi from a database similar to the ecoinvent database [41,42]. Many of the
manufacturing processes that are added to the product plan require secondary resources to
be added. These resources include (but are not limited to) electricity, water, lubricants, and
thermal energy. The secondary resources allow the user to define the manufacturing
location as there are multiple options for each resource based on country of origin; these
geographical options extend to the disposal methods as well. The user also has the ability
create custom processes to add to the plan. These customized processes can be use phases,
disposal methods, manufacturing methods, or transportation methods that may not be
available within the GaBi database.
GaBi calculates ReCiPe environmental impact indicators based on component
weights, which are found using SolidWorks Sustainability or by manually weighing
components. For the creation of the GaBi manufacturing plan, all of parts that share the
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same material and manufacturing processes are added together to represent one material
flow in the product plan; for example, the weights of all of the product components made
of injection-molded ABS are summed into one flow. The use phase of each product is
determined empirically and is influenced by use statistics and manufacturer-provided data.

2.3.2

Product Information Set Form and Data Schema
The SDR data schema is a defined set of product information that is required to

ensure that the LCAs can be performed accurately. The set form includes the information
from the data schema, but includes additional information such as MSRP, retailer
information, and CAD models. The data schema requires product information including
bills of materials (component names, materials, manufacturing methods, and component
weights), disposal methods, and product use parameters. This information is populated by
the physical deconstruction of the product, is sourced from CAD models, and/or is found
through publicly-available online information.
In establishing the SDR, each product’s manufacturing location information is
sourced from product websites or tags on the physical product. When a product is added to
the SDR, a specific exemplar product is chosen, and information about this exemplar
product, such as a picture, model number, trade name, and manufacturer are added to the
SDR set form. An example of the product data schema for an exemplar plastic water bottle
is shown in Figure 1.
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Figure 1: Example of SDR Product Data Schema

Accurately defining the use phases of the products in the SDR poses a difficult
challenge. The use phase of a product accounts for 50–80% of the total life-cycle
environmental impact of a product [9]. Any potential inaccuracy in quantifying the use
phase can lead to significant variation in the LCA indicators. Survey-based use phases offer
a good starting point for defining use phases in the SDR. However, surveys and statistics
don’t always measure actual consumer behavior, but more often intention [43]. The use
phases used in the SDR are defined by aggregating survey and statistical data, to ensure
the applied use phases are realistic and are representative of the average use scenario. For
example, the use phase of a coffee maker can be based on data found about the average of
cups of coffee consumed over the lifetime of the coffee maker by an average user.
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2.3.3

Database for Recording Information
The SDR is a collection of databases of product information. The primary product

information database includes the data schema and the set form. Use phase quantification
is the subject of concurrent research in tandem with the SDR; as such, the use phase of
each product is the only data schema input that has a stand-alone database. The LCA output
indicator database includes all of the correlated product LCA data, including any additional
LCAs completed for a product when looking at variation in material, use phase,
manufacturing location, or other uncertain product input data.
Variation in input data can contribute to inaccurate environmental impact metrics
if there is uncertainty present in completing the product data schema. The preliminary
research included in this paper focuses on variations caused by changes in use phase,
manufacturing location, and disposal methods. Use-phase variation is of interest as it can
account for a large percentage of environmental impact of a product. Manufacturing
location input data is generally higher-confidence information (as most products readily
display where it was manufactured). Disposal method input data is lower-confidence
information, as these methods are assumed not for the individual product, but based on
consumer product disposal patterns in North America.
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2.4 Problem Formulation

2.4.1

Initialization of the Sustainable Design Repository
A 47-product case study is analyzed to initialize the SDR. While the primary

purpose of this case study is to provide a robust dataset from which data-driven design
processes can be created, the secondary purpose of this case study is to identify any
refinements necessary to improve the quality of the SDR set form and data schema. This
is done by identifying product information input areas that are subject to creating large
variations in the indicator data. Input data that causes large variations will be subject to a
more rigorous validating process to preserve LCA integrity. The chosen case study
products represent a variety of different criteria, primarily perceived complexity, number
of components, and how many sustainable design guidelines apply to each product. These
guidelines are taken from the GREEn Quiz, an online design tool that provides a
preliminary analysis of environmental sustainability of a product concept [44]. Table 2.1
lists the 47 products used in the initiation of the SDR.
Table 2.1: Sustainable Design Repository Product List
#

Product

#

Product

#

Product

1

Cast Iron
Skillet
Soda Can

17

“Big Wheel” Toy

33

Razor Scooter

18

Bicycle

34

R/C Car

Plastic
Bottle
Scissors

19

Spring Drive

35

Electric Shaver

20

Apple Peeler Corer

36

Lawn Mower

2
3
4

17

5

Kayak

21

Mechanical Calculator

37

Electric Guitar

6

22

Hand Gun

38

Insulated Water Bottle

7

DisposableBattery
Toothbrush
Bookshelf

23

Hand Dryer

39

Chat Headset

8

Vacuum

24

40

Pocket Knife

9

Office Chair 25

Single Serve Coffee
Maker
Oil Lamp

41

Sunglasses

10

26

3D Printer

42

Glass-Aluminum Desk

11

Coffer
Maker
Stapler

27

Tattoo Gun

43

Skateboard

12

Lamp

28

Toaster

44

Keyboard

13

Game Boy

29

Blender

45

Computer Mouse

14

Electric
30
Chainsaw
Drill31
Battery pack
Drill32
Corded

Motorcycle Helmet

46

Smoke Alarm

Mechanical Pencil

47

Game Controller

15
16

Electric Tea Kettle

-

For the given 47 products, existing exemplar products were identified and added to
the primary database, along with the product model number, image, name, price, and a
short description. The description adds useful information about the product that may not
be specified on the data schema, e.g., how the device is powered, or the functionality of
the product. Most of the product manufacturing locations were sourced from the product
manufacturer’s website or origin stickers on the product. For other products, we sourced
manufacturing locations from the manufacturing company’s production facilities that are
listed on company websites.
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The use phase of the products was determined empirically; in most cases, the
product use phase was primarily centered on the use of electricity. Product details regarding
the actual electrical consumption specifications were found through product websites or
component datasheets. Other use phases that include materials (such as metals, paper,
water, or plastics) were found using statistic-driven techniques in tandem with the
functional unit. For example, a coffee maker’s use phase was based on average cups of
coffee consumed, and related use materials such as the filter were assumed to fill the need
of the cups of coffee consumed. For this study, the functional unit is one year of “average”
use.
The component information for the bill of materials was sourced from websites
such as the CMU Design Decisions Wiki [45], physical disassembly, and empirically for
simple products (such as the soda can). In addition to these sources, some of the bills of
materials were created from deconstructing pre-existing detailed product CAD models.
CAD models were completed manually and sourced from GrabCAD [39]. Part material
and manufacturing processes were identified using information from Manufacturing
Processes for Design Professionals and empirical evidence [46]. If a physical product was
not available, the component weights were estimated using SolidWorks part geometry and
material density. The three LCAs were performed for each product using the completed
data schema/set form.
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2.4.2

Case Studies

2.4.2.1 Use Phase Variation
Using the SDR, a series of comparisons were performed that are designed to
measure LCA variation caused by data schema inputs. Three inputs: manufacturing
location, disposal method, and use phase, were identified to have a high propensity to cause
variation.
For the use phase comparison, three sample products were chosen to highlight
varying use phases and unique consumables. The three products and their use phase
properties are as follows:

1. Keurig – Three-input use phase (water, electricity, and polypropylene cups)
2. Stapler – Single-input use phase (steel staples)
3. Drill (Battery-powered) – Single-input use phase (electricity)

Each product was subjected to four LCA trials using ReCiPe. The trials were defined by a
use phase of 1.0 year, 2.0 years, 0.5 years, and 0.0 years; all other data schema input
parameters remained the same. The 0.0-year use-phase trial represents the impact of a
product based solely on manufacturing and disposal. The impact caused by a product’s use
phase was found by subtracting 0.0-year trial data from the each of the three trials. The
percentage of impact contribution by use phase was calculated by dividing the use phase
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LCAs by the full product LCA. This was conducted for all 15 ReCiPe output indicators,
then averaged to give the overall percent of contribution from use phase to impact.

2.4.2.2 Manufacturing and Disposal Variation
In addition to the three use phase variation products, three more sample products
were added. These products represented products that were primarily manufactured out of
one material, such that we could isolate the impact due to manufacturing and disposal
variation. The three added products are:

1. Cast Iron Pan – Cast Iron (representing the material family of steels)
2. Soda Can – Aluminum
3. Nalgene Bottle – Plastics

For the manufacturing comparison, only the product’s manufacturing location data
was manipulated. In this case, the secondary GaBi resources including thermal energy,
electricity, water, and lubricants were set to come from the experimental manufacturing
location. The actual manufacturing methods locations could not be changed as GaBi’s
database almost exclusively works with European manufacturing processes. However,
changing just secondary resource inputs has an impact on the variation in the ReCiPe
LCAs. The three areas for the geographical comparison were China, USA, and Europe. For
each product, the absolute difference between the outputs metrics was found for USA
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versus China and USA versus Europe. The percent change was calculated for each metric,
and the overall variation per product was found by averaging the percentage differences
for each metric.
The Disposal method comparison followed the same methodology of the
manufacturing location experiment. However, there were only two disposal methods that
were readily available through the GaBi program; incineration and landfilling. Only
disposal method was changed, no other input metrics from the data schema were change
including manufacturing location.

