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ABSTRACT

As part of the next generation liquefaction (NGL) project, we are developing probabilistic
triggering and manifestation models using laboratory data and cone penetration test (CPT) case
histories in the NGL database. The case histories are used to develop probabilistic models for
surface manifestation conditional on susceptibility, liquefaction triggering, soil properties,
stratigraphic details, and other features. Susceptibility is interpreted as a sole function of soil
composition and is expressed as a probabilistic function of soil behavior type index, Ic, obtained
from CPT. A triggering model is derived based on laboratory tests on high-quality specimens
from literature; this model captures mean responses and uncertainty reflective of data dispersion
and is considered as a Bayesian prior that will subsequently be updated by field observation data.
A manifestation model is then regressed from field case histories where surface manifestation
was or was not observed, information on soil conditions that enables identification of layers
likely to liquefy, and ground shaking conditions. We describe the approach applied to develop
our manifestation model; for a given layer this model considers layer depth, thickness, CPT tip
resistance, and lc. The result of this process is a logistic function in which manifestation
probability decreases with increasing depth, decreasing thickness, increasing tip resistance, and
increasing lc. Profile manifestation is then derived by aggregating individual layer manifestation
probabilities.

INTRODUCTION

A three-step process is typically used to judge seismic hazards related to soil liquefaction,
namely: (1) evaluation of liquefaction susceptibility, (2) evaluation of the potential for loss of
stiffness and strength from liquefaction triggering, and (3) assessment of likely consequences of
liquefaction or cyclic softening (e.g., instabilities or deformations). Case histories of field
performance from liquefaction necessarily contain information on soil conditions and ground
shaking (e.g., Stewart et al. 2016), but the condition that mainly limits their numbers is the
requirement for post-earthquake observations of manifestation or lack thereof in past earthquake
events. As a result, the case histories most directly provide information on the manifestation
consequence, whereas in past work manifestation has generally been interpreted as being
uniquely associated with triggering and lack of manifestation with no-triggering (e.g., Cetin et al.
2004 and 2018; Idriss and Boulanger, 2008; and Boulanger and Idriss 2012 and 2016).
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We take a different approach in which observation of surface manifestation or lack thereof is
taken as only providing evidence of field performance and not (directly) whether liquefaction
was or was not triggered. Using case histories in the Next Generation Liquefaction (NGL)
Project database (Ulmer et al. 2023a, Brandenberg et al. 2020), we are developing a model for
liquefaction manifestation of a soil profile that considers the manifestation potential of individual
layers. For each triggered layer, manifestation is related to layer depth, thickness, corrected CPT
tip resistance (qcin Or Qeines), and lc. The triggering is derived from laboratory cyclic test results,
which has been separately presented (Ulmer et al. 2023b, Carlton et al. 2022); the focus of this
paper is on presenting the framework being used to develop the manifestation model. The model
itself is under development, and results presented herein are merely for illustrative purposes.

SEPARATING TRIGGERING FROM MANIFESTATION

Surface manifestation of liquefaction generally takes the forms of sediment boils, ground
cracks, or similar effects. Historically, it has been common to interpret manifestation at case
history sites as equivalent to triggering and absence of manifestation as indicating that triggering
did not occur. However, it is possible for sand boils to develop at sites where thick, shallow,
susceptible layers produce significant pore pressures that do not exceed the level of initial
liquefaction (i.e., pore pressure ratio ru = 1.0) (Tokimatsu et al., 2012; Kramer et al., 2016).
Furthermore, it is possible for liquefaction to be triggered in thin, deep susceptible layers without
producing surface manifestation.

Examples. Figure 1 shows a CPT profile for Wufeng Site A (Chu et al. 2008) that did not
manifest liquefaction during the 1999 Chi-Chi earthquake. There are three layers labeled 4, 6,
and 8 that have Ic values near or less than 2.6 and are therefore interpreted as being sand-like and
susceptible to liquefaction, and a low geines. Shaking intensity was strong for this site, and the
magnitude- and overburden-corrected CSR (CSRwm) values at the depth of the layers is between
0.6 to 0.85 based on processing steps by Boulanger and Idriss (i.e., rda, MSF, etc.). These layers
are predicted to liquefy by all published liquefaction models, but the site did not exhibit
manifestation. We postulate that liquefaction did trigger in some or all of these layers but did not
manifest due to the presence of the thick clay-like crust layer that is not susceptible to
liquefaction. Furthermore, this profile exhibits significant interbedding, which has been
associated with lack of surface manifestation at many sites in Christchurch, New Zealand. Sandy
layers within these profiles would also be predicted to liquefy based on current liquefaction
models (Cubrinovski et al., 2019, Hutabarat and Bray, 2021, 2022), but as in Wufeng, the non-
manifestations in these examples point to the importance of separating triggering from
manifestation in analysis.

