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Abstract

In order to achieve higher fidelity (i.e., higher accuracy) in the model predictions, the solution
models employed in geological and/or geotechnical engineering are becoming complex and
sophisticated. However, simple and robust models are preferred by engineers in practice. Thus, a
dilemma exists between the choice of a complex model for fidelity and that of a simple model
for high robustness (i.e., lower variation in the discrepancy between model prediction and
observation). This issue becomes more profound when model parameters exhibit uncertainty,
which is quite common in geological and geotechnical problems. In this paper, we examine the
issue of model selection in the face of uncertainty with three problems: the selection of the order
of polynomial fit (i.e., lower order vs. higher order) in the development of data-driven empirical
model, the selection of the level of sophistication (i.e., random variable vs. random field) in the
probabilistic characterization of the detrended soil property, and the selection of the level of
complexity (i.e., simple vs. complex) of the soil constitutive model in numerical modelling. The
results illustrate that although the complex and sophisticated models could yield predictions that
are more accurate, the simple models might yield predictions that are more robust. This paper
provides an insight regarding the question, “Does a complex model always outperform a simple
model?”

Keywords: model selection; uncertainty; polynomial fitting; site characterization; drilled shaft;

braced excavation.



1. Introduction

In that most models adopted in geological and geotechnical engineering are abstractions
of the real world, discrepancies between model predictions and field observations are generally a
norm, rather than an exception (Ang and Tang 1984; Cheung and Tang 2005). With advances in
mathematics and computational power, researchers could be afforded to derive complex models,
which offer an opportunity to improve the fidelity in the model prediction; as such, the models in
geological and geotechnical engineering are becoming more complex and sophisticated. On the
other hand, simple and robust models are preferred by engineers in practice, as the complex and
sophisticated models are more difficult to apply and the model predictions might be less robust.
Thus, a dilemma exists between the choice of a complex model for fidelity and that of a simple
model for usability and robustness.

The issue of model fidelity and robustness is examined herein at a deep level. Generally,
the residual (i.e., the discrepancy between model prediction and field observation) of a complex
model is much lower compared to that of a simple model because of its higher fidelity. However,
the parameters of the complex model are more difficult to characterize accurately and precisely,
as a larger number of model parameters are involved in this complex model. This issue would be
especially profound in the situation where only limited test data are available. Further, test errors
(i.e., discrepancies between measurements and in situ performances) always exist. The limited
availability of test data and the randomness of test errors can lead to difficulty in characterizing
model parameters, and as such, the characterized model parameters are often uncertain. Thus, it
is more appropriate to characterize the model parameters in a probabilistic manner, and the
uncertainty in model parameters must be explicitly considered in the selection of solution models

(Chiu et al. 2012; Zhang et al. 2014; Ching and Wang 2016). Note that at a given (or same) level



of variation (or uncertainty) in the model parameters, the variability in the model prediction
obtained from the complex model tends to be larger than that obtained from the simple model.
For example, an overfitted model could be more sensitive to the measurement and modeling
error (Yuen and Mu 2015). In other words, the complex model is generally less robust against (or
more sensitive to) the uncertainty in the model parameters. Moreover, given the same amount of
data, the characterized uncertainty in the model parameters of the complex model might be larger
than that of the simple model, as the increase in the number of model parameters could lead to
increased difficulty in the model parameters characterization. Thus, the predictive ability of the
complex model is strongly degraded by the uncertainty in the model parameters.

It is worth noting that model selection in geological and geotechnical engineering is often
a significant challenge, which is especially profound in the face of uncertainty. For example, in a
probabilistic characterization of a soil property at a site, the results could be strongly influenced
by the selection of the trend functions and autocorrelation functions (e.g., Cao and Wang 2014;
Ching and Wang 2016; Ching et al. 2017; Ching and Phoon 2017). Nevertheless, the issue of
model selection has not been adequately examined in most studies reported in the literature. This
paper presents a study on the issue of model selection from the perspective of model fidelity and
model robustness. To provide a basis for discussion of this issue, three representative problems
are studied. The first problem considers the polynomial fitting of a set of test data, this type of
problem is usually encountered in the development of data-driven empirical models. The second
problem considers the probabilistic characterization of the detrended soil property at an assumed
site, in which the residual between the spatial trend of the soil property and the in situ property is
modelled either by a random variable or a random field (Phoon and Kulhawy 1999; Ching et al.

2016a). The last problem considers the selection of soil constitutive models in the numerical



modelling of a braced excavation, as many soil constitutive models have been developed with
different levels of complexity and capability (Stallebrass and Taylor 1997; Oliveira and Lemos
2014; Goldstein et al. 2016). Through analysis of these three problems, a qualitative insight can
be gained regarding the question whether a complex model always outperforms a simple model

from the perspective of model fidelity and model robustness.

2. Problem 1: Choice of Low versus High Order Polynomial Fit

Despite advances in numerical methods and testing techniques during past decades, data-
driven empirical models are widely adopted in engineering practice (Chiu et al. 2012; Zhang and
Goh 2013; Yuen and Mu 2015), especially in geological and geotechnical engineering (Juang et
al. 2003; Rezania et al. 2010; Chiuetal. 2012; Kuok et al. 2015; Khoshnevisan et al. 2015; Yuen
et al. 2016) and landslide problems (Ren et al. 2015; Huang et al. 2017; Ma et al. 2017; Miao et
al. 2018). These data-driven empirical models can be either parametric or non-parametric models.
Regardless, the procedures to develop these models are fundamentally the same: 1) a database of
case histories is established; 2) a solution model, either parametric or non-parametric function,
based upon the relationship between the inputs and the output is derived; 3) the derived model is
validated; and 4) the model is further updated when additional case history data are available.

Although the derivation and the selection of the data-driven empirical models have been
extensively studied in the literature (Chiu et al. 2012; Zhang et al. 2014; Yuen and Mu 2015;
Ching and Wang 2016), a direct comparison between the simple and complex models from the
perspective of model predictive ability, based upon discrepancies between model predictions and
true model values, has been rarely reported. In the first problem examined, the influence of the

level of model complexity on the model predictive ability is studied through a direct comparison



between the simple and complex models; in which, the model parameters are determined with
the Bayesian inference method (Beck and Au 2002; Cao and Wang 2012; Gong et al. 2017), and
the model predictive ability is evaluated based upon the discrepancies between model predictions
and true model values.

A set of synthetic test data are obtained with the assumptions of the true model and test
error. With these synthetic data, a set of data-driven empirical models could readily be derived
through polynomial curve fitting. Then, the performance of the derived models (i.e., polynomial
fits) is evaluated through comparing their predictions with the true model values. Of particular
interest is the influence of the order of the polynomial fit, which indicates the complexity of the
model, on the model predictive ability.

Here, a synthetic test data, denoted as d(x), is generated with the following formulation.

d(x) =g(x) +e, x €[0,10.0] 1)
where x represents the position, x € [0, 10.0]; ¢ represents the test error, which is assumed to be
anormal variable with mean of .= 0.0 and standard deviation (Std. Dev.) of o, =0.3; and, g(x)

represents the true model value at position x, which is assumed to follow the equation below.

g0) = +¥x,  xe[0,100] (2)
Meanwhile, it is assumed that the test positions are equally spaced in the range of [0, 10.0]. For
example, given a specified number of tests, denoted as ng, the test positions are determined: O,

10 : 20 , +10.0. Then, a corresponding set of synthetic test data, denoted as d = [d;, dy, -,

ng—1 n,-1

dng], could be obtained with Eq. (1). It is noted that the correlation among the test errors, denoted
ase = [&1, &, - &nd], I8 NOt considered in this study for simplicity. Shown in Figure 1 are a set of

synthetic test data obtained with ng = 10, denoted as d;.



