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Abstract
Purpose Bottom-up–based life cycle assessment (LCA) approaches are used to assess the greenhouse gas emissions of various
products such as transportation fuels. Bottom-up spreadsheet–based models include numerous calculations and assumed values
that are uncertain. Currently, most LCAs provide point estimates with a simple one-at-a-time sensitivity analysis, which provides
limited insight into how the model assumptions affect the results. Additionally, the LCA models are generally presented with a
limited number of scenarios to avoid overwhelming the reader; however, this limits the usefulness of the work, as each reader will
be interested in different scenarios. The goal of this work is to use a global sensitivity and regression to provide as much
information to the reader as possible in an easily digestible form.
Methods The Morris and Sobol global sensitivity methods are examined to determine if they can accurately identify the key
inputs that have the largest effect on overall output variance. Amultiparameter linear regression is then used to simplify the model
into a single equation. Rstudio and Excel VBA are used to create an easy-to-use template called the Regression, Uncertainty, and
Sensitivity Tool (RUST) that can be inserted into any Excel-based LCA model. This method is applied to the previously
published FUNdamental ENgineering PrinciplEs-based ModeL for Estimation of GreenHouse Gases in Conventional Crude
Oils and Oil Sands (FUNNEL-GHG-CCO/OS) as an example case.
Results and discussion Both the Morris and Sobol methods can identify the key parameters, but the Morris method requires less
than 1/100th as many model evaluations. Of the model’s 65 parameters, 14 key parameters were identified. The corresponding
regression model was found to have an accuracy of ± 0.5 g CO2 eq/MJ 90% of the time and a maximum error of + 3 and −
1 g CO2 eq/MJ.
Conclusions This work found that the Morris method can be used to screen key parameters and that a stepwise multiparameter
linear regression approach can be used to develop a simplified version of the model. The developed RUST Excel workbook can
be used to perform the sensitivity and regression analysis of any Excel-based LCA models. The regression model can then be
easily published, it does not require a large effort to make a user friendly version of the model, and it conceals confidential data if
necessary. The simplifiedmodel makes it easy for policymarkets to investigate how changes in critical parameters affect the LCA
results without having to learn how to use the full complex model.
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1 Introduction

Life cycle assessment (LCA) is used to evaluate environmen-
tal performance of a product system taking into consideration
the full life cycle stages from cradle-to-grave. According to
the ISO framework, LCA has four basic stages: goal and
scope definition, life cycle inventory analysis, life cycle im-
pact assessment, and interpretation (ISO 2006a, b). LCA
modeling involves multiple assumptions and is subjected to
uncertainties because various sources are used. The
uncertainties include temporal and spatial variability, input
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parameters, and model structure uncertainties. Ross et al.
(2002) found that only 3% of LCA studies report a quantita-
tive uncertainty analysis. The ISO framework and principles
(ISO 2006a, b) recommend performing a sensitivity analysis
but provide no guidelines on which methods to use.
Sensitivity and uncertainty analyses are important parts of
LCA modeling. For example, when a comparative LCA is
carried out with the aim of identifying which product has
higher emissions, understanding the variations in the results
is important. When an attributional LCA is performed, a sen-
sitivity analysis can be used to determine which parameters
need to be further investigated to improve model accuracy or
which insensitive parameters can be fixed. The sensitivity
analysis can also be used to identify areas of improvement
that will have the greatest impact on the model output.

This work aims at developing a framework to extend sen-
sitivity analysis by using a regression analysis to create a
simplified proxy model, which can be used to help dissemi-
nate LCA results. LCA can be performed using a top-down
aggregated approach or a bottom-up fundamental calculation
approach. The bottom-up LCA examined in this work uses
engineering fundamental principles (EFPs) to calculate the
energy and mass balances for each process stage, rather than
using regional or facility-aggregated energy and material data
to approximate emission intensity. Building bottom-up LCA
in Excel does not require expensive speciality software; how-
ever, there is difficulty in assessing the model sensitivity and
uncertainty in a simplistic way. Unlike conventional LCA, the
life cycle inventory of EFP LCA commonly relies on complex
nonlinear calculations. EFP LCA has been used to compare
the GHG emission intensities of different products. The
Greenhouse Gases, Regulated Emissions, and Energy Use in
Transportation (GREET) model, for instance, compares con-
ventional gasoline and diesel vehicles to alternative battery
electric and hydrogen vehicles (Argonne 2015). The Oil
Climate Index (OCI) (Gordon et al. 2015), FUNdamental
ENgineering PrinciplEs-based ModeL for Estimation of
GreenHouse Gases in Conventional Crude Oils and Oil
Sands (FUNNEL-GHG-CCO/OS) (Di Lullo et al. 2016; Di
Lullo et al. 2017; Nimana et al. 2015a, b, c; Rahman et al.
2014; Rahman et al. 2015), TIAX (Rosenfeld et al. 2009), and
Jacobs (Keesom et al. 2012; Keesom et al. 2009) compare the
GHG intensities of transportation fuels produced from multi-
ple crude oils. The EFP LCAmodels in Excel typically exam-
ine only a single environmental problem (e.g., GHG emis-
sions, g CO2 eq), unlike conventional LCA modeled in pro-
grams such as SimaPro, which examines numerous impact
categories with hundreds of pollutants. As a result, the EFP
LCA inventory matrix is smaller and easily manageable in
Excel. However, multiimpact EFP models can still be pro-
duced in Excel. The EFPs involve rigorous modeling of fore-
ground processes, resulting in nonlinear and strong interaction
effects. Additionally, unlike conventional LCA, EFP LCA

models do not require matrix calculations. Similar to conven-
tional LCA approaches, EFP LCA models include multiple
uncertain inputs; it is therefore important to understand how
small changes in the input values can affect their results. A
sensitivity analysis involves calculating the partial derivative
for each parameter of interest to determine howmuch the output
changes as each input changes over a range. This paper focuses
on the application of global sensitivity to these Excel-
based EFP LCAmodels; however, the process can be expanded
to conventional LCA that uses existing commercial software.

EFP LCA models focusing on the transportation fuels in-
dustry do not perform global sensitivity analysis, however,
they do use a simple one-at-a-time (OAT) local sensitivity
analysis (Keesom et al. 2012; Keesom et al. 2009; Nimana
et al. 2015a, b, c; Rahman et al. 2014; Rahman et al. 2015;
Rosenfeld et al. 2009). OAT sensitivity starts with a base case
and each parameter is varied separately to calculate the partial
derivatives. It is considered a local sensitivity method as the
analysis only evaluates the partial derivative around the base
case. This provides a limited view of the model’s true sensi-
tivity. If the model is nonlinear, the partial derivatives will be
dependent on the input parameter’s value. If there are interac-
tions between multiple parameters, the partial derivative will
depend on the values of the other parameters. More advanced
global sensitivity analysis can be used to evaluate the sensi-
tivity across the entire parameter space and account for inter-
action effects. To illustrate the importance of using a global
approach, consider a scenario where a portion of the system’s
heat is produced using a cogeneration facility, with the re-
maining heat comes from a convectional boiler. If the base
case share of heat from cogeneration were small, the efficien-
cy of the cogeneration facility would appear to be an insensi-
tive parameter (OAT local approach). However, as the share of
heat from cogeneration increases, the efficiency parameter’s
sensitivity would also increase (global approach). Therefore,
using a local approach could lead the modeler to ignore or
underestimate significant parameters.

