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Abstract

Methods for efficient variance-based global sensitivity analysis of complex high-dimensional problems are presented and
compared. Variance decomposition methods rank inputs according to Sobol indices that can be computationally expensive
to evaluate. Main and interaction effect Sobol indices can be computed analytically in the Kennedy and O’Hagan framework
with Gaussian processes. These methods use the high-dimensional model representation concept for variance decomposition
that presents a unique model representation when inputs are uncorrelated. However, when the inputs are correlated, multiple
model representations may be possible leading to ambiguous sensitivity ranking with Sobol indices. In this work, we present
the effect of input correlation on sensitivity analysis and discuss the methods presented by Li and Rabitz in the context of
Kennedy and O’Hagan’s framework with Gaussian processes. Results are demonstrated on simulated and real problems
for correlated and uncorrelated inputs and demonstrate the utility of variance decomposition methods for sensitivity analysis.
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1. INTRODUCTION

Designing large complex systems requires a thorough under-
standing of the relative importance of input variables and their
interactions with respect to the desired system outputs. Having
the knowledge of relative sensitivity of input design parameters
or uncertain random variables can help the designers in a num-
ber of ways including accelerating design exploration and rec-
ognizing a set of critical design or uncertain variables that
need more attention, to name a few. Primary methods for sen-
sitivity analysis include screening, local, and global methods as
shown in Figure 1. Screening methods primarily include scat-
ter plots, regression analysis, and correlation coefficients. Such
methods are effective with linear models where only main ef-
fects are desired. Nonlinearity in the models or desire to study
interaction effects raises the need for more sophisticated
methods. One factor at a time and the more specialized Morris
methods can handle nonlinear models but are only suited for
capturing main effects (Iooss & Lemaitre, 2015).

Partial derivatives of the system response with respect to an
input variable averaged in some sense over the whole domain
can provide reasonable metrics for sensitivity analysis. How-
ever, there are two problems with these methods. Unless true
gradients can be computed cheaply for the system response,
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partial derivatives have to be computed from a metamodel
emulating the system response. Accuracy of gradients pre-
dicted by metamodels generally cannot be quantified. One
would hope that gradients become increasingly accurate as
the number of training points to build the metamodel in-
crease; however, one cannot be sure on a lower bound on
the number of training points. In addition, averaging a partial
derivative over the entire input domain becomes computa-
tionally expensive as the number of dimensions increases.
Variance-based global sensitivity analysis methods perform
an exhaustive sensitivity analysis capturing main, interaction,
and total effects. However, these methods tend to be compu-
tationally expensive, and over the past decade new methods
have been developed to alleviate this computational burden.
Figure 2 shows a comprehensive review of sensitivity analy-
sis methods with increasing nonlinearity and problem dimen-
sionality. Variance-based methods are clearly more suited to
problems with high-order interactions. Next, we focus on the
variance-based global sensitivity methods and address issues
about nonuniqueness and ambiguity in interpreting results
when correlation is introduced in the input variables. For a
more detailed review of methods, please refer to the refer-
ences (Saltelli et al., 2000; Sudret, 2008; Iooss & Lemaitre,
2015). In Section 2, we present the theoretical details of var-
iance-based global sensitivity analysis methods and discuss
issues in the presence of input correlation. We also present
methods from Li et al. (2010) that reformulate Sobol indices
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to handle input correlation. In Section 3, we present some
simulated examples with and without input correlation, and
finally, sensitivity analysis on a 100-dimensional nonlinear
thermal problem. Section 4 discusses our conclusions.

2. METHODS AND TECHNIQUES

In this section we will focus on variance-based global sensitivity
methods. In Section 2.1, we will first present the variance de-
composition concept and the definition of Sobol indices
followed by the high-dimensional model representation

(HDMR) method in Section 2.2. Then we will focus on the
Kennedy and O’ Hagan framework in Section 2.3 and present
computation of Sobol indices in Section 2.4. We will ad-
dress the effect of correlation on HDMR and the Li—Rabitz
method in Section 2.5. Section 2.6 covers problems with in-
put correlation.

2.1. Variance-based global sensitivity methods

Variance-based global sensitivity analysis investigates how
the uncertainty in the system response of a mathematical/
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Fig. 2. Review of sensitivity analysis methods with increasing dimensionality and nonlinearity (Iooss & Lemaitre, 2015).
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simulation model of a system can be divided among the dif-
ferent uncertain inputs and their interactions. In this section,
we will go over the foundation of variance decomposition
for sensitivity analysis and high-dimensional model represen-
tation and then present application of these methods for
Gaussian processes in the popular Kennedy and O’Hagan
framework (2001).

In this work, the model of a system could also be an actual
experiment that studies the system with pointwise evalua-
tions. Such methods rank the inputs according to the follow-
ing criteria: if the true value of the uncertain parameters is
known, then how much variance there is in the output can
be reduced. Higher reduction in variance means that the out-
put is more sensitive to that input as shown in Figure 3.

