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Evaluation of Case Based Reasoning to

Estimate Liquefaction Manifestation

Brian Carlton,® M.EERI, Mertcan Geyin,” and Harun Kursat Engin®

This paper develops a framework for and explores the use of Case Based Reasoning
(CBR) to predict seismically induced liquefaction manifestation. CBR is an
Artificial Intelligence process that solves new problems using the known answers
to similar past problems. CBR sorts a database of case histories based on their
similarity to a design case and predicts the outcome of the design case as the
observed outcome of the most similar case history or majority outcome of the most
similar case histories. Two databases of liquefaction case histories are used to
develop and validate numerous CBR models. Different input parameters and
aspects of the CBR method and their influence on the predictive capability of the
models are evaluated. Some of the developed CBR models were shown to have a
better predictive power than currently existing models. However, more research is
needed to refine these models before they can be used in practice. Nevertheless, this
study shows the potential of CBR as a method to estimate liquefaction

manifestation and suggests several avenues of future research.
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INTRODUCTION

The most widely used methods to evaluate liquefaction triggering are based on the simplified
stress-based procedure developed by Seed and Idriss (1971). This method compares the cyclic
stress induced in a soil layer by an earthquake with the cyclic strength of the soil to provide a
factor of safety against liquefaction. Numerous liquefaction triggering models have been
developed based on this procedure using laboratory test, cone penetration test (CPT), standard
penetration test (SPT) or shear wave velocity (Vs) data to model the soil resistance. However,
Cubrinovski et al. (2019) showed that these models do not accurately account for system
effects, which refer to the dynamic (seismic wave propagation) and pore pressure (water flow)
interaction between layers. This led to both the overestimation and underestimation of
liquefaction hazard at numerous sites during the Canterbury earthquake sequence in New
Zealand. In addition, liquefaction triggering models are often used in conjunction with
susceptibly models (e.g. Bray and Sancio, 2006) to evaluate whether the soil can liquefy, as
well as liquefaction manifestation models that predict liquefaction severity (e.g. Iwasaki et al.,
1978), ground settlement (e.g. Ishihara and Yoshimine, 1992) or lateral spreading (e.g. Zhang
et al., 2004). However, liquefaction susceptibility, triggering and manifestation models
developed by various authors and separate datasets are often used together, and the collective
uncertainty and accuracy of these different combinations is unknown. Finally, Geyin et al.
(2020) found that simplified stress-based liquefaction triggering models developed since 1998
show little improvement in their predictive capabilities, despite a significant increase in case
history data. Geyin et al. (2020) suggested that real demonstrable improvement would only
occur with "disruptive innovation" to the in-situ test method or modelling approach. Because
many manifestation models are explicitly linked to triggering models through their predicted
factor of safety, this applies to manifestation models as well. Therefore, this paper evaluates
the use of Case Based Reasoning (CBR) to estimate liquefaction manifestation. This is an
innovative and intuitive technique that has rarely been explored in geotechnical engineering,
and similar to geospatial models that predict liquefaction manifestation, CBR models
inherently merge liquefaction susceptibly, triggering and manifestation. As a result, accuracy

is clearly defined for the entire liquefaction analysis.
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CBR is an Atrtificial Intelligence process in which new problems are solved using the
known solutions to old problems (Aamodt and Plaza, 1994). A new problem, or design case,
is compared to a database of old problems, or case histories, and the outcome of the case history
that is the most similar to the design case (or majority outcome of the most similar case
histories) is used to predict the result of the design case. In essence, CBR is reasoning by
analogy or association based on experience from previous similar cases. This is a technique
that people use all the time in their everyday lives. For example, lawyers use it to justify
arguments in new cases, and doctors and car mechanics can use it to quickly diagnose problems
and suggest solutions (Kolodner, 1992). CBR is particularly useful in domains where there is
incomplete information, which is often the case in geotechnical engineering where subsurface
data is limited. This is even more true for regional geotechnical analyses. Therefore, CBR could
be beneficial for liquefaction hazard evaluations at the site and regional level.

The CBR method is not a new technique, but it has only been applied to geotechnical
engineering purposes for very limited proof-of-concept studies (e.g. Engin et al, 2018, Roberts
and Engin, 2019). To date, the majority of CBR applications in civil engineering have been in
the construction management field where it is used to estimate project cost (Kim and Shim
2014, Lesniak and Zima 2018), construction hazard identification (Goh and Chua 2009), and
construction planning and project delivery method selection (Yau and Yang 1996, Yoon et al.
2016). Instead, geotechnical engineers have preferred various artificial neural network (ANN)
methods for applications such as predictions of liquefaction triggering, pile capacity,
foundation settlement, and slope stability (Juwaied 2018). However, one of the main
advantages of CBR over ANN is that it is a fully transparent method and allows users to follow
the reasoning on every level. Although powerful tools have recently been developed for
visualization of ANN network strength (e.g. tensor flow), the relationship between the input
and output is still difficult to quantify, leaving users with a system that is more like a black
box. As a result, adoption of these methods has been limited, especially in the geotechnical

community where a mechanistic framework is traditionally desired.