2.4.3

Assumptions
The data included in the SDR are subjected to a variety of assumptions. LCAs, by

nature, are subject to great uncertainty [47,48]. Since this research is focused on using LCA
tools, it is important to make consistent and universal assumptions to preserve integrity.
These assumptions are as limited and general as possible to increase the future research
potential of the SDR. The product data schema/set form is where the majority of the
assumptions are made.
Manufacturing and use-phase locations are limited to the USA, China, and Europe.
LCA databases provide resource generation, manufacturing, and disposal data based on the
geographical location that these processes take place; the majority being USA, China, and
Europe. These three locations offer a large range of manufacturing regulations, and are
where the majority of consumer products are manufactured [49]. Transportation of
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consumer goods is omitted from the LCAs. Transportation methods and distances require
information on actual locations of use and manufacturing, which are generally unavailable;
assuming transportation scenarios would add significant uncertainty to the LCAs.
However, it is recognized that different transportation methods and varied product weights
can contribute to variation in calculated environment impact. The use location is assumed
to be the USA, as all of the products sourced for the case study are readily available in the
USA. To be consistent with the assumed location of the use phase, disposal methods are
assumed to be located in the USA. The use of a product is also assumed to be consistent
year-to-year, as in, the product will have same use scenario during the first year of use
through its last year of use.
Batteries, used during the use of a product, are assumed to be represented by the
energy they provide. This is to say that manufacturing and disposal of batteries is not
accounted for in the SDR. It is assumed that the batteries are rechargeable, and as such, are
not consumed solely by the product using them. This assumption demonstrates that
rechargeable batteries are a product themselves not directly manufactured to serve the
specific purpose of powering SDR products. As such, other than the energy provided,
batteries are out of the scope of the SDR, unless added as a product itself.
Information about the specific disposal methods of unique products is widely
unknown. To limit the assumptions made in the SDR, disposal methods fell into one
assumption: all of the SDR products are disposed of in a US landfill. This is based on the
fact that the US population throws away most of its waste instead of recycling or
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incinerating [50]. Lastly, due to the limitations of the LCA databases some materials and
manufacturing methods are assumed to be their closest relative; substitutions are noted in
the BOM.

2.5 Results and Discussion
The data gathered shows how important it is to consider the accuracy of input data.
Table 2.2 presents the percentage of impact caused by use phase over time across the three
products that exemplify unique use phases. Table 2.3 displays the results of the variation
tests for manufacturing and disposal of six products manufactured with various material
types.
Table 2.2: Case Study: Use Phase Variation of a Keurig Coffee Maker, Stapler, and Drill
Product
(yr)
Keurig (0)
Keurig
(0.5)
Keurig (1)
Keurig (2)

% Impact
from Use
Phase
48.47
63.56
75.81

Product
(yr)
Stapler (0)
Stapler
(0.5)
Stapler (1)
Stapler (2)

% Impact
from Use
Phase
21.09

Product
(yr)
Drill (0)
Drill (0.5)

% Impact
from Use
Phase
18.51

33.79
46.33

Drill (1)
Drill (2)

29.43
42.54

The data show the stapler and the drill have a use phase impact contribution of less
than 50% for the first two years of use. The Keurig coffee maker, with a material and
electrical use phase, exceeds 50% use phase impact contribution within the first year of
use. Each year of the product’s life, for at least the first two years, produces ~13% increase
in environmental impact attributed to use phase versus manufacturing and disposal. The
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variety in the data highlights a specific need to affirm the one-year functional unit used in
the case study to quantify use phase, as the majority of the products in the SDR are used
for more than one year. Quantifying use phase for the total life cycle of a product
necessitates new variables, including an evolving use phase year to year, product
obsolescence timelines, and more in-depth user data. The current selection of the one-year
use phase enables a controlled comparison of products that otherwise have variation in use
lifetimes. The current data schema—including measuring use for only one year—allows
for manufacturing and disposal to be represented without being overshadowed by use phase
life cycle impacts for product that have longer lifespans. Knowing the extent to which the
use phase contributes to the impact during the one-year functional unit can offer insight on
trends that can be expected for the future of the product.
The type of consumable that is prevalent during the use phase dictates the area of
increased environmental impact for the product. Pure electrical and plastic use-phase
consumables contribute to an increased impact caused by CFC emissions, water use, and
radiation. However, plastic consumables have more radiation emission impact and less
water impact compared to solely electrical use phases. Use phases that have primarily metal
consumables contribute high amounts of eco-toxicity, particulate matter emission, and SO2
(terrestrial acidification). Using ReCiPe’s normalized end-point indicators, metal
consumables have a more significant impact on humans, while electricity and plastic
consumables increase the overall impact on the environment.
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Table 2.3: Case Study: Manufacturing and Disposal Variation

Product
Keurig
Stapler
Drill
Nalgene Bottle
Soda Can
Cast Iron Pan

Manufacturing
Disposal
%Variation US vs. %Variation US vs. %Variation
EU
China
Disposal
10.33
34.66
51.85
7.32
54.92
72.78
10.65
64.54
85.19
10.76
35.65
85.36
0.81
4.73
114.72
24.67
42.86
123.69

Table 2.3 shows that the variation between US and Europe when only considering
location of manufacturing is 10.76%. In contrast, the same manufacturing location study
conducted on the US and China has an overall indicator variation of 39.56%. The data also
show that the EU had the least impactful manufacturing phase, followed by the US and
then China. It is theorized that the greater contribution to impact caused by manufacturing
in China is due to local regulation and clean energy initiatives in western countries.
However, the data does highlight that China produces significantly less CFC and radiation
impact compared to the US and EU. In fact, for the cast iron pan, the CFC and radiation
indicators are omitted in the overall variation calculation as the percentage of difference of
those two metrics were orders of magnitude larger than the majority of the indicators
variation seen.
Chinese manufacturing has a reduction of impacts caused by CFC emission,
radiation emission, and freshwater eutrophication. US manufacturing has reduced
terrestrial acidification, marine eutrophication, water depletion, particulate matter
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formation, and photochemical oxidant formation impacts. European manufacturing has a
reduction in global warming potential, oil depletion, and overall end point indicators. Table
2.3 presents that the differences in these metrics varies depending on the product. For
example, soda cans have minimal variation compared to the other products. This is likely
attributed to the weight of the products and the complexity of manufacturing.
Lastly, the variation in disposal method showed less obvious trends than the
manufacturing location study. Products that are made predominantly of metals have a large
variation in environmental impact between incineration and landfilling. This is due to the
increased energy cost required to process metals for incineration. Using incineration
instead of landfill disposal reduces freshwater eutrophication, oil consumption, marine
eutrophication, and particulate matter formation. Using Landfill disposal instead of
incineration reduces radiation emissions. The average variation between all products for
disposal methods was 106.72%. When comparing the LCA output variation caused by the
manufacturing location and disposal methods, it is clear that uncertainty of disposal
methods can have a larger impact on the accuracy of an environmental impact analysis.
Therefore, disposal method selection is recommended to be subject of further evaluation
when being defined for each product added to the SDR.

2.6 Conclusions
The goal of this research is to create a design repository that features product
information and life cycle analysis data to provide a platform for research in sustainable
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design. Specifically, this paper focuses on the primary development of the Sustainable
Design Repository, and the environmental impact variation caused by uncertain product
input data. Through this work, we were able to create the first iteration of the SDR and
identify the LCA variation caused by three areas of product input data. There are still areas
of input data that have yet to be explored. As such, the overall understanding of the
variation, caused by uncertainty in all areas of input data, has yet to be discovered.
However, we have confidence that the current areas of variation explored in this paper are
representative of areas that would cause the most variation in the LCAs. In the SDRs’
current state and with the identification of variation caused by input data, the SDR has
already become useful in aiding sustainable design research.
Case study one focuses on the variation caused by the use of a consumer product.
Uncertainty on how a consumer will use a product can lead to improper identification of
the use model of a product. Case study one identifies the contribution to LCA impact
indicators caused solely by using the product. The results of case study one showed that
use can be responsible for 29-64% of the impact of product in just the first year of use.
These results confirm that there can and will be large variation caused by uncertainty of
use phase models. Knowing this, the SDR’s set form and requirements for use phase
information were changed to be more rigorous and representative of the population: use
phase must be informed by vetted statistical data related to the use of a product.
Case study two focuses on the variation caused by the manufacturing location of
the product and the disposal of the product. Unlike case study 1, this case study looks at
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the overall variation caused by changes in manufacturing location and disposal methods
without isolating the impacts caused by either manufacturing location or disposal method.
The results showed that variation in impact caused by manufacturing location (with the
USA as the bases of comparison) was approximately 11% for European manufacturing and
approximately 40% for Chinese manufacturing. For disposal methods there was a 107%
variation between landfilling and incineration. The results of case study two show that there
is limited variation caused by manufacturing location, and substantial variation caused by
disposal methods. The SDR product information requirements were changed considering
these results. Manufacturing location is designated by manufactured location or “made in”
stamps on the product. However, if the manufacturing location is not one of the three
available for LCA, it is assumed to be manufactured in the closest listed manufacturing
location. Since the disposal method is hard to quantify and causes large variation, all SDR
products are be assumed to be landfilled in the USA.
Though the research into understanding variation has strengthened the utility of the
SDR, there are assumptions in the current data schema that have potential shortcomings.
The fact that the product weights can be estimated by SolidWork, makes room for user
error when creating the models for each product. Examples of these errors can be: oversimplification of the bill of material and improper assumptions of density (given by
SolidWorks) when calculating weight. Furthermore, the SDR does not consider that
products may be manufactured in multiple locations; especially if standardized components
are purchased and used during product assembly. Both of these shortcomings were
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identified early during the development of the SDR and are responsible for the lack of
ultra-complex products added to the SDR. However, given that the SDR is designed to be
useful in product design research, we strove to make the SDR accessible to researchers
with limited resources, and with a specific set of global assumptions. The SDR is meant to
be used in research that is exploring sustainable consumer product design. As such, the
SDR is not representative of faultless LCA data, but rather useful data that can be used to
related design features to the potential impacts they cause.
The current SDR (populated by an initial set of 47 products) provides a solid
foundation for the continuation of the SDR development; along with applying enough
useful information to promote research concerning design, and potential environmental
impact of consumer products. Recently, the SDR has been used to show that machine
learning can be effectively used to estimate the environmental impact of a design given a
list of product attributes [8]. The work presented in this paper has identified shortcomings
that have been and can be resolved with future research and continual development of the
SDR.
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3. Manuscript 2 – Understanding the Sustainability of Eco-labeled Products When
Compared to Conventional Alternatives

3.1 Abstract
Sustainability considerations are becoming an intrinsic part of product design and
manufacturing. Today’s consumers rely on package labeling to relay useful information
about the environmental, social, and economic impacts of a given product. As such, ecolabeling has become an important influence on how consumers interpret the sustainability
of products. Three categories of eco-labels are theorized: Type I labels are certified by a
reputable third party, Type II are eco-labels that are self-declared, potentially lacking
scientific merit, and Type III eco-labels indicate the public availability of product Life
Cycle Assessment (LCA) data. Regardless of the type of eco-label used, it is uncertain if
eco-labeling directly reflects improved product sustainability. This research focuses on
exploring if eco-labelled products are actually more sustainable, by comparing eco-labeled
products to conventional alternatives. To do this, we perform a comparative study of ecolabelled and comparable conventional products using a triple-bottom-line sustainability
analysis, including environmental, economic, and social impacts. Here we show that for a
selected set of products, eco-labeling does, in fact, have a positive correlation with
improved sustainability. However, Type II eco-labeling shows a slight negative correlation
with product sustainability. We found only one eco-labeled product (with Type II labeling)
that had an increased environmental impact over the conventional alternative. Additionally,
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the data show that the relation between eco-labels and economic sustainability is
inconclusive, and dependent on the product family. In general, the results confirm that most
eco-labels are indicative of improved environmental sustainability.