With the obtained synthetic test data d = [ds, d2, -+, dng], the polynomial fit, denoted as

f(x), is then adopted for deriving the data-driven empirical models.

f(x)= I_Zni px, xe€[0,10.0] (3)

where p = [p1, P2, -+, Pnp] represent the model parameters, in which n, represents the order of the
polynomial fit.

In the absence of the knowledge of the true model g(x) and the underlying physics, the
selection of the order of the polynomial fit n, can be a significant challenge (Ting 1987; Ooiand
Ramsey 2003). In this problem, the following orders of the polynomial fit are studied, n, = 1, 2,
3, 4, 5, and 6; and, the corresponding models are denoted as Models P1, P2, P3, P4, P5, and P6,
respectively. Here, the model parameters p = [p1, P2, -+, pPnp] are estimated with the synthetic test
data d utilizing the least square regression analysis. For example, Models P1, P2, P3, P4, P5, and
P6 that are derived with test data d; are also plotted in Figure 1, and the formulation of these
empirical models is tabulated in Table 1.

As can be seen in Figure 1, discrepancies exist between the predictions obtained from the
empirical models and test data, and the discrepancy between model prediction and test data tends
to decrease with the order of the polynomial fit. For example, a larger discrepancy is observed
between prediction from Model P1 (or Model P2) and test data d;; whereas, the prediction from
Model P6 (or Model P5) matches test data d; well. As can be seen in Table 1, the fidelity of the
polynomial model (in matching the test data d;) increases with the order of the polynomial fit,
indicated by the decrease of Std. Dev. of [f(x) - d(x)]. Thus, a more reliable empirical model may
be achieved by adopting a higher-order polynomial fit. However, this viewpoint is not always

correct, as will be evidenced by the results presented in the following paragraphs.



Now, let’s consider the randomness of the test errors and the discrepancy between model
prediction f(x) and test data d in the model parameters characterization and the subsequent model
prediction. For illustration purposes, model parameters p = [p1, P2, -+, Pnp] are assumed to follow
a multivariate normal distribution; and, the statistics of which, in terms of mean and covariance,
denoted as pp and C,, respectively, are determined with the Markov Chain Monte Carlo (MCMC)
simulation-based Bayesian inference method (Beck and Au 2002; Zhang et al. 2009; Cao and
Wang 2012; Juang et al. 2013; Gong et al. 2017), in which the Metropolis-Hastings algorithm
(Metropolis et al. 1953; Hastings 1970) is employed. The procedure for the MCMC simulation-
based Bayesian inference method using Metropolis-Hastings algorithm is given in Appendix A.

The likelihood function of the synthetic test data d = [d1, d2, -+, dnq], denoted as L(d|0), is
an essential element within the MCMC simulation-based Bayesian inference method, which can

be constructed as follows.

Ld[6)=]TI(d;0) )
where 1(d;|0) represents the likelihood of observing test data d; at position x; given the unknown
parameters 0. In this problem, the unknown parameters 0 are referred to model parameters p =

[P1, P2, -+, Pnp), expressed as O = p. In that test error ¢ follows a normal distribution with mean of

4. and Std. Dev. of o, the likelihood function 1(d;|6) is readily formulated as:

l(di|e)=¢(d““ff)+”é‘]j ®)

&

where ¢() represents the probability density function (PDF) of the standard normal variable.
In this problem, the prior distribution of the unknown parameters 0 is assumed to follow

a multivariate normal distribution: the mean values are taken as the model parameters obtained



with the least square regression analysis (see Table 1), the coefficients of variation (COVs) are
takenas 0.10, and the correlation coefficients among the unknown parameters are takenas 0. The
lengths of the burn-in samples and the Markov chain, in the MCMC simulation-based Bayesian
inference method, are taken as 5,000 and 100,000, respectively. Through which, the converged
statistics of the unknown parameters 0, interms of mean pg (i.e., up) and covariance Cg (i.€., Cp),
can be derived. With this parameters setting, the statistics of the model parameters p = [p1, p2, -+
Pnp], in this problem, are readily obtained, as shown in Table 2.

With the obtained statistics of the model parameters p = [p1, p2, -+, Pnp] (See Table 2), the
model prediction at a given position can be predicted probabilistically. To evaluate the predictive
ability of the data-driven empirical models (i.e., Models P1 to P6), the predictions obtained from
the empirical models (i.e., Eq. 3) and the true model values obtained from the true model (i.e., Eq.
2) are compared. Here, the position is assumed to be uniformly distributed on [0, 10]. With the
aid of 100,000 Monte Carlo simulations (MCSs), the distribution of the discrepancy between the
model prediction and the true model value, in terms of [g(x) - f(x)], for each of these empirical
models can be obtained; and, the results are plotted in Figure 2.

It can be seen from Figure 2 that the predictive ability of the empirical model is strongly
affected by the order of the polynomial fit. The variation in the model prediction, indicated by
the width of the distribution of the discrepancy [g(x) - f(x)], decreases first and then increases
with the order of the polynomial fit. Thus, the robustness of the model prediction, which might
be measured by the variation in the discrepancy [g(x) - f(x)] and a lower variation signals higher
robustness, increases first and then decreases with the order of the polynomial fit. The mean and
Std. Dev. of the discrepancy [g(x) - f(x)] of the six empirical models (i.e., Models P1 to P6) are

calculated and illustrated in Figure 3(b) and Figure 3(c), respectively. In Figure 3(b), the mean of



the discrepancy is slightly influenced by the order of the polynomial fit. In Figure 3(c), the Std.
Dev. of the discrepancy decreases first and then increases with the order of the polynomial fit.

Next, two other sets of synthetic test data, denoted as d, and ds, are obtained with Eq. (1)
and shown in Figure 3(a): d and d3 are generated with the assumptions of o.= 0.4 (and .= 0.0)
and o.= 0.5 (and .= 0.0), respectively. With the test data d, and ds shown in Figure 3(a), the
statistics of the model parameters of the six empirical models (i.e., Models P1 to P6) can be
derived with the aforementioned MCMC simulation-based Bayesian inference method. Then, the
statistics of the discrepancy between the model prediction and the true model value are obtained,;
the results are plotted in Figure 3(b) and Figure 3(c). In Figure 3(b), the mean of the discrepancy
decreases slightly with the order of the polynomial fit with respect to test data d, and ds; whereas,
the influence of the order of the polynomial fit on the mean of the discrepancy is not significant
with respect to test data d;. In Figure 3(c), the variation in the discrepancy decreases first and
then increases with the order of the polynomial fit. Thus, the results are slightly affected by the
synthetic test data or the statistics of the test error: the robustness of the model prediction tends
to increase first and then decreases with the order of the polynomial fit.