Accordingly, the objective of this study is to evaluate the predictive capability of CBR
to estimate liquefaction manifestation. This is achieved by (1) developing a framework to apply
CBR to liquefaction manifestation analyses; (2) investigating a large range of input parameters;

(3) testing numerous meta-parameters/aspects of the CBR method; (4) developing models
3
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based on a spectrum of available information for use at the site or regional scale; (5) comparing
the CBR models with existing state-of-practice models; and (6) identifying avenues of future
research. The analyses are performed using the Global database (Geyin and Maurer 2020) and
the Canterbury database (Geyin et al. 2021), which contain 275 and 14,948 well-documented

CPT liquefaction case histories, respectively.

EXISTING MANIFESTATION MODELS

There are several liquefaction manifestation models, sometimes referred to as Liquefaction
Demand Parameters (LDPs), already commonly used in practice and academia to characterize
the response of a liquefiable soil profile. LDPs aim to link the seismic demand to ground
failure, thereby providing a quantitative assessment of the ground damage severity (e.g. Holzer
et al. 2006, van Ballegooy et al. 2014, Cubrinovski 2019, Shinde et al. 2019). One of the first
LDPs, the Liquefaction Potential Index (LPI), was proposed by Iwasaki et al. (1978). LPI is

calculated as:

F(FSliq) *w(z)dz 1)
where z is depth in meters, FSiiq is the factor of safety against liquefaction at depth z, F(FSiig)
= 1-FSiiq for FSiig < 1 and F(FSiiq) = 0 otherwise; and w is the depth weighting factor, w(z) =

10 - 0.5z.

Based on the work of Ishihara (1985), Maurer et al. (2015b) proposed a modified LPI
termed LPIisy that accounts for the crust thickness (Hy), and uses a different depth weighting
factor, w(z) = 25.56-z°. The crust thickness parameter is defined by Ishihara (1985) as the depth
from the top of the soil to the first liquefiable layer. A third commonly used LDP is the
liquefaction severity number (LSN) (van Ballegooy et al. 2014). The LSN is based on the
predicted post-liquefaction volumetric strain, which is a function of FSiiq and relative density
(Ishihara and Yoshimine 1992) or FSiiq and the equivalent clean sand normalized CPT tip
resistance (geines) (Zhang et al., 2002).

Common for these three LDPs is that (1) they consider the top 20 meters of the soil
profile; (2) the layers closer to the soil surface have a greater weight than deeper soil layers;
(3) they require an estimate of the FSiiq against liquefaction triggering; and (4) they require
selection of a threshold index(s) to differentiate between surface manifestation severity levels.

4
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There are numerous liquefaction triggering models that estimate FSiiq based on CPT data (e.g.,
Robertson and Wride 1998, Youd et al. 2001, Architectural Institute of Japan 2001, Moss et
al. 2006, Boulanger and Idriss 2016), all of which may yield somewhat different FSiiq.
Therefore, LDPs are unique to the selected triggering model used, as discussed in Maurer et
al. (2015a). Likewise, Geyin and Maurer (2020) pointed out that the optimum threshold index
is also dependent on the assumed misprediction consequences (i.e., is it worse to predict

manifestation when it does not happen or to not predict manifestation when it does happen?).

A more recent method was proposed by Hutabarat and Bray (2022). Their model
compares the liquefaction ejecta demand parameter (Lp) against the crust resistance parameter
(Cr) to estimate the severity of liquefaction ejecta. This method is unique in that it specifically
predicts the severity of liquefaction ejecta, whereas LPI, LPlisy and LSN predict severity of
liquefaction manifestation due to not only ejecta, but also other forms of manifestation such as
cracking or settlement. Lp is a measure of the upward seepage pressure developed in a critical
zone due to earthquake shaking and is a function of the excess hydraulic head (hexc) and vertical

hydraulic conductivity (kv) of soils in the critical zone. Lp is estimated as:

1.0 for FS;,4 < 1.0
he=dgs, SMU2EFSIE = 1) for1.0 < FSy <30 @)
T
L 0 for FS;;4 = 3.0
hexe = 7'1;::1; (3)
Ly — 10(0952-3.04410 /(3 4 1075)  for 1.0 <1, < 3.27 (4)
“B k, for hoye = hy
¥, *] — % (hpye — hy)dz exc
LD — w 2a kcs exc A (5)
0 otherwise
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where ry is the excess pore pressure ratio, o' is the initial vertical effective stress, yw is the unit
weight of water, I is the soil behavior type index, kes is the value of ky for clean sand (Ic =1.8),
ha is the value of hexc at depth z required to produce artesian flow and is set equal to z, za is the
depth from the ground surface to the top of the shallowest layer below the ground water table
that has I < 2.6 and is at least 25 cm thick, and zg is the depth from the ground surface to the

top of the shallowest soil layer between za and 15 m with I > 2.6 and at least 25 cm thick.