Probabilistic Framework. The historical use of manifestation as an indicator of liquefaction
triggering and lack of manifestation as an indicator of a lack of triggering implies that the
probability of triggering is equal to the probability of manifestation, i.e., P[T] = P[M], and the
probability of no triggering is equal to the probability of no manifestation P[NT] = P[NM]. We
take a different approach by utilizing Bayes’ theorem to interpret relationships between
triggering and manifestation. Consider for example the probability that the soil in the critical
layer triggered conditioned on manifestation having been observed, i.e., P[T|M],

;1 (PIMUTIPIT]) (PIM,|T]P[T])
PIIML = =55 = (PRLTIPT) + PV NTIPINTY) )
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Figure 1. (a) CPT WAC-3 from Wufeng Site A in Taiwan (Chu et al. 2008), with no surface
manifestation of liquefaction despite having loose, sand in Layers 4, 6, and 8. (b) Critical
layer values of gcines and CSR plotted on traditional triggering curves from Boulanger and
Idriss (2016) and Moss et al. (2006).

Table 1 lists three probabilities — those of triggering P[T], manifestation of a layer given
triggering P[ML|T], and manifestation of a layer given no triggering P[ML|NT], where the
subscript “L” denotes the manifestation from a single layer. Other pertinent probabilities can be
computed from their complements, e.g., P[NT] =1 - P[T].

Table 1. Descriptions of Probabilities in our Approach

Term Definition
P[S] Probability of susceptibility (e.g., Mauer et al. 2017)
P[T] Probability that a layer triggers. Note that P[T] = P[S]*P[T|S]
p Probability that a layer causes surface manifestation given that it
[M.[T] triggers.
Probability that a layer causes surface manifestation given that it does
PIMLINT] not trigger. This may result from high pore pressures (but not high

enough to trigger liquefaction) that cause sand boils or other
observations we usually interpret as manifestation of liquefaction.
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Probability of Triggering. We utilized laboratory test data to develop a prior distribution for
P[T] conditioned on relative density and CSR (Ulmer et al. 2023b, Carlton et al. 2022). This
work is presented in Ulmer et al (2023c) and is omitted here due to length limitations. The
laboratory-based prior will subsequently be investigated for potential revision using Bayesian
inference.

MODEL FRAMEWORK FOR PROFILE MANIFESTATION

The framework computes a probability of profile manifestation based on probabilities of
manifestation of each soil layer within the profile, which in turn is conditioned on the
probabilities that each layer within the profile will trigger, along with other layer features. This
framework does not require identification of a critical layer within the profile; rather we
aggregate contributions of each layer (denoted with the subscript “L”) to the profile
manifestation probability to compute the profile manifestation probability, P[Me], where the
subscript “P” denotes profile. Layer boundaries and representative values can be interpreted
from CPT profiles using judgement or algorithms (e.g., Hudson et al. 2023). Terminology is
defined in Table 2.

Table 2. Terminology for profile manifestation model

Term Definition

NL Number of layers in profile
i Layer index counter
Yij Model coefficient

P[ML] Probability that layer causes surface manifestation

Layer Manifestation Probability. The probability that a layer will manifest is computed
using a logistic function. For example, Eg. 2 is a multivariate logistic function expressing
probability of manifestation as a function of gen, Ic, and depth to the top of the layer (ztop).

1
1+ e—(Bo+B1gean+B2-1c+B3 2top)

)

P[ML|T] =

where (o to S are regressed coefficients.