It should be noted that the selection of the most suitable order of the polynomial fit in the
development of the data-driven empirical model is most likely problem-specific. In the problem
studied, the following assumptions have been adopted: 1) the true model follows the form of Eq.
(2); 2) the test errors are normally distributed and uncorrelated; and 3) the statistics of the test
errors are known in the calibration of the model parameters. The results obtained in this problem
provide an insight into the choice of the order of the polynomial fit in the development of a data-
driven empirical model. Although a higher fidelity (i.e., in matching test data) could be achieved

with a higher-order polynomial fit, the robustness of the model prediction might degrade in the



face of uncertainty in the model parameters; and, a higher-order polynomial fit tends to yield a
larger variation in the discrepancy between the model prediction and the true model value. In
other words, a complex and sophisticated model is not necessarily a “better” model thana simple
model, and the latter may outperform the former in the face of uncertainty (from the perspective
of model robustness). Indeed, model fidelity and model robustness, the two objectives in a model
selection, usually conflict with each other (Gong et al. 2016), and the optimal model could be the
one that balances the objective of higher robustness (in the model prediction) and that of higher

fidelity (in matching the test data).

3. Problem 2: Choice of Random Variable versus Random Field

Geomaterials are a product of natural deposits, not artificial materials. The property of
the in situ geomaterials is dependent upon the depositional history and the stress history. In the
absence of the knowledge of depositional history and stress history, the geotechnical property at
a site cannot be known prior to the site investigation. Furthermore, only a limited amount of site-
specific test data can be obtained from the site investigation especially due to budget constraints.
Thus, the geotechnical property is only known at limited locations at a given site; whereas, the
geotechnical property at other positions cannot be known and has to be estimated from that
obtained from the site investigation. In light of the inherent spatial variability of the geotechnical
property (e.g., the soil property at a site tends to vary spatially) and the limited availability of the
site investigation data, the geotechnical property at a site oftentimes has to be characterized in a
probabilistic manner; and, the topic of probabilistic site characterization has gained a significant
interest during the last three decades (Degroot and Baecher 1993; Christian et al. 1994; Fenton

1999a&b; Phoon and Kulhawy 1999; Phoon et al. 2003; Uzielli et al. 2005; Cao and Wang 2012;



Cassidy et al. 2013; Gong et al. 2014; Ching et al. 2015; Wang and Zhao 2016; Bong and
Stuedlein 2017&2018).

The studies on the probabilistic site characterization can be categorized into the following
groups: 1) the identification of soil layers in a profile at a given location (Phoon et al. 2003; Cao
and Wang 2012; Huang et al. 2014; Ching et al. 2015); 2) the characterization of stratigraphic
uncertainty from a limited number of boreholes (Li et al. 2016; Wang et al. 2017; Xiao et al.
2017; Chenetal. 2018); 3) the random field or random variable characterization of soil property
in a homogeneous layer (Ching and Wang 2016; Ching and Phoon 2017; Ching et al. 2017,
Gong et al. 2017); and 4) the influence of the statistical uncertainty in the site characterization on
the analysis and design of the interested geotechnical system (Ching et al. 2016a&2016b; Ching
etal. 2017; Gonget al. 2014 &2018). Although the topic of the probabilistic site characterization
has been frequently reported, the focus is usually on the development and the application of the
characterization methods; whereas, the direct comparison among the characterization methods
has been rarely reported. For example, the performance of the characterization method could be
influenced by the level of model complexity. Thus, a comparison study between the random field
and random variable characterizations of the soil property in a homogeneous layer is carried out
in the second problem. The Bayesian inference method is adopted to calibrate the statistical
information of the random variable and that of the random field; as an example, the performance
of these two methods is evaluated through the task of the bearing capacity prediction in a drilled
shaft.

Here, a set of synthetic test data of the undrained shear strength are obtained from the
assumptions of an in situ soil profile, as shown in Figure 4, and the test errors. Then, the spatial

trend of the synthetic test data is fitted with a polynomial fit, and the residual between the spatial



trend and the in situ property is characterized by a random variable or a random field. With the
probabilistic characterization of the soil property, the performance of the geotechnical system of
concern could be evaluated. For example, the bearing capacity of a drilled shaft in this soil, as
shown in Figure 5, is evaluated in this problem; then, the predicted bearing capacity is compared
with the benchmark bearing capacity of the drilled shaft that is evaluated with the true in situ soil
property. The influence of the probabilistic characterization of the residual (i.e., the discrepancy
between the spatial trend and the in situ soil property), in terms of the model selection between a
random variable model and a random field model, on the prediction of the bearing capacity of
the drilled shaft is studied.

In that the undrained shear strength often increases with the vertical effective stress (or

simply depth), the focus of this problem is on the characterization of the normalized undrained
shear strength, denoted as ¢ (z) = cu(z)/z, where c,(z) is the undrained shear strength at depth z.
It is noted that the influence of the pore water pressure is not included in this problem, the
normalization of the shear strength with the depth is considered equivalent to that with the
vertical effective stress, and the normalization of the shear strength with the depth is employed
for illustration purposes; alternatively, the un-normalized shear strength could be characterized
directly. In reference to the in situ property of the normalized undrained shear strength shown in

Figure 4, a synthetic test data of the normalized undrained shear strength at depth z, denoted as
¢, (), can be obtained.

¢, (2)=9(z)+e¢, 2€[0,15.0m] (6)
where g(z) represents the in situ property of the normalized undrained shear strength at depth z

(see soil profile S; in Figure 4); and, & represents the test error, which is simulated by a normal



variable with mean of x.= 0.0 and Std. Dev. of o= 1.00 kPa/m, and the correlation among the
test errors & =[¢&1, &2, -, &nd] IS not considered, in which ng represents the number of test data.
In an assumed site investigation program, the test depths are equally spaced in the range

of [0, 15.0 m]. For a specified number of tests nq, the test depths are determined: ) m, 30 m,

nd r]d
---,and 15.0 m. Then, a corresponding set of synthetic test data of the normalized undrained shear
strength, denoted as d = [ ¢ (z,), ¢ (z,), - ¢ (z,4)] can be obtained with Eq. (6). For example,

Figure 4 shows a set of synthetic test data of the normalized undrained shear strength obtained
with ng = 10, denoted as d;.

With the obtained synthetic test data of the normalized undrained shear strength d =
[c)(z), c}(z,), - C;(Z,4)], the insitu property of the normalized undrained shear strength can

be characterized as follows.
H2)=> pi+o(), ze[0,150m] (7)
i=0

where p = [p1, P2, -, Pnp] represent the model parameters, in which n, represents the order of the

polynomial fit of the spatial trend of the normalized undrained shear strength c;(z), in terms of

z p.z';and, o(z) represents the residual between the spatial trend and the in situ property.
i=0

In this problem, the spatial trend of the normalized undrained shear strength is captured
by a 1% order polynomial fit (n, = 1; denoted as P1) and a 2"4 order polynomial fit (np = 2;
denoted as P2), and the residual between the spatial trend and the in situ property is characterized
by a normal variable and a stationary Gaussian random field, denoted as V and F, respectively.

Thus, four soil models are studied in this problem, namely (P1+V), (P2+V), (P1+F), and (P2+F).



For simplicity, the model parameters p = [p1, P2, -+ Pnp], In this problem, are treated as constant
values and determined with the least square regression analysis, the resulting model P1 and P2
(i.e., spatial trend) are illustrated in Figure 4; and, the statistics of the residual w, in terms of the
statistics of the random variable (i.e., mean y, and Std. Dev. o,) and those of the random field
(i.e., mean x,, Std. Dev. o, and scale of fluctuation 4,) are determined using the aforementioned
MCMC simulation-based Bayesian inference method. In a strict manner, the trend functions and
associated model parameters should be treated as uncertain and characterized probabilistically
(Ching and Wang 2016; Ching and Phoon 2017; Ching et al. 2017). Nonetheless, the purpose of
this problem is to compare these two modeling approaches (i.e., random field versus random
variable) in the site characterization. Thus, the spatial trends, in this problem, may be adequately
captured by these two polynomial functions (i.e., P1 and P2), and the related model parameters
could be treated as constant values.