3.2 Introduction
3.2.1

Eco-Labeling
The International Organization for Standardization (ISO) has classified eco-labels

into three types: Type I, Type II, and Type III [51]. Type I labels are third-party-certified
labels that indicated a product adheres to specific
environmental guidelines [51]. The Rainforest Alliance
certified seal, shown in Figure 2, is an example of Type
I label [52]. Type II eco-labels address a single attribute
of environmental information, and are self-declared
[51]. Green labeling such as the flower in Figure 3 or
Figure 2: Rainforest Alliance other imagery that invoke a sense of environmental
Certification Seal [52]
friendliness are examples of Type II labels. Type II
labels are not substantiated by third-party entities, and can be added to any product. Type
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III labels are third-party-certified labels based on Life-Cycle
Assessment (LCA) information [51]; usually found in a
product website [53] [54]
However, the validity of an eco-label varies with its
certification authority. First-party certifications are selfassigned, and products with first-party certifications are not
tested or validated by an independent agency. These ecoFigure 3: Greenworks
All-Purpose Cleaner
Manufactured by Clorox
certifications are initiated by industry associations for their
[54]
labels are referred to as “self-declaration.” Second-party

members’ products. Third-party certifications are given by either public or private entities
that un-associated with the product manufacturer [53]. There is current research focused
on streamlining and improving the Type I eco-labeling process [55]. As such, this paper
focuses on the validity of unregulated Type II eco-labeling.

3.2.2

Potential Concerns with Eco-Labeling
Eco-labeling on product packaging is designed to inform consumers of the

environmental impact or relative sustainability of the product. One concern with eco-labels
is that they may not represent the overall improved sustainability of a product. For example,
Type II labels that indicate the use of recycled packaging may reflect sustainability
improvement of the packaging but not the product within.
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Eco-labels also act as a potentially dubious marketing strategy to consumers.
Predatory marketing strategies are possible because of the complexity in understanding
how eco-labels are classified. A recent example of this is Volkswagen, which marketed cars
that were defined to be within the emission levels set by US Environment Protection
Agency, but test results were found to be fabricated, and the vehicles in question were
creating emissions outside the range of acceptable values [56]. There is current focus on
further regulating type I eco-labeling certification, including involving standardization
under the International Organization for Standardization, and with the use of global
certification networks [57].
The goal of this research is to identify the validity of eco-labeling with respect to
product sustainability by performing a comparative study of eco-labeled products to
equivalent un-labeled products with identical functionality. There have been similar studies
performed by comparing the environmental sustainability of innovative products to
common products [25], the outcome of which indicated that new-to-market, innovative
products did not have improved sustainability over conventional products.
The focus of this study is to compare eco-labeled products against conventional
alternatives to understand if eco-labeling is an indicator of improved product sustainability.
Product sustainability will be evaluated using triple bottom line analyses: ReCiPe via GaBi
for environmental impact, modified Stanford building LCCA for economic impact, and an
in-house S-LCA for social impacts.
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3.3 Life Cycle Assessment
Life Cycle Assessment is a means of assessing the environmental impacts of a
product from its cradle to grave (from raw material processing into materials,
manufacturing, assembly, distribution, use, and end of life) [58]. Today, LCA has been
extended to asses all the three pillars of sustainability.
Economic LCA methods estimate the material and energy resources required and
environmental impact resulting from activities in our economy [59]. Some of the tools used
for conducting Economic LCA are EIO LCA (Economic Input-Output LCA) and LCCA
(Life Cycle Cost Analysis) [60,61]. For the purposes of this research, LCCA has been
chosen for the economic LCA since it measures dollar cost, and is thus more applicable to
the consumer. LCCA is a method that assesses the total cost of a product; this includes
national product cost, and consumable cost over time. In this study, a consumable is
considered to be any resource that is required to operate the product during its lifetime.
Social LCA (S-LCA) measures both the positive and negative sociological impacts
of a product through its life cycle. S-LCA makes use of generic and geographic specific
data, and varies from quantitative to qualitative datasets and complements the
environmental LCA and LCCA [62]. S-LCA is an emerging LCA area of interest. It allows
researchers to qualify how people themselves are effected by a product or process. This
includes, but is not limited to, how a product effects a user emotionally, mentally, and
physically; along with understanding the social implications on human health and
happiness of manufacturing in a given location.
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LCA is primarily used for determining the various quantifiable impacts relating to
the triple bottom line of a given product or process. LCA studies have become widespread,
and are employed in applications ranging from research linking product design decisions
and environmental impact, to industries using LCA in building certification [63,64].
It is important to note that LCAs are often informed by life cycle inventories. Life
cycle inventories (LCI) provide a comprehensive database about the process or product on
which the LCA will be performed. This LCI data is often personalized to only to include
data required to complete a given LCA method. Bill of materials, manufacturing locations,
and end-of-life disposal methods are often found in LCIs of products.

3.4 Purpose
The purpose of this research is to characterize the relationship between the three
pillars of product sustainability and product eco-labeling. This can be achieved by
comparing eco-labeled consumer products with un-labeled counterparts with respect to
environmental, economic and social impacts. This research solely focuses on comparison
through LCA methods; by doing so, we can provide a quantitative analysis of product
sustainability. It is our intent that this research contributes to the growing interest in
understanding the life cycle impact of consumer goods, and to encourage substantiated
sustainability claims in influencing consumer purchasing decisions.
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3.5 Project Scope & Boundary Definition
The goal of this study is to understand the correlation between eco-labeling and
product sustainability. In addition, this work aims to discover if eco-labeling is indicative
of improved product sustainability. To discover these trends, we are using environmental
LCA, LCCA, and S-LCA to measure the triple-bottom-line impact of eco-labeled products.
These eco-labeled products are then compared to conventionally labeled alternatives to
benchmark the sustainability performance of the eco-labeled products.
The study consists of 16 consumer products within seven product categories: water
bottles, trash bags, hand dryers, chainsaws, coffee makers, foils, and toothbrushes. These
products are chosen because they represent a wide breadth of products that consumers may
commonly use. Water bottles, trash bags, foils, and toothbrushes are chosen to represent
consumables that are widely ubiquitous. Chainsaws, hand dryers, and coffee makers are
chosen to represent more industrial products that see both home and commercial use.
Furthermore, these products have higher consumable use over their life spans compared to
the other two categories.
The triple-bottom-line impact of these products are measured using ReCiPe via
GaBi, a modified Stanford building LCCA, and an in-house S-LCA [35,61].The LCCA and
S-LCA methods are chosen because they align more closely with the consumer bottom
line. ReCiPe is chosen as the environmental LCA because it offers extensive measurements
of environmental impact over many impact indicators, ensuring that our analysis does not
oversimplify the areas of impact.
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3.6 Methodology
The methods employed in this research are applied to a nine-product case study.
The case study is designed to look at the triple bottom line of product sustainability by
comparing conventional, non-eco labeled products to their eco-labeled counterparts. To
measure the overarching sustainability of each product in the case study set, we employ
ReCiPe via GaBi for environmental impact analysis, a modified Stanford LCCA for
economic impact analysis, and an in-house S-LCA for social impact analysis.

3.6.1

Product Selection
The seven product categories and the 16 products explored in the study are selected

to represent a variety of common consumer products, that is, we expect that most firstworld users have used or purchased some version of the chosen products. Table 3.1 displays
the 16 products and seven product categories selected for use in this study.
The first category is the “water bottle” category. This product group features three
products: a metal reusable bottle, a disposable plastic bottle, and a plastic reusable bottle.
These bottles all represent the 16.9 oz. format for a drinking water container. The metal
reusable bottle has insulated stainless steel construction with removable HDPE lid [65].
Table 3.1: List of Conventional and Eco-Labeled Products Selected for Comparison
#
1
2
3

Product
Metal Reusable Bottle
Single Use Bottle
Plastic Reusable Bottle

Category
Water
Bottle
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4
5
6
7
8
9
10
11
12
13
14
15
16

Conventional Trash Bag
Eco Trash Bag
Hand Dryer
Eco Hand Dryer
Gas Chainsaw
Eco Electric Chainsaw
Single Serving Pod
Single Serving
Recyclable Pod
Reusable Pod
Conventional Foil
Eco Foil
Manual Toothbrush
Eco Manual Toothbrush

Trash Bag
Hand Dryer
Chainsaw
Coffee
Pods
Foil
Toothbrush

The single-use bottle is a standard disposable water bottle commonly found in stores
around the world. The selected model is a reduced-plastic single-use water bottle that has
become increasingly common [66]. The plastic reusable bottle is made of polycarbonate
with a polyethylene lid and strap [67]. The metal reusable bottles and plastic reusable
bottles are considered to be the more environmentally friendly alternatives to the single use
bottle. Both of these products use of Type II eco-labels, stating that by using their product
consumers are reducing plastic waste, which in-turn promotes less environmental impact
and increased sustainability [68,69]. Since these products both directly state that they are
reducing the use of single-use bottles, single-use bottles are selected to represent the
conventional product.
The second product category consists of the two trash bag products.

