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a b s t r a c t

Within the framework of deep geological nuclear waste disposal investigations, ANDRA (French National
Radioactive Waste Management Agency) has built a numerical model of groundwater flow and hydro-
dispersive mass transport with the aim to analyze the characteristics of solutes transfer throughout the
multilayered aquifer system including the clay host formation. As an exploratory tool, a sensitivity
analysis was conducted on the average time for a water molecule flowing through the potential
repository emplacement to reach the limits of the model. The correlated hydraulic conductivities and
porosities of 14 hydrogeological layers are the uncertain hydro-dispersive parameters under study.
A derivative-based method (Elementary Effects) is compared to regression-based global sensitivity
analysis techniques (Standardized regression coefficients and Response Surface Method). As a result, the
main behavior of the groundwater flow and mass transport through the multilayered system was
captured. The relative effects of advective and dispersive processes are analyzed, however some
uncertainties remain on the non-linear features of some input factors and their contribution to
interaction processes.

& 2014 Elsevier Ltd. All rights reserved.

1. Introduction

For over fifteen years, ANDRA (French National Radioactive
Waste Management Agency) has conducted many studies and field
exploration programs to assess the feasibility of a high-level
radioactive waste disposal in the thick Callovo-Oxfordian (COX)
clay-rich sedimentary layer of the eastern Paris basin [1]. The host
formation has been extensively characterized [2,3] together with
the Oxfordian and Dogger limestone aquifer formations, respec-
tively above and below the COX.

In 2012, ANDRA has achieved to build an integrated regional–local
geological model for the entire Paris basin to study the groundwater
flow and solute transport behavior in the multilayered aquifer system
including the Callovo-Oxfordian clay host formation. The distribution
of hydro-dispersive calibrated parameters of the groundwater numer-
ical model is referred to as the nominal case of hydraulic head and
flow velocity fields. However, such deterministic modeling of ground-
water flow and solute transport is very often affected by uncertainties
[4]. These uncertainties may be related to all or one of the geometry of

the multilayered system, the boundary conditions and particularly, the
parameters values and their spatial variability. In the scope of
predictive simulations for risk and safety assessment it becomes of
major importance to propagate these uncertainties on a model output
under study as a decision-making tool. With many examples of
application in environmental studies [5–10], sensitivity analysis (SA)
techniques are powerful tools commonly employed to achieve
such tasks.

The vast collection of SA methods can be broadly divided into
two groups: local and global methods. In local sensitivity techni-
ques, or one-at-a-time (OAT) techniques, the change in model
output is measured by shifting a single factor from its nominal
value while keeping the other factors fixed to their nominal value.
A major drawback of this approach is that interactions among
factors cannot be detected and non-linearities between input and
output variables are difficult to assess [11]. A Global Sensitivity
Analysis (GSA) explores more efficiently the multidimensional
input space by varying all the factors simultaneously and investi-
gating the variation of the output response as a result of all inputs
and their possible interactions. Among classes of GSA methods,
very often based on Monte Carlo methods, qualitative screening
techniques are used for the investigation of models where more
demanding quantitative methods are not affordable due to
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computational burden. GSA techniques include (1) elementary
effect methods such as the Morris method [12–16], winding stairs
[17], latin hypercube-OAT [9], etc. (2) variance-based techniques
such as the Sobol' indices [18,19], the Fourier amplitude sensitivity
test (FAST) [20,21], etc. and (3) metamodel-based methods that
include regression or correlation based techniques such as the
response surface methodology (RSM) and standardized regression
coefficients (SRC) [22–24], high dimensional model representation
(HDMR) [25,26], polynomial chaos expansion (PCE) [27–30], etc.
The elementary effect method is a derivative-based technique
used in screening applications. It has the advantage to be efficient
at low sample size but it does not allow the distinction between
high-order effects of input factors and interactions between
factors. In spite of their high computational cost, variance-based
techniques are very flexible and the sensitivity indices are easy to
interpret since they rely upon the decomposition of the variance of
the output into fractions attributed to factors or sets of factors.
Metamodel-based methods approximate the model under study
with a mathematical expression aimed at capturing the character-
istics of the relationship between the input factors and the output
response. Depending on their setting they can dissociate for each
input factor pure linear effects from high-order effects and from
interaction effects at relatively low sample size. However, when
dealing with strongly non-linear and complex systems the inac-
curacy of the metamodel can lead to misinterpretation of the
sensitivity indices.

The main issue in SA is that a given method can possibly lead to
qualify an important factor as non-influential (Type I error) or
conversely to identify a factor as significantly influent when it is
not (Type II error). It becomes then essential to compare the
results obtained from various SA techniques before disqualifying
any input factor.

As part of the problem, the computation of partial differential
equations of groundwater and mass transport requiring numerical
solution generally involves a computational demand that precludes
the realization of a great number of model evaluations. Hence,
experimenters should opt for a thorough exploration of the uncertain
input space with a limited number of runs in order to capture the
complexity of the inputs–output relationship and minimize the
occurrence of Type I and Type II errors. Latin Hypercube Designs
(LHD) are a class of space-filling designs introduced in 1979 by McKay
et al. [31] and further optimized according to various criteria [32].
Many examples of LHD applications can be found in the frame of
sensitivity and uncertainty analyses [9,23,33–35].