In that the likelihood function of the synthetic test data d = [¢(z,), ¢(z,), - €1 (Z,4)]

can be an essential element within the MCMC simulation-based Bayesian inference method, the
detailed formulation of this likelihood function is presented below. Note that when the residual @
between the spatial trend and the in situ property is characterized by a normal variable (V), the

unknown parameters 0 are referred to the statistics of this random variable, expressed as 0 = [,

o,); and then, the likelihood function of the synthetic test data d = [c;(z,), ¢;(Z,), - C;(Z.4) ],
denoted as L(d|0), can be formulated as follows.

L(d[6)=] J(d;0) ®
where I(di|®) represents the likelihood of observing test data di = c;(z,) at depth z given the

unknown parameters 6, which may be calculated as:



¢l(z)=[ F(2)+p,+ 1]

2 2
\/Gw +0,

where ¢(-) represents the PDF of the standard normal variable. When the residual @ between the

I(d; 16) =1[c;(z)6]=¢

©)

spatial trend and the in situ property is characterized by a stationary Gaussian random field, the

unknown parameters 0 are referred to the statistics of this random field, expressed as 0 = [y, 0,
Ao); and, the likelihood function of the synthetic test data d = [c[(z,), ¢;(Z,), -+ €l (Z,4)] must

be formulated in a different manner (Gong et al. 2014&2017):

1

1
(27)"" [cet(C)]

where u = [f(z1) + to + s 1(22) + to + s -+ 1(Znd) + 1o + 11 represent the mean of the synthetic

L(d]6) = -~ exp[—%(d _p)Cid- u)T} (10)

testdata d = [c](z), ¢ (z,), - C(z,4)], and C represents the covariance among the synthetic

test data d with the element C;; (i, j= 1,2, -, ng):

\ ; c’+0/, =]
C,; =Cov|d,.d; | = Cov[c)(z).c;(z,)] = o ix] (11)
ol,0j w !

where p,i . represents correlation coefficient between the residual at depth z; and that at depth z;.
The exponential autocorrelation structure, which is widely adopted in the literature (Cho 2007;
Jiang etal. 2014), is employed in this study and pei,«»jis computed as follows.

2‘2i —zj‘
Paioj = EXP _T (12)

w

where |z; - zj| represents the absolute distance between the depth z; and the depth z;.
With the aforementioned likelihood functions of the synthetic test data d, the statistics of

the residual (between the spatial trend and the in situ property) can readily be obtained using the



aforementioned MCMC simulation-based Bayesian inference method. In this problem, the prior
distribution of the unknown parameters 0 is assumed to follow a multivariate normal distribution:
1) the mean of , is taken as the mean of the residuals between the spatial trend (obtained with
the least square regression analysis; see Table 3) and the synthetic test data d, and the COV of x,
is taken as 0.10; 2) the mean of o, is taken as the Std. Dev. of the residuals between the spatial
trend (obtained with the least square regression analysis; see Table 3) and the synthetic test data
d, and the COV of o, is taken as 0.20; and 3) the mean and COV of A, are taken as 3.0 m and
0.30, respectively. The lengths of the burn-in samples and the Markov chain are taken as 5,000
and 100,000, respectively. With this parameters setting, the posterior distribution of the statistical
parameters @ could be obtained, the resulting soil models, including (P1+V), (P2+V), (P1+F) and
(P2+F), are tabulated in Table 3. The resulting soil models are readily adopted for evaluating the
ultimate bearing capacity of the drilled shaft. Note that the term of “ultimate bearing capacity” is
referred to herein as the bearing capacity based on the ultimate limit state (ULS), as opposed to
the bearing capacity based on the serviceability limit state (SLS). The ultimate bearing capacity,

denoted as Qus, of the drilled shaft in this soil, as shown in Figure 5, is evaluated as:
Quis = zBajoD c,dz+ % B°N.c,, (13)

where D and B represent the depth and the diameter of the drilled shaft, respectively, and which
are taken as 15.0 mand 0.45 m, respectively; cy1 and c,, represent the undrained shear strength
along the shaft length and that at the shaft base (kPa), respectively; « represents the adhesion
coefficient, which is taken as 0.5 (Meyerhof 1976); and, N. represents the base baring capacity

factor, which is takenas 9.0 (Meyerhof 1976). In order to estimate the side resistance, in terms of

nBaIOD c,,dz, the length of this drilled shaft is sub-divided into 300 equal elements or segments.



For illustration purposes, the bearing capacity model shown in Eq. (13) is assumed to be perfect
(i.e., the model error is negligible).

With the aid of 100,000 MCSs, the distribution of the predicted bearing capacity of this

drilled shaft, denoted as Q/),, can be obtained with the characterized soil models shown in Table

3. The benchmark bearing capacity of this drilled shaft, denoted as Q| , is evaluated with the in

situ undrained shear strength shown in Figure 4, assuming that this drilled shaft is strictly located
at the position where the soil profile is taken from. In this scenario, the discrepancy between the
predicted bearing capacity and the benchmark capacity could be used to evaluate the predictive
ability of the soil model, and a lower discrepancy signals a better soil model. The distribution of

the discrepancy between the predicted bearing capacity and the benchmark bearing capacity, in
terms of (QJs - Qjs)/ QUys, could then be obtained, and the results are shown in Figure 6. The

plots in Figure 6 illustrate that the variation in the discrepancy obtained from model (P1+V) or
(P2+V) is smaller than that obtained from model (P1+F) or (P2+F). Thus, the random variable
(V) model could yield a more robust prediction of the bearing capacity of this drilled shaft,
compared to the random field (F) model in this problem. In Table 3, the mean of the discrepancy
obtained from model (P1+V) or (P1+F) is closer to O than that obtained from model (P2+V) or
(P2+F); and, the difference in the mean of the discrepancy is negligible between model (P1+V)
and (P1+F), or between model (P2+V) and (P2+F). Among these four soil models studied, model
(P2+V) yields the smallest variation in the discrepancy while model (P1+F) yields the largest
variation; and, the mean of the discrepancy obtained from model (P1+V) is the closest to O while
that obtained from model (P2+V) is the farthest from 0. As such, in this site characterization, the
spatial trend can be better characterized with the 1% order polynomial (P1), indicated by a smaller

distance between the mean of the discrepancy and 0; and, the residual can be better characterized



with the random variable (V), indicated by a smaller variation in the discrepancy. It is noted that
a smaller variation in the discrepancy signals higher model robustness. Thus, the complex model
(i.e., the spatial trend is captured by a higher order polynomial and the residual is characterized
with a random field model) does not necessarily represent a better model considering the model
robustness.