Here it is important to distinguish between polynomial re-
gression-based analysis of variance methods and the generic
variance decomposition methods. Analysis of variance methods
are also variance decomposition methods but specialized for
only polynomial models. In many real problems with sparse
data, polynomial models are insufficient. In addition, regression
coefficients of various responses may not be normalized and
thus may require more sophisticated variance decomposition
methods (Reuter et al., 2011).

Sobol indices are defined as in Eq. (1):

_ Var(E)
P var (Y)

. @

Here Y is the system response and X is the input variable.
Var[.] and E[.] are the variance and expectation operators, re-
spectively. Similarly, Sobol indices for two-way and high-
order interactions can be written as in Eq. (2):

o Var(E(Ypy) o o
Si = Var(Y) Si=5i
_ Var(E(Y|x,))
V*W_Svfl_sv72_"'_s2_sl- 2

Here v refers to multi-index high-order notation ranging from
v=123,v=1,2,4,...,v=1,2,dandsoontov =
1,2,...,d, where d is the number of dimensions. Total effect
of an input X, is defined as the sum of all partial sensitivities
involving the input X,,, or in other words, the sum of the main
and interaction indices for a particular input. For example,

Output
Variance __ /\
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total sensitivity Sobol index of input X; can be written as

i,j=l:d
Z Sij+"'+S12md =1,

d
ZS,' +
i=1

P A3)

The Sobol indices are known to be good descriptors of the
sensitivity of the model to its input parameters, as they do not
suppose any kind of linearity or monotonicity in the model.
The above expressions for Sobol indices can be estimated di-
rectly with a model that is relatively inexpensive to evaluate.
However, in reality, simulation models or physical experi-
ments are rarely inexpensive. In such problems, metamodels
such as artificial neural networks, radial basis functions, and
Gaussian processes are of use as they can be evaluated mil-
lions of times to estimate Sobol indices given in Eq. (1).

Even though metamodels replace the black box simulation
models, computation of Sobol indices by directly sampling a
metamodel becomes computationally expensive quickly as
the number of dimensions increase. Variance of the system re-
sponse Var[Y] and Var[E(Y|X;)] are high-dimensional inte-
grals that are computationally prohibitive to estimate both
by Monte Carlo sampling or sparse grid-based quadrature.
Special methods discussed later are needed to tackle this com-
putational cost.

2.2. High-dimensional model representation

We can certainly estimate the Sobol indices using a metamodel
y(x). Sobol decomposition of y(x) is written uniquely as an
HDMR representation in Eq. (4) if the inputs x are uncorrelated:

i,j=1:d

d
y(x) =20 + ;Zi(xi) + > Gnx) + ot zina @)

Here, the effect functions z;(x;) are given as in Eq. (5) (Oakley
& O’Hagan, 2004):

20 = E[Y],
2 = E[Y|v] — E[Y],
zj = E[Y|x;, ;] — zi(x;) — zj(x;) — E[Y],
Zijk = E[Y|x;, x5, %] — zi(x) — zi(x5) — zeCn) — zi5(xi, %)
— 255, x0) — zae(xi, x0) — E[Y]. ®)
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e
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Fig. 3. Variance decomposition.
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It is important to note that by construction E[z;] =0, E[z;] =0
and E[z;;] = 0. Finally, Sobol indices are given by

2.3. Kennedy and O’Hagan framework

Kennedy and O’Hagan (2001) presented a framework to ac-
complish a variety of tasks such as building metamodels, per-
forming probabilistic calibration of simulation parameters with
respect to observed data, and building a metamodel for the dis-
crepancy between a calibrated simulation model and observed
data. Researchers at the Los Alamos National Lab first released
a Matlab implementation of this framework in the gpmsa soft-
ware package. At GE Global research Center, we have built the
GE Bayesian hybrid modeling framework as shown in Figure 4
with some core components from gpmsa and several signifi-
cant enhancements developed in-house at GE. For more de-
tails, please refer to Wang et al. (2011), Chennimalai Kumar
et al. (2012), Subramamiyan et al. (2012), and Chennimalai
Kumar et al. (2013). Borrowing notation from Oakley and Ha-
gan (2004), we will first describe the Kennedy and O’Hagan
theoretical framework and then delve into computation of So-
bol indices with GPs in this framework. In this figure, 0; repre-
sents any calibration parameters a simulation may have. In the

A. Srivastava et al.

Kennedy and O’Hagan framework, sensitivity analysis is done
both on input variables and calibration parameters.

Input Data: Let X : Training data with m rows and d input
dimensions and Y be the output data. Here &; represents the
ith vector of X.