Campolongo et al. (2007) illustrated how aMorris sensitivity
analysis can be used to accurately identify key parameters in a
60-parameter, nonlinear model. Iooss and Lemaître (2015) pro-
vided an overview of various global sensitivity analyses and
their applications to a river model. Campolongo and Braddock
(1999) used theMorris method to assess an IMAGE greenhouse
model. Saltelli et al. (2004) published an entire textbook on
global sensitivity in scientific models. Groen et al. (2017) exam-
ined the squared standardized regression coefficient, squared
Spearman (rank) correlation coefficient, Key Issue Analysis,
random balance design, and Sobol local sensitivity methods
for use in LCAs. Despite the numerous publications on using
global sensitivity analyses, OATsensitivity analysis is still com-
monly used. GREET includes a high-level stochastic simulation
but provides limited data for input probability distributions and
uses small sample sizes. FUNNEL-GHG-CCO/OS includes a
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Monte Carlo simulation for uncertainty but still uses OAT sen-
sitivity screening (Di Lullo et al. 2016; Di Lullo et al. 2017).

There have been numerous reviews on the multiple
methods available for performing sensitivity and uncertainty
in LCA, the most recent from Igos et al. (2019). Exiting sen-
sitivity methods include correlation, key issues, linear regres-
sion analysis, marginal, moment-independent modeling,
Morris, OAT, scenario, and Sobol/FAST analysis (Ferretti
et al. 2016; Groen et al. 2017; Igos et al. 2019). This work
focuses on the Morris and Sobol methods as they have an
optimal balance of flexibility and ease of use. The Morris
and Sobol methods can be applied to nonlinear and
nonmonotonic problems with large input variances unlike
the correlation analysis, key issues analysis, linear regression,
marginal, and OAT methods. TheMorris method is also faster
than the factored scenario method as fewer samples are re-
quired. This is based on simple mathematical theory of the
two methods.

While various definitions exist for classifying uncertainty,
this work will use Walker et al. (2003) definition, which
groups uncertainty under three terms: parameter (empirical
values), normative (subjective choices), and model (simplifi-
cations and approximations). The analysis purposed here is
focused on parameter and normative uncertainties. The pro-
cess can be expanded to model uncertainty through the explo-
ration of alternative models.

One of the key advantages of OAT local sensitivity analysis
is its ease of implementation. Users do not require any statistics
or programming background; they can simply use Excel data
tables. While there is open source software such as SIMLAB
(2016) and PSUADE (Gan et al. 2014) that simplifies the pro-
cess of performing a global sensitivity analysis, the users still
need to automate the process of generating the output from the
Excel model. R (2017) and MATLAB (Mathworks 2018)
packages are available for both sensitivity and regression anal-
yses but require programming experience and can be difficult
to use. Excel add-ins such as ModelRisk by Vose (2019) and
CrystalBall by Oracle (2019) are limited to performing Monte
Carlo simulations. LCA software such as SimaPro (Pré
Consultants B.V. 2019), OpenLCA (GreenDelta 2018), and
GaBi (thinkstep 2019) also limited to Monte Carlo simulations
only. To overcome the lack non-Monte Carlo sensitivity and
uncertainty software, this work created the Regression,
Uncertainty and Sensitivity Tool (RUST). While RUST is lim-
ited to Excel-based LCA models, the process can be extended
to other programs such as SimaPro and OpenLCAwhich sup-
port scripting; however, a software specific interface is needed
and is outside the scope of the current work.

Unlike previous work that only focuses on applying
sensitivity methods to identify critical parameters, this
work takes the analysis one step further by using multi-
parameter regression to create a simplified version of the
complex EFP LCA model. The Excel-based EFP LCA

models typically have multiple worksheets with numerous
calculations. Given the complexity of the Excel model,
the excel workbooks are not always published, and when
they are, they are difficult to navigate, especially for users
without the required technical background. Additionally,
the original modelers can only publish detailed results on
a finite number of scenarios, and readers may want to
examine scenarios specific to their interests and integrate
the results into their own work, which can be difficult
without full model results. It also may not be possible to
publish the full model due to confidentiality concerns. By
using linear regression, a single equation can be created to
represent the entire model. The regression equation is eas-
ier to publish and can be easily used by nontechnical
readers to understand the response of the model. The re-
gression equation can also be integrated into other
models, such as the integrated resource planning models
(e.g., Long-range Energy Alternatives Planning System
(LEAP) (Heaps 2016)), extending its usability. The re-
gression equation can be calculated at significantly higher
speeds than the full model, allowing more detailed assess-
ments such as hybrid Monte Carlo methods (Pedroni and
Zio 2012). Currently, if researchers want to incorporate
results from a published LCA into their work, they would
only be able to use the discrete values provided with the
publication. For example, if practitioners were to perform
an LCA of gasoline from bitumen and want to use results
from a study on the transportation emissions of bitumen
via pipeline or rail, they would be forced to select the
emission factor provided by the paper even if it does not
align with their current model. This is also useful for
inputs that may change with time. For example, older
LCA study results were needed to be recalculated when
the Intergovernmental Panel on Climate Change (IPCC)
global warming potentials (GWP) were updated.
However, if a regression model was provided based on
key inputs such as electricity emission factor, pipeline
diameter, GWP time frame, etc., the formula could be
integrated into the gasoline LCA and adjusted to match
the specific scenario required in the larger model. The
gasoline LCA would still require a sensitivity and uncer-
tainty analysis of its own, which may determine that some
of the inputs in the regression model are no longer sensi-
tive and can be fixed.

Assume the pipeline model was insensitive to an input X1
(such as the “diesel emission factor”), and it was therefore not
included in the regression model. If the larger gasoline LCA
model is sensitive to X1, it would be better to include the input
in the pipeline regression model. However, the error from
ignoring X1in the pipeline model will be relatively small. If
the gasoline LCA model is sensitive to X1, the contributions
will primarily come from other stages of the gasoline model,
not the pipeline regression model. While a fully rigorous
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model would be more accurate, the difficulties in publication
constrained its availability.

Overall, the main goal of this work is to create a general
framework to help LCA practitioners effectively communi-
cate their results and maximize the usability of their models.
This goal will be accomplished in two parts: (1) by using
global sensitivity analysis to communicate which parameters
are important and how model assumptions can affect the re-
sults and (2) by using regression analysis to create a simplified
version of the model, whose results are easy to publish. This
framework is aimed at modelers who work primarily with
spreadsheets. An Excel-based template that can be integrated
into any existing Excel model is created. The coding for the
template is done using VBA and R languages. While there are
multiple global sensitivity methods, this work focuses on the
Morris and Sobol methods. The Morris method requires min-
imal computational effort, and the Sobol method showed the
best overall performance in the study by Groen et al. (2017).
The FUNNEL-GHG-CCO/OS model is used as an example
case. It assesses the GHG intensity of transportation fuels,
gasoline, diesel, and jet fuel produced from different crude
oils. For completeness, RUST does include the ability to per-
form a Monte Carlo uncertainty analysis, but such feature is
not discussed in this work.