Note that the predictive ability of the soil model can be affected by both the mean and Std.
Dev. of the discrepancy between the predicted bearing capacity and the benchmark capacity. For

ease of comparison, the discrepancy, in terms of (Q(,s - QJ.s)/ Q/.s . is fitted herein by a normal

distribution and the statistics of which are calculated with 100,000 MCSs. In a utopia situation
(i.e., a perfect site characterization), the discrepancy between the predicted bearing capacity and
the benchmark capacity is approaching to zero. Thus, the likelihood of the discrepancy equating
to zero, denoted as Pr[( Qs - Qs )/ Qs =0], is estimated for the above soil models, including
(P1+V), (P2+V), (P1+F), and (P2+F), and the model yielding the highest likelihood is identified
as the “best” model. Given the in situ soil profile S; and synthetic test data d; shown in Figure 4,
model (P1+V) is identified as the “best” model in this problem (see Table 3).

The identified “best” model potentially varies with the in situ soil property, the number of
test data nq, the standard deviation of the test error o, and different simulations of the test errors
g =[e1, &, -, &nd].- TO address this concern, an extensive series of analyses are undertaken in this
section, involving four different in situ soil profiles (i.e., soil profile S; shown in Figure 4 and
soil profiles S, Ss, S4 shown in Figure 7), four different numbers of test data (i.e., nqg = 10, 20, 30,
and 40), five different degrees of variation in the test errors (i.e., o= 0.25 kPa/m, 0.50 kPa/m,
0.75 kPa/m, 1.00 kPa/m, and 1.50 kPa/m), and three different simulations of the test errors (i.e.,

three MCSs are adopted for generating the test errors ). Here, a total of 240 sets of synthetic test



data d are generated, and then 240 “best” models are identified. The distribution of the resulting
“pbest” model among these four soil models is depicted in Figure 8. The plots in Figure 8 depict
that model (P1+V) and (P2+V) yield high probabilities of being identified as the “best” model
with respect to in situ soil profiles S; and Sy, and model (P2+V) yields high probability of being
identified as the “best” model with respect to in situ soil profiles Sz and Ss; and, the probabilities
of model (P1+F) and (P2+F) being identified as the “best” model are relatively low. The spatial
trend of the soil property is best characterized with the 1% order polynomial (P1) with respect to
in situ soil profile Sy, and the spatial trend is best characterized with the 2" order polynomial (P2)
with respect to in situ soil profiles S; and S4. Thus, the residual between the spatial trend and the
in situ property could be better characterized by the simple random variable model; on the other

hand, the characterization of the spatial trend could be influenced by the in situ soil profile. The
mean and Std. Dev. of the discrepancy (Q/s - Q). )/ Q/.s of these four soil models are depicted

in Figure 9. In Figure 9(a), the difference in the mean of the discrepancy is negligible between
model (P1+V) and (P1+F), or between model (P2+V) and (P2+F); and, in Figure 9(b), model
(P2+V) yields the smallest variation in the discrepancy, followed by model (P1+V) and (P2+F),
and model (P1+F) yields the largest variation in the discrepancy.

The choice of modeling a soil property with random variable versus random field can be
a challenging issue. The random variable is simple to use and easy to characterize; whereas, the
random field model is theoretically sound but complex and hard to characterize. In this problem,
the following assumptions were adopted: 1) the true in situ soil profile at the position of concern
is known; 2) the test errors are normally distributed and uncorrelated; 3) the statistics of the test
errors are known in the site characterization; 4) the drilled shaft is strictly located at the position

where the soil profile is taken from so that the benchmark bearing capacity could be evaluated; 5)



the adopted bearing capacity model is assumed to be perfect (i.e., the model error is negligible);
and 6) the spatial trends are captured by the two polynomial functions and the associated model
parameters are treated as constant values. Though several assumptions were made, the results
presented provide an insight into the choice of the random variable model versus the random
field model in the probabilistic site characterization. Although the residual between the spatial
trend and the in situ soil property can be characterized either by a random variable or a random
field, the simple random variable model can lead to a better prediction of the bearing capacity of
the drilled shaft in the face of uncertainty (in the model parameters), based upon a comparison
with the benchmark bearing capacity. Thus, the complex random field model is not necessarily a
“pbetter” model than the simple random variable model; and, the latter may outperform the former
in the site characterization from the perspective of the predicted performance of the geotechnical

system.

4. Problem 3: Choice of Simple versus Complex Soil Constitutive Model

The stress-strain relationship, or constitutive model, of a soil plays a vital role in the
numerical simulation of the performance of a geotechnical structure. To capture the influences of
geomaterial compositions, particle-size distributions, water contents and stress-strain histories,
various soil constitutive models have been proposed, including for examples, Mohr-Coulomb
model (Smith 2005; Robert 2017), Cam-Clay model (Suebsuk et al. 2010; Goldstein et al. 2016),
cap-yield model (Hinchberger and Qu 2009), small-strain model (Stallebrass and Taylor 1997;
Kung et al. 2009), and anisotropic models (Whittle 1993; Hashash and Whittle 1996; Jung et al.
2004; Oliveira and Lemos 2014). As can be seen, in order to achieve higher fidelity (i.e., higher

accuracy) in capturing the stress-strain behaviors, soil constitutive models are becoming complex



and sophisticated. Consequently, a larger number of model parameters are involved in these
complex soil constitutive models; and, the calibration of these model parameters is a significant
challenge, especially in the situation where the test data are limited. Although the subject of soil
constitutive models has been extensively studied, few studies have been carried out and reported
on the calibration of model parameters and the optimal selection of soil constitutive models. To
this end, in the third problem we investigated the optimal selection of the soil constitutive model
in the setting of a braced excavation.

In this problem, a braced excavation case published in Plaxis Tutorial Manual (2002) and
FLAC version 7.0 User’s Manual (2011), as shown in Figure 10, is studied. The selection of soil
constitutive models is a significant challenge in the numerical modelling of a braced excavation
problem (Lim et al. 2010). For example, ideally the small-strain behavior (Stallebrass and Taylor
1997; Kung et al. 2009), anisotropic behavior (Whittle 1993; Jung et al. 2004) and confining
pressure-dependent behavior should all be included; however, such a comprehensive soil model
is not available in a commercial code. Note that although no soil constitutive model is perfect,
each and every model has its own merits and shortcomings, which poses a significant challenge
to the optimal selection of the constitutive model. Further, the limited availability of site-specific
data, randomness of test errors and inherent variability in natural deposits can lead to uncertainty
in the characterized soil model parameters. In the face of uncertainty in the model parameters,
the challenge in the selection of soil constitutive models becomes more profound. The influence
of the selection of soil constitutive models on the evaluated maximum wall deformation (induced
by the braced excavation) is studied herein. The Mohr-Coulomb plastic model and the cap-yield
model, known as MC model and CY model, respectively, are adopted for the intended study, as

these two models have been well calibrated in the FLAC (2011). However, the calibration in the



numerical method-based software is only for the mean of the model parameters. The levels of
uncertainty in these model parameters are unknown and are likely different for these two models,
such uncertainties require to be characterized from a site investigation program. In this problem,
however, the levels of uncertainties in the soil model parameters are assumed and taken to be the
same for both soil models. Such simplified assumptions are adopted throughout the analysis in
this problem. It should be noted that although only two models (MC model and CY model) are
studied and compared in this example, the analysis could be easily extended to cover other soil
constitutive models.

In reference to Figure 10, this excavation is 20 m wide and the final excavation depth is
10 m. The diaphragm walls are extended to a 30 m depthand are braced by horizontal struts at 2
m interval. The ground consists of two soil layers: a 20 m thick soft clay underlain by a stiff sand
layer that extends to a greater depth. The initial water table is at the ground surface. This braced
excavation involves several stages of dewatering, excavation, adding of support, and excavation.
In this study, only three main construction stages are considered: 1) dewatering to a 20 m depth
in the region to be excavated; 2) excavation to a 2 m depth; and 3) installation of the horizontal
strut and excavationto a 10 m depth. Note that both stability and serviceability of the diaphragm
wall system can be signaled by the wall deformation, the maximum wall deformation at the final
stage is focused in this problem.