The articles from Campolongo and Saltelli [5] and Drouet et al.
[36] give constructive comparisons of the performances of SA
techniques applied on environmental models of gas emissions to
the atmosphere. Both studies showed the efficiency of the
derivative-based Morris method at low sample size in comparison
with the Sobol' and Extended FAST (EFAST) methods. Regarding
groundwater flow and mass transport modeling, Malaguerra and
co-workers [10] used the Morris method to assess the influence of
the geometry and parameterization of a groundwater model
simulating the transport of pesticides through the underground
media. In the context of nuclear waste disposal many studies can
be found in the literature [8,37–41]. Draper et al. [7] used a
regression-based SA and the EFAST method to predict the radi-
ological dose for humans using a hypothetical underground
repository model. Recently, Ciriello et al. [6] used a PCE metamo-
del to compute the Sobol' indices for the parameters from a
theoretical radionuclide migration through an heterogeneous
groundwater model. Most of the above-mentioned studies used
a simplified numerical model of groundwater processes (e.g.
2 dimensional geometry, homogenous parameters, etc.). However,
the use of a complex 3D integrated model is a challenge.

The objectives of the SA applied to ANDRA's hydrogeological
model presented in this paper are (1) to understand the behavior
of the multilayered system in terms of advection–dispersion of
solute throughout the model's domain, (2) to propagate the
uncertainty of hydro-dispersive parameters on the model output,
and (3) to assess the relative sensitivity of the model output with
respect to the hydro-dispersive parameters. The study focuses on
the uncertainty relative to couples of hydro-dispersive parameters
(the hydraulic conductivity K and the porosity ϕ) in fourteen
hydrogeological layers in the local-scale ANDRA Meuse/Haute-
Marne numerical model [42–44]. The output variable under study
is the average time for a water molecule released from the
potential repository emplacement to reach the limits of the model.
This output is referred to as mean lifetime expectancy (MLE) and is
defined by Cornaton and Perrochet [45,46] and Kazemi et al. [47].
The computational cost of the model output precludes the use of
variance-based techniques. A screening exercise is then carried out
at low sample size by means of the elementary effect method and
a comparison is made with regression-based techniques.

The structure of the paper is as follows. First the structure and
parameterization of the numerical model are introduced and the
mathematical formulation of the MLE is presented. Then the
uncertain hydro-dispersive parameters are listed, the design of
experiment using maximin-Latin Hypercube Design is established
and the methodologies for the computation of sensitivity indices
with the elementary effect and regression-based methods are
presented. In the third part the sensitivity indices are interpreted
and an insight on the general behavior of the multilayered system
is given. Results are then discussed in the last section of the
present paper with some recommendations and perspectives for
possible future work.

2. The numerical groundwater flow and mass transport model

2.1. Structure and parameterization of the numerical model

The geology of the Paris basin consists of a succession of
sedimentary layers covering pre-Cambrian bedrock with more
than 3000 m thickness at the center of the basin. The Middle to
Upper Jurassic succession encompasses a 150 m thick clay-rich
layer from Callovo-Oxfordian (COX) age in the middle of which
ANDRA has established the Underground Research Laboratory
(URL) and conducted a number of studies to assess the feasibility
of a deep geological repository for high-level radioactive wastes.
Geo-hydrological data resulting from a great number of deep
investigation boreholes, 400–2000 m in depth, drilled over a
400 km2 sector around the experimental site of Bure allowed to
describe the groundwater flow and the spatial variability of the
hydrodynamic properties of the two main sedimentary formations
embedding the COX layer [49]: the Dogger and Oxfordian
sequences, respectively underlying and overlying the COX. The
investigation of these two sequences revealed the presence of
three main limestone aquifers from Bajocian, Bathonian (Dogger
sequence) and Rauracian-Sequanian (Oxfordian sequence) ages
(Table 1), separated by semipermeable layers.

Gathering and integrating data from borehole logs, seismic
profiles and in-situ and laboratory measurements of material
properties lead first to a 3-dimensions geological model and later
a 3D Finite Elements (FE) integrated regional-local groundwater
flow model for the entire Paris basin (Fig. 1). The model incorpo-
rates 27 geological layers from the Lower Triassic to the surface
(Tertiary formation) and includes a large number of discontinuities
(fractures, faults and troughs) as well as surface hydrographic
network. The flow boundary conditions are mainly represented by
fixed water levels on specific river network nodes and an average
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240 mm/year recharge is integrated by applying source terms on
the model's surface.

Initial values of hydraulic conductivity and porosity for each of
the 27 layers were derived from in-situ and laboratory measure-
ments [1]. The inverse modeling algorithm PEST [50] was then
used to calibrate the hydro-dispersive parameters with respect to
more than 2000 hydraulic head measurements and the maps of
observed flow fields. The resulting model and the associated
parameters distributions was validated and referred to as the
nominal case. More importantly, the region-scale nominal case
model was used to supply realistic boundary conditions to the
local model used in the present work.

The identification of potential release zones to the surface has
allowed the extraction of a 250 km2 area around the site of Bure
from the region-scale model. The local model is bounded to the
North-West by the Marne fault, the main potential outlet of the

aquifer system, to the North-East by the Ornain valley, to the
South-East by the Gondrecourt faults and to the South-West by the
Marne valley (Figs. 1 and 2). It comprises 16 layers out of the 27
layers from the regional model and is limited vertically by two
semipermeable layers in order to encompass only the most
important aquifer formations. The local model was highly refined
to perform flow and solute transport simulations and a high
discretization of the COX formation is also enforced to improve
the stability of the numerical solution of the transport equation. In
summary, the local model consists in 143 numerical layers
comprising more than 8 million nodes for about 16 million
elements which average thicknesses equal to 5 m for a horizontal
resolution of 50–150 m.