Prior GP: N(0, (rzc(x, X))
Posterior GPq(x): N (m*(x), o2c*(x, %))
m*(x) = t(x)TAT'Y
c*(x, %) = c(x, £) — 10T AT 1(®). 6)

Here, t(x)T = [c(x, &1), c(x, &), . . ., c(x, &,)] and

&, &) cé,8) e, &)
C(gz, gl) c(§2’ §2) C(gZ’ gm)

- : : : ’ )
C(gmv gl) C(§m7 gZ) C(‘Em’ gm)

c(x, %) :iﬁexp[—[}\xi — % + L 8)
A l Aws

Here 3, 1/\;, and 1/\ws are parameters that need to be esti-
mated. In the Kennedy and O’Hagan framework, they are es-
timated with a Markov chain Monte Carlo method.
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Fig. 4. Bayesian hybrid modeling framework. GEBHM, Bayesian hybrid model implementation at GE that is the in-house implementation

of Kennedy and O’Hagan framework.
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2.3.1. Deriving effect functions analytically for Gaussian
process models in the Kennedy and O’Hagan framework

From Oakley and O’Hagan’s 2004 paper, the posterior
mean of any linear functional of a GP, such as an integral,
is also a GP. Using this principle, Oakley and O’Hagan derive
linear functionals for a GP with a polynomial mean function.
In the rest of this work, the posterior mean and variance of a
GP are given by E*[] and Var*[], respectively. Simplifying
those expressions for a zero mean GP and the covariance ker-
nel used in Eq. (8), we get

E[Y] = J NX)dG(x) = TA™'Y. 9)
X

Here T is an integral computed over all d dimensions for each
of the m input data points. For the BHM GP, all inputs are as-
sumed to be uniformly distributed and scaled between [0, 1].
For the kth row of the input data TT&;] is given as

d

1
T&] = H L c(xi, §)dx;

i=1

d 1 1 ) 1
—exp|—B;|xi — + —dx;.
1| el - &Pl o

i=1

10)

Applying the transformation (please note, here y represents
the transformed variable only, whereas Y in the paper repre-
sents the system response or output in question),

y= \/Bwi‘xi — &

dy = \/Bjdxi,
1 [ o dy 1
I

T[gk] = ), Aws

a= \/7§k1’
b= \/>‘ gkl

- gkia

)
and b = /B;|1

H

le

Tlg] = V2Bi(1 - &) - ®(V2BE).  (12)

Finally, from Egs. (11) and (12) we can compute E[n(x)].
®(x) is the norm cdf function. Here ¢3 is a m X p matrix where
csli, j] is the jth component of 7TT§;] given as

| R 1
Tlg] = Eg“(gk’ B+ e (13)
Next, we focus on the computation of E[Y|x,] given by
E[Y|x,] = J ”r](x)dG_p|p(x,,,|xp). (14)

P

Here, X, means integration over all dimensions except the pth
dimension, and G, (x—, |x,) represents the product of input
probability distributions of all the inputs except the pth input.
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From Oakley and O’Hagan (2004), the posterior mean of
E[Y|x,] is given as

E[Y\xp}:[ NEHEYI)] = oA Y. (15)

This would yield the main effect function as z; = [T;(x;) — T]
A~!Y. Similarly, zi = [T () — zilx) — zj(x) — T]A™'Y. Fol-
lowing Eq. (12), T,(x,) can be written as

! 21 TT e !
Tpl&] = /\—Zexp[—B,,|xp A ]i:ll:[#p 3§, By) + s (16)
It is important to note here that in the computation of the
effect functions z;(x;) the 1/Aws term cancels out. In general,
1/Aws is usually close to zero, and in most problems it is ac-
ceptable to ignore it.

Oakley and O’Hagan (2004) also give expressions for pos-
terior variance of E[Y|x,], which when simplified for a zero
mean GP is given as

Var*[E(Y|x,)] = U, — Ty(,)A ™' T, (x,)", (17)
where U, is the second-order integral of the covariance kernel
c(x, x) and is given as

d

1 1
Up = E H C3(x,', Bi)d(xi) + )\—ws

Zi=1,i#p

18

2.4. Computation of Sobol indices

Revisiting Eqgs. (1) and (2), we need to compute E*
[Var(E(Y|x,))], E*[Var(E(Y|x;))], and E*[Var(Y)]. Using
the identitity Var(Y) = E(Y?) — E(Y)?, decomposing the nu-
merator as [say, a = E(Y|xp)], E*[Var(a)] = E*[E(@®)] —
E*[E(a)’] = E*[E(E(Y|x,)")] — E*[E(Y)*] as E(E(Y|x,)) =
E(Y). From Oakley and O’Hagan paper (2004),

(19)

E*[E(E(Y|x,)?)] = U, — tr(A"'P,) + tr(e" P,e).