The finite difference method (FDM)-based program FLAC version 7.0 (2011) is adopted
herein to analyze the wall responses during the excavation. It should be noted that any other
suitable code can be used. In the numerical modelling of this braced excavation, the plane-strain
condition is assumed for the FDM analysis and only half-width of the excavation is analyzed due

to symmetry. To minimize the boundary effect on the wall responses during the excavation, the



right-side boundary is set at 35 m away from the diaphragm wall and the bottom boundary is set
at 30 m below the final excavation depth. The bottom boundary is restrained vertically and the
left- and right-side boundaries are restrained horizontally. The uniform mesh density witha mesh
size of 1.0 mx1.0m is adopted in the FDM mesh. In the built FLAC model, the diaphragm wall
and horizontal strut are modelled with beam elements, and the soil-structure interfaces are
modeled with interface elements. The material properties of the diaphragm wall, horizontal strut,
and soil-structure interfaces are listed in Table 4.

The hydraulic conductivity and porosity of the soils are assumed to be 10°® m/sec and 0.3,
respectively. The stress-strain behavior of the sand is modelled with the Mohr-Coulomb plastic
model (MC model), the model parameters are tabulated in Table 5. The stress-strain behavior of
the clay, in this study, is modelled with the MC model, and then the CY model for a comparison
study. The model parameters of the clay are tabulated in Table 6. It is worth noting that the soil
constitutive models, model parameters, and other parameter settings listed in the FLAC User’s
Manual (2011) are strictly followed in the built FLAC model. Figure 11 depicts that similar wall
deformations are derived with MC model and CY model. Thus, the model parameters of the MC
model and those of the CY model could be considered “equivalent” in the perspective of the wall
deformation evaluation in this braced excavation problem.

As can be seen in Table 6, many more model parameters are involved in the complex CY
model, while only a few model parameters are required in the simple MC model. Moreover, the
engineers are generally more familiar (or comfortable) with both the physical meaning of the MC
model parameters and use of the MC model in numerical modelling. Thus, the model parameters
in the MC model could be determined accurately and with ease. Inorder to analyze the selection

of soil constitutive models (i.e., MC model versus CY model) on the maximum wall deformation,



all the non-zero model parameters of the clay tabulated in Table 6 are assumed to be normally
distributed. For simplicity, the spatial variability of the model parameters is not included in this
problem. The mean of these non-zero model parameters are assumed to be identical to those
shown in Table 6, the COVs of these non-zero model parameters are assumed to be 0.10, and the
correlations among these non-zero model parameters are ignored.

Based upon the assumed statistical information of the model parameters, the distribution
of the predicted maximum wall deformation is obtained with 5,000 MCSs, as shown in Figure 12.
In the context of the MCS of these non-zero model parameters, the generated model parameters
that are meaningless or invalid are omitted (i.e., not analyzed by the adopted FLAC model). For
the CY model, only 4,924 sets of CY model parameters (among the 5,000 sets screened) can lead
to converged wall deformation; whereas, in the case of MC model, converged wall deformation
can always be obtained. Thus, the built FLAC model is more sensitive to (or less robust against)
the CY model parameters. The histograms in Figure 12 depict that the CY model could result in
a larger variation in the computed maximum wall deformation, indicated by a wider distribution
of the histogram. The COVs of the maximum wall deformation evaluated with the MC model
and CY model are 0.11 and 0.14, respectively.

Note that even though the stress-strain behavior of the clay at small strain can be better
represented by the complex CY model (Oettl et al. 1998; Surarak et al. 2012), the CY model
could lead to a larger variation in the model prediction considering the uncertainty in the model
parameters. The implication is that although the complex CY model could be more accurate, it is
less robust compared to the simple constitutive models such as the MC model. It should be noted
that in this problem, no benchmark maximum wall deformation is available; as such, the direct

comparison cannot be made through an examination of the discrepancy between the predicted



performance and the benchmark performance (as shown previously in Figure 2 and Figure 6).
For a quantitative comparison of the model robustness, an amplifying factor, denoted as AF, is

defined as follows.

AF = % (14)

mp

where omp represents the COV of the computed maximum wall deformation, and &y represents
the COV of the model parameters of the soil constitutive model. Note that the amplifying factor
(AF) defined in Eqg. (14) is not a bias factor that indicates the ratio of the predicted performance
over the benchmark performance; rather, it may be interpreted as a sensitivity index of the soil
constitutive model, which signals the degree of variation in the system response given a specified
degree of variation in the input model parameters. A smaller AF value indicates that the system
performance is less sensitive to (or more robust against) the uncertainties in the input model
parameters of the soil constitutive model, and thus implies higher robustness. This is consistent
with the robustness concept originated by Taguchi (1986). With the MCS results, the COV of the
predicted maximum wall deformation (omp) can be derived, and then the amplifying factors (AFs)
of the soil constitutive models could be calculated. The AFs are 1.43 and 1.10 with respect to the
CY model and MC model, respectively; and thus, the simple MC model in this problem yields a
more robust prediction than the CY model does.

Next, different degrees of variation in the model parameters are studied and the resulting
amplifying factors are illustrated in Figure 13. It can be seen from Figure 13 that the MC model
consistently yields a lower AF value and thus offers a more robust prediction of the maximum
wall deformation. In other words, even though the stress-strain behavior of a soil could be more

accurately simulated by the complex soil constitutive model, a larger variation in the computed



system performance can be resulted utilizing this complex model. Thus, for numerical modeling
and analysis, use of a complex soil constitutive model (i.e., CY model in this problem) does not
necessarily outperform a simple soil constitutive model (i.e., MC model in this problem) from
the perspective of model robustness.

It is noted that the selection of the most suitable soil constitutive model in the numerical
modelling and analysis is a significant challenge that has been rarely analyzed, especially in the
situation where the model parameters cannot be characterized with certainty. In this problem, the
following assumptions were made: 1) the levels of uncertainties in the model parameters of the
MC model and those of the CY model are assumed to be identical; 2) in both MC model and CY
model, the uncertainties inall those non-zero model parameters are assumed to be identical; 3) in
both MC model and CY model, the correlations among these model parameters are ignored; and
4) the depth-dependent feature of the soil properties (e.g., the strength and deformation modulus),
inboth MC model and CY model, is ignored. Though several assumptions were made, the results
presented provide an insight into the choice between the simple soil constitutive model and the
complex soil constitutive model in numerical modelling and analysis. Although the stress-strain
behavior of a soil could be more accurately simulated by a complex constitutive model, a larger
variation in the computed system performance might be resulted with this complex model, thus a
simple constitutive model could be preferred in such scenarios. For a more comprehensive study
of this problem, it is desirable to consider the following aspects: 1) given a specified amount of
site-specific data, the characterized uncertainties of different soil constitutive models could be
different; 2) within a specified soil constitutive model, the characterized uncertainties in different
model parameters can be different, and these model parameters can be correlated; and 3) within a

specified constitutive model, the spatial variability of the model parameters cannot be negligible.



