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a b s t r a c t
Life cycle assessment (LCA) has become the prevalent approach for quantifying the environmental impact
of products over their entire life cycle. Unfortunately, LCA studies require large amounts of data that are
difﬁcult to collect in practice, which makes them expensive and time consuming. This work introduces
a method that simpliﬁes standard LCA studies by using proxy metrics that are identiﬁed following a
systematic approach. Our method, which combines multi-linear regression and mixed-integer linear
programming, builds in an automatic manner simpliﬁed multi-linear regression models of impact that
predict (with high accuracy) the damage in different environmental categories from a reduced number of
proxy metrics. Our approach was applied to data retrieved from ecoinvent. Numerical results show that
few indicators sufﬁce to describe the environmental performance of a process with high accuracy. Our
ﬁndings will help develop general guidelines for simpliﬁed LCA studies that will focus on quantifying a
reduced number of key indicators.
© 2015 Elsevier Ltd. All rights reserved.

1. Introduction
Life cycle assessment (LCA) has recently become the prevalent
approach for quantifying the environmental impact of products and
processes over their entire life cycle. LCA has expanded rapidly in
both academia and industry, ﬁnding applications in a wide variety of ﬁelds. For instance, Finnveden et al. (2009) and Hellweg and
Mila i Canals (2014) provided a review of recent developments
in all LCA phases, including existing and emerging applications,
whereas Jeswani et al. (2010) explored the options for broadening the LCA methodology beyond the current ISO framework for
improved sustainability analysis.
One of the main drawbacks of LCA is that it requires large
amounts of data of processes that are operated in disperse facilities across the product supply chain. In practice, gathering full
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information of the operations of complex, interrelated industrial
systems including all emissions and activities for each of them
is often prohibitive. First, since data collection tends to be highly
time consuming and expensive, companies typically store information of only a subset of regulated compounds for which records
are mandatory. Second, a full LCA may require data from external companies that might consider them too conﬁdential to be
released for external use. This situation creates data gaps that
might affect critically the outcome of the LCA analysis, thereby
leading to spurious conclusions and wrong advice. Data availability is therefore a major issue in sustainability assessment that
can hinder the widespread adoption of sustainability principles in
industry.
Streamlined LCA (SLCA) techniques aim to simplify the LCA analysis by reducing the amount of data required in the calculations
(Marwah et al., 2011; Sundaravaradan et al., 2011). According to the
Society of Environmental Toxicology and Chemistry (SETAC, 1999),
SLCA methods can be roughly classiﬁed into 3 main groups that differ in the type of simpliﬁcation underlying them: (1) those based
on a contraction of the system boundary by which some upstream
and/or downstream components are removed; (2) those based on
the use of qualitative and/or less accurate data; and (3) those based
on a reduction in the number of impact categories or inventory
data.
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Nomenclature
Acronyms
CED
cumulative energy demand
ICT
information and communications technology
LCA
life cycle assessment
life cycle inventory
LCI
LCIA
life cycle impact assessment
MILP
mixed-integer linear programming
MTrain regression model obtained by minimizing the error
in the training set
MVal
regression model obtained by minimizing the error
in the validation set
streamlined LCA
SLCA
Index
i
j
r

LCIA metric
product
iteration of the algorithm

Sets
A

set of LCIA metrics whose values will be estimated
from those of proxy LCIA metrics. Note that in our
approach, this set is not deﬁned beforehand.
B
set of proxy LCIA metrics whose values will be used
to estimate those of other LCIA metrics. Note that in
our approach, this set is not deﬁned beforehand.
I
set of LCIA metrics
set of products
J
ONE(r) set of binary variables whose value is 1 in the iteration r of the algorithm
R
set of iterations
ZERO(r) set of binary variables whose value is 0 in iteration
r of the algorithm solution in the iteration r of the
algorithm
Parameters
b
lower bound on the regression coefﬁcient
b̄
upper bound on the regression coefﬁcient
n
number of LCIA metrics to be included as proxy indicators in the regression model
yob (j, i) “true” value of metric i in observation j, which is
obtained from a detailed LCA analysis
Variables
ARE
average relative error of the multi-linear regression
model
b(i, i )
regression coefﬁcient of proxy metric i in the predictive multi-linear equation of metric i
bin(i)
binary variable that equals 1 if metric i is used
as proxy indicator to estimate the value of other
metrics and 0 otherwise
bin(i, r)* value of the ith component of the vector of binary
variables in the optimal solution of iteration r
ypr (j, i) predicted value of LCIA metric i in observation j