Here,e=A"1YU, = 1/\, I c1(B;), and P, is given by

i=l,i#p

Pr= Jx Jx JX t(x)t(x)TdG—P\P(X*P|xp)dG—p\p(”Cfp‘xp)de(xp),

- P

(20)
where P, is an m X m matrix and is given as
1 4 2
Pt =53] | | TLewl-pun-¢
p[ j] )\z vy, 7{)/{1:[] p [—Bxlxx A ]
x exp [~Bylix — §[11dGpp(x-p|x)
X dG_pjp(_p|x,)dG o (x,), @1
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which can be simplified as below
1 d

gw&/ )\71_[ Bk’ gk 3 Bk’%)

% J exp[—B, 1, — & [*lexp[—Bilx, — & 11dG,(x,).  (22)

P

The integral in the above equation can be solved by first con-
sidering the transformation

_ Xip +Xjp

=Xp —mp

and

This transformation would simplify the above integral as

1—m,
cz:[ expl=B,ly — dpexp[ =B, Iy + d,[Idy.  (23)

—my,

which would yield:

Cy = /2B, exp[—B,(2d)]
1—m
2P L 120 e—2|. (24)

Now to compute the numerator of the Sobol index we need to
compute E* [E(Y)?], which can be decomposed as

EX[E(Y)’] = Vars[E(Y)] + (E*(E(Y)))". (25)

From the computation of posterior variance of effect function
we have

d
Var*[E(Y)] = %H c1(B) — TAITT, (26)
2 =1

and
(E*E(Y))) = (TA7y) (@A 'y) = A TTTTA Yy, 27)

Thus, finally, we have

= (EXE(Y Hcl(B)
—%tr[TT( — A7y AT, (28)

This gives us the final expression for the numerator of the
Sobol index as

d
E*[Var(E(Y|x,))] :)\l H c1(By) — tr[Varf = Q] — €2. (29)
=1,i
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Now, to complete calculation of the Sobol index, we need to
compute the posterior expectation of the total variance of Y
given as

E*[Var(Y)] = E*[E(Y?)] — E*[E(Y)?]
E*[E(Y?)] — e2. (30)

The first term in the above Eq. is given in (24):

EXEYH)] =y A ' P,A Yy +[1 —tr(A"'P))]
1

1

The expressions derived above take into account the predic-
tion uncertainty of the GP as well. It is relatively easier to de-
rive the integrals based on the mean function of the effect
function GP only, but they might give incorrect results. Oak-
ley and O’Hagan (2004) suggest, var[E*{z;(x;)}] is not the
same as E*[var{z;(x;) }]. Here, the term var[E*{z;(x;)}] is ba-
sically variance of only the mean function of the effect func-
tion GP, and the latter term E*[var{z;(x;)}] is the posterior ex-
pectation of the variance of the effect function and includes
the GP prediction uncertainty. In other words, the second
term on the right-hand side is usually not zero, which makes
it essential to include GP prediction uncertainty when calcu-
lating Sobol indices:

E*[Var{zi(x,))}] = Var[E*{z;(x)}] + E[Var*{z;(x)}]. 32)

To summarize, Sobol indices from a Gaussian process
model in the Kennedy and O’Hagan framework are given
as below. U,, P, and e, are defined in Eqgs. above.

_ ErVar(E(Y]y))]
" EX[Var(Y)]

- — tr(Aile) + tr(eTPpe) —e2
T YTATIP, ATy + [1 — (A7 P,)] — €2

(33)

2.5. Derivation of higher order interaction effects

For two factor interactions, z; j = E(Y|x;, x;) — zi(x;) — zj(x;)
— E(Y), and the variance can be broken down as

Var(z;j) = Var(E(Y|x;,x;)) + Var(z;) + Var(z))
+ 2Cov(E(Y|x;,x7), zi) + 2Cov(E(Y |x, x7), zj)
+ 2Cov(z;, 7)) (34)

In the above equation covariance terms, Cov(E(Y), z;) = 0,
and assuming inputs are uncorrelated, we can safely assume
Cov(zj, z) = 0 and 2Cov(E(Yl|x;, xj), z) terms can be
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broken down as

2Cov(E(Y|x;,%7),z) = 2Cov(zjj — zi — zj — E(Y), z)
= 2Cov(zj, z;) — 2Cov(z;, zi) — 2Cov(zj, zi)
— 2CoV(E(Y),z). (35)

Again Cov(E(Y), z;) = Cov(E(Y), z;) = 0, and assuming inputs
are uncorrelated Cov(z;, z;) = Cov(z;;, z;) = Cov(z;, zj) = 0. This
leaves us with 2Cov(E(Y|x;, x;), z;) = 2Cov(z;, z;) = 2Var(z;)
and 2Cov(E(Y|x;, x;), z;) = 2Var(z;) which gives us

Var(z;) = Var(E(Y|x;, x;))

— Var(z;) — Var(z)). (36)

Thus, finally Sobol indices for two-way interactions are given by

T B Va(y)