Fixed head boundary conditions were derived from the flow
solution of the integrated regional–local model and are applied to
nodes located on the external faces of the local model. Table 1

Table 1
Nominal values for the hydraulic conductivity (K) and porosity (ϕ) of the 16 hydrogeological layers composing the local model.

Hydrogeological unit Type IDa ϕ [–] K [m/s]

Malm Kimmeridgian Semi-permeable NC 0.1320 9.38E�11
Oxfordian Top of upper Sequanian Aquifer 14 0.1585 4.66E�07

Base of upper Sequanian Aquifer 13 0.1615 1.16E�06
Lower Sequanian Semi-permeable 12 0.1756 4.14E�08
Upper Rauracian Aquifer 11 0.1867 2.96E�07
Lower Rauracian Aquifer 10 0.2068 1.05E�07
Upper Argovian Semi-permeable 9 0.2103 4.64E�011

COX Lower Argovian Semi-permeable 8 0.1705 8.00E�13
Upper Callovian Semi-permeable 7 0.1681 1.92E�15

Dogger Lower Callovian (Dalle Nacrée) Semi-permeable 6 0.2043 3.90E�08
Mid-upper Bathonian Aquifer 5 0.2043 7.81E�06
Lower Bathonian Aquifer 4 0.1999 3.90E�06
Marnes de Longwy Semi-permeable 3 0.1878 4.64E�11
Upper Bajocian Aquifer 2 0.1878 1.95E�06
Lower Bajocian Semi-permeable 1 0.2089 5.79E�08

Lias Toarcian Semi-permeable NC 0.2059 1.63E�12

a Identification number of the geological layer in the scope of the sensitivity analysis (NC: not considered in the SA exercise).

Fig. 1. Left: Finite elements mesh for the integrated regional-local scale model with focus on the sector-scale model. Refinement is applied on hydrographic networks (blue)
and faults (red). Right-up: local scale model with identification of the lateral limits. Right-down: the mesh refinement and regularity is illustrated. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)
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gives the nominal values for K and ϕ in the 16 hydrogeological
layers composing the local model.

2.2. Model outputs: flow and lifetime expectancy

Instead of solving time-consuming transient state transport
equation, Cornaton and Perrochet, and Kazemi et al. [45–47]
proposed an alternative by solving a backward-in-time equation
providing the lifetime expectancy probability distribution for any
single point within a domain under stationary flow conditions. The
mean lifetime expectancy (MLE) is the time required for a water
molecule, taken somewhere in the model, to reach an outlet of the
aquifer system. It equals therefore zero at an outlet and grows as
the molecule moves back towards an inlet limit. The formulation is
based on the advective–dispersive transport equation (ADE) and it
applies to conservative and non-reactive tracers. More precisely,
the forward ADE is assimilated to the Fokker-Planck (or forward
Kolmogorov) equation analyzing the random motion of solute
particles [51]. Hence, the expected resident concentration of a
conservative tracer is taken as the probability density function for
the location of a particle, at any time. The reader is referred to the
articles from Cornaton and Perrochet [45,46] for a detailed
description of the equations governing the lifetime expectancy
probability density function.

Let us consider an aquifer domain in which the velocity field is
given by the Darcy law:

q¼ �K ∇H ð1Þ
where q is the flux vector [L T�1], H is the hydraulic head [L], and
K is the tensor of hydraulic conductivity [L T�1].

Considering a forward divergence-free flow field (∇Uq¼0), the
flow direction is reversed: the flux initially equal to q becomes –q.
The backward transport equation governing the lifetime expec-
tancy PDF at any position x, gE(x,t), is [45–47]:

ϕ
∂gE
∂t

¼ ∇U qgEþ D∇gE
� � ð2Þ

where ϕ is the effective porosity [�] and D [L2 T�1] is the
dispersion tensor:

D¼ αL�αTð Þq � q
JqJ

þαT JqJIþ ϕDmI ð3Þ

where αL and αT are the longitudinal and transversal dispersivities
[L] respectively, Dm is the coefficient of molecular diffusion
[L2 T�1], and I is the identity matrix.

The mean lifetime expectancy E(x) at any position x is obtained
by taking the first moment from Eq. (2):

� ∇U qEþD∇Eð Þ ¼ϕ ð4Þ
where it can be seen that the porosity acts as the sink term in the
aging process.

The steady-state Eqs. (1)–(4) were solved with the finite
element simulator GroundWater [52]. The flow and mass transport
differential equations are solved according to the standard Finite
Element Galerkin and the Control-Volume Finite Element techni-
ques. A single simulation run takes about 30 min using a parallel
solver with 6 CPU using the l�24-amd64 architecture.

Flow solution around the site of Bure for the Dogger and
Oxfordian aquifers display a general SSE to NNW horizontal flow
direction [49]. Besides, piezometric levels reveal a vertical flow
inversion a few kilometers north-west of the Bure site (Fig. 2). On
the south-eastern part of the area groundwater flows from the
Oxfordian toward the Dogger sequence, through the COX, while on
the north-western part the waters flow upward.