Cr is a measure of the strength and thickness of the non-liquefiable crust layer and is
estimated as:

su = Ko * tan(¢pcs), if Ip > 22
(6)

CR = fOZA SudZ

(qe—0ov) ,
Sy = ztv—kt’ if Ig <22

where sy is the shear strength of the crust, Ko is the coefficient of lateral earth pressure (assumed
to be 0.5), ¢ is the critical state friction angle (assumed to be 33°), gt is the CPT tip resistance,
ov 1S total stress, Nk = 15, and Ig is the modified soil behavior type index (Robertson, 2016).
For larger values of Lp and smaller values of Cr the model predicts that the liquefaction ejecta
severity increases. This method only considers soils in the top 15 meters of a soil profile and
was developed using FSiiq estimated from the Boulanger and Idriss (2016) triggering procedure
at a probability level of 0.5. Hutabarat and Bray (2022) define threshold levels of Lp and Cr
combinations that differentiate between liquefaction ejecta severity levels.

DATA

The Global database (Geyin and Maurer, 2020) and the Canterbury database (Geyin et al.,
2021) were used in this study. The Global database is a compilation of 275 liquefaction case
histories from 21 earthquakes that occurred in nine countries. Geyin and Maurer (2020)
compiled the Global database from existing literature. Older case histories were refined with
information from newer studies, if available. Each case history consists of the peak ground
acceleration (PGA), moment magnitude (Mw), ground water table depth (GWT), measured CPT
tip resistance (qc) and sleeve friction (fs) at a given depth (z), latitude and longitude of the CPT,
and a binary classification of whether surface manifestation due to liquefaction was observed
or not. Geyin and Maurer (2020) also included thin layer corrected gc and fs values according

to the procedure of Boulanger and DelJong (2018), however, in this study, the original,
6
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uncorrected CPT data was used. Approximately 58% of the case histories in the global database

have observed surface manifestation, and 42% do not.

The Canterbury database consists of 14,948 case histories from the My 7.1, September
4, 2010, Darfield earthquake, the My 6.2, February 22, 2011, Christchurch earthquake, and the
Mw 5.7, February 14, 2016, Christchurch earthquake. The Canterbury database contains similar
information as the Global database except the manifestation is classified as none, minor,
moderate or severe. To be consistent with the Global database, we reclassified all case histories
with minor, moderate and severe labels to "observed manifestation”, and those with none to
"no observed manifestation”. The groundwater depth and the PGA values at individual CPT
locations were estimated from regional models derived from measured data. Approximately
35% of the case histories in the Canterbury database have observed surface manifestation, and
65% do not. Both databases only include case histories for free-field level ground conditions,
and sites with lateral spreading were excluded in this study. None of the data from the
Canterbury database is included in the Global database and vice versa. The Global database
only includes one earthquake from New Zealand, the 1987 My = 6.6 Edgecumbe earthquake,
which occurred on the North Island about 700 km from Christchurch. Figure 1 shows the
marginal plots of pairs of PGA-M,, and GWT-LPI for both databases with their manifestation

classifications.
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Figure 1. Selected parameters from the Global and Canterbury databases

METHODOLOGY

CASE BASED REASONING FRAMEWORK

Case based reasoning is a method where new problems are solved using the known solutions
to old problems. CBR takes a design case and compares it to case histories in a database. It
then finds the case history that is the most similar to the design case and uses the observed
outcome of that case history as the predicted outcome of the design case (or the majority
outcome of the most similar case histories). In the context of liquefaction manifestation
modelling for this study, case histories are defined as a peak ground acceleration (PGA),
moment magnitude (Mw), ground water table depth (GWT) and CPT measurement for a given

site, and the corresponding outcome of observed liquefaction surface manifestation or not.