The

conventional trash bag is made from polyethylene film. The eco alternative is made from
55% recycled plastic with 16% post-consumer recycled plastic content. The eco trash bag
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packaging includes a Type II eco-label, stating the bags are a more sustainable choice than
100% virgin plastic bags [70].
The third product category includes electric hand dryers. This family is unique in
that both products are made from the same manufacturer. The two products chosen for the
study are a standard hand dryer model and the eco hand dryer. Both of these products have
sustainability claims and have eco-labels Types I and II. Both products feature Type I ecolabels by LEED, GreenSpec, Greener Product, and Green Business Bureau [10]; as well as
Type II labeling stating that these products will save money compared to paper towels. In
addition, the standard hand dryer models were the subject of a company LCA, enabling it
also have Type III labels [71].
The fourth product category is the chainsaw group. The conventional chainsaw is
gas-powered, and the eco-alternative is an electric chainsaw. The eco power tool company
makes Type II claims stating their products are zero emission, do not pollute, or require
maintenance. They also claim to have a Type I Energy Star label, but do not display the
Energy Star seal [72].
Products in the fifth category are related to single-use coffee brewer pods. All three
of the products are marketed and manufactured by the same company. Single-use pods are
disposed through the landfill. Single-serve recyclable pods are recyclable in certain local
municipalities. The reusable pod is not disposed of between single-servings of coffee. This
company primarily has type II eco-labels [73]. However, the sustainability report offered
by the company employs the use of LCA. It is unclear whether these are third-party (type
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III) or self-reported (type II) [74]. The type II labels include claims of: lowering greenhouse
emissions (using the recyclable pod), green imagery on marketing pages and within the
company logo, and positive environmental cases stated for the use of #5 polypropylene
plastic. It should be noted that these claims are only found relating to the recyclable pod
option. The reusable pod has no such environmental claims or eco-labels. The LCA,
LCCA, and S-LCA for each pod type was performed including the same coffee brewer
machine. Assuming each pod is used in the same machine removes potential variation
caused by coffee brewer choice. The machine select is able to take all three of the pod types
presented.
The sixth category family is foil products intended for use in cooking/food storage.
The environmentally minded product is foil food wrap made from 100% recycled foil. The
foil is made from both pre and post-consumer recycled aluminum. The company only uses
type II eco-label, primarily in the form of green imagery on the packaging [75]. The
conventional product is also manufactured by the same company. In this study, we are only
looking at the foil and not the cardboard packaging (as the packaging is consistent for both
products).
The final product family is toothbrushes. The eco-labeled product displays type I
and type II claims. The toothbrush handle is made from 100% recycled plastic, and the
packaging includes green imagery [76]. The product is also certified by the B Corporation,
which certifies companies that use business to solve social and environmental markets [77].
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The conventional product is a similar (in look and function) made by a popular toothbrush
manufacturer.

3.6.2

Product Life Cycle Inventory (LCI) Analysis
After identifying the products that will be used in the study, the LCI for each of the

products is found. This information includes product name, make, model, description,
manufacturing location, consumer price, consumables price, use phase characterization,
and bill of materials. The bills of materials include component name, quantity, material,
manufacturing process, and component weights.
All LCI information (excluding the bills of materials) was sourced using
manufacturer websites; much of this information is listed in the cited product sources. The
bills of materials were informed by the CMU Design Decisions Wiki, and were determined
empirically for simpler products such as the water bottles and trash bags [78]. Bill of
materials information such as component weight was found via SolidWorks, requiring usercreated CAD models or source models from GrabCAD [79,80]. Material and
manufacturing processes were identified by referencing Manufacturing Processes for
Design Professionals [46]. The use phase of the products was defined by a functional unit
featuring one year of normal use per product [81]. Normal use is defined by the statistically
informed average consumable use of each product. The functional unit was kept consistent
for each product within a product category. The functional unit of each product category
was informed using relatable use statistics or recommendations of intended product use by
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the manufacturer. For example, the water bottle product category has a functional unit
based on consuming 8-8 oz. glasses of water a day. Use information that could not be
derived by this method were found via consumer usage information from internet sources,
such as forums and product reviews.

3.6.3

Overview of LCA Methods
Through this study, we focus on the triple bottom line of sustainability by

employing LCA, LCCA, and S-LCA. LCA focuses on quantifying the environmental
impacts of the product. LCCA explores the economic impacts of the products. Lastly, SLCA focuses on the social implications and impacts of the products of the study. In the
next sections, we will detail the selection of the specific methods employed and how they
are used.

3.6.3.1 Environmental LCA – ReCiPe via GaBi
The LCA method chosen for this study is ReCiPe implemented in the software
GaBi. ReCiPe is a robust LCA tool that features 21 unique output indicators [82]. Of these
21 indicators, 18 are mid-point indicators while three are normalized from the mid-points
as end-point indicators. Mid-point indicators are information such as global warming
potential, environmental toxicity, and CFC-11 emission. The three normalized end-point
indicators are human health (DALY), ecosystem quality (species depletion) and resource
cost. DALY is the measure of damage to human health by the addition of the indicators
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years of life lost and years of life disabled. The loss of species per year is a normalized
measurement of the damage to the ecosystem, and represents the fraction of species lost
over a given area during a set time. Lastly, resource usage is the measure of damage to
resource availability quantified by dollar cost per kg. These normalized end-point
indicators offer an easy-to-understand alternative to the mid-point indicators in the form of
human health, species loss, and resource loss.
The GaBi program aids in the implementation of many LCA methods with the use
of extensive databases regarding material selection, manufacturing processes, and disposal
[35]. GaBi features a graphical interface that allows users to select this information as it
pertains to their project. This interface then allows the user to create life cycle flows from
cradle to grave. Once cradle-to-grave input is completed, GaBi displays the indicators
relevant to the chosen LCA method. For this project, the ReCiPe LCA method was
implemented with GaBi, using the LCI product information. GaBi also allows for the
manual creation of processes to be added to a product life cycle. This functionality was
used in order to include the use phase of the products with in their individual LCA.

3.6.3.2 Economic LCA - Stanford Building LCCA
The economic LCA chosen for this study is a modified version of Stanford’s
Building LCCA. This LCCA method is employed to quantify the life cycle cost of an
entire building [61]. This method looks at the lifetime cost indicators of building utilities,
maintenance, service, system replacements, and initial project cost indicators. A theorized
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building is separated into seven categories: energy systems, mechanical systems, electrical
systems, building envelope, siting, and structural systems. The user of this method then
selects potential options for each building category. Each alternative is compared using a
cost-benefit analysis that is extrapolated to the indicators listed above to provide the life
time cost of the specific option. Since the study presented in this paper focuses on
consumer products and not buildings, the Stanford LCCA method was adapted and
simplified to quantify the consumer cost of products. The cost indicators used for this study
are consumable cost and initial cost to the consumer. The LCCA method was adapted to
look at alternatives for consumable cost and initial consumer cost via product comparison
instead of systems comparison. Using the modified Stanford LCCA framework allows for
understanding the economic impact associated products within each product category. The
LCCA was implemented using the information from the product LCI. Product costs were
found on manufacturer websites or websites that sell the product. Consumable costs were
calculated using average cost of the consumable across the US; e.g. water, as a consumable,
was calculated to cost the national average USD per gallon.

3.6.3.3 Social LCA – In-house S-LCA
An in-house method was created to explore the social impact of the products in the
study. This S-LCA method includes 4 impact categories based on relevant literature that
addresses social impacts. These categories are: the location of manufacturing as it relates
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to labor laws [83], social outlook/perception [84,85], user safety [86], and ease of
maintenance [87].
•

The location of manufacturing category looks at where the product is made and
surrounding labor laws and practices that could have impacted the product’s social
sustainability. This information was gathered based on the LCI manufacturing
locations that were found during the sourcing of product information.

•

Social outlook is informed by external surveys on how the product is perceived and
thereby answering the question: Is the product viewed positively or negatively?

•

The user safety category includes source reports of injuries that have occurred when
using a specific product. This category also lists any warning about potential
product dangers that are stated by the manufacturer.

•

The ease of maintenance category explores the variation in maintenance required
for different product alternatives.

3.6.4

Assumption and Limitations
As with many previous works that employ LCI data, there are several assumptions

made for the data acquired for this study. The use phase is assumed to be consistent over
time, and informed by statistical data based on use of the product. For example, eight eightounce glasses of water a day is consistent for every day of the year and does not fluctuate.
Due to the limitations of the data available in GaBi, all manufacturing is modeled
as having taken place in the US regardless of the LCI information on manufacturing
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location (note that this only affects the environmental LCA portion of the study). However,
GaBi only has manufacturing data for processes that take place in Europe. It is assumed
that the input/output for each manufacturing process itself are the same anywhere in the
world. In order to make the assumption that manufacturing takes place in the US,
manufacturing inputs such as lubricating oils, water, and electricity are sourced from the
US database within GaBi. To coincide with this assumption, all product use phases are
assumed to have occurred in the US; consumable resources are also from the US database.
Products that have components that share manufacturing and material types have identical
manufacturing flows, making the only variable component weight. This assumption
ensures that similar components across all products don’t have variation in impact due to
differing consumable sources (West Us versus East Us), and differing disposal methods.
Transportation is omitted from the LCI to avoid introducing significant uncertainty
to the study, as transportation data for consumer products are generally not made publically
available; it is instead assumed that all products see the same transportation distances and
methods.
The disposal method for all products is assumed to be incineration. It is recognized
that disposal methods have a large impact on LCA data. However, assuming separate
disposal methods for each product could further skew the data; there is large variation in
the disposal methods used from person to person.
The perceived lifespans of the products used to generate the results of the LCCA
were determined empirically. Product lifetime, for the most part, is inconsequential since
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most products within a given product category have the same perceived lifespan; the water
bottle family is the only exception (water bottle lifespans were chosen empirically based
on personal use). Furthermore, manufacturing location is known to have an effect on initial
product costs because of this initial cost is only a product of purchasing price (in the US).

3.7 Data
The ReCiPe indicator data is available in Table 3.2. This data is the raw indicator
data collected through the GaBi software that highlights each product’s individual impact
per indicator category. Table 3.3 shows the individual product results of the five impact
categories of the S-LCA study. Due to sizing constraints, Tables 3.2 and 3.3 appear in the
Appendix.