— 5 -5 (37

Similarly a higher order interaction Sobol index can be de-
fined as

E*[Var(E(Y b))

WS pVa(y)] TR

—5—5. (38)

To complete the calculation of Sy, we need to compute only
E*[Var(E(Y|x;))] as E¥[Var(Y)] has already been computed.
We can extend the expression for E*[Var(E(Y|x,)] in [Eq.
27)] as

E*[Var(E(Y|x))] = U — (A" Py) + tr(e” Pye) — €2. (39)
In the above equation, A~ !, e, and €2 do not change for the

higher order interactions. The terms ng and Pg" can be rede-
fined as

1 & 1
U = — i Bd(x) +—. 40
i z,-zl,g,,-,kca(x Bd(x) +5— (40)
1 d
Piji El EJ :PHCB Bi Ek 3 Bk’gc)
z k=1
<[ explopila — &Plexol-pibs — €F1dc;
| expli — P lexpl—l — £1°1dG;
< | explopubs = i Plexol—pebs — €14
1
This term can easily be computed as
P&, 8] = x2ch(ﬁk,ék)c«Bk,ek)czo)czo)cz(lo 42)

where C; is given in Eq. (24).
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2.6. Problem with input correlation

The work discussed in the previous sections assumes that the
inputs are uncorrelated. This assumption renders unique
HDMR of the underlying function with orthogonal effect
functions. Orthogonality of effect functions allows computa-
tion of each Sobol index independently without worrying
about the covariance of the different effect functions. In the
presence of input correlation, sampling has to be done from
joint distributions, which increases computational burden.
Use of copulas and sampling strategies such as the replicated
Latin hypercube sampling can be used to alleviate computa-
tional burden to an extent; however, the effect of input corre-
lation on variance decomposition has a more critical effect on
sensitivity analysis and is discussed here. Saltelli and Taran-
tola (2002) give the following specific example. If ¥ = x; +
X2 + a3 xp x3 and x, and x3 are correlated, Var(E[Y|x,]) will
be a function of the correlation between x, and x3. In other
words, if we compute Sobol indices assuming x, and x3 are
uncorrelated, it would lead to an erroneous calculation if
a3 is nonzero. Saltelli and Tarantola and other authors
have described this effect to be carried over due to correlation
and stress the need to be careful when making conclusions
with Sobol indices when inputs are correlated.

Xu and Gertner (2008) developed an approach for linear
models by splitting the contribution of an individual input
to the uncertainty of the model output into two components:
the correlated contribution and the uncorrelated one. Li et al.
(2010) extended the work of Xu and Gertner (2008) with a
relaxed HDMR concept to compute variance contribution
due to correlation and problem structure for nonlinear mod-
els. Similarly, Chastaing et al. (2014) used the hierarchical
orthogonality of component functions and the traditional
Gram—Schmidt method to develop a hybrid method for var-
iance decomposition. Finally, Caniou and Sudret (2010)
used polynomial chaos expansions with copula methods to
model the dependence structure. Next, we discuss the Li—
Rabitz framework in a little more detail.

Li and Rabitz relax this orthogonality condition by enforc-
ing orthogonality with only nested lower order component
functions. This is also referred to as hierarchical orthogonal-
ity in the literature. In other words, z;;(x;, x;) is only required to
be orthogonal to z;(x;) and z;(x;) and not to any other compo-
nent functions. Using the hierarchical orthogonality condi-
tion, Li et al. (2010) and Li and Rabitz (2012) decompose
the output variance as in

241

Y Var[z,] + Cov (pr
i=1

Var[Y] =

Here p; is the multi-index representing the different interac-
tion terms py, P12, P123 - - - » P12 - 4- Using this decomposition,
Li et al. (2010) define three sensitivity indices, total (S,),
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structural (S;j), and correlative (Szl_) as

Var [z ,,}
g = j 44
P Varly] ' @

k=211
Cov(zp,-, k=l,k¢izpk)

& — , (45)

pj Val'[Y]
S = S‘;’j + Sl;’j' (46)

It is important to note here that the total index (S,) is not
representative of the total effect, but is only a sum of the
structural and correlative contribution. For problems with
correlated input variables, the component functions are non-
unique, and multiple solutions are possible as long as they sat-
isfy Eq. (4). In other words, as explained by Li et al. (2010)
and Li and Rabitz (2012), the component functions cannot
be estimated independently of each other in the presence of
input correlation. They suggest that Sobol indices need to
be estimated simultaneously with a back-fitting method (Has-
tie et al., 2001) for additive models.

3. ANALYTICAL EXAMPLES

In this section, we will present comparison of sensitivities
given by Gaussian process models in the Kennedy and O’Ha-
gan framework on toy examples where Sobol indices can be
computed analytically.