5. Concluding Remarks

This paper presented a preliminary study on the selection of solution models in the face
of uncertainty (in the model parameters) by means of three representative geotechnical problems.
The first problem considers the selection of the order of the polynomial fit in the development of
data-driven empirical models, the second problem considers the selection between the random
variable and the random field in the probabilistic characterization of a soil property at a site, and
the third problem considers the selection of soil constitutive models in the numerical modelling
of a braced excavation. The following conclusions are drawn based upon the results presented:

(1) Due to the limited availability of site-specific data, and the existence of test error and
inherent variability in natural deposits, the model parameters of the geotechnical model could not
be characterized with certainty, which tends to result in a significant uncertainty in the predicted
system performance. Because of the uncertainty in the model parameters, a complex model may
be more accurate but less robust. Further, the uncertainty in the model parameters of the complex
model could be more difficult to be characterized, as a larger number of model parameters are
involved. Thus, a complex model does not necessarily indicate a better model; instead, a simple
model might outperform a complex model in the face of uncertainty in the model parameters.

(2) In the development of data-driven empirical models in geological and/or geotechnical
engineering, the fidelity could be guaranteed by adopting a higher-order polynomial fit. Even so,
discrepancies between model predictions and field observations always exist; and as such, model
parameters should be characterized as uncertain variables and the intended system performance
should be evaluated in a probabilistic manner. The robustness of a model, which can be indicated

by the variation of the model prediction, increases first and then decreases with the order of the



polynomial fit. Indeed, fidelity and robustness are two conflicting objectives in the development
of data-driven empirical models. In consideration of both model fidelity and model robustness, a
lower-order polynomial fit might outperform a higher-order polynomial fit.

(3) In the site characterization of a soil property, the residual between the spatial trend,
which can be captured by a polynomial fit, and the in situ property can be characterized either by
arandom variable or a random field. Although the random field model is more sophisticated and
theoretical sound, the characterization of the random field is much more difficult than that of the
random variable, and this issue becomes more profound when the site-specific data are limited.
The larger uncertainty in the characterization of the random field could lead to larger uncertainty
in the predicted system performance, compared to the random variable. Thus, in consideration of
the uncertainty in the model parameters, the simple random variable model might outperform the
complex random field model in predicting the geotechnical system performance.

(4) In the selection of soil constitutive models in the numerical modelling and analysis,
the stress-strain behavior of the soil could be more precisely simulated by a complex constitutive
model (e.g., CY model). Consequently, more model parameters are involved in the complex soil
constitutive model, in comparison to the simple soil constitutive model (e.g., MC model). Due to
the limited availability of site-specific data, the uncertainty in the model parameters of the
complex soil constitutive model can be more challenging to be characterized. Given a specified
level of uncertainty in the model parameters, the complex soil constitutive model may lead to a
larger variation in the computed system performance. Thus, the complex soil constitutive model
can be precise but not robust, and a complex soil constitutive model does not necessarily indicate

a better soil constitutive model in the numerical modelling of a geotechnical system.



It should be noted that significant simplifications are made in the three problems studied,
and the findings reported herein on the choice of solution models in the face of uncertainty are
deemed preliminary. Model selection in geological and/or geotechnical engineering is indeed a
great challenge, it deserves further research. For example, the measures of both model fidelity
and model robustness have not been formally defined, and the tradeoff between model fidelity
and model robustness in the optimal selection of the solution model has not been examined.
Nevertheless, the observations and insight reported in this paper can add to the general literature

of the model selection in, and beyond, the field of geological and/or geotechnical engineering.
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Appendix A. Procedures for the MCMC Simulation-Based Bayesian Inference Method

The procedures for the MCMC simulation-based Bayesian inference method for deriving
the statistics of the unknown parameters 6 using Metropolis-Hastings algorithm are summarized
as follows (Gong et al. 2017):

Step 1: At stage m = 1, sample a starting point, denoted as 61, in the Markov chain. This
starting point might be randomly generated from the prior distribution f{06) or assigned the mean
of the prior distribution pg.

Step 2: At next stage (m starts from 2), sample a candidate point 8* from a proposal
distribution of J(0*|0m-1), which is assumed to be a multivariate normal distribution, in which the
mean is set to the current sample point 6,1 and the covariance is set to sCq, Where s represents a
scaling factor and Cy represents the covariance of the prior distribution of 8. The scaling factor s

should be selected so that the acceptance rate of the MCMC samples is between 20% and 40%.
Step 3: Calculate the ratio of the un-normalized posterior probability density function

(PDF) of 6* over that of 6.1, denoted as ¢, as follows.

gzmin{ L(d|9*)f'(9*) 1 (Al)

L(d]6,4) f'(8y)
where L(d|0) represents the likelihood of observing test data d given the unknown parameters of
0.
Step 4: Sample a random variable, denoted as &, from a uniform distribution of U(0, 1).
Step 5: Determine whether the candidate point 6* is acceptable with the following rule: if
& < ¢, then the candidate point ©* is acceptable and set 6, = 0*; otherwise, the candidate point 8*

Is not acceptable and set O, = Oy.1. Note that when the number of test data is large, the likelihood



function L(d|0*) becomes significantly small and the mathematical operation of the density ratio
¢ becomes a challenge. To avoid such occurrences, the logarithm of the density ratio ¢, denoted
as Ing; might be computed for evaluating the acceptability of the candidate point 6*. Then, Eq.
(A1) is modified into:

In¢ =min{In[ L(d|6%)]+In[ f (6¢)]-In[L(d|6,,)]-In[ f(6,,)],0} (A2)
Accordingly, the acceptance rule is modified as: if In& < Ing; then accept the candidate point 8*
and set 0, = 0*; otherwise, reject the candidate point 8* and set 6, =0p-1.

Step 6: Repeat Steps 2-5 until a target number of MCMC samples, in terms of Markov
chain length, is reached. Based upon the obtained MCMC samples, the statistics of the unknown

parameters 0 can be derived straightforwardly.
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Table 1. Deterministic models obtained with the synthetic test data d; shown in Figure 1 using
the least square regression analysis (Problem 1)

Fidelity in matching the test
data d

Model | Model coefficients p
Mean of [f(x) | Std. Dev. of
- d(x)] [f(x) - d(x)]
PL |[14534 04341] -8.92x107 0.4875
P2 |[0.9065 0.8033 -0.0369) 9.47x10° 0.3403
P3 ||06116 1.2888 -0.1649 0.0085 | 7.86x107 0.2622
P4 |[0.7536 0.7616 0.1009 -0.0341 0.0021 | -8.44x10” 0.2216
PS | ]0.8959 -0.3204 0.9675 -0.2737 0.0292 -0.0011| -7.70x10™ 0.1392
P6 |[0.8305 0.5215 -0.0247 0.1468 -0.0515 0.0061 -00002] | 57x10° 0.1122




Table 2. Probabilistic models obtained with the synthetic test data d; shown in Figure 1 using the
MCMC-based Bayesian inference method (Problem 1)

Model | Mean p,' | Covariance Cp

1.4525 1.11E-02 -1.38E-03
0.4341 -1.38E-03 3.93E-04

P1

0.9049 6.57E-03 -1.03E-03 1.97E-05
P2 0.8034 -1.03E-03 9.81E-04 -7.96E-05
-0.0369 1.97E-05 -7.96E-05 1.01E-05

0.6122 3.27E-03 -8.73E-04 4.47E-05 9.54E-07
1.2890 -8.73E-04 3.11E-03 -4.24E-04 8.59E-06
-0.1648 4.47E-05 -4.24E-04 9.64E-05 -5.06E-06
0.0085 9.54E-07 8.59E-06 -5.06E-06 4.66E-07