3.8 Results and Discussion

3.8.1

Environmental LCA Results
The results for the environmental impact analysis were developed by calculating

the average percent change (either positive or negative) between the analysis of the ecolabeled products and their conventional alternatives. First the percentage of change was
calculated per indicator; then the overall average percentage of change (between all
indicators) was calculated.
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This percentage is global in nature, since it is the average overall change between
all the indicators. Table 3.4 shows the percent net change in impact when an eco-alternative
is compared to the conventional product in the same product category.
Table 3.4: Average Percent Change of Impact Indicators
#

Product

1 Metal Reusable Bottle
2
Single Use Bottle
3 Plastic Reusable Bottle
4 Conventional Trash Bag
5
Eco Trash Bag
6
Hand Dryer
7
Eco Hand Dryer
8
Gas Chainsaw
9
Eco Electric Chainsaw
10
Single Serving Pod
Single Serving
11
Recyclable Pod
12
Reusable Pod
13
Conventional Foil
14
Eco Foil
15
Manual Toothbrush
16 Eco Manual Toothbrush

Impact Change
(%)
-53.99
control
-99.29
control
-19.34
control
-49.72
control
+0.605
control
-3.35
-8.85
control
-75.21
control
-53.36

From these quantitative results, it is clear that the plastic reusable bottle is the best
alternative to a single use water bottle. However, the results show that there is a greater
need for eco-labeling used for the reusable bottles to be accurate and truthful. The eco trash
bags, eco hand dryer, eco foil, and eco manual toothbrush have a positive correlation
between eco-labeling and improved sustainability when considering environmental impact.
The eco electric chainsaw was the only product that had a negative correlation between
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having an eco-label and environmental impact as compared to a conventional product. The
fact that the electric chainsaw manufacturer does not have the Energy Star seal on their
environmental page made its claims less trustworthy, and the results reinforce that
sentiment. The claims may be true that the electric chainsaw does not itself emit pollution,
but the electricity used during the use phase of the product does have embedded emissions
due to electricity generation. Thus, the current Type II eco-label of the eco chainsaw may
be misleading.
In studying the coffee makers, both the single serving recyclable pod and reusable
pod show a positive correlation between eco-labeling and environmental sustainably. The
reusable pod shows a significant decrease of impact over the marketed “green” recyclable
pods. The results indicate that there is a potentially dubious reason to market single use
pods over an alternative that is more sustainably sound. This finding resonates the
sentiment that eco-labels should be made with all product alternatives in mind.
Furthermore, marketing claims that the company chose a recyclable pod design due to the
claim that 94% of the U.S. population has access to a recycling program; however, this
claim is misleading as only 61-70% of municipalities recycle PP cups and tubs [88].

3.8.2

Economic LCCA Results
The LCCA data was developed by extrapolating the use-phase information for

product consumables and relating those use scenarios to the cost of the consumables. This
information was then added to initial cost of the products. The initial cost of each product
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is divided by the assumed lifetime of product. This data was sourced via statistical
averages. Table 3.5 shows the cost results for the studied products.
Table 3.5: Product Cost During One Year of Use

#

Product

Metal
Reusable
Bottle
Single Use
2
Bottle
Plastic
3
Reusable
Bottle
Conventional
4
Trash Bag
5 Eco Trash Bag
6
Hand Dryer
Eco Hand
7
Dryer
8
Gas Chainsaw
9
Eco Chainsaw
Single Serving
10
Pod
Single Serving
11
Recyclable
Pod
12 Reusable Pod
Conventional
13
Foil
14
Eco Foil
Manual
15
Toothbrush
Eco Manual
16
Toothbrush
1. SU means Single Use
1

Consumable
Cost (USD)

Total
Cost per
Year
(USD)

Initial Cost
(USD per unit)

Life-span
(Yr)

30.95

5

1.14

7.33

0.8

SU1

-

110.6

9.00

3

1.14

4.14

0.21/bag

SU1

-

21.84

0.34/bag
480

SU1
12

67.3

35.36
107.3

450

12

24.82

62.32

329
249

10
10

1.56
0.58

34.46
25.48

200

SU1

-

884.4

200

SU1

-

884.4

216

1

305.35

505.4

8.99

SU1

-

8.99

12.40

SU1

-

12.40

1.48

.25

1.48

5.92

3.00

.25

3.00

12
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In our preliminary analysis (the first nine products), it was found that eco-labeled
products generally correlated with increased cost savings [27]. However, in the extended
study the data show that there is no definitive correlation between cost savings and ecolabeled products. The eco trash bags, foil, recyclable pods, and toothbrush all have equal
or increased cost over the conventional alternative. The largest differences in costs (based
on percentage) were evident in the reusable bottles when compared to the single use water
bottles. Furthermore, the plastic reusable bottle has a lower economic impact (to the
consumer) than the metal bottle. However—though this consideration is outside of the
scope of this study— the metal bottle should last longer than the plastic bottle under normal
use conditions. The current results show that there is no definitive connection between the
improved or diminished economical sustainability of a product. It can be stated that type II
labels are not indicative of cost savings to a consumer, and fail to provide a guaranteed
positive effect of economic sustainability. Type II eco-labels are potentially dubious in one
pillar of sustainably. However, it can be argued that the average consumer associates
“sustainability” and type II labels with only environmental sustainability.

3.8.3

Social LCA Results
The in-house Social LCA rendered both quantitative results and more qualitative

results based on the four impact categories identified. The results of the social LCA are
shown in Table 3.3 in the Appendix. From these results, some of the key points are that
reusable plastic bottles are better than both metal reusable bottles and single-use bottles if
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the country of production has better labor laws and the number of incidents reported is less;
also carcinogenic content is not found in these bottles. The only study in which single-use
water bottles have improved SLCA indicators are when they are used during events of
natural distress or calamity, due to the fact that they are easy to transport and are perceived
as safe. While comparing conventional trash bag to eco-friendly trash bags, the ecofriendly trash bags are considered to be more socially sustainable. Similarly, eco hand
dryers and the eco electric chainsaw gain an advantage over their conventional
counterparts. One primary concern with the eco electric chainsaw is the possibility of the
electronic circuit malfunction, which might cause severe injuries, but there are no reports
of such incidents. The eco foil and conventional foil have the same social impact, but both
are subject to controversy regarding the potential negative health effects of aluminum.
Regardless of the scientific fact proving or disproving these claims, aluminum food
products are still subject to some apparent negative social perception. The eco toothbrush
data show that it is more socially sustainable compared to the conventional alternative,
largely due to it being manufactured in the US (improved labor laws over China).
The recyclable pods share similar social LCA results. The recyclable pods are not
fully available on the market, and do not look different from the conventional pods. Since
the recyclable alternative is not well established in the market, social perception of the eco
pod is inconclusive. There is a negative social perception about the conventional coffee
pods [89,90]. The recyclable pods score worse with respect to the maintenance indicator.
In order for the pods to be recyclable, the consumer need to remove the foil top, filter, and
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grounds. It is unclear if these instructions are available in the box. The results show that
the recyclable pods are yet to be subject to social opinion as they are new to the market,
but will likely have an improved social perception. However, like the recyclable pod, the
reusable pod requires a higher level of maintenance. Contrary to recyclable pod’s
unsolidified social perception, the reusable pod is subject to social praise [91].

3.8.4

Sustainability Discussion
Overall, the eco-labelled products are indicative of a more sustainable product

when compared to conventional alternatives within their families. The water bottle family
saw vast improvements in all three areas. It is interesting to note that the plastic reusable
bottle is the most sustainable option of the three products. As such, it had less instances of
human health hazards, less environmental impact, and was roughly half the cost of the
metal reusable water bottle. The trash bag family was the least improved, sustainabilitywise, over the conventional product. There is only a slight improvement in the social
aspects of the trash bag comparison, and a negative impact on cost. The eco hand dryer is
a notable improvement over the conventional alternative, in all areas of sustainability. The
eco hand dryer costs less than the conventional hand dryer, had a reduced environmental
impact, and had improved social characteristics - namely improvement in maintenance and
user safety. The chainsaws perform similarly socially; while the eco alternative excels in
cost but actually has a higher environmental impact. Socially, it can be argued that the lack
of interaction with hazardous fuels increases the user safety of the eco chainsaw, thus
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giving the social advantage to the eco chainsaw. The recyclable coffee pod has improved
environmental sustainability, but lacks improvements in economic or social sustainability.
Though the reusable coffee pod lacks any sort of eco-labels, it performs better than both
alternative in all three sustainability areas. The eco foil has only improvements in
environmental sustainability, which is offset by diminished economical sustainability
performance. The eco tooth brush is generally more sustainable than the conventional
alternative, with the exception of costing more.

3.9 Conclusion
The purpose of this study was to discover if eco-labeling correlates to improved
product sustainability by using three LCA methods: ReCiPe via GaBi, Modified Stanford
LCCA, and S-LCA,. This was done by comparing the LCA indicator results between ecolabeled products and their conventionally labeled alternatives. The results show that most
eco-labels of Type I, Type II and Type III are credible. However, due to the existence of
one product claim that is misleading, this indicates that there are false sustainability claims
labeled on products. These results also conclude that some eco-labeled products tie their
eco-labels to monetary savings as an incentive to invest. The sentiment does not hold true
for all eco-labeled products. As such, it is inconclusive that eco-labels are indicative of
improved economical sustainably.
This study provides insight on how and why eco-labels are marketed. In some cases,
the eco alternative can be used to save on use and production cost. Eco-labels are also used
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to improve the social perception of a product, as is the case with the recyclable coffee pods.
It is clear that the companies explored in this study associate eco-labels (especially Type II
labels) with improved environmental sustainability. However, there is still the question of
whether eco-labels can be potentially misleading. This suggests that eco-labels should be
further regulated to ensure consumers are better informed about the actual environmental
impact of products.
The data gathered in this study highlighted a few cases where a product was
purposely compared, in its eco-labeling, to the “worst case” conventional alternative, while
ignoring potentially more sustainably alternative for comparison. For example, the coffee
pod manufacturer offers a more sustainable solution than its eco-labeled alternative. The
more sustainable offering is void of any eco-labels.
However, a larger case study is required to substantiate these claim for all eco-labeled
products. Future studies should be inclusive of complex multi-assembly product. Complex
products can be more insightful of targeted eco-labels that may not be represented of the
entire system; as shown by the chainsaw. For example, a vehicle may be marketed as
sustainable for using recycled materials for door paneling. However, this may be negligible
in the improvement in sustainability for the system. This idea is inadvertently shown in the
coffee brewer pods: there is only an improvement of a few percent of environmental impact
using eco-labeled consumables. There is likely more effective improvements that can be
made to the entire system itself. However, it its current state, this work can serve as the
starting point to encourage the widespread use of trustworthy eco-labeling by creating a
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foundation in LCA methods to assess product sustainability claims. Furthermore, the
results presented in this study can serve to improve regulations on using eco-labels as a
basis of comparison.
3.10