A. Srivastava et al.

3.1. Uncorrelated example: Polynomial model

Consider the following polynomial model, for 0 < x, x, < 1:

1
Y(x1, %) = ?(3;& + D3B3 + ). 47
Here, E[y] = 1 and the effect functions are given as
1 2
Z1(xp) = 5(3x1 +D -1, (48)
1 2
2(x0) = 5(3x2 +1)—1, 49)

1
(X1, x0) = ?(Sx% + DG + 1) = z1(x1) — 22(x2) — 1. (50)

Sobol indices can be computed analytically for this problem
and are given as below. | p| =1ifp=1orp=2and | p| =2if
p=1,2.

5-lIpl

S, =—. 51
P =651 eb

Figure 5 shows comparison of the main and interaction effect
functions generated by BHM GP, and Figure 6 shows a com-
parison of the Sobol indices. The model was built with 125
Latin hypercube simulation DOE.

1 1 .
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05t + BHMI...A/. ... 4 05} e QLmAl-....~... J
= : £ BHM
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Fig. 5. Comparison of main and interaction effect functions generated by Bayesian hybrid model Gaussian process.
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Fig. 6. Comparison of analytical main, interaction, and total sensitivity indices with Bayesian hybrid modeling for the polynomial

problem.

3.2. Uncorrelated example: Ishigami function

Generate Sobol indices for the following Ishigami function
with = < x, xp, x3 <pianda = 0.7, b = 0.1.

y = sin(x;) + asin®(xz) + bxjsin(xy). (52)

As described previously, Sobol indices can be computed as
ratios of the following analytically computed variances (Su-
dret, 2008):

p b P 1
8 5 18 2’
bt bPmd 1
D =— 4 4
=5t Ty
2
Dz :g,
D; =0,
Dy =Dy =0,
8b2md
Pr =5
D23 = 0. (53)

For sensitivity analysis on this problem, a BHM model was
built with 300 points. Figure 7 shows accurate computation
of main, second, and higher order interaction Sobol indices
for the Ishigami problem.
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3.3. Uncorrelated example: Sobol function

Generate Sobol indices for the following Sobol function (Su-
dret, 2008) with 0 < x1, x2, ..., x, <l and g = 0.7:

(54

Sobol indices can be computed as ratios of the following ana-
lytically computed variances (Sudret, 2008):

q
i=1
1
Di=—,
3(1 +ai)

14
Siliz“‘is = BHD, (55)
i=1

For sensitivity analysis on this problem, a BHM model was
built with 300 points. Only main and two-way interactions
are presented. Figure 8 shows accurate computation of
main, second, and higher order interaction Sobol indices.

3.4. Correlated example: Linear function with equal
structural contributions and correlated inputs

Consider the following example:
Y =X, + X+ X3+ Xy + Xs. (56)

Here the inputs are drawn from a multivariate normal distribu-
tion of with mean of 0.5 in each dimension and a covariance
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Fig. 7. Comparison of analytical main, interaction, and total sensitivity indices with Bayesian hybrid modeling for the Ishigami problem.
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To build BHM models, 500 samples were randomly gener-

ated from the above multivariate random distribution.

60

inputs were uncorrelated, all main effect Sobol indices would
be equal to 0.2 and BHM would reproduce this result as we
have shown consistently in the previous section. However,
in this section the correlation structure hidden in the 500 train-
ing points BHM results in different Sobol indices shown in
Table 1. Table 1 presents the structural, correlative, and total
indices presented in Li et al. (2010) and their comparison with
BHM assuming uncorrelated inputs. Interpretation with sepa-
rated structural and correlative contributions is less ambigu-

If  ous because as expected structural contributions from all

0.6
0.5

0.4

03}

Sobol BHM

0.2

% BHM

Analytical Sobaol indices

Fig. 8. Comparison of analytical main, and interaction sensitivity indices with Bayesian hybrid modeling for the Sobol problem. The first
eight indices are main effects, and the rest are two-way interaction effects.
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Table 1. Differences between the structural, correlative, and
total indices according to Li et al. (2012) and their comparison
with BHM, assuming uncorrelated inputs
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Table 2. Differences between the structural, correlative and
total indices according to Li et al. (2012) and their comparison
with BHM, assuming uncorrelated inputs

Variable Structural Correlative Total BHM Variable Structural Correlative Total BHM
X, 0.13 0.11 0.24 0.24 X, 0.28 0.16 0.44 0.41
X 0.13 0.11 0.25 0.18 X 0.17 0.16 0.33 0.49
X3 0.13 0.06 0.19 0.18 X3 0.10 0.06 0.16 0.10
Xy 0.13 0.03 0.16 0.24 X4 0.04 0.03 0.07 0.00
Xs 0.13 0.03 0.15 0.15 Xs 0.02 0.00 0.02 0.00

Sum 0.65 0.34 0.99 1.00 Sum 0.61 0.41 1.02 1.00

Note: BHM, Bayesian hybrid modeling.

inputs are equal. In addition, the correlative contribution
shows how strongly the inputs are correlated. This can be es-
pecially helpful if sensitivity analysis is needed to be done in
early design stages and is used to guide future tests. The cor-
relative contribution also suggests which inputs need to be
varied in groups. It is clear that when planning experiments,
the inputs X; and X, should be sampled together as they have
equally high correlative contributions that should not be ig-
nored. In contrast, correlative contributions of X; and X5
are equal and small, which means their correlation can be ig-
nored. It is important to note here that to compute structural
and correlative contributions in the Li—Rabitz framework, a
priori knowledge of the covariance structure is not needed.