Group 3 methods, which constitute so far the most widespread
approach, restrict the analysis to a speciﬁc subset of life cycle
inventory (LCI) entries and/or life cycle impact assessment (LCIA)
categories. This approach has found applications in many sectors,
including vehicle development (Arena et al., 2013; Moriarty and
Honnery, 2008), oil reﬁneries and industrial facilities (Weston et al.,
2011), global warming potential evaluation (Bala et al., 2010), coalﬁred electricity plants (Steinmann et al., 2014), pharmaceuticals

35

(Jiménez-González et al., 2013), and food processing (Sanjuán et al.,
2014), among others.
The simpliﬁcation of the LCA study might come at the cost
of excluding important environmental factors, thereby leading to
uncertainties as well as potentially wrong conclusions (Hunt et al.,
1998). To avoid this, SLCA studies are constructed using detailed
knowledge of the process. This makes standard SLCA studies very
speciﬁc, that is, they are only valid for particular industrial sectors
and cannot be readily applied to other areas.
In this work the focus is on simplifying LCA studies by reducing the number of impacts to be assessed. A large amount of
LCIA metrics are presently available, but no consensus has been
reached yet on which one should be universally adopted. Quantifying all of them is highly data intensive, because it requires
detailed information on many primary feedstocks, emissions and
waste.
In a pioneering work, Huijbregts et al. (2006, 2010) proposed to
use the cumulative energy demand to predict other LCIA metrics
through linear regression. Hanes et al. (2013) showed that this
approach has some limitations stemming from the use of a single log transformed metric. The debate on which indicator to use
continues, but so far no systematic method has been developed to
provide insight into this problem.
This work introduces a rigorous approach for selecting proxy
LCIA metrics in streamlined LCA analysis. Our systematic method
relies on a novel mixed-integer linear programming (MILP) model
that identiﬁes a reduced subset of key impacts that are used to
estimate the others through multi-linear regression. The main
advantages of this methodology are two-fold. First, no signiﬁcant
environmental data will be lost, since all the LCIA metrics are either
measured or estimated. Second, it requires no aprioristic knowledge on the system, because the selection of metrics is performed
using a systematic approach based on discrete-continuous optimization.
Our approach has been applied to data retrieved from ecoinvent as a ﬁrst step towards its future application to a more complete
dataset constructed from several LCA databases (i.e., GaBi, Simapro,
ecoinvent, ELCD, NREL) (LBP, 2015; National Renewable Energy
Laboratory, 2012; Simapro manual PRe Consultants, 2013; Swiss
Centre For Life Cycle Inventories, 2013; Wolf et al., 2008). Numerical
results show that few indicators sufﬁce to describe the environmental performance of a process with high accuracy and that
several LCIA metrics tend to be highly correlated (Huijbregts et al.,
2006, 2010). The application of our algorithm provides deep insight
into the relationships between impacts. This fundamental knowledge might be used to develop other streamlined LCA methods as
well as more efﬁcient environmental regulations.
The paper is organized as follow. Section 2 provides the problem
statement, while Section 3 describes the mathematical formulation. Section 4 describes the ecoinvent database and presents the
numerical results. In Section 5, the conclusions of the work are
drawn.

2. Problem statement
The problem under study can be formally stated as follows. We
are given environmental data expressed in the form of a matrix
containing |I| LCIA metrics i and |J| observations j (each one corresponding to a different product). The goal of the analysis is to ﬁrst
identify, among the whole range of LCIA metrics available, a given
number of them that will be taken as a basis for building regression models of impact. These regression models will then be used
for estimating other impacts with the maximum accuracy possible
(which are not quantiﬁed using LCI data, but rather predicted from
the proxy impact values).