The essence of CBR is how to define how similar the case histories in the database are
to the design case history. This is accomplished in two steps (Roberts and Engin, 2019). The
first step is to compare a specific parameter of the design case to the same parameter of all the
case histories in the database and calculate a similarity index for that parameter for each case
history. This is then repeated for as many parameters as desired. The second step is to then

calculate the overall similarity score for each case history as the weighted average of all the

8
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parameter specific similarity indexes. The weights given to each parameter reflect their relative

importance in predicting the correct result. This process is defined mathematically as:
Sj = Xi=1lij * w (7)

where S;j is the overall similarity score for case history j, li is the similarity index for parameter
I and case history j, wi is the normalized weight for parameter i, and n is the total number of
parameters used. The outcome of the case history with the largest similarity score or the
majority outcome of case histories above a given threshold level is then used as the predicted
outcome of the design case. Figure 2 provides a schematic overview of this process as well as
presents some of the different meta-parameters tried as part of this study. The following

sections describe the CBR framework and meta-parameters in more detail.
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SIMILARITY INDEX

The similarity index (1) is estimated using a similarity function f(Z) that assigns a value based
on the relative difference (Z) between the design case parameter (D) and the same parameter
for the case history (C):

lij = f(Zi;) = f((Dij = Cij)/ow,) (8)

where on is a normalization coefficient to prevent differences in the magnitude of the different
parameter values affecting the results. We tried three different similarity functions based on a
normal distribution (base case), triangular distribution, and a modified normal distribution
(Figure 3). When the design case parameter and the case history parameter are equal, the
relative difference, Z, becomes zero and the similarity index equals one. The normal and
triangular distributions decrease evenly on both sides of the peak, indicating that the larger the
difference between the design case parameter and the case history parameter the lower the
similarity index (i.e., they are less similar). The modified normal distribution is the same as the
normal distribution except the similarity index for one side of the curve is kept equal to one
out to either +infinity or -infinity instead of decreasing to zero. The reasoning behind this
function is that if a case history reported surface manifestation for PGA = X, then if the design
case was exactly the same but PGA > X, this would also be assumed to result in surface
manifestation. Or vice-versa, if a case history reported no surface manifestation for PGA = X,
then for a design case with similar parameters but PGA < X one would also expect no surface
manifestation. The direction of the modified normal distribution changes depending on
whether the parameter has a positive or negative correlation with manifestation (e.g., PGA and
GWT have opposite modification directions), and whether surface manifestation was observed

or not.

We also tried three different values for the normalization coefficient (on). We tried (1)
the standard deviation of the given parameter for only the case histories with observed surface
manifestations (on = omanif; base case), similar to Roberts and Engin (2019); (2) the amplified
standard deviation (on = A* amanif), Which increases the width of the similarity function and
gives a larger similarity index to values further from the design case value; and (3) the de-

amplified standard deviation (on = omanit /A), which narrows the similarity function and reduces

11
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selected to be 4 to see the effect of on on the CBR results.
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Figure 3. Similarity functions used in the CBR analyses

WEIGHTING FUNCTIONS

The weight applied to each similarity index reflects the relative influence of that parameter in
estimating correctly whether surface manifestation will occur or not compared to the other
parameters used in the CBR analysis. We tried two different methods to estimate the weight.
The first was the same as Roberts and Engin (2019):

COVian

W;p = 9
LR COVimanif ( )
WiR
w; = —_— 10
l 2;{;1 Wi,R ( )

where COVi ai is the coefficient of variation of parameter i for all case histories, COVimanif is
the coefficient of variation of parameter i for only case histories with observed surface

manifestations, and wir is the raw weight. The raw weights are then normalized so that the sum

12
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of all the weights is equal to one. As a result of the normalization, the similarity score (S) has

values between zero and one.

For the second method we calculated the raw weight of each parameter (wir) as the area
under (AUC) the receiver-operating-characteristic (ROC) curve. ROC curves plot the rate of
true-positive predictions (Rtp) (i.e. manifestation is observed and predicted) against false-
positive predictions (Rep) (i.e. manifestations are not observed but are predicted to occur) when
using different threshold values to differentiate the outcome. AUC is an objective and
standardized metric used to evaluate the ability of a parameter to differentiate between two
outcomes for different threshold values, and is commonly used in geoscience and
geoengineering (e.g. Lin et al. 2021, Upadhyaya et al. 2021, Upadhyaya et al. 2022, Ju et al.
2020, Sarma et al. 2020). Figure 4 shows an example ROC curve and AUC for LPI using the
Global database. Each point on the curve represents a different LPI threshold value. If LP1 was
a perfect predictor of liquefaction manifestation then the curve would go from (0,0) to (0,1) to
(1,1) and have an AUC = 1. Random guessing is equivalent to a straight line from (0,0) to (1,1)
with an AUC = 0.5. The AUC therefore provides an estimate of the predictive power of each
parameter individually to evaluate manifestation. The AUC values were taken as wir and then

normalized as shown in equation 10 to predict S values between zero and one.

13
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Figure 4. ROC curve using Global database and LPI as the diagnostic index.