In the context of our study a selection of 7212 model nodes in
the center of the COX formation is aimed to represent the location
of the repository. Given that the finite elements located in the
repository domain have homogeneous volumes, the arithmetic
mean of the MLE at the 7212 nodes was calculated. This average
MLE stands for the model output response considered in the
context of the SA developed in this paper.

With regard to transport parameters, a mesh-size dependency
with the longitudinal dispersivity is assigned. Using this strategy,
the longitudinal dispersivity αL is set for each mesh element equal

Fig. 2. Distribution of the hydraulic head [m] on the local-scale model. The black dotted line shows the flow inversion line and the vertical projection of the potential
repository emplacement is displayed with a gray dotted-line polygon. (Vertical exaggeration: 20).
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to its equivalent diameter. Transverse dispersivity αT is set to a
tenth of the longitudinal dispersivity. The coefficient of molecular
diffusion (Dm) is set to 2.3�10�9 m2/s and corresponds to that of
pure water (H2O).

Fig. 3 gives an insight of the lifetime expectancy distribution
throughout the model in the nominal case. It takes approximately
2 million years for water molecules located in the potential
repository to reach an outlet of the model (Fig. 3). Lifetime
expectancies are lower in the Dogger and Oxfordian sequences
where the relatively high permeabilities of their sedimentary
formations favor fast advective fluxes. Because of their highly
confining properties the transport process in the COX layers is
essentially driven by diffusion. This feature is highlighted by the
high values of MLE shown in Fig. 3b.

3. Methodology of sensitivity analysis

3.1. Uncertain hydro-dispersive parameters

Within each hydrogeological layer considered in the model, the
decimal logarithm of the hydraulic conductivity (K [L T�1]) values
as well as the natural porosity (ϕ [�]) values follow normal
distributions. The Hagen–Poiseuille law for laminar flow through
fractured media acknowledges a correlation between both para-
meters [53,54], hence parameters K and ϕ within a single layer
must be taken jointly when achieving a perturbation of their
nominal values (Table 1). In the following, the term “petrofacies”
will refer to these couples of hydro-dispersive parameters and
identification numbers (ID) are assigned to each layer investigated
in the SA exercise. The reader should note that the Kimmeridgian
and Toarcian layers, located respectively on top and bottom of the
local model, are not considered (NC) in the SA exercise but are yet
included in the numerical model.

The SA exercise consists in a perturbation of each petrofacies
around their nominal value. Based on the observation of the joint
distributions for both K and ϕ in each layer, a linear approximation
of the Hagen–Poiseuille law can be assumed where the magnitude
of the perturbation is minor. Accordingly, the logarithm of the
multiplicative factor applied to the K values (log(Kmult)) can be

linearly correlated to the multiplicative factor applied to the ϕ
values (ϕmult) using the following empirical relationship:

ϕmult ¼ 0:15 log Kmultð Þþ1 ð5Þ

A minor perturbation is assumed when the nominal hydraulic
conductivity values are shifted by a factor which does not exceed
10, i.e. multiplied or divided by 10. Consequently, and using Eq. (5),
the multiplicative factors applied to porosity values fall in
[0.85; 1.15].

Space-filling designs use algorithms that purposely construct
the experimental matrix such that the samples are uniformly
spaced within the unit hypercube, thus avoiding clustering of
sampling points in any region of the latter. Among the wide
collection of space-filling designs the maximin Latin Hypercube
Design (MLHD) [32,48] spreads out the experimental points by
maximizing the minimum distance between any two points.

Considering the whole set of n experiments to carry out, each
of the k input factors follows a uniform distribution U(0,1) where
the sampled levels stand for quantiles of user-defined distribu-
tions. To comply with the observed statistical distributions of
hydro-dispersive parameters in the model the sampled quantiles
are associated to the CDF of a normal distribution N(0,1/3). Using
these settings, and according to the three-sigma rule (also known
as the 68–95–99.7 rule or empirical rule), the major proportion of
the converted samples lie in the interval [�1; 1]. To retrieve the
multiplicative factors that apply to hydraulic conductivity values,
these samples are taken as power exponents of 10. In other words,
the normally distributed samples provided from the above sam-
pling scheme are transformed such that the eventual experimental
matrix contains a major proportion of samples lying in [10�1; 101]
with a mean value equal to 100. Using Eq. (5) the corresponding
multiplicative factors that apply to the porosity values are recov-
ered and most belong to the interval [0.85; 1.15]. The normal
distribution does not guarantee that all the multiplicative factors
are bounded to the above-mentioned intervals for either Kmult or
ϕmult but most are. In the event that a multiplicative factor for K
(respectively ϕ) is much larger than 101 (respectively 1.15) or
much lower than 10�1 (respectively 0.85), the sampling process is
reiterated.