Figure 2 plots the resulting logistic function. The probability factor depends jointly on all
three features, so multiple plots are required to demonstrate key aspects of the function. As
evidenced in the top left subplot of Figure 2, a layer at the ground surface (ztop = Om) with Ic=1
(represented as the darkest blue curve) has P[ML|T] ~ 1 at qcin < 75. AS qein increases, P[ML|T]
decreases until it is approximately 0 at gcan = 300. As Ic increases (the color of the curve gets
warmer), for the same zwp and gcan, the P[ML|T] decreases. Moving to different subplots from left
to right and top to bottom, as ztwp increases P[ML|T] decreases for the same qcin and Ic values. We
are currently exploring many different layer features, and the functions in Figure 2 are presented
as preliminary results to illustrate the methodology.

Manifestation Probability of a Profile. The probability of manifestation of a profile P[Mp]
is computed using Eq. 3, where Nv is the number of layers in the profile, ti is the thickness of the
i" layer, and tc is a constant characteristic thickness. Eq. 3 consists of multiple components that
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warrant separate discussions. First, the expression 1 - P[ML|T]P[T] is equal to the probability that
the layer will not manifest liquefaction, P[NML] = 1 - P[ML]. If none of the layers manifest
liquefaction, then the profile does not manifest liquefaction. Therefore, P[NMp] is computed as a
product sum of P[NML.]. However, a direct product sum (i.e., without the t/tc term in the
exponent) inherently assumes that P[NML] for each layer is statistically independent from all
other layers. This is generally not true. For example, consider a profile composed of a 3m thick
layer with P[ML|T] = 0.2 and P[T.] = 1.0. In this case, Eq. 3 would produce P[Mr] = 0.2, which is
the same as P[ML|T] since the layer and the profile are one and the same. However, if we sub-
divide the profile into three 1m thick layers each with P[ML|T] = 0.2 and P[T] = 1.0, and we
compute a product sum without the ti/tc exponent, then Eq. 3 produces P[Mp] = 0.488. This is an
undesired outcome because the profile is the same in both cases, but the computed P[Mp]
depends strongly on discretization of the profile.
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Figure 2. Logistic function illustrating effects of overburden corrected cone tip resistance,
gen, and soil behavior type index, I¢ for reference top of the layer depths, ztp.

To overcome this discretization problem, we introduce the ti/tc exponent. If the same 3m
thick layer has P[ML|T] = 0.2, P[T] = 1.0, and tc = 3m, then Eq. 3 provides P[Mp] = 0.2. If the
layer is subdivided into three 1m thick layers, then Eq. 3 provides P[Mp] = 0.2. The ti/tc exponent
has removed the influence of discretization by tying layer thickness to the characteristic length.
The characteristic thickness is the layer thickness for which P[ML|T] is statistically independent
of the other layers. If all layers have a thickness equal to the characteristic thickness, then Eq. 3
reduces to a simple product sum. If a layer is thicker than the characteristic thickness, it becomes
more likely to manifest, and vice versa, as illustrated in Figure 3. We considered including
thickness as a variable within the logistic regression instead of as an exponent, but ultimately
decided to include it as an exponent instead for this reason.

PlMp]=1- H (1— P [M|T), - P[T],)"/" 3)
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Consider the example profile in Figure 4, which has three layers with thicknesses of 3 m
(also using tc = 3m for simplicity), and groundwater table at the ground surface. Layer 1 has a
high gcinv and Ic (300 and 3.2, respectively), layer 2 has a low gecn and high Ic (50 and 3.2,
respectively), and layer 3 has low gcin and low Ic (50 and 1.5, respectively). A strong motion
with CSR=0.6 is assumed. The first step is to compute P[T|S] for each layer; layer 1 has P[T|S]~0
due to its high gecin, whereas layers 2 and 3 have relatively low gcin and high CSR, therefore
P[T|S]~1. The P[S] is low for layers 1 and 2 due to high lc. The product of P[T|S] and P[S] is
P[T], which is 0, 0, and 1 for layers 1, 2, and 3 respectively. The logistic functions in Figure 2
and Eq. 2 are used with the profile data to compute P[ML|T]. Layer 1 has P[ML|T]=0, layer 2 has
P[ML|T]=0, and layer 3 has P[ML|T]=0.5. These results are combined in Eq. 3 to provide profile
manifestation probability P[Mp]=0.5, which is entirely caused by layer 3.
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Figure 3. Influence of t/tc exponent on probability of layer manifestation.