PREDICTOR PARAMETERS

To find the best CBR model to estimate liquefaction surface manifestation, we evaluated over
900 different predictor parameters. We included existing LDPs such as LPI, LPlisn, LSN, Lp,
Cr and Lp/Cr described earlier. We calculated these parameters using FSiiq estimated by the
CPT triggering model of Boulanger and Idriss (2016), as it presents one of the highest

prediction efficacies (Geyin et al. 2020) and is widely used in practice.

Cubrinovski et al. (2019) found negligible difference in the LPI and LSN values for
selected sites that had observed surface manifestation and no surface manifestation during the
Canterbury earthquake sequence. They stated that the main differences between sites with
observed surface manifestation compared to those with no observed surface manifestation was
the presence of a vertically continuous liquefiable zone and the absence of a non-liquefiable
crust. Therefore, we also evaluated parameters za, zs, and za-zg from Hutabarat and Bray
(2022). Parameter za is the depth from the ground surface to the top of the shallowest layer
below the ground water table that has Ic < 2.6 and is at least 25 cm thick, and zg is the depth
from the ground surface to the top of the shallowest soil layer between za and 15 m with I¢ >

2.6 and at least 25 cm thick. Parameter za represents the depth to the first layer susceptible to
14
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liquefaction, similar to the Hy parameter defined by Ishihara (1985). Parameter zg is the depth
to the bottom of the critical zone, and za-zg is the thickness of the critical zone. Theoretically,
for smaller values of za and larger values of za-zs, the probability of liquefaction manifestation
should increase. We also included the GWT as a proxy for the depth to the first susceptible
layer, as this is a common parameter in regional methods (Zhu et al., 2017) and was readily

available in the case history databases.

To represent the earthquake loading we used PGA and Mw. Several studies (Kramer
and Mitchell 2006; Sideras 2019) have found that the cumulative absolute velocity (CAV) is a
better predictor of liquefaction than PGA. However, the case histories in the databases used in
this study only include PGA and My, therefore, other earthquake loading parameters could not
be assessed. In the future, other intensity measures could be calculated for the case histories
and incorporated into the CBR method.

In addition to the above listed predictor parameters, we also evaluated depth dependent
CPT derived parameters. Table 1 lists these parameters and the reference where they are
defined. Because these parameters are depth dependent, we evaluated their mean, median,
minimum, maximum, and standard deviation over depth intervals of 0-za, za-zg, 0-5m, 0-10m,
0-15m, and 0-20m for soils with Ic < 1.8 (clean sands), Ic < 2.6 (susceptible soils) and all soils
irrespective of their liquefaction susceptibility. Soil unit weight values that are necessary to
calculate some of these parameters were estimated using the CPT correlation of Robertson and
Cabal (2010). The factor of safety values were capped at a maximum of 10, which has an effect

on the median, mean, standard deviation and maximum values of FSig.

We included both the mean and median values because the median value is less affected
by large outliers than the mean value. The standard deviations of parameters were included to
try and capture the homogeneity (i.e., interbedded characteristics) of the soil profiles (Durante
and Rathje, 2021). The more interbedded the soils are the larger the standard deviation and the
more homogenous they are the smaller the standard deviation. The values for the depth interval
of 0-za represent the properties of the overlying crust, and the values for the depth interval of
za-zg represent the properties of the critical zone. We considered other generic depth intervals

down to 20 m to see if these are better at capturing manifestation than parameters based on the

15
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critical zone or crust layer. Finally, values were also calculated filtering on Ic to see if

parameters only for a given soil type controlled the response.

Some combinations of the CPT derived parameters provide trivial results. These
parameters were very poor predictors and were naturally filtered out in the regression analyses.
For some case histories some of the calculated parameters do not exist. For example, if there
are no soils with I < 1.8 in the top five meters then all the parameters based on this filtering
were replaced with an arbitrarily large number (e.g. 10000). In this way, the CBR method can
still match together case histories that do not have soils with Ic < 1.8 in the top five meters for
parameters based on this filtering. However, the CBR method will return a similarity index
equal to zero when comparing to case histories that have at least a small layer with Ic < 1.8 in

the top five meters because the value calculated will be far from 10000.

We also calculated the thickness of I < 1.8 and I¢ < 2.6 over the depth intervals listed
above and included them as predictor parameters. These parameters are zero if there are no
soils meeting these criteria and therefore will give a high similarity index when compared with
profiles where there are thin layers of soil meeting the filtering criteria. In addition, the
thickness of I < 1.8 or 2.6 can also be used as a proxy to capture the finding by Cubrinovski
et al. (2019) that the thickness of liquefiable soil, even above or below the critical zone, can
affect the manifestation response. These simple parameters do not, however, consider whether

the liquefiable layers are continuous or not.