2 Methods

This work has two main tasks: to perform a global sensitiv-
ity analysis to identify the critical parameters and to create a
regression model using the critical parameters (Fig. 1).
Before the critical parameters can be identified, the Morris
and Sobol methods must be validated to determine how
many model evaluations are required to accurately identify
the critical parameters. Linear regression is then used on the
critical inputs to create an approximate model. The regres-
sion equation is then validated and checked for overfitting.
To accomplish these tasks, an Excel template, RUST, was
created to link the R scripts in a user-friendly format.
Multiple R packages are used within the template (Carnell
2016; Carnell 2017; Grothendieck 2013; Hadley Wickham
2017; Koenker et al. 2017; Pujol et al. 2017; R Core Team
and contributors worldwide 2017; Regis Pouillot and Denis
2017; Wickham and Chang 2016). The FUNNEL-GHG-
CCO/OS model was used to illustrate how the tool can be
used (Di Lullo et al. 2016; Di Lullo et al. 2017). The RUST
template can be used with any Excel-based LCA model and
supports parallel computing to reduce computational time,
see the RUST demonstration for further information
(Electronic Supplementary Material—Online Resource 1).
The approach could also be extended to exiting LCA soft-
ware by creating application specific interfaces, but this
aspect is beyond the scope of this paper.

2.1 Global sensitivity methods

A basic OAT local sensitivity analysis evaluates the model at
the minimum and maximum values for each parameter, a pro-
cess that requires only N = 2 × k + 1 model evaluations, where
k is the number of parameters. The OAT method is commonly
used as it is quick and easy to implement, but it provides no
information on the interactions between the inputs. To over-
come this limitation, the developed model allows evaluating
the Morris expanded OAT method and the Sobol variance
method, which examine the primary and interaction effects
(global methods). As mentioned in Sect. 1, Morris and
Sobol were selected as they provide the best balance of flex-
ibility and ease of use. Key issues analysis (KIA) was not
investigated as it is limited to models with small uncertainty
ranges as it assumes a linear model response (coefficient of
variation < 5%) (Groen et al. 2017).

2.1.1 Morris method

Sensitivity is a partial derivative that can be dependent on the
value of the parameter in question (nonlinear) or the values of
the other parameters (interactions). The Morris method uses a
design of experiments approach to evaluate the partial deriv-
ative across the parameter space (Morris 1991). The user se-
lects the number of levels, p, and number of OAT designs/
approaches, r. The number of model evaluations required is
N = r × (k + 1), where k is the number of parameters. Values
for p and r should be even and r should be larger than p to
ensure uniform sampling of the space (Morris 1991). Typical r
values are between 10 and 50 (Campolongo et al. 2007). The
level specifies the number of unique values each parameter
can take. In Fig. 2, p = 4, meaning each model parameter (X1,
X2, X3) can take on a value of 0, 0.33, 0.67, or 1. The values
are then scaled-based on the input ranges provided. Figure 2
shows the sample path (blue line) in which a starting point is
randomly selected. One input is changed at a time, from points
1–4 and 5–8, to calculate the partial derivatives of the respec-
tive parameters. From points 4 and 5, multiple parameters are
changed simultaneously, which results in a new approach. The
number of approaches, r, also sets the number of derivatives
calculated for each parameter. Higher r values are required to
ensure that the parameter space is adequately sampled. For
example, Fig. 2 shows that no samples were taken in the
bottom corner. The red line represents an example model re-
sponse and illustrates the effects of the number of levels. Since
only 4 levels are used, the calculated partial derivatives will
always be negative. However, a positive slope between X3 =
0.85 and 1 would be detected if more levels were used. The
derivative in the X1 direction would incorrectly appear to be
negative over the entire domain. For nonlinear equations,
large p values are required to ensure that variability in the
sensitivity is accurately captured. Campolongo et al.
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introduced an optimization approach that started with 500–
1000 r approaches and then determined which 10 approaches
provided the best spread of the parameter domain
(Campolongo et al. 2007). When the model’s evaluation time
is long, Campolongo’s method can reduce the number of mod-
el evaluations; however, the brute force approach used to se-
lect the optimal approaches can be computationally expen-
sive. Since the FUNNEL-GHG-CCO/OS model can calculate
over 100 samples, it is quicker to simply assess a larger num-
ber of approaches than to use Campolongo’s optimization
method.

The partial derivative, also known as the elementry effect,
for parameter j is determined for each OAT design, i = 1 to r,
using Eq. (1):

Dj
i ¼ f X i þ Δ

� �
− f X ið Þ

Δ
ð1Þ

where Xi is input (i = 1,…,k) and f(Xi) is the model output
with the respective input. Delta is determined from the number
of levels, p, as Δ = s/(p − 1). The step size is generally set to
s = p/2; in Fig. 2, s = 1 (Pujol et al. 2017). To simplify the
presentation of the results, the mean (μ) of the absolute partial
derivatives and the standard deviation (σ) are calculated from
Eq. (2) and Eq. (3), respectively:

μ j ¼
1

r
∑r

i¼1jDi
jj ð2Þ

σ j ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

r
∑r

i¼1 Dj
i−

1

r
∑r

i¼1D
i
j

� �2
s

ð3Þ

The larger the μ, the more sensitive the model output is
to the input value. The standard deviation (σ) shows how
the sensitivity changes throughout the parameter domain.
If σ is large, then either the partial derivative is affected
by the input value as it moves across its range (nonlinear)
and/or the slope depends on the values of the other pa-
rameters (interactions). The absolute value of the partial
derivative is taken for the mean to ensure nonmonotonic
parameters are not incorrectly labeled as insignificant; the
standard deviation does not use absolute values as doing
so would underest imate the true var ia t ion in a
nonmonotonic model. The mean and standard deviation
values are normalized using the parameter ranges so that
they are comparable. The Morris method groups the in-
puts into three main categories: those with negligible ef-
fects (small μ and σ), linear effects with negligible inter-
actions (large μ and small σ), and nonlinear/large interac-
tion effects (large σ).
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2.1.2 Sobol indices

The Morris method identifies whether parameter sensitivities
vary across the domain space; however, it neither can differ-
entiate between nonlinear and interaction effects nor can it
identify which specific parameters are interacting. The Sobol
method uses a decomposition of variance approach to identify
what percentage of the overall variance can be attributed to
each parameter or group of parameters (Gan et al. 2014; Iooss
and Lemaître 2015; Pujol et al. 2017; Saltelli et al. 2004;
Sobol 1993).

An ANOVA analysis is used to compare the variation be-
tween groups to the variation within the groups and identify if
the means of the groups are significantly different. The first-
order Sobol indices calculate the main effect of each variable,
while the Sobol total indices calculate the contribution to var-
iance due to the main and all interaction effects. Figure 3
shows how two n × k matrices can be used to generate k ABi
matrices with column i from A and the remaining columns
from B. The model is then run for all the samples in A, B,
and ABi for a total of N = n × (k + 2) model evaluations, where
n is the number of samples for each matrix (rows) and k is the
number of inputs (columns).