Fig. 3. Mean lifetime expectancy for the nominal case. (a) 2D horizontal section on top of the COX sequence with a vertical projection of the potential repository
emplacement. (b) 2D sections through the 3D volume of the local model.
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3.2. Elementary effects methodology

3.2.1. The original Morris method
The method originally proposed by Morris in 1991 [14]

enhanced by Campolongo and co-workers [12] is a class of OAT
screening technique that belongs to the class of derivative-based
global sensitivity analysis (DGSA). By averaging multi-dimensional
local measures, this method provides a global sensitivity measure
capable of identifying the factors with (1) negligible effects,
(2) linear and additive effects or (3) nonlinear and/or interaction
effects [55]. Assuming a model with k input factors, the
k-dimensional input space Ω is discretized into a regular p-level
grid, each level representing a quantile of the Cumulative Dis-
tribution Function (CDF) for factor xi. A starting points xn is
randomly chosen within Ω and a so-called trajectory is drawn
by shifting each factor, one-at-a-time, by a fixed increment Δ,
leading to kþ1 model runs. For each factor xi, an Elementary Effect
(EEi) is defined as the ratio between the change in model output
and the increment Δ:

EEi ¼
Y x1; …; xiþΔ;…; xk
� ��Y x1;…; xi;…; xkð Þ

Δ ð6Þ

The procedure is repeated r times, considering different start-
ing points xjn, j¼1, … r, so that local sensitivities can be integrated
to global sensitivity measures for each factor:

� the mean effect μi of factor xi is computed as the average of its
EEi(j) and assesses the global influence of the factor:

μi ¼
1
r
∑
r

j ¼ 1
EEðjÞ

i ð7Þ

� In case of non-monotonicity, the elementary effects EEi(j) can
have opposite signs and cancel each other in the computation
of the above sensitivity measure. The arithmetic mean of the
absolute value of the EEi(j) is also considered [12]:

μn

i ¼
1
r
∑
r

j ¼ 1
EEðjÞ

i

��� ��� ð8Þ

� the standard deviation of the EEi(j) provides a measure of how
uniform the effects are by highlighting the presence or absence

of non-linearities and/or interactions with other parameters:

σi ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

r�1
∑
r

j ¼ 1
EEðjÞ

i � μi

� �2
s

ð9Þ

Factors with negligible effects are characterized by low values
of μi

n and σi. Factors with linear effects present low values of σi and
high values of μi

n while factors with non-linear and/or interaction
effects display high values for both. The comparison of |μi| and μi

n

gives an insight of the monotonicity of the output variable with
respect to the input factor xi, the closer the two variables, the
higher the monotonicity.

3.2.2. A new sampling strategy and its application to the petrofacies
screening

The procedure proposed in the present paper is a combination
of the Radial Sampling (RS) introduced in Campolongo et al. [13]
and the LH-OAT proposed by van Griensven et al. [9]. The Latin
Hypercube Radial Sampling (LH-RS) starts with a Latin Hypercube
Design (here the MLHD) filling the input space and from each
sample point xjn a radial trajectory is drawn by shifting each input
factor, taken one at a time, by a random perturbation Δi

j that
differs for each factor and for each trajectory. According to
Campolongo et al. the use of an increment that is not fixed
contributes to
a better identification of the irregularity of the output response
with respect to the input variables. Besides, no discretization of Ω
is achieved in order to leave more flexibility to the design of RS
trajectories. The sensitivity measures are calculated the same way.
Fig. 4 provides a comparison of the designs of trajectories when
using the original Morris method and the new LH-RS method
proposed in this paper.

By designing r starting points xjn with a MLHD considering k
factors the sampling strategy leads to n¼r(kþ1) simulations runs.
An iterative procedure was introduced in the design of radial
trajectories in order to obtain the best spread of sampling points in
Ω. The procedure is based on the calculation of distances between
trajectories. Using the strategy proposed by Ruano et al. [56]
iterations are executed on the design of radial trajectories, starting
with the same set of points xjn, until an optimal spread of sampling
points is achieved. The resulting experimental matrix, containing
quantiles distributed on [0; 1], is converted into multiplicative
factors according to the procedure presented in Section 3.1.

3.3. Regression-based sensitivity analyses

3.3.1. Standardized regression coefficients (SRC)
A regression model is a mathematical approximation (or

metamodel) of the true function f(x) which quality is assessed by
the coefficient of multiple determination R2 [57]. This well-known
statistic indicates the amount of variance of the output explained
by the regression model and is distributed on [0, 1]. In matrix
notation the multivariate regression equation is written:

Y¼Xβþ ε ð10Þ
where Y is the vector of the “true” output responses, X is the
regression matrix, β is the vector of the regression coefficients,
and ε is the vector of random errors.

Saltelli et al. [58] suggested that a value of R2 larger than 0.7,
indicating that less than 30% of the variance of the output remains
unexplained by the regression, is acceptable for a sensitivity
analysis based on regression measures.

A regression equation is said to be linear when only the input
variables are considered for its construction. When the

Fig. 4. Illustration with 2 factors of trajectory designs for the Elementary Effect
methodology using Morris strategy with fixed increment and discretization of the
input space (black dots) and LH-RS strategy with random increments and no
discretization (black squares). The xn are the initial points for the design of each
trajectory.
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assumption of linearity between input factors and output response
is accepted (R240.7) the standardization of the coefficients of the
linear regression equation can be used as a tool for SA [23,35,59–
61]. The SRC for the input factor xi is computed as follows:

SRCi ¼ bi

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Var xið Þ
Var Yð Þ

s
ð11Þ

where bi is the estimated regression coefficient for the input factor
xi and Y is the vector of “true” responses. All the SRCs are
distributed on the interval [�1, 1] and the closer the value of SRCi
to zero the lower the influence of parameter xi on the output. The
sign of a SRCi indicates whether the input and output variable are
proportionally related (i.e. positive sign), or inversely related (i.e.
negative sign).