Appendix
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Table 3.2.1: ReCiPe Indicator Output Data per Product
6

5

4

3

2

1

#

Eco Hand
Dryer

Hand Dryer

Eco Trash Bag

Conventional
Trash Bag

Plastic
Reusable
Bottle

Single Use
Bottle

Metal
Reusable
Bottle

Product

13

166

412

0.0137

1.83E02

0.517

72.8

1.09

CO2(kg)

0.0372

0.039

0.494

1.2

2.67E05

3.38E05

9.97E04

0.135

3.58E03

SO2(kg)

2.29E05

2.32E04

3.38E04

4.17E04

7.06E07

6.51E07

9.93E06

1.59E03

3.58E03

P(kg)

4.74E09

1.94E09

6.01E08

1.58E07

1.88E12

1.50E12

6.83E11

1.03E08

3.98E11

CFC11(kg)

5.24

7.27

5.01E+01

121

8.66E-03

1.53E-02

0.268

41.8

0.332

Oil (kg)

1.46E+00

1.94852

1.07E+01

1.53E+01

0.004157

0.004123

6.02E-02

34.117

0.608472

1,4DB(kg)

0.989

0.637

1.75E+01

4.49E+01

7.42E-04

8.54E-04

2.99E-02

3.41

0.0147

U235(kg)

7.98E03

0.0106

0.0837

0.191

6.15E06

8.55E06

2.73E04

0.0322

9.50E04

N(kg)

1.55

1.56

3.57E+01

36.3

4.99E-05

6.07E-05

1.47E-03

0.239

1.06

Fe(kg)

0.0165

0.0282

0.144

0.327

8.71E-06

1.09E-05

3.14E-04

0.0417

1.62E-03

PM10(kg)

0.025

0.0297

0.254

0.583

2.20E-05

3.10E-05

9.39E-04

0.152

3.18E-03

NMVOC(kg)

5.53

4.95

81.9

164

8.21E-03

1.30E-02

3.63E-01

26.1

0.254

Water(m2)

1.30E-07

1.04E-07

1.33E-06

3.27E-06

1.15E-10

1.52E-10

4.19E-09

5.92E-07

8.69E-09

Species.yr

2.83E05

2.69E05

2.78E04

6.73E04

2.43E08

3.13E08

8.47E07

1.37E04

2.37E06

DALY

84.3

117

806

1.95E+03

1.39E-01

0.246

4.3

6.71E+02

5.41

$

END-POINT
INDICATOR

7

Gas Chainsaw

16.4

MID-POINT INDICATOR

8

Eco Electric
Chainsaw

_

9
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Table 3.2.2: ReCiPe Indicator Output Data per Product
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Table 3.3: S-LCA Result

#

Product

Country of
Production

Social
Perception

1

Metal
Reusable
Bottle

China
(Labor laws &
Practices are less
regulated
compared to USA)

Good
(+ve)

2

Single Use
Bottle

USA (Labor laws
are pretty strict)

Poor (-ve)

3

Plastic
Reusable
Bottle

USA (Labor laws
are pretty strict)

Conventional
Trash Bag
Eco Trash
Bag

USA (Labor laws
are pretty strict)
USA (Labor laws
are pretty strict)

4
5
6

7

8

Hand Dryer

Eco Hand
Dryer

Gas
Chainsaw

USA (Labor laws
are pretty strict)

USA (Labor laws
are pretty strict)

USA (Labor laws
are pretty strict)

Good
(+ve)

Poor (-ve)
Good
(+ve)
Unknown

User Safety
Choking
Hazards
(6 incidents of
spouts
breakage
reported in one
year)
Choking
Hazard/
Warnings
about cancer
Choking
Hazards (1
incident
reported in
2013)
Danger of
Suffocation
Danger of
suffocation
Chances of
burns

Unknown

No chance of
burns

Unknown

Exhaust fumes
are highly
harmful.
Interaction
with

Ease of
Maintenance

Easy to
Maintain

Not Required

Easy to
Maintain

Not required
Not required
Regular
Maintenance
required
Less
Maintenance
as heating
components
are not
involved
High
Maintenance.
Possibly
need to mix
fuels every
fill up.
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flammable
materials

9

Eco Electric
Chainsaw

USA (Labor laws
are pretty strict)

Unknown

10

Single
Serving Pod

USA (Labor laws
are pretty strict)*

Poor (-ve)

11

Single
Serving
Recyclable
Pod

USA (Labor laws
are pretty strict)*

USA (Labor laws
are pretty strict)*

Circuit
Malfunction
and Battery
Explosion
Potential
Plastic/metal
Contamination

Less
Maintenance
No
Maintenance

Unknown

Maintenance
Potential Metal
to retain
Contamination
recyclability

Good
(+ve)

Potential
Plastic
Contamination
/ Choking
Hazard

High
Maintenance

12

Reusable Pod

13

Conventional USA (Labor laws
Foil
are pretty strict)

Poor (-ve)

Sharp Hazard

No
Maintenance

14

Eco Foil

USA (Labor laws
are pretty strict)

Poor (-ve)

Sharp Hazard

No
Maintenance

15

Manual
Toothbrush

China
(Labor laws &
Practices are less
regulated
compared to USA)

Unknown

Potential
Choking
Hazard

Moderate
Maintenance

16

Eco Manual
Toothbrush

USA (Labor laws
are pretty strict)

Unknown

Potential
Choking
Hazard

Moderate
Maintenance
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4. Manuscript 3 – Using Machine Learning to Identify Product Function
Environmental Impact

4.1 Abstract
Designing for specific additional objectives, or Design for X (DFX), often requires
specialized designer knowledge to create a successful design. Examples of DFX areas
include sustainable design, functional design, and design for manufacturing. Tools created
to aid in DFX design, specifically design repositories, still require some designer intuition
to be usable. It may not be prudent to assume that novice design engineers have this
intuition and embedded design knowledge. There is a need to further bridge the gap
between complex DFX areas and designer cognition, increasing the accessibility and
success of DFX design ideas. In this work, we use machine learning to relate product
function to the environmental impact of the product, to enable even novice designers to
better understand the downstream environmental impact of function-based design
decisions. The use of a single-layer perceptron algorithm provides conclusive indication of
feature (function) importance and how each function can influence the overall
environmental impact of a product. These results provide function selection suggestions
for reducing the environmental impact of designed products in the specific DFX area of
Design for the Environment. The suggestions offered by this machine learning approach
on repository data successfully reduces the prior knowledge needed to make environment-
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minded design decisions. This work provides the foundation for using machine learning to
increase and improve the utility of this and other DFX repositories and tools.

4.2 Introduction

4.2.1

Machine Learning in Design
Machine Learning is typically used to predict certain outcomes of a design process

by using downstream data to create predictive models. These approaches have been used
to predict design time, automate material selection in eco-design, and trace regulatory
codes to product requirements [92–94]. Machine learning has also been used in previous
research to connect design for sustainability to early design decisions [8]. However, this
work was inconclusive due the lack of a substantially large data set for a neural network to
successful learn. This sentiment is not always true, however, as the training set size is
defined by data distribution, feature dimension, and the stochastic nature of the problem
space. Though, in most complex machine learning problems the training data set is large
[95]. As such, due to the complex nature of design, having an incomplete or small data set
has inhibited the proliferation of machine learning for prediction using non-simulated data
in DFX areas.
Though a large data set is generally needed to use the predictive capabilities of
machine learning, we propose that a large data set is not needed in order to “learn”. Using
a simple perceptron algorithm with an existing repository dataset will generate a model
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that will have poor prediction capabilities, but will highlight the relationships between
product features and the dataset.

4.2.1.1 Perceptron Algorithm
Perceptron Algorithms are an early form of machine learning that have laid the
foundation for modern research in multi-layer perceptron algorithms, other neural
networks, and “deep learning”. The complexity of modern machine learning has increased
the difficulty of feature selection and feature ranking [96,97]. A feature is a measurable
characteristic of a product, phenomenon, or event [98]. We theorize that the correlations
between the data (the environmental impact metrics of products) and features (the functions
of those products) in the research are not complex, and thus can benefit from the flexibility
of using single-layer perceptron algorithms.
A single-layer perceptron algorithm, visualized in Figure 4, creates a model by
learning from a dataset, with each data
point

defined

by

a

binary

classification—products within the
repository are classified by low or
high environmental impact, as defined
Figure 4: Single Layer Perceptron

by the median of CO2 emissions of the
product’s

production,

use,

and

disposal. As the perceptron algorithm progresses, the model is continuously updated based
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on the current weight vector model and guessing the classification of a data point based on
its present features. If the model incorrectly assigns the classification, the model will be
updated by adding/subtracting the data point vector to the model vector. This simple update
rule can define an accurate model with a sufficiently large and separable dataset (a dataset
that can be 100% correctly classified by a model). With a smaller dataset, the model will
lack the ability to accurate predict the classification of a data point. However, the weight
vector will show the importance of each feature relative to the dataset; regardless of the set
size. The sign and magnitude of the model vector components indicated the classification
alignment and importance of the feature. For example, if the model vector is <-5,2,0,3>,
the second and fourth feature indicate correlation with increased environmental impact (the
fourth feature, more so). The third feature is inconclusive, while the first feature is highly
correlated with reduced environmental impact. This research takes advantage of using
single-layer perceptron algorithms to learn feature importance, rather than using machine
learning for predictive modeling found in design-process-related machine learning
research.

4.3 Methodology
To fulfill the goal of bridging the gap between product environmental impact and
design decisions relating product function to this impact, we propose the use of a singlelayer perceptron algorithm. The perceptron learning data is sourced from a sustainable
design repository [21]. Specifically, consumer product LCA data in the form of CO2
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emissions is used as a proxy for overall product environmental impact. These data were
found using the LCA method ReCiPe implemented through the software program GaBi
[32,35]. Products in the design repository are sorted by the functions they perform using a
function taxonomy [99]. The functions act as the features by which the perceptron model
is defined. We implemented a nine-perceptron case study, exploring three product metafunctions, using classification definitions based on CO2 emission medians. The following
sections describe the implementation and limitations of the methods introduced.