For the depth interval of 0 to the za (the overlying cap), we also calculated the thickness
of I > 2.6 (cap-thick), which is more meaningful for this depth interval than the thickness of
Ic less than a given threshold. Finally, we evaluated the thickness of FSiiq < 1.0 over the given
depth intervals. The thickness of FSiiq < 1.0 is similar to LPI and LSN but simpler in form and
is over different depth intervals rather than just the top 20 m.
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Table 1. CPT derived predictor parameters

Parameter Name Reference
Dr Relative density Idriss and Boulanger (2008)
Qmn Normalized tip resistance Robertson (2009)
Fr Sleeve friction ratio Robertson (1990)
Qein Overburden corrected penetration resistance Boulanger and Idriss (2016)
OlciNes Equivalent clean sand penetration resistance Boulanger and Idriss (2016)

Ic

Soil behavior type index

Robertson and Wride (1998)

CRRM=7.5,o"v=1atm

Magnitude and stress normalized cyclic
resistance ratio

Boulanger and Idriss (2016)

FSiig Factor of safety (at probability level of 15%) Boulanger and Idriss (2016)
r Excess pore pressure ratio Hutabarat and Bray (2022)
Nexc Excess hydraulic head Hutabarat and Bray (2022)

MODEL DEVELOPMENT

To evaluate which combination of predictor parameters resulted in the best CBR model we
used Matthews Correlation Coefficient (MCC) as the goodness of fit measure (Mathews,
1975). MCC is a scalar value that measures the correlation between the true and predicted

values:

TP*xTN—FP*FN

Mee = J(TP+FP)*(TP+FN)*(TN+FP)*(TN+FN)

(11)

where TP is the number of true positives (manifestation is observed and predicted), TN is the
number of true negatives (manifestation is not observed and not predicted), FP is the number
of false positives (manifestation is not observed but predicted) and FN is the number of false
negatives (manifestation is observed but not predicted). If MCC = 1 then the model predicts
the correct response every time. If MCC = 0 then the model is no better than random guessing.
The advantage of MCC over other classification metrics is that it is insensitive to class
imbalance (e.g. more positive observations than negative or vice-versa) and only predicts a
high value if all four confusion matrix categories (TP, TN, FP and FN) have good results.
Another useful attribute is that the definition of positive and negative classes can be switched,
and the score is the same. An inherent assumption in MCC is that reducing FP (over-
conservative result) is just as important as reducing FN (unconservative result), which makes

it an impartial metric.
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To find the best combination of predictor parameters we first tried all combinations of
parameters for models with one or two parameters. This resulted in 938 one-parameter models
and 439,453 two-parameter models. However, repeating this for models with three parameters
was too computationally expensive (137,109,336 models). Therefore, we chose the best 175
predictor parameters based on the results of the one and two-parameter models and evaluated
all combinations of three-parameter models based on these 175 predictor parameters (877,975
models). Then, for the 100 best one, two, and three-parameter models, we performed a stepwise
regression methodology using forward selection. In this approach, CBR was performed adding
each remaining parameter one at a time to the base model. Then, the CBR model that gave the
highest MCC value was retained, and the process repeated until the model had six parameters.

Each model tried was then ranked according to MCC.

To find the optimum CBR parameters we regressed on the Global database (training)
and used the Canterbury database for validation (testing). We performed the regression with
the Global database using a leave-one-out approach. In this approach, one case history was
selected as the design case. The design case was then compared to the remaining case histories
in the database using CBR to estimate whether surface manifestation would occur or not. This
was repeated for each case history in the database. This ensured that every case history in the
database was used as the design case one time. Finally, the results from all analyses were

aggregated to compute the MCC.

We validated the CBR models developed using the Global database against the
Canterbury database. For the validation, the case histories in the Canterbury database were the
design cases and the Global database was the case history database. Each case history in the
Canterbury database was evaluated against the Global database using a predefined set of
parameters and weights derived from the Global database. Therefore, the validation is a true
check as the CBR model has not seen the Canterbury data before and represents the scenario
where a new earthquake occurs and the CBR model is used to predict liquefaction

manifestation.

The base case CBR models use the observed outcome of the case history with the single
greatest similarity score as the predicted outcome for the design case. However, it is also

possible to predict the outcome of the design case based on the observed outcomes of multiple
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of the most similar case histories. To explore this alternative method, we evaluated predicting
the liquefaction manifestation outcome for the design case based on the observed outcomes of
the three, five or 10 case histories with the highest similarity scores, or the observed outcomes
of all case histories with similarity scores greater than 0.75, 0.85 or 0.95. If half or more than
half of the most similar case histories had observed liquefaction manifestation, then
liquefaction manifestation was predicted for the design case. For example, if six of the 10 case
histories with the highest similarity scores had observed liquefaction manifestation and four
did not, then liquefaction manifestation was predicted for the design case. A useful benefit of
this method is that probabilities of observing manifestation can also be calculated. Using the
previous example, the probability of manifestation would be 60%, because six of the 10 case
histories with the highest similarity scores had observed manifestation, whereas four did not.
If no case history had a similarity score above the 0.75, 0.85 or 0.95 threshold, then the
observed outcome of the single case history with the highest similarity score was used, similar

to the base case.