Interpreting Sobol indices with BHM is quite ambiguous
as it clearly shows that X, and X, are much more sensitive
and there is no physical evidence that X, would be more sen-
sitive even if we know the correlation structure of the inputs
beforehand. In addition, there are no signs that can signify
that our initial assumption of independent inputs is invalid.
The joint Sobol indices by BHM are zero as expected and
are not presented here. Even though the main effect indices
shown by BHM sum up to unity, it does not mean that the
sensitivity indices are accurate.

3.5. Correlated example: Linear function with distinct
structural contributions and correlated inputs

Consider the following example:

Y =5X; +4X, +3X3 + 2X4 + Xs. (58)

Here the inputs are drawn from a multivariate normal distribu-

tion of with mean of 0.5 in each dimension and a covariance
matrix . of

1.0
0.6
0.2
0.0
0.0

0.6
1.0
0.2
0.0
0.0

0.2
0.2
1.0
0.0
0.0

0.0
0.0
0.0
1.0
0.2

0.0
0.0
0.0
0.2

1.0 (59)
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Note: BHM, Bayesian hybrid modeling.

To build BHM models, 500 samples were randomly gener-
ated from the above multivariate random distribution. Table 2
presents the structural, correlative, and total indices presented
in Li et al. Rabitz (2010) and their comparison with BHM as-
suming uncorrelated inputs. Interpretation with separated
structural and correlative contributions is again less ambigu-
ous because as expected structural contributions are decreas-
ing Sx, > Sx, > Sx, > Sx, > Sx,. Sobol indices predicted
by BHM are inaccurate as it clearly shows that X is more sen-
sitive than X; when it should clearly be the other way around.
The joint Sobol indices by BHM are zero as expected and are
not presented here. Although not precise, the sensitivities
computed by BHM accurately identify the most sensitive pa-
rameters to be X; and X, and X4, X5 to be the least sensitive
parameters with X3 falling in the middle of the sensitivities
on a relative scale. In practical applications, this kind of rela-
tive ranking is valued highly because critical dimensions can
be narrowed very quickly.

3.6. Correlated example: Portfolio model

Munoz Zuniga et al. (2013) presented the following example
for sensitivity analysis with dependent inputs in four
dimensions:

Y =X X; + XoXa. (60)

Here the inputs are drawn from a multivariate normal distri-
bution of N(w, >°) with w = [00w3 4]

0'% oo O 0

Z_ 012 0'% 0 0
N 0 0 0'% O34

0 0 o3 o3

(61)

The following analytical expressions for Sobol indices were
provided by the authors:
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D = 07 (03 + p3) + 03 (03 + p3) + 2012 (03 + p3py) . (62)

The authors used the following values, which we have also
used:

ws = 250,
Wy = 400,
ol =16,

o1 =24,
(r% =4,

ol =4 x 104,
o; =9 x 10,

0304 = —1.8¢4.

To build BHM models, 500 samples were randomly gener-
ated from the above multivariate random distribution. Table 3
presents the analytical sensitivity indices presented by Munoz
Zuniga et al. (2013) and their comparison with BHM assum-
ing uncorrelated inputs. Table 3 clearly shows that, assuming
the inputs to be independent can give erroneous sensitivity in-
dices. Again, although the absolute values of the sensitivity
are inaccurate, the relative ordering of variables (as seen by

Table 3. Differences between the analytical sensitivity indices
according to Munoz Zuniga et al. (2013) and their comparison
with BHM, assuming uncorrelated inputs

Analytical BHM
Variable Abs % Abs %
X 0.51 56 0.16 59
X 0.40 44 0.10 37
X3 0.00 0 0.01 4
Xy 0.00 0 0.00 0

Note: BHM, Bayesian hybrid modeling.
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the % contributions) is preserved. The relative ordering of
variables can be very useful in engineering design problems.