4.3.1

Perceptron Algorithm
Single-layer perceptron algorithms provide a model in which feature importance

can be observed. Feature importance is otherwise complex and difficult to determine due
to the non-viewable models that are
common in modern machine learning.
For

this

research,

the

perceptron

algorithm is implemented using a bias
update rule, as shown in Figure 5. The
bias component of the perceptron model
provides a meta-understanding of the
Figure 5: Single Layer Perceptron Pseudocode

perceptron training data, meaning

that if over-arching conclusions can be made about the data, the bias would be the
component to offer such insight. The bias is added as an appended feature to the processed
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training dataset; in this case the bias is set to -1 (which is common practice) [100] . For
example, if all products had features based on “electrical energy conversion” and these
products predominately have high environmental impact, the bias would be the element of
the perceptron algorithm that implicates that correlation.
The perceptron algorithm used in this study is implemented using the coding
environment Python [101]. In this research, we explore perceptron model weights to
discover feature importance and to gain an understanding of how product function
correlates to environmental impact. Each perceptron is trained on the appropriate dataset
for 100 epochs (training over the same dataset 100 times). The number of epochs to
convergence was determined empirically (by observing after how many epochs the model
stopped updating for all tested perceptron algorithms).

4.3.2

Dataset
The dataset used in the perceptron algorithm case studies is sourced from a

Sustainable Design Repository (SDR) [21]. The SDR is a repository that stores the life
cycle assessment indicators for 47 consumer products. The repository features a wide
breadth of products selected for variation in complexity and use. The SDR uses three
different LCA methods: ReCiPe via GaBi, CML via SolidWorks, and Eco-Indicator 99
[30,32,33,38]. For the data needed in this study, we pulled product name information and
CO2 emission data for each product, using results from only the ReCiPe LCA method. To
make this data useable, each product needs to be assigned a classification. For a single-
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layer perceptron, this classification is binary: we defined a low and high environmental
impact based on the median CO2 emission indicators of the dataset; if a product had an
emission lower/higher than the median it was considered low/high impact. In the case
studies, we define differing classifications and sub-datasets to highlight unique results (the
rationale for median and sub-dataset selection is found in the Case Study section of this
chapter). Lastly, we empirically assign features to each product based on the functions
they performed.

4.3.3

Function Selection
Using a function decomposition taxonomy, each product in the repository was

decomposed into individual product functions [99]. The products are grouped by the
popularity of function in the dataset. The top three functions of the products in the SDR
are To Indicate, To Convert Electrical Energy, and To Contain. These functions represent
the “meta-functions” by which each perceptron is defined and product features are
assigned. For each meta-function, a feature list is developed based on how the function is
performed (sub-function) within/by the product. Table 4.1 displays the feature list
(individual, unique functions) for each meta-function.
Table 4.1: Feature List
MetaFunction
Convert
Electrical
Energy

Features

Electrical
Energy To

Electrical
Energy to

Electrical
Energy to
Heat

Electrical
Energy to
Sound

Electrical
Energy to
Light

-
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Mechanical
Energy

Pneumatic
Energy

To
Contain

Battery

Consumable

Finished
Item*

Non –
Consumable1

Waste

-

To
Indicate

Sound

Light (Simple)

Light
(Complex)

Maintenance

Power

Wear
(Physical)

* Example: Finished Coffee, or Smoothie in a Blender
1

Example: Drill Bit

Empirically, each product is assigned either a 1 or 0 based on the features that are present
in product. The processing of the data binarizes the original dataset, making the dataset
usable by the perceptron algorithm.

4.3.4

Case Study
The case study consists of three meta-function groups. Within these groups, the

following three single-layer perceptron algorithms are applied:
1. The first perceptron algorithm is applied using a classification based on the
overall CO2 emissions median for whole dataset. However, the perceptron
algorithm was only trained by products that have at least one feature
applicable to the meta-function. This perceptron indicates the importance of
each feature (sub-function) as compared to the whole dataset, regardless of
meta- or sub-function. This perceptron analysis is the baseline and offers the
most definitive feature importance conclusions.
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2. The second perceptron algorithm presented in the case study also uses the
overall dataset median. In addition, this perceptron learns from all of the
products regardless of whether their features relate to meta-function or not.
This allows us to view the importance of the bias and how the meta-function
itself relates to environmental impact.
3. The final perceptron algorithm is applied using the same truncated dataset as
the first perceptron algorithm (with products that have at least having one
feature present), but classifies each product based on the CO2 emissions
median calculated from the products within the reduced dataset. This
perceptron highlights the importance of each feature as they relate to each
other.

4.3.5

Assumptions and Limitations
The training error rate (the rate at which the model misclassifies data points) is

expected to be relatively high. This is due to the datasets not being large enough to train an
accurate prediction model. Another reason is that classic perceptron algorithms do not
converge when trained on non-separable datasets (a dataset that cannot be 100% correctly
classified by a model). However, these potential concerns only apply to using perceptron
algorithms for predictive modeling. Learning feature importance does not rely on a
faultless model. In this case, we are concerned with the influence of each feature on the
model, not necessarily the model itself. However, as repository data grows, the conclusions
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drawn from feature importance will become more robust and representative of all consumer
products.
Single-layer perceptron algorithms also suffer from over-correction. Perceptron
over-correction is when the defined separating model vector (between high and low
classified points) is trained by outlier points. The inclusion of outlier points can greatly
alter the orientation of the separating resulting model hyperplane. Theoretically, this should
be corrected by learning from the rest of the data points. However, if the last learned point
is an outlier it can skew the final model. This is remedied with using epochs (training over
the dataset X number of times) and/or shuffling the data before each epoch. In this work,
we used 100 epochs to run each perceptron algorithm to ensure model convergence.
Lastly, while the SDR data are extensive and explore many environmental impact
metrics, we have limited these data by classifying by CO2 emission medians. This metric,
though popular for representing environmental impact, is not representative of all areas of
environmental impact. Furthermore, the data sourced from the Sustainable Design
Repository is limited by the assumptions and limitation made in the creation of the SDR
[21].

4.4 Results and Discussion
The resultant weights from the nine perceptron trials (Table 4.2) show the
correlations between specific product functions and product CO2 emissions (environmental
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impact). Tables 4.3 through 4.5 show a more in-depth view of the results of each metafunction.

Table 4.2: Perceptron Weights
Electrical
Convert
Energy to
Electrical Mechanical
Energy
Energy
Overall
0
Median
Overall
0
Median w/
Full SDR
Set
0
Median
To
Battery
Contain
Overall
-2
Median
Overall
-4
Median w/
Full SDR
Set
-2
Median
To
Sound
Indicate
Overall
1
Median
Overall
1
Median w/
Full SDR
Set
1
Median

Electrical
Energy to
Pneumatic
Energy

Electrical
Energy to
Heat

Electrical
Energy to
Sound

Electrical
Energy
to Light

3

2

0

0

-

1

5

6

0

-2

-

-1

5

5

-1

-1

-

1

Consumable

Finished
Item

Non –
Consumable

Waste

-

Bias

1

-1

-1

3

-

1

1

0

0

2

-

0

1

-1

-1

3

-

1

Light
(Simple)

Light
(Complex)

Maintenance

Power

Wear
(Physical)

Bias

1

-4

6

-5

0

2

0

-3

6

-4

-1

1

1

-4

5

-4

1

2

Bias

The overall results (Table 4.2) show that there is agreement in each meta-function
perceptron set—as in, there is no perceptron-to-perceptron discrepancy between whether
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or not a function feature is correlated with increased/decreased environmental impact; only
the strength of correlation changes. A negative weight component is representative of
reduced environmental impact relationships. Positive weight components are related to
increased environmental impact relationships. The bias can be explained as the relationship
between the meta-function and environmental impact. If positive, in general, the metafunction is correlated with increased impact; vice versa for a negative bias. The magnitude
of a feature function indicates how strongly the feature correlates to the reduced/increased
environmental impact classification (relative to the rest of the weights).
The results show that all the tested meta-functions, with the exception of two cases,
are correlated with increased environmental impact when compared against all of the metafunctions present in the products in the repository. These results can be explained by each
meta-function’s close relationship to use of consumables by a product. The use phase of a
product contributes between 50-80% of overall environmental impact of a product [9]. The
functions that are heavily related to the use of consumables by a product should have a
correlation with increasing the impact of a product. To Contain, for example, is closely
related to storing materials, consumables used, and waste created during product use.
Converting Electrical Energy and To Indicate are generally related to electricity use during
the lifespan of a product.
In contrast, the Convert Electrical Energy meta-function is correlated to decreased
environmental impact. This is likely caused by an abundance of volumetrically large
products in the SDR that are of high impact. The larger products use more material and
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require intensive manufacturing procedures that contribute to a higher environmental
impact.
Table 4.3 highlights the weight vectors of the Converting Electrical Energy
perceptron algorithms. Conversion to Mechanical Energy is inconclusive as to whether it
is related to increased or decreased impact. However, some function features are correlated
to an increased environmental impact.
Table 4.3: Convert Electrical Energy Perceptron Weights
Convert
Electrical
Energy
Overall
Median
Overall
Median w/
Full SDR
Set Median

Electrical
Energy to
Mechanical
Energy

Electrical
Energy to
Pneumatic
Energy

Electrical Electrical Electrical
Energy to Energy to Energy to
Heat
Sound
Light

Bias

0

3

2

0

0

1

0

5

6

0

-2

-1

0

5

5

-1

-1

1

Conversion to Pneumatic Energy and heat are both strongly correlated with
increased CO2 emissions. Pneumatic products make up only a small percentage of the
products within the SDR; however, the pneumatic products represented in the SDR all have
substantial electrical energy use phases and long lifespans, correlating to increased
environmental impact. Products that have the Convert Electrical Energy to Heat feature
are also generally high-use products (products that consume substantial amount of
resources during normal use). Furthermore, in some products, the generation of heat is an
unintended consequence of imperfect electrical conversion and thus is wasteful.
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In contrast to these functions, some features are correlated with a decrease in
environmental impact. The function of Electrical Energy Converted to Light is indicative
of reduced environmental impact. The number of products in the repository that have a
primary function to produce light (such as a flashlight) is low. The majority of products
that produce light are doing so on a small scale in the form of a LED power indication, or
status indication. These modes of electrical energy conversion to light energy have a low
resource cost compared to the other conversion types. Electrical Energy Converted to
Sound is inconclusively related to decreased impact. For the perceptron algorithm defined
by a median calculated from the reduced dataset in which only include products that have
at least one feature present, the products that produce sound are indicative of decreased
impact.
Table 4.4 shows the perceptron weights related to the meta-function To Contain.
To clarify the definition of some features, consumables are resources or secondary products
that are stored in the product and depleted during product use. Similarly, a finished item
(such as coffee) is a usable item that is intended to be stored or created by a product. A
non-consumable is a secondary product introduced during the use of a product but not
depleted (for example, a drill bit).