1

2

3

4

5

6

78

Fig. 2 Example of Morris
sampling with three parameters
(k), two OAT designs (r), and four
levels (p)

Matrix A [f(A) ] Matrix B [f(B) ]
X 1 X… X k X 1 X… X k

1 0.3 0.2 0.1 1 0.6 0.7 0.3
2 0.4 0.5 1.0 2 0.5 0.4 0.6

…. 0.1 0.7 0.2 …. 0.1 0.2 0.9
n 0.6 0.8 0.5 n 1.0 0.6 0.8

Matrix AB1 [f(AB 1) ] X 1 X… X k

1 0.6 0.2 0.1
2 0.5 0.5 1.0

…. 0.1 0.7 0.2
n 1.0 0.8 0.5

Matrix AB1 [f(AB...) ] X 1 X… X k

1 0.3 0.7 0.1
2 0.4 0.4 1.0

…. 0.1 0.2 0.2
n 0.6 0.6 0.5

Matrix AB1 [f(AB k ) ] X 1 X… X k

1 0.3 0.2 0.3
2 0.4 0.5 0.6

…. 0.1 0.7 0.9
n 0.6 0.8 0.8

Fig. 3 Sobol sample generation
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The 1st and total Sobol indices for each parameter, i, are
then calculated as follows:

Si ¼
1

n
∑n

j¼1 f Bð Þ j* f ABið Þ j− f Að Þ j
� �

Var Yð Þ ð4Þ

STi ¼
1

2n
∑n

j¼1 f ABið Þ j− f Að Þ j
� �2

Var Yð Þ ð5Þ

In layman’s terms, first-order indicia take the variation in
the results that occur from changing the value of the ith pa-
rameter (f(ABi)j − f(A)j), scaling the results using (f(B)j∗) and
normalizing the effect against the total variance using /Var(Y).
The sum of all primary and interaction terms equals 1; hence,
in a purely additive model, the sum of the first-order indices
will equal 1. Parameters with low total Sobol indices can be
removed, as their effect on the overall variance is insignificant
and will have minimal effect on the output.

2.1.3 Assessing Morris and Sobol accuracy

Since the Morris method uses a random number generator to
determine the sample points, results vary between runs. To
assess the accuracy and stability of the Morris method, each
scenario was run 50 times, and the average and standard de-
viation of the Morris μ and σ are reported. A high accuracy
means the Morris method correctly identifies the sensitive
parameters, and a high stability implies that the results will
not drastically change between runs. The various scenarios
used different r (4, 10, 20, 40, 60, 80, 100) and p (4, 8, 16,
32) values to examine their effects on theMorris plot accuracy
and stability. Even p values are used to ensure equal probabil-
ity sampling for each level (Campolongo and Cariboni 2007).
To ensure all p levels are sampled, the number of approaches r
should be larger than p. The number of scenarios used was
determined iteratively based on the model’s response in an
effort to minimize the number of scenarios required.
Minimal changes in stability where observed from r = 80 to
100; therefore, higher r values were not examined. Since p
produced a weaker response than the r value, fewer levels
were selected.

Sobol analysis uses n = 2 × 2x samples, where x varies from
3 to 15; x is selected by the user and increases the samples
required by a factor 2 as the error in the Sobol indecencies is
O(n2). The number of model executions required,N = n × (k +
2), where k is the number of parameters, can quickly become
computationally expensive. To assess the effect of sample size
on accuracy, x was varied from 3 to 10 for all 65 parameters
(full model) and from 3 to 15 for 27 parameters (reduced
model). The reduced model was created by removing the pa-
rameters that had a negligible effect on the output to reduce
processing time; the Morris method and preliminary results

from the Sobol method were used to reduce the number of
parameters. While Sobol indices are positive, and the sum of
first-order indices should be less than or equal to 1 by defini-
tion, negative indices and sums greater than 1 can occur if the
sample size is too small due to numerical error. Bootstrapping
is used within the R code to determine the standard error for
each index.

To compare the Morris and Sobol methods, the parameter
ranks were used. The Morris method used μ, and the Sobol
method used the total indices to rank the parameters. A rank of
1 is given to the parameter with the highest sensitivity.

2.2 Multiparameter linear regression model

Linear regression is used to create a simplified version of the
final model. The least squares regression approach calculates
coefficients for each term and an intercept value by minimiz-
ing the squared residual error. The p values are used to deter-
mine which terms are significant and identify the “best”
model.

2.2.1 Identifying critical parameters

LCAmodels can have numerous inputs; however, uncertainty
is generally dominated by a small percentage of key inputs,
which can be identified using a sensitivity analysis. Due to the
size and complexity of modern models, it is not feasible to
perform an in-depth sensitivity analysis on all the inputs.
Screening methods are used to quickly eliminate insignificant
inputs. A sensitivity analysis can also aid modelers in identi-
fying errors within the model by identifying unexpected
responses.

Care should be taken to use input-specific ranges for the
sensitivity analysis rather than a generic ± % for each input,
since the output sensitivity is dependent on the input’s proba-
ble range. For example, in a pipeline model, relative rough-
ness can vary by multiple orders of magnitude, while pump
efficiency will vary by only ± 20%. If a generic range is used,
the relative roughness may incorrectly appear to be insignifi-
cant. If possible, multiple inputs should be combined. For
example, global pump efficiency should be used rather than
multiple individual pump efficiencies that all have the same
range, as the global efficiency will provide a more conserva-
tive estimate of the sensitivity. Since the regression model,
which will be developed in the next step, is only valid within
the parameter ranges used to create the training dataset, nar-
row ranges, which limit the regression model’s scope, should
be avoided. In the first stage, conservatively large ranges are
used for simplicity and to ensure that no sensitive parameters
are prematurely removed. Additional time is then invested to
refine the parameters’ range for the sensitive parameters.
Figure 1 provides a high-level overview of the sensitivity
screening process. The Sobol analysis is computationally
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intensive but can be used to provide further insight into the
interactions between parameters; however, the Morris method
was found to be sufficient for identifying the critical parameters.

2.2.2 Developing the regression model

The training data is generated using Latin hypercube sampling
(LHS) in the open source software R, rather than conventional
Monte Carlo sampling. In Monte Carlo sampling, each point is
generated independently using a random number generator.
Relying on a random number generator is inefficient and can
result in points being either closely clustered together or spread
far apart. LHS attempts to generate samples that are evenly
spread across the entire parameter domain. Each input is split
into N intervals, and a sample is taken from each interval. As a
result, LHS sampling error is O(1/N), significantly lower than
Monte Carlo O(1/sqrt(N)) (Chrisman 2014). However, LHS
advantage only applies to single distributions. When multiple-
parameter distributions are used, the LHS method ensures the
samples for each parameter are evenly distributed but does

nothing to ensure an even sampling of parameter combinations
(Chrisman 2014). Therefore, LHS advantage is reduced as the
number of significant parameters increases. While models can
have over a hundred inputs, the output uncertainty is generally
dominated by only a few inputs. Therefore, LHS can still be
advantageous even in large models (Chrisman 2014).

Uniform distributions should be used to ensure that the
entire sample space is uniformly sampled. If triangle or nor-
mal distributions are used, there would be fewer training sam-
ples at the edge of the parameter space, which would lead to
larger errors when extreme values are used. At least one sam-
ple is required for each term; however, a general rule of thumb
is to use 10–15 samples per term to avoid overfitting (Frost
2017). More samples may be needed if there is a high degree
of collinearity. The regression model includes terms for each
parameter as well as all of their interactions. Interaction terms
are made by multiplying multiple parameters to determine
their combined affect. The highest level of interaction is spec-
ified and includes all the lower interaction levels as well. For
example, third-level interactions include every possible two-
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and three-term combinations of the parameters. The total num-
ber of terms (Nt) in the regression model is determined from

the sum of the combination terms, that is, Nt ¼ ∑L
1

p!
L! p−Lð Þ!,

where p is the number of parameters and L is the level of
interaction. The higher levels of interactions generally lead
to a lower residual error but require additional computational
time and larger samples.