RESULTS

WEIGHTS

The first step was to estimate the raw weight values for each parameter (wg). As stated
earlier, we tried two different sets of weights. The first set of weights was calculated as the
coefficient of variation (COV) of all case histories for a given parameter divided by the COV
of only those case histories with observed surface manifestation (COVmani). The second set of
weights were the AUC values of each parameter. Table 2 lists the AUC and COV derived
weights (Wr,cov = COV / COVmanif) for the global database. Only results for the five CPT
derived parameters with the highest AUC scores, five CPT derived parameters with the highest
Wr,cov Values, and all existing LDP parameters and other parameters are shown. The naming
convention for the CPT derived parameters is generally based on four identifiers. The first part
of the name is the CPT derived parameter. The next identifier and first subscript is the depth
interval over which the parameter is calculated. If it is a number, the depth interval is from zero
to that depth in meters, if it is fsl it signifies the depth to the first susceptible layer (0 to za), and
if it is crl it signifies the critical zone (za — z»). The next identifier in curly brackets is the I¢

filter. The last identifier after the hyphen is the statistics being calculated for that parameter.
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In general, the CPT derived parameters with the largest AUC are based on ry, FSiiq and
hexc and the CPT derived parameters with the largest wr cov are based on ry, FSiiq, Fr and CRR.

For the non-CPT derived parameters, LPI has the highest AUC and wr,cov value.

Table 2. Area under the curve (AUC) and weights estimated from COV (wr,cov) for the global database.
Only the five CPT derived parameters with the highest AUC scores and wr cov vValues as well as all non-
CPT derived parameters are shown.

Type Description Notation AUC WR,cov
Cumulative thickness of layers with Factor of .
Safety less than unity, in the top 10 meters FSthickio_gan 0.77 1.429
CPT-based Mean ry of all soils, in the top 10 meters RUlO_{aII}—mean 0.77 1.39
p%\tﬁ?i;eers Mean hexc of all soils, in the top 1.0 nlweters hexc1o_{ali}-mean 0.76 1.335
greatest AUC ﬁ::tnec:srd deviation of ru of all soils, in top 10 RU10_fally-std 0.76 1.958
Median Factor of Safety of soils with Ic < 2.6, )
in the top 15 meters FS15_{ie<2.6)-median 0.75 0.838
Minimum Factor of Safety of soils with Ic < )
2.6, in the top 10 meters FS10_ge<2.6)-min 0.72 4.382
CPT-based  [\jinimum Fr of all soils, in the top 5 meters Frs_gai-min 0.63 4,052
parameters . A =
. Minimum F of all soils, in the top 10 meters Frio_gaiy-min 0.60 4.049
with the : — - =
Median CRRmw7 5-1 Of soils with Ic < 2.6, in the CRR ) 0.61 4.024
greatest WR,cov critical zone crl_{Ic<2.6}-median . .
Minimum ry of soils with Ic < 2.6, in z = (0, za) RuUfs1_{1c<2.63-min 0.50 3.865
Liguefaction Potential Index LPI 0.76 1.303
Ishihara Inspired Liquefaction Potential Index LPisn 0.76 1.278
Liguefaction Severity Number LSN 0.71 1.156
Normalized liquefaction ejecta demand Lo/Cr 0.70 1.13
o Liguefaction ejecta demand Lo 0.67 1.189
Existing LDPS 5001 Ground Acceleration PGA [g] 0.65 1.127
and other — f - resis C 0.64 0.664
parameters rust resistance R . .
Moment Magnitude Mw 0.61 1.065
Thickness of soils with I > 2.6 in z = (0, za) cap-thick [m] 0.60 1.023
Depth of first liquefiable layer Y4 0.59 1.168
Ground water table GWT [m] 0.56 0.955
Thickness of critical zone Za-Zs [M] 0.56 1.047

SELECTED MODELS

We first derived models using base case meta-parameters, which are the AUC values as

weights, a normal distribution for the similarity function with on = omanit, and selecting only

the observed outcome of the single most similar case history to predict the outcome of the

design case. Table 3 lists the normalized weights (w) and normalization coefficients (on) for
20