75

Table 4.4: To Contain Perceptron Weights
To
Contain
Overall
Median
Overall
Median
w/ Full
SDR
Set
Median

Battery

Consumable Finished
Item

Non –
Consumable

Waste

-

Bias

-2

1

-1

-1

3

-

1

-4

1

0

0

2

-

0

-2

1

-1

-1

3

-

1

All perceptron models indicated that the storage of batteries was very strongly
correlated to reduced environmental impact. This is due to most products using batteries
having reduced volumetric sizes, thus less manufacturing impact and reduced use phase
electrical consumption. Most larger, less mobile products that use electricity do so through
direct power connections. Lastly, products that use batteries have limited use operations
when batteries are depleted. Designers are aware that batteries offer a finite amount of
electricity, and design products to limit energy consumption, increasing usability. The
Storage of Finished Items and/or Non-Consumables are also indicative of reduced
environmental impact, although it is less clear as to why. It could be assumed that nonconsumables (such as drill bits) are related to Battery Storage. Additionally, products that
contain a finished product predominately have low use phases. Looking at the raw dataset
does not show any clear relationship between product volumetric footprint and any other
obvious indication of lower or higher impact.
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Lastly, the feature function of Containing Waste is strongly related to increased
environmental impact. Based on empirical evaluation of the dataset, products that Store
Waste are high-use products that may have substantial use phases and lifespans; examples
include a vacuum, 3D printers, coffee makers, and single-serving coffee maker. Containing
Consumables is also correlated to increased environmental impact, again, likely do the
relationship between consumable storage/depletion and high-use products.
Table 4.5 shows the weight vectors for each of the To Indicate perceptron
algorithms. To clarify the definition of some of the features, simple light is indication
through LEDs or similar light bulbs. Complex light is defined by screen-based indication.
Maintenance is a specific indication that the product needs to undergo upkeep. Power
indication is any form of indication (be it simple light, sound, or complex light) that the
product is active and ready for use.

Table 4.5: To Indicate Perceptron Weights
Sound Light
To
(Simple)
Indicate
Overall
1
1
Median
Overall
Median
1
0
w/ Full
SDR
Set
1
1
Median

Light
(Complex)

Maintenance

Power

Wear
(Physical)

Bias

-4

6

-5

0

2

-3

6

-4

-1

1

-4

5

-4

1

2

The function of Indication through Sound is related to increased environmental
impact. This is contrary to the similar feature function, Convert Electrical Energy to Sound,
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which showed little-to-no correlation between impact and function. This is due to the
inclusion of a wider breadth of products represented that Indicate with Sound. Examples
are soda cans and mechanical pencils, which Indicate with Sound without the use of
electricity. However, as was the case with Finished Items and Non-Consumables in the To
Contain analyses, it is not immediately clear as to why Indication with Sound is related to
higher impact. The same is true for Indication via Simple Light. Maintenance is also related
to high impact, due to Maintenance Indication being predominantly found in high-use,
high-quality products.
Interestingly, Indication of Wear is slightly correlated with decreased
environmental impact. It is interesting as this is one feature that is not purposely designed
into many products, yet is indicative of a more sustainable product, for example reusable
plastic water bottles which show wear and fatigue with age. In the third perceptron (based
on the set median calculated using only the products with at least one feature present),
Indication of Wear is slightly correlated with increased environmental impact. This is due
to the bias of the indication function being related to high impact. Complex Light (ex.
screens) and Power Indication are strongly indicative of products with lower impact. The
function of Complex Light having a lower impact is likely due to under-representation in
the dataset. Power Indication is also related to decreased impact and is closely related to
Simple Light Indicatio,n but they have different correlations with environmental impact.
Upon inspection of the raw data, Power Indication and Simple Light have an equal number
of high and low impact products. It is clear there is an unrepresented (by the model)
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correlation between the feature functions that relate Power to low impact and Simple Light
to high impact.

4.5 Conclusion
Perceptron algorithms provide analytical evidence that enables progress over
previously intuitive estimations of environmental impact as related by function. As such,
future work can further develop and relate impact in other DFX areas to design decisions
that are function-driven. Perhaps the most interesting cases presented in this work are the
fringe and contradictory relations found between function features and environmental
impact, for example the correlation between Indications of Product Wear and lowered
environmental impact. These results indicate that there is much more to learn about how
we assume product functions relate to environmental impact, and perhaps the unforeseen
importance of how functions and design decisions interact and behave in relation to not
only design for sustainability, but other DFX areas as well. In this study, this suggests
there are hidden corporative and/or destructive relationships between product function and
Design for the Environment.
Table 4.6 provides direct suggestions regarding function selection for product
design in the Design for the Environment area. The suggestions presented are the
aggregated results from the perceptron algorithms that correlate product function with
binary low and high environmental impact as defined by the median CO2 emission of the
products represented in the Sustainable Design Repository. Designers can use these
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suggestions when designing environmentally sustainable product by directly selecting
functions with decreased impact, or emphasizing design decisions around functions found
to be correlated with reduced impact. As example, a designer can used this table to design
a Pneumatic product (correlated with high environmental impact) and include functions
like Power Indication and Wear Indication to improve usability and reduce the
environmental impact of the product.
Table 4.6: Direct Results Relating Product Function and Design
for the Environment
Meta-Function /
Function Feature
Convert Electrical
Energy
To Mechanical
Energy
To Pneumatic
Energy
To Heat
To Sound
To Light
To Contain
Battery
Consumable
Finished Product
Non-Consumable
Waste
To Indicate
Sound
Light (Simple)
Light (Complex)
Maintenance
Power
Wear (Physical)

Decreased
Environmental Impact

Increased
Environmental Impact

X

-

-

-

-

X

X
X
X
X
X
X
X
X

X
X
X
X
X
X
X
-
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The results of this case study provide a potential solution to the problem presented
as motivation for this work—the cognitive intuition required to design in DFX acts as a
barrier of entry for novice designers. This may even be the case when using design tools,
such as repositories, specifically created to aid in design of selected DFX areas. The results
presented in Table 4.6 offer significant reduction in required previous design knowledge
when designing in the Design for the Environment space. The use of machine learning,
through perceptron algorithms, offers designers clear and direct suggestions of what
function features to consider when designing for reduced environmental impact. We
conclude that the use of machine learning to offer direct suggestions in repositories, such
as the SDR, will increase the utility and accessibility of the repository.

5. Conclusion
The manuscripts presented in this thesis introduce three novel avenues in which the
process of sustainable design can be improved. A sustainable design repository was created
to promote designer knowledge in the DFX area of design for sustainability, along with
providing data in that could benefit future research in sustainable design. In this thesis, two
manuscripts employ the SDR data in novel research concerning eco-labeling accuracy and
machine leaning in design.
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5.1 Summary of Results
The creation the SDR was vetted by performing two case studies to quantify and
measure the variation in environmental impact caused by uncertain product input data.
Specifically, it was found that uncertainty in use phase, manufacturing location, and
disposal methods contribute to significant variation in LCA indicators. As such, the
accuracy of product input data is not trivial, and should be identified from reliable sources.
Upon the creation of the SDR, it was realized that the data presented would be hard to
distill by novice designers or designers that are unfamiliar with sustainable design.
Machine learning, in the form of a single-layer perceptron, was implemented using
the raw data available in the repository. The goal of this research was to offer a method to
enhance the utility of design repositories, in any DFX area, by identifying the relationships
between product function and environmental impact. The distillation of raw data into
usable design suggestions proved to be successful. Direct recommendations of what
product functions contribute to low/high environmental impact, understandable by all
designer experience levels, reduces to the cognitive intuition needed for design in the
environmental sustainability DFX area.
In addition to a suggested enhancement for improving the utility of the Sustainable
Design Repository, raw LCA data from the repository was used to understand the
correlation between product eco-labeling and product sustainability. Eco-labeled products
and conventional consumer products were compared using the SDR, an in-house S-LCA,
and a modified Stanford LCCA method [21,27,61]. It was found that, in general, companies
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were honest with their applications of eco-labels. However, eco-labeling claims of one
product being more sustainable that another may not be representative of all product
alternatives. Lastly, due to the presence of one product with misleading eco-labels, a larger
study should be performed, specifically on more complex products.

5.2 Highlighted Contributions
The Sustainable Design Repository provides easy access to product LCA data that
is otherwise time consuming to gather. The housing of product information and LCA data
provides universal data that can fuel future research in sustainable design.
Understanding how product labeling relates to the sustainability of products
increases confidence in the accuracy of eco-labels. Though it was found that eco-labels of
the products represented in the manuscript are accurate, it does not ensure that all ecolabels are accurate; specifically in complex products like cars. This study highlighted that
manipulation still likely occurs through eco-labels, primarily in the dis-inclusion of more
sustainable alternatives when compared to the primary eco-labeled product. This work adds
the ongoing conversation of eco-labeling intentions, and whether eco-labeling should be
subject to regulation.
Lastly, the use of machine learning on repository data reduced the necessary
designer knowledge needed to successfully use DFX design repositories. Increasing the
utility of design repositories could enhance the assimilation rate of such design tools into
industry, where multi-disciplinary personal may not have specific DFX experience.

83

5.3 Future work
The research presented in this thesis provides many avenues for the continuation of
research in the field of sustainable design. Specifically, recommendation of using machine
learning to enhance the direct knowledge of repositories can be applied in other DFX
repositories relating other design features to a multitude of possible classifications. The
case studies presented in the sustainable design repository manuscript can be explored by
quantifying the sensitivity and uncertainties of LCA input data. Lastly, the accuracy of ecolabels can be further studied with the inclusion of complex eco-products. Discrepancies
between eco-labels and sustainability can provide the foundation to motivate eco-labeling
regulation.
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