The goal in using a regression model is to find which com-
bination of parameter and interaction terms best replicates the
underlying model. There are multiple approaches to model
selection, but none is perfect, and expert judgment is required
(Frost 2012; Frost 2015; Olejnik et al. 2000). Models with a
large number of parameters and levels of interaction can con-
tain thousands of terms, resulting in billions of possible re-
gression model combinations. Since it is not possible to eval-
uate every combination, a stepwise approach is used instead of
a best subset approach (Frost 2012; Frost 2015). The process
starts by including every term and iteratively eliminating the
terms with the highest p values. When a term’s p value is less
than 0.05, there is less than a 5% chance that this term is
irrelevant and that the coefficient is zero; hence, terms with
larger p values are eliminated, as their coefficients are most
likely 0. The two-sided p values are calculated within R using
the t statistic which is calculated from the standard errors of
the coefficients. Multicollinearity between terms leads to sig-
nificant instability in the p values, which makes it difficult to
determine which terms to eliminate (Frost 2013). Since the
interaction terms will be correlated with the individual param-
eter terms, multicollinearity will occur even if the parameters
in the original model are not correlated (X1 correlated with X1
× X2 terms). By centering the data before running the regres-
sion analysis, the multicollinearity of the inputs is significant-
ly reduced (Frost 2013). Once a term is eliminated and the
regression analysis is updated, the p values for the remaining
terms will be updated and if there is multicollinearity within
the data, a term that appears to be insignificant may become
significant. As a result, terms are removed in an iterative fash-
ion, rather than simultaneously, until only terms with p values
less than 2 × 106 remain.

To increase the accuracy of the regression model, nonlinear
squared and cubed terms may be required. In order to avoid
multicollinearity between the primary (X1), squared (X12),
and cubed (X13) terms, an orthogonal polynomial was re-
quired. An orthogonal polynomial uses a weighting function
to ensure the dot product over a specified interval is equal to 0.
This transformation is accomplished using the polynom li-
brary in R (Venables et al. 2016). To minimize the regression
determinant matrix size, squared and cubed terms should only
be included for inputs that are suspected to have nonlinear
effects. In order to identify potential nonlinear effects, an
OAT sensitivity analysis was performed using 5 samples for
each input. Excel’s built-in trendline function was then used

on each input’s 5 samples to identify nonlinear trends. Further
information on this process is available in Online Resource 1
(Electronic Supplementary Material). Morris cannot be used
to identify nonlinear inputs as it cannot differentiate between
nonlinear and interaction effects.

2.2.3 Validating regression model

Avalid regressionmodel should have a high adjusted R2 value
and a normally distributed residual error across the entire out-
put domain. Low R2 values suggest a nonlinear model may be
needed. Alternatively, by using a higher level of interaction
can improve the R2 value. To ensure that the errors are nor-
mally distributed, residual vs. fitted plots, normal Q–Q plots,
and residual histograms are used. The residuals vs. fitted plots
can be used to determine if the residuals are uniformly distrib-
uted along the output domain (Chouldechova 2017). The red
line in Fig. 4 (residuals vs. fitted) is a smoothed average of the
residuals; ideally, it should be flat and equal to zero. In Fig. 4,
the curved residuals indicate a common issue where the re-
gression model is attempting a linear fit to a nonlinear model.
However, the conning effect (residual increases as fitted value
increases) can indicate multiple nonlinear effects are not being
accounted for (Fig. 4b). If the residuals are normally distrib-
uted, then the normal Q–Q plots should produce a straight
diagonal line (Fig. 4c, d) (Ihaka 2007). An upward curve on
the right or a downward curve on the left of the residual nor-
mal Q–Q plots indicates a heavier than normal tail.
Alternatively, a downward curve on the right or an upward
curve on the left of the residual normal Q–Q plots indicates a
lighter than normal tail.

The histograms can be used to illustrate the Q–Q plots; the
red line is an ideal normal distribution for comparison
(Fig. 4e, f). Ideally, the model residuals should match the red
line, with the median at zero. A nonzero median suggests a
bias in the model. Skewed distributions with a long tail sug-
gest the regression model is inaccurate within a portion of the
parameter domain and may indicate the insufficient coverage
of the parameter domain within the training sample.

2.2.4 Developing and validating the regression model

The regressionmodel is developed using the method shown in
Fig. 1. To avoid errors in the p values, the data is centered to
reducemulticollinearity, as discussed in Sect. 2.2.1. Due to the
complexity of the model, a stepwise approach is used to de-
termine the final regression model form. Given the large num-
ber of terms, it is not practical to eliminate only one parameter
at a time. Instead, all the terms with a p value above a specified
test point are removed. To avoid removing a large number of
parameters at once, the test point starts at 0.9 and progressive-
ly decreases to 2.5e−16.
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Once the iterative calculation is completed, a text file is
loaded into Excel with a summary of the output. The output
includes the minimum, 5th, 25th, 75th, and 95th percentile,
and maximum residual values; the number of terms in the
regression model; the Akaike information criterion (AIC);
and the mean squared error (MSE) for each iteration. The
Akaike information criterion balances the goodness of fit
and the number of terms in the regression model. The lower
the AIC value, the more efficient the regression model is. The
user can select which model form to use by balancing trade-
offs in accuracy and number of terms. The residual vs. actual
plots, normal Q–Q plots, and residual histograms are generat-
ed for the optimal model to verify that the residuals are nor-
mally distributed.

Once the regression coefficients have been determined, it is
important to check for overfitting. The regression model
should replicate the true model; however, when overfitting
occurs, the regression model begins to fit random patterns
within the training data and falsely suggests an accurate re-
gression model has been determined. If overfitting occurs,
using new samples could result in significantly larger resid-
uals. A general rule of thumb is to use 10–15 samples per term
to avoid overfitting (Frost 2015; Frost 2017); however, more
samples may be needed if there is a high degree of collinearity.
The overfitting macro generates multiple samples using
unique seeds and compares the average and standard deviation
of the residual minimum, 5th percentile, 95th percentile, and
maximum values. Large standard deviations indicate
overfitting is most likely occurring. To prevent overfitting,
the number of samples used to train the regression model
should be increased.

2.3 Model template

R Studio is used to perform both the sensitivity and regression
analyses. While R Studio can be used directly to perform the
analyses, a template was created to aid those to make it user
friendly. The users simply need to insert their existing Excel
model into the RUST file and fill in the specified inputs. Excel
macros programmed in VBAwill prepare the data and execute
Rscripts to perform the analysis. The main inputs are folder
locations for saving .txt and .csv files, high-level inputs for the
various functions, and the parameter table. The parameter ta-
ble specifies the value ranges and provides the input cell ad-
dress for each parameter. The Excel macros will then generate
the required sample file, run the samples through the user’s
model, generate an output file, perform the desired analysis,
and output the results (Fig. 5). A “mapping inputs” macro is
provided to streamline the process. A demonstration the pro-
cess is provided (Online Resource 1—Electronic
Supplementary Material). The Morris and Sobol analyses
were run using the Pujol et al. (2017) R library.