3.3.2. Response surface model (RSM) – stepwise regression
A response surface model (RSM) [22,57,62] is a regression

equation which may involve high-order terms as well as interac-
tion terms to better fit the response data in the event of strong
non-linearities or interactions between factors in the inputs–
output relationship. Stepwise procedures [35] are techniques used
to select the set of regression terms that provides the best fit of the
regression function upon the response data. Broadly speaking,
stepwise procedures consist in sequentially adding or removing
one or more terms from a regression equation and to analyze the
accuracy of the fit using the coefficient of multiple determination.
Since the R2 statistic is subject to many disadvantages in the
performance of a sequential regression model construction,
experimenters frequently use an adjusted coefficient of multiple
determination Radj [63–65]:

Radj ¼ 1� n�1
n�p

1� R2
� �

ð12Þ

where n is the number of output response (or model runs) and p
the number of regression coefficients considered in the
regression model.

The purpose of a stepwise procedure is to generate a regression
model that only includes terms significantly reducing the unex-
plained variance. Similar to the SRCs, the magnitude of the
regression coefficients gives an indication of the influence of the
associated regression terms on the output response. The sign of
a coefficient also indicates whether the associated term is pro-
portionally or inversely related to the output response.

3.4. Application to the screening of petrofacies of the local model

In the context of our study a set of r¼20 starting points xjn is
designed with a MLHD. Considering k¼14 factors the LH-RS
strategy led to n¼r(kþ1)¼300 simulations runs. Each sampled
point led to a petrofacies combination using the procedure
presented in Section 3.1. The corresponding output responses
were used to compute the sensitivity indices with the elementary
effect methodology.

Another design of 300 samples was built purely with the MLHD
and the corresponding output responses were used to construct
the regression and RSM models and to calculate the sensitivity
indices.

Even with different sampling schemes it is assumed that 300
realizations for each design are sufficient to capture the main
features of the model. The simulations of groundwater flow and
mass transport were executed concurrently on a 128-processor
Linux cluster where a single simulation run takes about 30 min
using a parallel solver with 6 CPU using the l�24-amd64
architecture.

3.5. Savage scores

The objective of a screening exercise is essentially to determine
the set of factors that mainly drive a specific phenomenon, but also
the set that has no significant effect on the variable under study. It
becomes then of importance to compare different SA methods by
measuring their degree of agreement. A commonly used tool is the
rank transformation, in this procedure the sensitivity indices are
simply replaced by their corresponding ranks, i.e. rank 1 will be
assigned to the most sensitive parameter, rank 2 to the second
most sensitive, and so on. For the ranking of parameters with the
Elementary Effect method the sensitivity index μi

n is used since it
stands for a sensitivity measure of the overall influence of the
factor xi on the output response.

The Savage scores are indices computed on ranks and can be
employed for the comparison of results obtained from various SA
methods [5]. The indices are calculated as follows:

si ¼ ∑
k

j ¼ w
1=j ð13Þ

where w is the rank assigned to an input factor according to the SA
method employed.

The Pearson correlation measure is then used as an indicator of
the agreement between methods.

4. Results

4.1. Elementary effects

Results of the EE method are presented in Fig. 5 and Table 2.
Fig. 5 displays the μi

n statistics versus the standard deviations σi of
the EEs for each parameter xi, where the petrofacies are identified
by their ID number. Table 2 gives the three sensitivity measures
calculated with Eqs. (6)–(9). A first observation arising from this
analysis is that petrofacies having a strong overall influence on the
MLE (high μi

n value) are also involved in strong interactions with
other petrofacies and/or have high-order effects on the output
response (high σi value); in Fig. 5 the points lie on the diagonal.
Second, the comparison of |μi| and μi

n suggests near-monotonous
relationship between inputs and output variables (Table 2).

Fig. 5. Sensitivity measures using the Elementary Effects method for the 14
petrofacies of the local model. Petrofacies are identified by their ID number (see
Table 1).
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The petrofacies P14 has the largest σi value, which is also
captured in the overall effect sensitivity measure μi

n. This makes
the top of the Upper Sequanian formation the most influential
petrofacies on the MLE according to the EE method. This char-
acteristic is consistent with the general behavior of the model: in
the north-western part of the model the groundwater flows
upward (Fig. 2) and higher volumes can potentially leave the
model from its upper limit if the confining properties of the top
layer are reduced.

Petrofacies from the Bathonian sequence (P4 and P5) are highly
sensitive due to the strong advective fluxes occurring in these
formations; their hydro-dispersive properties can highly reduce
the MLE, as revealed by their high and negatively inclined μ values
(Table 2).

The MLE is inversely related to the petrofacies of the Upper
Argovian (P9) semipermeable layer (Table 2). This feature is
consistent with its confining properties and the proximity of the
Rauracian aquifers resting directly above. Indeed, a raise of its
hydraulic conductivity facilitates the groundwater fluxes toward
the overlying aquifers where advective fluxes reduce the MLE.

Another interesting observation concerns the uncertainty
regarding the hydro-dispersive parameters of the semipermeable
layers from Lower Bajocian (P1), Marnes de Longwy (P3), Callovian
(P6 and P7) and Lower Argovian (P8) which present low sensitivity
indices.

Given the general flow trend, where a wide region of the model
is governed by ascendant fluxes, and the depth of the Lower
Bajocian layer with respect to the COX layer, most of the ground-
water travels through the overlying formations which have little
retarding effects. The retardation effect of the thin clay layer
named Marnes de Longwy (P3) is negligible since it is located
between two aquifers, from Bajocian and Bathonian ages, where
advective fluxes dominate. Similarly, raising the hydro-dispersive
properties of the Lower Callovian (Dalle Nacrée) layer can reduce
the MLE (negative μ values) by enhancing the advective-diffusive
fluxes toward the Bathonian sequence. However, this thin layer
does not manifest a significant influence on the output response.