3.7. Convergence of Sobol indices

One of the real advantages of computing probabilistic sensi-
tivities with the Kennedy and O’Hagan framework is that it
can estimate Sobol indices accurately with only a small num-
ber of data points. This is especially useful in high-dimen-
sional complex problems where each pointwise evaluation
of the underlying function is costly. In the literature, the only
other method that can estimate Sobol indices analytically is
the polynomial chaos expansion method. However, these
methods require a large number of data points to achieve accep-
table accuracy in the Sobol indices, which can be unrealistic for
many problems. We use the Ishigami function to demonstrate
convergence of main, interaction, and total Sobol indices as the
number of training points increase. Figure 9 shows conver-
gence of the absolute error in the main interaction and total sen-
sitivity indices predicted by BHM as the number of data points
increase. The indices converge at 300 points. It is also impor-
tant to note here that even regression-based polynomial chaos
expansion sensitivity indices for the Ishigami problem pre-
sented by Sudret (2008) takes more number of points to esti-
mate the indices accurately with a ninth-degree polynomial.

3.8. Nonlinear thermal model

In this section, we present sensitivity analysis on a system-
level thermal model of an aircraft engine component. This
problem consisted of 100 calibration parameters, and twenty
outputs. The calibration parameters included heat transfer
coefficients, temperatures, flow rates, and so on. The outputs
were the temperatures at several locations in the component.
Only 148 simulation data were available from a nonlinear
thermal finite element model. Details of the BHM model
for this application can be found in Chennimalai Kumar
et al. (2012). Variance-based sensitivity analysis is really
helpful in such a high-dimensional problem as we need to
know which calibration parameters can be fixed without los-
ing output variability. Below we present sensitivity analysis
for the first output only assuming that the calibration param-
eters are independent. Figures 10 and 11 show the first 25
main and total effects in descending order corresponding to
the first output. Looking at these figures, it is clear that x35
is the most sensitive calibration parameter. The top five inputs
according to the main and total effect Sobol indices differ in
ranking, which means there is significant interaction between
the calibration parameters. Ranking of the total Sobol indices
can be used to discard the lower ranked inputs as they account
for both the main and interaction effects. These main and total
indices were computed within minutes by the Kennedy and
O’Hagan framework even for this 100-dimensional problem.

In this problem there are 4950 two-way interaction effects,
and it would be computationally prohibitive to estimate all the
interactions. We selected the following inputs with high total
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Fig. 9. Convergence of main interaction and total sensitivity indices predicted by Bayesian hybrid modeling as the number of data points

increases.
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Fig. 10. First 25 main effect Sobol indices for the first output in a 100-dimension nonlinear thermal calibration problem.
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Fig. 11. First 25 total effect Sobol indices for the first output in a 100-dimension nonlinear thermal calibration problem.

effect (X35, X76, x5, X78, x39, x34, xX77, x1, x20, x13) and Clearly, the interaction between variables X76 and xX78 dom-

computed two-way interactions only among those variables. inates the two-way interactions. In the pie chart, the blue color
Figure 12 shows the top 25 two-way interaction indices, is the main effect contribution, the green color represents con-
and Fig. 13 shows the percentage contribution of main and in- tribution due to 45 two-way interaction effects among the top
teraction effects to the total output variance of output 1. 10 most sensitive inputs, and finally, the orange color repre-

X76X78
X35x76
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Fig. 12. First 25 two-way interaction effect Sobol indices for the first output in a 100-dimension nonlinear thermal calibration problem.
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Fig. 13. Pie chart showing percentage contribution of main and interaction
effects to the total output variance of output 1.

sents the contribution due to the rest of the terms that include
the other 4905 two-way interaction terms and other higher or-
der effects.

Although separating the sensitivities into structural and
correlation elements yields accurate sensitivity measures, it
is seldom practical in real-world applications. This is mainly
because the correlations of the input variables are generally
unknown and the number of dimensions is large. Sobol in-
dices computed through GEBHM and other metamodel
approximations provide a viable solution for computing sen-
sitivities albeit with inaccuracies. In many cases, if the corre-
lated inputs do not participate in a strong interaction effect
function, the ranking from the Sobol indices are accurate.
Only when the correlated inputs also participate in a strong
interaction is the relative ranking is put in question. Thus,
we contend that for a wide range of practical problems, the
proposed technique provides accurate engineering estimates
of sensitivities.

4. CONCLUSIONS

In this work we present variance-based global sensitivity
analysis methods that are an important part of design and ex-
ploring engineering science of complex high-dimensional
systems. We present the Kennedy and O’Hagan framework
and computation of probabilistic sensitivities with Gaussian
processes. Following results in Figures 5—13, we show that
this method is extremely efficient and very accurate when in-
put variables are uncorrelated. However, due to the traditional
HDMR formulation, the sensitivity indices can be inaccurate
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when input variables are correlated. We present a literature
survey of methods that address the issue of correlated vari-
ables and discuss the Li and Rabitz framework in detail.
We explore these concepts on a number of simulated prob-
lems. Finally, we present application of variance-based sensi-
tivity on a 100-dimensional nonlinear thermal model. It is
shown that for many engineering applications with and with-
out correlated inputs, the variance-based global sensitivity
method augmented with metamodels yields efficient and ac-
curate results for high-dimensional nonlinear responses.
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