gein I PIT|S] P[S] PIT] PIM,|T] P[M;]
0 200 2 3 0 10 1 0 10 10 1
0.0 ;
_ 1
E 25
= 2
£ 50
]
075 3

Figure 4. Simplified CPT profile demonstrating the computation of P[M?].
PROFILE-BASED REGRESSION FRAMEWORK

The profile-based framework provides a value of P[Mp] for a profile conditional on the
properties of the layers within the profile, P[T|S] and P[S] for each layer, and the coefficients
within the logistic functions. Independently regressing the logistic coefficients, P[T|S] and P[S]
based on case history data was not attempted because (i) the amount of field case history data is
inadequate to isolate so many different components, and (ii) there is a body of knowledge from
laboratory testing that help us constrain P[S] and P[T|S]. Our approach is therefore to develop
prior distribution functions for P[S] and P[T|S], and subsequently use Bayesian inference to
obtain posterior distributions following regression of the logistic coefficients. This section
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develops a regression framework that solves for the logistic function coefficients based on
observations of manifestations at NGL sites. We assume P[ML|NT]=0 for this derivation, but we
anticipate including it in future versions of the model.

Frequentist regression requires a cost function J that must be minimized, while Bayesian
inference requires a likelihood function L that must be maximized. In least-squares regression,
constants are selected to minimize the sum of the square of the difference between the
predictions and observations. This form of regression is not well-suited to binary observations,
such as whether liquefaction did or did not manifest at a site, because the dependent variable is
not continuous. Logistic regression is better suited to this purpose. We herein seek values of the
logistic coefficients that minimize the cost function J given by Eq. 4, where yk is a binary
indicator of whether manifestation was observed at the k" site (yx = 1 if manifestation was
observed, yk=0 if it was not), and Np is the number of profiles.

Np

S n(PIM,])+ (- n(1-PM, )] Q

p k=1

J

The cost function exhibits several notable properties. First, if yk=1, only the first expression
contributes to the cost function for profile k, whereas if yk=0, only the second expression
contributes. Second, if the prediction is a true positive (i.e., if yx=1 and P[Mp]k = 1), or a true
negative (i.e., if yx=0 and P[Mp]«k = 0), the contribution to the cost function from that profile is
zero. Only values of P[Mp] that do not match the observed manifestation contribute to the cost
function. The ideal scenario would therefore be to select an optimal set of s that render P[Mp]
values that are either 0 or 1 and match the observations. In that case, the cost function would be J
= 0. For real datasets, this is generally not feasible, and the value of J will therefore be larger
than zero. To perform the minimization, the cost function must be written in terms of the desired
regression variables, which is obtained by substituting Eq. 2 and 3 into Eq. 4.

Traditional logistic regression problems are convex (i.e., they exhibit a single minimum) and
are well-suited to convex optimization strategies like the gradient descent method.
Unfortunately, the functional form we have adopted, which is a product of many multi-variate
logistic functions raised to a power, is not convex. As a result, we must constrain the values of
the model coefficients within a range of interest and try multiple initial guesses of the model
coefficients to identify the minimum value of the cost function within the permissible space. We
have adopted the limited memory Broyden—Fletcher—Goldfarb—Shanno constrained algorithm
(Byrd et al., 1995), often called L-BFGS-B to solve this problem.

CONCLUSIONS AND NEXT STEPS

We have provided here a preliminary framework for separating the effects of liquefaction
susceptibility, triggering, and manifestation during model development. These models represent
“works in progress” and are not final recommendations. However, our framework presents useful
steps towards more robust, fully probabilistic and performance-based approaches to assessing
liquefaction potential. In this manuscript, we clarified the meaning of key terms in liquefaction
analysis and provided a framework by which the different effects can be evaluated in a consistent
and rational manner that is probabilistic and performance-based. We are continuing to explore
other options in the model formulation including “profile-based” variables (e.g., interbeddedness
of a profile, Hi, and liquefaction potential index), alternative demand parameters (PGV, CAV),
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and contributions to manifestation from ground failure caused by cyclic softening of clay-like
soils. Future work will expand this framework to consider SPT and boring log data as a stand-
alone model or as a combined model with CPT.
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