P3

0.7473 5.15E-03 -1.06E-03 -3.26E-05 1.53E-05 -6.49E-07
0.7624 -1.06E-03 2.59E-03 -2.42E-04 -3.10E-05 2.91E-06
P4 0.0997 -3.26E-05 -2.42E-04 8.66E-05 -6.82E-06 3.68E-08
-0.0337 1.53E-05 -3.10E-05 -6.82E-06 3.41E-06 -2.45E-07
0.0021 -6.49E-07 2.91E-06 3.68E-08 -2.45E-07 2.24E-08

0.8944 7.95E-03 -7.21E-04 -1.20E-03 9.31E-05 2.82E-05 -2.59E-06
-0.3103 -7.21E-04 4.34E-04 1.25E-04 -3.03E-05 -1.40E-06 2.90E-07
0.9596 -1.20E-03 1.25E-04 1.24E-03 -3.02E-04 1.69E-05 1.08E-07
-0.2730 9.31E-05 -3.03E-05 -3.02E-04 9.82E-05 -9.54E-06 2.71E-07
0.0293 2.82E-05 -1.40E-06 1.69E-05 -9.54E-06 1.51E-06 -7.23E-08
-0.0011 -2.59E-06 2.90E-07 1.08E-07 2.71E-07 -7.23E-08 4.45E-09

P5

0.8537 4.81E-03 -4.25E-04 5.47E-06 2.34E-05 -3.20E-05 6.06E-06 -3.11E-07
0.4780 -4.25E-04 4.51E-04 3.09E-06 -8.51E-05 2.24E-05 -2.12E-06 6.91E-08
-0.0237 5.47E-06 3.09E-06 1.29E-06 -3.58E-06 9.47E-07 -8.85E-08 2.80E-09
P6 0.1476 2.34E-05 -8.51E-05 -3.58E-06 3.88E-05 -9.81E-06 7.98E-07 -1.92E-08
-0.0508 -3.20E-05 2.24E-05 9.47E-07 -9.81E-06 2.83E-06 -2.72E-07 8.46E-09
0.0059 6.06E-06 -2.12E-06 -8.85E-08 7.98E-07 -2.72E-07 3.19E-08 -1.24E-09
-0.0002 -3.11E-07 6.91E-08 2.80E-09 -1.92E-08 8.46E-09 -1.24E-09 5.84E-11




Table 3. Probabilistic characterization of the normalized undrained shear strength using the
synthetic test data d; shown in Figure 4 (Problem 2)

Fidelity in matching the
i, true
Spatial trend, ; Pz Residual, o bearing capacity, (Q] -
Quis Qs
Pr[(
Mod Mod | Statistics of the residual Std Qs
(0] . T 0 alistics O e resiaual, . p
Model coefficients, Mean
el P el 0 Dev. Quis )/
T —_
QULS_
0]
i 3.15x1 | 12.596
V || 140E-07 1.6862 2.79x1 e 2
03 0 3
P1 || 155377 -0.3350
) 7.16x1
F || 140E-07 17019 2.982:3.14x1 _ZX 5.5631
03 0
) . 11.654
V' |[-370E-07 13485 porx | 2234
02 0 8
P2 || 184582 -1.3085 0.059¢
F|[-370E:07 13662 2930:1.96x1 5'?;1 6.5707
0—2

® The model that yields the highest likelihood is identified as the “best” model.




Table 4. Material properties of diaphragm wall, horizontal strut, and soil-structure interfaces

(Problem 3)
Category Parameter Value
Equivalent thickness, #(m) 1.26
Density, pw (kg/m®) 2,000
Diaphragm wall Young’s modulus, E, (GPa) 5.712
Poisson ratio, v 0.2
Moment of inertia, Iy (m") 0.167
Cross-sectional area, As (m°) 1.0
Spacing, Hs (m) 2.0
Horizontal strut Density, ps (kg/nr°) 3,000
Young’s modulus, Eg (GPa) 4.0
Moment of inertia, Is (m4) 0.083
Friction angle, ¢ (°) 12.5
. ) Cohesion, ¢; (kPa) 2.5
Soil-structure interface Normal-stiffness, K,;(MPa) 550
Shear-stiffness, K (MPa) 550




Table 5. Mohr-Coulomb drained properties of the sand (Problem 3)

Model parameter Value
Dry density, pss (kg/n) 1,700
Young’s modulus, Eg (MPa) 40.0
Poisson ratio, vss 0.3
Cohesion, ¢ (kPa) 0
Friction angle, ¢ (°) 32.0

Dilation angle, s (°)

2.0




Table 6. Drained model parameters of the clay (Problem 3)

Mohr-Coulomb model (MC model)

Cap-yield model (CY model)

Model parameter Value Model parameter Value
Dry density, ps. (kg/nr) 1,600 | Dry density, o, (kg/nr) 1,600
Young’s modulus, E;. (MPa) 10.0 Cap-yield surface parameter, o 1.0
Poisson ratio, v 0.35 Ultimate friction angle, ¢/(°) 25.0
Cohesion, ¢, (kPa) 0 Ultimate dilation angle, y/(°) 0
Friction angle, ¢ (°) 25.0 Multiplier, R 3.333
Dilation angle, . (°) 0 G;; (MPa) 10.0
Ky (MPa) 4.0
Reference pressure, p,.r(MPa) 0.1
Poisson ratio, v 0.2
Cohesion, ¢, (kPa) 0
Power, m 1.0
Ko* 0.5
Initial mobilized friction angle, ¢,, (°) 19.47
Failure ratio, Ry 0.9




Figure 1. Polynomial fitting of the synthetic test data d;

Figure 2. Distribution of the discrepancy between the model prediction and the true model value

Figure 3. Statistics of the discrepancy between the model prediction and the true model value: (a)
3 sets of synthetic test data studied; (b) Mean of the discrepancy; (c) Std. Dev. of the

discrepancy

Figure 4. Polynomial fitting of the spatial trend of the normalized undrained shear strength based
upon synthetic test data d;

Figure 5. Schematic diagram of a drilled shaft in clay

Figure 6. Distribution of the discrepancy between the predicted bearing capacity and the
benchmark bearing capacity

Figure 7. Three other in situ soil profiles studied in Problem 2

Figure 8. Distribution of the best model among the studied soil models

Figure 9. Statistics of the discrepancy (Q/,s - Qs )/ Q[ obtained with the generated 240 sets

of synthetic test data of the normalized undrained shear strength: (@) Mean of the
discrepancy; (b) Std. Dev. of the discrepancy

Figure 10. Geometry for the braced excavation in Problem 3
Figure 11. Deterministic analysis results of the MC model and the CY model

Figure 12. Distribution of the predicted maximum wall deformation: (a) MC model; (b) CY
model

Figure 13. Amplifying factors of the MC model and the CY model
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Highlights

e Thispaperprovidesaninsightonthe question, “does acomplex model always
outperform asimple model inthe face of uncertainty?”

e hequestionisexaminedinthree problem settings: low versus high order of
polynomial fits, random variableversus random field,and simple versus complex
constitutive model.

e Analysisshowsthatalthoughacomplex model mayyield a more accurate prediction,
a simple model mayyield amore robust prediction.