The petrofacies of the COX formation also have little, inversely
related, influence on the MLE. Since diffusion is the dominant
transport process in these layers, increasing their very low
hydraulic conductivity does not affect the MLE compared to
advection-dominant transport found in aquifers.

The low sensitivity indices of the aquifers from Upper Raur-
acian (P11) and the base of the Upper Sequanian (P13) could be
related to their relative positions on either side of the semiperme-
able layer from Lower Sequanian. Indeed the latter has high
sensitivity indices because of its confining properties which

prevent waters from flowing upward to the upper limit of
the model.

4.2. Standardized regression coefficients

A multiple linear regression model was fitted on the obtained
responses and yielded an R2 statistic of 0.87. This relatively high
value of R2 validates the assumption that the inputs–output
relationship is pseudo-linear and the use of SRC for SA purpose
is adequate.

Values and associated ranks of the SRCi are given in Table 2.
When focusing on the 5 petrofacies having the highest sensitivity
measures, both μi

n and SRCi display the same set except for one.
The EE method includes the petrofacies of the Upper Argovian (P9)
while the SRC considers the petrofacies of the base of the
Upper Sequanian (P13). This divergence could be explained by
the specificities of each method: unlike the EE method, the SRC
method relies on a linear approximation of the true function and,
with a R2¼0.87, a proportion of 13% of the variance of the output
remains unexplained by the multi-linear regression. This could
possibly underestimate or overestimate the overall sensitivity of a
given factor. However, both methods clearly identify the petrofa-
cies of the Bathonian sequence (P4 and P5) as parameters having a
strong influence on the MLE.

It is interesting to note that both methods agree on the lesser
effects of the hydro-dispersive parameters of the COX layers on the
output response. As mentioned previously, diffusive fluxes dom-
inate the transport process in these formations and a modification
of their very low hydraulic conductivity does not have a significant
impact on the travel time of water molecules from the potential
repository emplacement. Like the EE method, the SRC method
acknowledges the strong influence of the petrofacies of the top of
the Upper Sequanian layer (P14), reducing the MLE with fluxes
oriented toward the upper limit of the model.

4.3. Savage scores

The Pearson correlation measure on the Savage scores obtained
for the 14 factors with both the EE and SRC methods displays a
value of 0.61, which indicates a rather good agreement between
the two sensitivity measures. The correlation is investigated in
Fig. 6 and the values of Savage scores are given in Table 2.

A good agreement is observed for the ranking of petrofacies P4,
P5, P12 and also for the parameters displaying lesser influence on
the output (i.e. P1, P7, and P8). A larger disagreement between
methods is observed for petrofacies P14 and P9. This could be
explained by the presence of high-order and/or interactions effects

Table 2
Values of the sensitivity measures, ranks and Savage scores obtained with the EE and the SRC methods.

Petrofacies EE method μ EE method μn EE method σ EE method ranks EE method Savage scores SRC SRC ranks SRC Savage scores

P1 8.06Eþ04 1.17Eþ05 7.21Eþ04 11 0.32 �0.0294 10 0.42
P2 1.96Eþ05 2.67Eþ05 2.25Eþ05 6 0.97 �0.1083 9 0.53
P3 5.83Eþ04 1.75Eþ05 1.27Eþ05 8 0.66 0.0262 11 0.32
P4 �3.07Eþ05 3.71Eþ05 1.99Eþ05 3 1.75 �0.3071 3 1.75
P5 �4.36Eþ05 5.00Eþ05 2.28Eþ05 2 2.25 �0.7133 1 3.25
P6 �4.48Eþ04 5.52Eþ04 1.23Eþ04 13 0.15 �0.1178 8 0.66
P7 2.33Eþ04 9.31Eþ04 5.90Eþ04 12 0.23 0.0015 14 0.07
P8 2.56Eþ04 3.12Eþ04 1.59Eþ04 14 0.07 0.0121 12 0.23
P9 �2.42Eþ05 3.53Eþ05 2.59Eþ05 4 1.42 0.01 13 0.15
P10 1.79Eþ05 2.64Eþ05 1.97Eþ05 7 0.80 �0.1252 7 0.80
P11 �1.19Eþ05 1.34Eþ05 3.95Eþ04 10 0.42 �0.1792 6 0.97
P12 �1.83Eþ05 2.91Eþ05 1.43Eþ05 5 1.17 �0.3314 2 2.25
P13 �1.30Eþ05 1.38Eþ05 3.15Eþ04 9 0.53 �0.2001 5 1.17
P14 �8.96Eþ05 9.76Eþ05 8.47Eþ05 1 3.25 �0.2864 4 1.42
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which the SRC method fails at identifying whereas the sensitivity
measure μi

n incorporates (Fig. 5). These features are investigated in
the following section with help of the Response Surface
Methodology (RSM).