2.4 Case study

The FUNNEL-GHG-CCO/OS model was used as an example
in this study; full details of the LCA are available in (Di Lullo
et al. 2016; Di Lullo et al. 2017). The bottom-up EFP LCA
model calculates the GHG intensity of gasoline produced
from various crudes. This case study focuses on Maya, Bow
River, and Athabasca mined bitumen. Maya is a heavy
Mexican crude produced off the coast of Mexico using off-
shore drilling and nitrogen injection, Bow River is a heavy
convectional crude produced using water flooding in southern
Alberta, and Athabasca bitumen is produced in northern
Alberta using open surface mining. Each crude has 44–65
inputs. The life cycle GHG emissions were accounted for each
cured per the functional unit of g CO2 eq/MJ of gasoline. The
scope of the LCA includes drilling the well, crude production,
surface processing, crude transportation, refining, transporta-
tion fuel distribution, and combustion stages. Construction
phase was not included, due to their negligible contribution
to total emissions. The energy input requirements at each life
cycle stage were examined. The main pieces of equipment
included were boilers/heaters, pumps, and compressors. The
energy requirements for each equipment and the associated
GHG emissions were calculated using technical parameters
such as unit efficiencies, production ratios, and operating tem-
peratures and pressures. A full list of inputs examined can be
found in the Online Resource 2 (Electronic Supplementary
Material). While the case study uses only 65 parameters,
RUST is capable of assessing larger input models as the 64-
bit version of Excel is no longer limited to 2 GB of RAM
(Microsoft Support 2017). Furthermore, the case study uses
a single output, but multiple outputs can be specified in RUST
for the Morris and Sobol analysis. Regression must be run one
output at-a-time or with a weighted output.

3 Results

Section 3.1 focuses on the global sensitivity analysis; the
accuracy for the Morris and Sobol methods is determined
and compared to identify which method is best.
Section 3.2 focuses on the regression analysis; the num-
ber of terms required and levels of interaction required
are determined. The regression model is then validated
and checked for overfitting.

3.1 Global sensitivity validation

The Morris and Sobol methods are examined to deter-
mine if they can identify the critical inputs. The two
methods are then compared.
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3.1.1 Validating Morris

To validate the Morris method, 50 runs are averaged for var-
ious r and p values. The number of runs used is arbitrary; 50
gives an adequate balance between accuracy and computing
time. Two parameters were examined (shown in Fig. 6): the
gas-to-oil ratio (GOR) and the pipeline velocity for crude
transportation to the refinery. For the Maya pathway, the
GOR was the most significant parameter; it had the largest μ
and σ on the Morris plot. The pipeline velocity parameter was
examined as it results in a nonlinear response. The standard
deviation in the Morris μ and σ values over the 50 trials were
examined; only the μ results are shown in Fig. 6. If the stan-
dard deviation is large, theMorris plot results will change each
time the analysis is run and can lead to incorrect representa-
tions of the model sensitivity. The variability in the GOR and
pipeline velocity parameters’Morris μ and σ decreased as the
number of OAT designs, r, increased from 4 to 40. However,
negligible benefit is seen in using r values greater than 40. The
number of levels, p, can reduce the variance, especially when
small r values are used. When there are many levels, more
OAT designs are required to thoroughly sample each level and
prevent variations between runs.

The σ standard deviation followed a similar pattern. The μ
and σ values averaged over the 50 trials were all within 5% of
each other, indicating that they all converge to the same result
if enough trials are used. Therefore, if enough samples are
used to reduce the standard deviation, the Morris plot will
converge to the correct solution and only one run is required.
Overall, an r value of 20–40 will provide sufficient sampling
to minimize the variability in the Morris plot results.

3.1.2 Validating Sobol

The standard error is calculated by the Sobol package for
each index using a bootstrapping approach. The results
in Fig. S1 (Electronic Supplementary Material) are for
the 27-parameter scenario; results were similar for the
65-parameter scenario. The standard error is approxi-
mately the same for all 27 first-order indices regardless
of the index’s value. The standard error for the total
indices is dependent on each index’s value; the normal-
ized average across the 27 parameters is shown in Fig.
S1 (Electronic Supplementary Material). Overall, the er-
ror in the total indices is lower than the error in the 1st-
order indices.

Excel Macro

Excel User

• Passes input distribution data to 

.txt file

• Identify input and output cells in Excel model

• Provide distribution data (Ex. Min/Max for uniform)

Rscript
• Reads .txt file

• Generates and outputs sample 

data to .txt file• Reads sample .txt file

• Runs samples through Excel 

model and records output values

• Outputs results to .csv file

• Reads .csv file
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Fig. 5 RUST background process
flow diagram

Fig. 6 Morris μ coefficient of
variation for the GOR (a) and
pipeline velocity (b). The average
GOR and pipeline velocityMorris
μ are 13 and 0.5 g CO2 eq/MJ,
respectively
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Input ranks based on their 1st and total Sobol index are
shown in Fig. 7; a flatline indicates that the ranks are not
changing as the number of samples used is increased. The
Sobol total indices’ rank stabilizes once x is above 8. Sobol
first-order indices had large standard deviations, and their
values were unstable and had negative indices, until x was
greater than 12; the ranks of the less important inputs did not
stabilize. The accuracy and stability of the second-order indi-
ces are similar to the first-order indices. In conclusion, a large
number of samples are needed to produce accurate Sobol in-
dices. If only the total indices are needed to help screen out
insensitive inputs, fewer samples can be used.

3.1.3 Morris vs. Sobol accuracy

To compare the Sobol and Morris methods, we examined the
ranks for the 65- and 27-parameter scenarios. The Morris
method used r = 60 and p = 32, the Sobol method used k =
13, and the OAT method used 2 samples per input plus the
base case. The Morris method required 3960 and 1680 model
evaluations, and the Sobol method required 548,864 and
237,568 model evaluations for the 65- and 27-parameter sce-
narios, respectively. The parameter ranking between the OAT
method and Morris can vary by up to 21 positions (Fig. 8a).
Unlike the Sobol methods, even the ranking of the most sig-
nificant variables is inaccurate using the OAT method. While
the ranks vary by up to seven positions for the Sobol method
(see Fig. 8b), the ranks of the significant parameters are more
stable; hence, both the Morris and Sobol methods can accu-
rately identify the significant parameters. However, theMorris

method requires less than 1/100th the number of model eval-
uations and is ideal for screening purposes. Once insensitive
parameters have been removed by the Morris method, the
Sobol method can be used to identify which parameters are
interacting, if desired.

3.2 Multiparameter linear regression

Users of the template would not need to perform the Morris
and Sobol verifications but would instead start with parameter
screening. The Morris method was used with 60 OAT designs
(r) and 32 levels (p), and the results were used to produce
Fig. 9. Each data point represents a parameter. The Excel
template generates the Morris plot and adds data labels, so it
is easy to identify each parameter. The data labels were re-
moved in Fig. 9 to reduce the image size. The parameters in
red box A were eliminated, as they were insensitive and did
not have significant nonlinear or interaction effects. It is im-
portant to look at the actual value of the Morris μ and σ when
deciding when to eliminate parameters rather than just relative
position as an excessively large parameter can skew the axis
scale. Selecting the cutoff point between sensitive and insen-
sitive is subjective. The axis scale should be considered, as
well as the clustering of parameters. For example, a parameter
can be deemed insensitive if the Morris mean is less than 1%
of the base case value and has a low Morris standard devia-
tion. For the Fig. 9 Morris plot, the inputs in box B have
similar sensitivities; hence, they should either all be included
or excluded as a group. The parameters in the top right with
μ ≈ 6–8 and σ ≈ 4–5 g CO2 eq/MJ illustrate the advantage of
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the Morris method. Depending on the base case used in an
OAT local sensitivity analysis, these parameters could have
sensitivities of 1–2 g CO2 eq/MJ and be grouped with the
insensitive parameters. The Sobol method was not required
in this scenario as the Morris method sufficiently reduced
the number of parameters.