4.4. Response surface methodology – stepwise regression

A RSM was built upon the output responses to include high-
order and interaction terms. According to expert judgment, inter-
actions between hydrogeological layers that are not adjacent are
unlikely to occur, especially if they are not linked. Hence, the
regression matrix should only include interaction terms between
petrofacies of adjacent layers; which led to 13 interaction terms.
Second and third order effects of petrofacies on the output
response are highly expected, the corresponding terms have been
included in the regression matrix. The resulting mathematical
formulation consists of 56 terms, including a constant term, and is
of the form of Eq. (10). The associated adjusted coefficient of
determination is Radj¼0.929. The stepwise procedure was applied
on this RSM and yielded a model comprising 36 terms, including
the constant term. The latter produces a statistic slightly better
than with the full regression model; with a Radj¼0.932. The
remaining 7% of unexplained variance might be due to higher-
order effects or interactions which were not considered; however
these aspects are not investigated here. Fig. 7 gives a ranking of the
regression terms according to the magnitude of their associated
regression coefficients bi.

The main feature arising from the observation of the coeffi-
cients of the RSM is the presence of strong high-order terms for
most of the petrofacies considered in the study. In particular, the
petrofacies of the Bathonian sequence (P4 and P5) exhibit strong
first, second and third orders effects which dominate the set of
sensitive parameters. The results show a positively defined regres-
sion coefficient associated to the interaction term P4–P5 (Fig. 7).

The petrofacies of the top of the Upper Sequanian (P14), the
Lower Sequanian (P12) and the Lower Rauracian (P10) also
strongly influence the model's response with linear and high-
orders effects. The three layers belong to the Oxfordian sequence
where, as a result of the ascending water fluxes, most of the solute
flows toward the model limits. By raising their hydro-dispersive
parameters the solute transport is facilitated and the MLE
decreases. The linear and high-order effects of the “Marnes de
Longwy” sequence (P3) are also captured. Assigning strongly

confining properties to this layer decreases the time required for
water molecules from the potential repository emplacement to
reach an outlet limit.

5. Conclusions

The present paper serves as a preliminary study in the
thorough exploration of the hydrogeological numerical model of
ANDRA Meuse/Haute-Marne developed within the framework of
the high and intermediate level long lived radioactive waste
geological repository project. The computational cost of the
numerical model introduced in the presented study is the main
restriction to the performance of any sensitivity analysis.

In order to capture the main features of the transport process
through the multilayered system a sensitivity analysis was per-
formed upon uncertain couples of hydro-dispersive parameters
(the hydraulic conductivity K and the porosity ϕ) referred to as
petrofacies. The variable under study is the mean lifetime expec-
tancy (MLE) defined as the average time for a water molecule,
taken from the potential repository emplacement volume, to reach
an outlet of the model. The results from a screening exercise using
the Elementary Effect methodology with a new sampling strategy,
the Latin Hypercube Radial Sampling (LH-RS), were compared to
those obtained with regression-based methods.

When considering the Oxfordian sequence, the 250 m-thick
Rauracian–Sequanian aquifer (P10–P14) represents a great source
of variability for the MLE and, according to the sign of their
sensitivity indices, the petrofacies of these formations are inver-
sely related to the latter. The transport mechanism being mainly
advective in these entities, they can be interpreted as fast-flow
paths that reduce the transit-time from the potential repository
emplacement to an outlet of the model. Additionally, the RSM
coupled with stepwise procedures (Fig. 7) identified high-order
effects of these petrofacies on the output under study.

Within the Dogger sequence the two petrofacies of the Bath-
onian aquifers (P4 and P5) are the most overall sensitive forma-
tions with respect to their contribution to the variance of the
model output, and both are characterized by large high-orders
effects (Fig. 7). Given the general groundwater flow gradient in the
studied domain (Fig. 2), fluxes crossing the potential repository
emplacement enter the Bathonian aquifers where a relatively high
advective flux reduces the MLE. In combination, or interaction, the
effect is proportionally related to the MLE, which could indicate
that, when high hydro-dispersive properties are attributed to both
layers, dispersive processes increase and the MLE rises.

According to this study the semi-permeable layers exhibit very
little effects on the MLE (Table 2 and Fig. 7). Diffusive transport
processes are very slow compared to advective processes, a change
of porosity values (and consequently a change in the effective
diffusion) in the semi-permeable layers modifies slightly the
transit time to surrounding hydrogeological formations. It must
be emphasized that layers with confining properties act as barriers
where slow dispersive processes take place within their own
volume.

The SA methods used in this study disagreed on the magnitude
of the effect of the Upper Argovian semi-permeable layer (P9). The
EE methodology identifies this petrofacies as part of the five most
important factors in the model while regression-based methods
barely capture its effect (Table 2 and Fig. 7). Further study might be
needed in order to thoroughly interpret its effect on solute
transport through the multilayered system.

In the present study some limitations are acknowledged.
It might be of interest to propagate the uncertainty on the
boundary conditions distribution throughout the model in order
to estimate its influence on the general flow paths. To better

Fig. 6. Cross-validation by Savages Scores for the sensitivity measures obtained
with the EE and SRC methods.
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capture the individual effects of the two hydro-dispersive para-
meters a posterior study might consider, for each layer, both
parameters K and ϕ separately but assuming correlations between
them. The definition of exclusive statistical distributions for each
factor, instead of performing a uniform perturbation of their
nominal values, should also be undertaken to better comply with
field data distributions. Besides, the effective diffusion parameter
in each layer could be taken into consideration for a more
complete study.

Other SA techniques such as variance-based [55] could also
been applied on the modeled response resulting from a mathe-
matical model; using Polynomial Chaos Expansion for example
[6,27–30].
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