3.2.1 Validating the regression model form

The regression analysis was performed for the Maya pathway
using the 14 critical parameters with 1st, 2nd, 3rd, 4th, and 5th
level interactions. Three scenarios with training sample sizes
of 3000, 5000, and 10,000 samples are used for comparison.
For 5 levels of interaction, a minimum of 3472 samples is
required; hence, 5th level interactions are not included in the
3000-sample scenario. Since an iterative method is used to
narrow down which terms are included in the final regression
model, the number of samples per term will increase as terms
are eliminated, thereby reducing the chance of overfitting in
the final model. Theoretically, if the number of samples is too
small, then potentially significant terms could be eliminated
during the initial iterations. However, the results show that the
number of samples used does not have a detectable effect on
the accuracy of the final form of the regression model. The
accuracy was strongly related to the level of interaction and

the number of terms included (see Fig. 10); this relationship
will be model-specific. Caution should be used when
assessing the accuracy of the regression model versus the
number of terms included, as overfitting can occur. As shown
in Fig. 10, moving from 320 to 316 terms causes a jump from
2.05 to 2.27 g CO2 eq/MJ in the residual variance (max
residual–min residual). An overfit check with 100 runs of
1000 samples each on both the 320 and the 316 term models
found that the residual variance ranges were 1.8–3.2 and 3.0–
3.2 g CO2/MJ, respectively, indicating they both have the
same level of accuracy when tested against new samples.
The residual variance uses the maximum and minimum resid-
uals to ensure no outliers occur. While it may be tempting to
use a regression model with more terms to improve accuracy,
the model should be verified with a new sample to ensure the
improved accuracy is not due to overfitting.

3.2.2 High-level checks

For the Maya pathway, the 5000-sample, 4th-level interaction
regression model was used. The predicted vs. actual, residual
vs. actual, normal Q–Q, and residual histogram plots are gen-
erated for the final regression model with 84 terms (Fig. S2—
Electronic Supplementary Material). The actual vs. predicted
plot shows no large deviations/outliers; however, there is an
indication that the regression model will under predict emis-
sions when actual emissions are large. The residual vs. pre-
dicted plot confirms that the regression model under predicts
emissions for the extreme scenarios and that there is a slight
bias in the residuals. The normal Q–Q plots’ upward curve on
the right indicates that the right tail is slightly longer than for a
normal distribution, which is illustrated by the histogram.
Overall, the plots indicate that the residual is approximately
normally distributed with no major problems, but it should be
noted that the residual error will increase as the predicted
value increases; this conning effect may indicate nonlinear
effects are not being accounted for.

3.2.3 Overfitting checks

To check for overfitting, the range of residual variance (max
residual–min residual) across 100 runs, each with 1000 sam-
ples, is compared to the training set residual variance
(Table 1). When 4th level interactions are used with 14
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parameters, the total number of terms is 1470; when all terms
are included in the regression model, the number of samples
per term is 2, 3.4, and 6.8 for the 3000, 5000, and 10,000
sample scenarios, respectively, all of which are lower than
the suggested 10–15 samples per term. As a result, the residual
variances from the overfit check are significantly larger than
the training set variances. The final form of the regression
model includes only 46, 43, and 39 coefficients, which result
in 77, 116, and 217 samples per term for the 3000-, 5000-, and
10,000-sample scenarios, respectively; hence, their residual
variance is similar to the training set and indicates that
overfitting has not occurred (Table 1).

3.2.4 Checking model response

Awell-fitted model should be able to accurately predict both
the output values and sensitivities (partial derivative). The
accuracy of the output values has already been addressed. To
determine the accuracy of the partial derivative, the Morris
method is used. If the regression model perfectly predicts the
emission intensity, the μ and σ values of the partial derivative
should be the same, providing the same sample is used.
Overall, the regression model accurately captures the model
response. The average and standard deviation values of the
derivative are accurate to within 4% and 15%, respectively
(Table S1—Electronic Supplementary Material). The large
error in the Morris σ for the refinery emissions is acceptable
since the value is approximately zero. The regression model
under predicts the σ in the crude low heating value (LHV)
correction factor while maintaining accuracy in the μ, suggest-
ing that there may be errors in the regression model’s predic-
tions for the extreme scenarios.

3.3 Final regression models

Once the regression formula has been determined, an Excel
macro generates the final formula from the text file. Excel
formulas are limited to 8192 characters; hence, long formulas
may need to be split between two or more cells. Overall, the
original FUNNEL-GHG-CCO/OS model, which included
hundreds of calculations and multiple Excel worksheets, can
be simplified down to the 14-parameter regressionmodel. The

same approach was applied to the Bow River water flood
crude, and Athabasca mined bitumen crudes from Alberta,
Canada; the regression accuracies are shown in Table 2.
Each model contains between 58–96 terms and 1655–2989
characters, well within Excels 8192-character limit. The re-
gression model inputs include technology flows, emission
flows, and characterization factors as shown in the
Electronic Supplementary Material (Online Resource 2).

4 Discussion

The results of this work highlight that the Morris method is
ideal for parameter screening. It requires only minimum and
maximum values for each input; as a result, it can accurately
account for interaction and nonlinear effects only like the oth-
er methods available using small sample size. Since the Sobol
method demands 100× as many samples as the Morris meth-
od, hence, it is not recommended for screening purposes. In
order to be more widely used, these methods need to be more
transparent in the discussion, especially to transfer the mes-
sage to the less experience practitioners. However, after the
insensitive inputs have been removed by the Morris method,
the Sobol method can be used to identify which specific in-
teractions are occurring using second-order indices. Results
from the OAT analysis showed that ignoring interaction ef-
fects can lead to an incorrect estimation of parameter impor-
tance. The inaccuracy of the OAT method will vary between
models and depends on the extent of interaction and degree of
nonlinearity. While the FUNNEL model is nonlinear, it is
monotonic which benefits the OAT approach. While Groen
et al. (2017) suggest a linear regression model (without inter-
action terms) can be used for identifying important parame-
ters, it requires many samples, and the coefficients can only be
used as importance measures if the models R2 is close to one
indicating a good fit.

When using the Morris method, 20–40 approaches (r) pro-
vided accurate results, with minimal benefits above 40 ap-
proaches. Parameter ranks varied by an average of ten posi-
tions between runs when only 4 approaches (r) were used.
One parameter varied by 49 positions between runs; therefore,
care should be taken when using a small number of runs.
When 10 approaches (r) were used the average rank change
fell to 5.5, with a maximum change in rank between runs of
14. The number ofMorris samples needed will also depend on
the complexity of the model; nonlinear and highly interactive
models will require more samples, while linear additive
models will require fewer samples. Sobol requires 2 × 28 for
screening purposes using the total indices. If the practitioner
wants to determine if interaction effects are occurring, then
2 × 212 samples are needed. Determining second-order indices
to identify specific interactions requires nearly doubling the
sample size.

Table 1 Range of residual variance (max–min) with 4th level
interactions, ranges from 100 runs with 1000 samples each (the same
overfit check samples were used in every scenario)

Scenario All terms Final form

Overfit check Training set Overfit check Training set

3000 36,590–114,890 1.72 2.41–4.86 4.07

5000 13,670–53,290 1.95 1.94–4.08 3.84

10,000 13,180–38,250 2.49 1.91–3.58 3.09
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While the Morris and Sobol methods are restricted to
uncorrelated inputs, they are still useful for screening pur-
poses. Correlated inputs can be grouped and represented
as a single output, while this method cannot determine the
importance of the individual inputs and requires the cor-
relation to be approximated as a direct link, it can identify
i f the grouped parameter is s igni f icant or not .
Alternatively, moment-independent methods such as
entropy-based sensitivity (Iooss and Lemaître 2015) and
PAWN indices are available (Pianosi and Wagener 2015).
The Sobol method can also be extended to account for
correlations with two additional indices (Rabitz 2010).
Correlations are not required in determining the regres-
sion model. If the model is accurate when trained with
uncorrelated data, it will also be accurate when correlated
inputs are used. Since background processes are not al-
ways rigorously modeled in EFP LCA, correlations be-
tween background emission factors should be investigat-
ed. For example, the background emission factors of nat-
ural gas, diesel, and fuel oil may all depend on the emis-
sion factor of the electrical grid which is utilized by all
three processes (Suh and Qin 2017). By grouping the
parameters as described above, the potential impact of
dependency can be investigated. Data analysis techniques
such as principle component analysis (PCA) and partial
east squares regression (PLS) are useful when the dataset
available is correlated or has a limited sample size; how-
ever, since RUST generates an uncorrelated sample to
train the regression model these methods are not needed.
Furthermore, since PLS emphasizes developing a predic-
tive model, it is not useful as an alternative to the Morris
methods for screening out insignificant parameters
(Minitab Inc. 2017).

The Maya and Bow river regression models exhibited con-
ning of the residuals which may indicate nonlinear effects that
are not being accurately accounted for. Testing the models for
nonlinear inputs using the trendline approach described in the
Online Resource 1 (Electronic Supplementary Material) indi-
cated that there were multiple nonlinear inputs. However,
none of the R2 values equaled one indicating a more complex
response was occurring (Online Resource 2). To test if adding
nonlinear terms to the regressionmodel would improve the fit,
the Bow river and Maya crudes were rerun and since their

residuals were larger than the Athabasca pathway. Maya in-
cluded a squared term for the crude LHV and compressor
driver efficiency, and Bow included crude LHV, pipeline ca-
pacity, and pipeline velocity. The results in Table 2 indicate
that adding the nonlinear terms reduced the residuals by 40–
80% but increased the size of the formula by 65–90%. The
nonlinear models did not exhibit any signs of overfitting.
Therefore, including nonlinear terms can improve the regres-
sionmodel’s accuracy, at the expense of requiring longer com-
puting times and producing a larger regression model.

Unlike the previous works which simply examined the
sensitivity methods available (Groen et al. 2017; Igos et al.
2019), this work goes one step further by adding a multipa-
rameter regression model. While publishing the full LCA
model is often preferable, it is not always possible due to
difficulties making the model user friendly, nondisclosure
agreements, or other confidentiality concerns. Furthermore,
in some cases, a simplified version of the LCA model is pref-
erable. For example, nontechnical policy makers may want to
examine how the LCA results change when key inputs are
adjusted without having to learn a complex model. Since jour-
nal papers need to be kept concise, researchers are often lim-
ited in how many scenarios/alternatives they can present. By
including a regression model, the LCA usefulness to fellow
researchers and policy makers is increased as they can then
examine scenarios specific to their needs. The regressionmod-
el can also improve the life of a paper by allowing users to
update key values such as methane’s GWP which is updated
each time a new Assessment Report is release by the IPCC
(Myhre et al. 2013).

RUST is also capable of running a Monte Carlo simulation
but is outside the scope of this study. Currently, RUST sup-
ports lognormal, normal, project evaluation and review tech-
nique (PERT), modified PERT, triangle, and uniform distribu-
tions and uses Latin hypercube sampling. Unlike other Excel
add-ins, it does support parallel computing. Output uncertain-
ty is a product of input uncertainty and input sensitivity; there-
fore, probability distributions are only required for the sensi-
tive inputs. The Morris global sensitivity method can be used
to identify sensitive inputs, and a Monte Carlo simulation can
then be run using probability distributions for the sensitive
inputs only, reducing data collection efforts. The uncertainty
simulation can also be run using the regression model rather

Table 2 Regression summary for Maya nitrogen injection, Bow River water flood, and Athabasca mined bitumen

Residual (g CO2 eq/MJ) Min 5th Percentile 95th Percentile Max No. of terms No. of characters

Maya − 1.16 − 0.44 0.53 2.68 58 1655

Maya (nonlinear) − 0.63 − 0.08 0.07 0.44 164 4137

Bow River − 1.17 − 0.54 0.7 2.46 72 2192

Bow River (nonlinear) − 0.38 − 0.10 0.10 0.55 135 4991

Athabasca − 0.19 − 0.12 0.17 0.34 96 2989
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than the full model to reduce computational times for complex
models. However, running uncertainty on the regression mod-
el introduces additional model uncertainty based on the accu-
racy of the regression model. In the case of the Maya, Bow,
and Athabasca crude pathways evaluated in this work, the
parameter uncertainty will be an order of magnitude larger
than the regression model uncertainty which would make the
modeling error negligible. Since the regression model can be
evaluated quickly increasingly complex analysis such as hy-
brid and nested Monte Carlo methods which attempt to sepa-
rate aleatory (random) and epistemic (known with poor preci-
sion) uncertainty and require a large number of model, evalu-
ations can now be performed in less time (Pedroni and Zio
2012).

RUST includes a mapping macro, which can be used to
easily run sensitivity and uncertainty on any Excel based
LCA model. Furthermore, the Morris and Sobol analysis is
performed with scripts, which can be integrated into other
programs such as SimaPro and OpenLCA in the future.
RUST can also be used with Excel models that are linked to
speciality engineering software such as Aspen Hysys.

5 Conclusions

The goal of this paper was to create a framework to help LCA
practitioners effectively present their results and maximize the
usability of their model. Sensitivity analysis is an important
part of LCA; however, it is generally over simplified. This
work showed how the Morris and Sobol methods can be used
to identify key model parameters by accounting for interaction
and nonlinear effects, unlike the one at-a-time method. The
Morris method was found to require less than 1/100th as many
model evaluations as the Sobol method, making it an effective
screening method. The developed RUST tool allows practi-
tioners to easily perform Morris and Sobol sensitivity on their
Excel-based LCA models.

It was determined that 20–40 samples per input
(approaches) are required to accurately use the Morris method
for screening purposes. Using Morris screening, the number
of inputs was reduced from between 60 and 70 to 14 for Maya
and Bow and 16 for Athabasca. Using the sensitive inputs
identified from the Morris method, this work then takes the
sensitivity analysis one step further and produces a proxy
regression model. The levels of interaction and number of
terms were varied until a model with the desired accuracy is
obtained.

The regression models were found to have an accuracies of

t h e f o l l ow i n g : Mayaþ2:7
−1:2 , Bowþ2:5

−1:2 ; and Athabascaþ0:3
−0:2

g CO2 eq/MJ. To improve the fit for the Maya and Bow river
pathways, nonlinear terms were added, resulting in new accu-

racies of the following: Mayaþ0:4
−0:6 , and Bowþ0:6

−0:4 . The

regression formulas are small enough to fit into a single
Excel cell, making the model easy to be published. The re-
gression models can then be used by researchers and policy
makers to calculate results for their specific scenarios. It also
allows the LCA practitioners to share a simplified version of
their model without having to invest large amounts of time in
making their complex model user friendly. Furthermore, the
regression model can help protect confidential data which
would prevent the publication of the full model.
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