436
437
438
439
440
441
442
443
444
445
446
447
448

449
450
451
452
453
454
455

456
457
458
459
460
461
462
463
464
465
466

the best models using one to six input parameters and base case meta-parameters (Models 1-
6). The w and on are listed in the same order as their corresponding model parameter. The
normalized weights are similar, showing that the parameters used in the selected models have
similar AUC scores. Table 4 lists the Matthews Correlation Coefficient (MCC), true negative
rate (Rtn = TN/(TN+FP)), false positive rate (Rep = FP/(TN+FP)) false negative rate (Ren =
FN/(TP+FN)) and true positive rate (Rtp = TP/(TP+FN)) for each model. The larger the MCC,
Rrn and Rrp, and the smaller the Rrp and Rrn, the better the model. If Ry is 0.5, this means the
model is no better at predicting no manifestation cases than random guessing, and if Rrp is 0.5,
this means the model is no better at predicting manifestation cases than random guessing. If
either Rty or Rtp is less than 0.5, this means the model is worse than random guessing. Rtn or
Rrp values of 1 mean that the model predicts these cases perfectly (all models in the training
database are correctly predicted). The results present several interesting points, which are

discussed below.

As the number of input parameters increases the MCC increases up until five
parameters, and decreases for the six parameter model. This is most likely because adding more
parameters decreases the weight of the other more influential parameters. Therefore, simply
adding more parameters and making the model more complex does not necessarily result in a
better model. Moreover, the model with only one parameter already has a Rtp = 0.77. Adding
more parameters only marginally increases this value to 0.83. However, adding more
parameters significantly increases the proportion of true negatives, from 0.61 to 0.79.

All six of the models in Table 3 consist of one or more of PGA, ry, FSiiq and hexc. This
agrees well with the results shown in Table 2, where these parameters have the highest AUC
values. FSiiq is a direct indicator of liquefaction triggering and therefore a strong predictor of
liquefaction manifestation. Parameters ry and hexc are correlated to FSiiq (ru is a function of FSiq
and hexc is a function of ry and o) and therefore also performed well. It is interesting however,
that other parameters such as LPI, LPlis, or LSN, which are also functions of FSiq as well as
other factors such as crust thickness and depth, did not provide better models. These results
may be attributable to the regional depth-weighting algorithms embedded into the existing
LDPs not performing well for a global database. It is expected that manifestation models
perform better with the implementation of regionalized w(z), Magnitude Scaling Factors (MSF)

and stress reduction factors (rq), as highlighted in Green (2022). In addition, none of the models
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includes parameters based on the depth interval of the crust (O to za) or the critical zone (za-
zs), which we expected to be better predictors than the other depth intervals. Finally, Models 1
and 2 only use CPT data over the top 10 and 5 m, respectively, and Models 4-5 only use CPT
data over the top 15 m. This is in contrast to LPI, LPlisn, or LSN, which take weighted averages
over the top 20 m, but similar to the model proposed by Hutabarat and Bray (2022), which only

considers the top 15 m of a soil profile.

Table 3. Normalized weights (w) and normalization coefficients (on) for the best base case models with
one to six parameters. The w and oy are listed in the same order as their corresponding model parameter.

Model Model Parameters W oN
Name
Model 1 Rulo_{|c<2,e}-median 1.00 0.39
Model 2 | PGA, RUs_{ic<26}-mean 0.49, 0.51 0.16, 0.30
Model 3 | PGA, RUs_{ic<26)-mean, FS15 {ic<2 63-min 0.32,0.34,0.34 | 0.16,0.30,0.10
PGA, Ru1g {ic<2.6}-median, RUs_gain-std, 0.24, 0.26, 0.25, 0.16, 0.39, 0.15,
Model 4| £g " ormi 0.25 0.10
Model 5 PGA, RUlO_{Ic<2.6}—median,RUS_{aII}—std, 0.20,0.22,0.21, 0.16, 0.39, 0.15,
FSis fic<2.63-min, FS5 {1c<1.8}-min 0.20, 0.17 0.10, 3.44
Model 6 EUGA’ Rus—{'“z-ﬁ}hm;;g FS15_gio<2eymin, 0.17,0.18,0.18, | 0.16,0.30, 0.10,
20_{le<L.8}-mean, 15_{le<2.6y-mean, 0.15,0.17, 0.15 0.36, 1.91, 3.68
heXCZOf{aII}—max

Table 4. Matthews Correlation Coefficient (MCC), true negative rate (R), false positive rate (Rep)
false negative rate (Ren) and true positive rate (Rre) for the best base case models with one to six
parameters.

Model
Name Model Parameters MCC | R1n Rep Ren Rtp

Model 1 RuU10 {ic<2.6}-median 0.384 | 0.61 0.39 0.23 0.77

Model 2 PGA, RUs_{ic<2.6}-mean 0.461 | 0.67 0.33 0.21 0.79

Model 3 PGA, RUS_{Ic<2.6}-mean, FS15_{|C<2,6}.min 0.517 0.73 0.27 0.21 0.79

Model 4 | PGA R0 gio<zepmedian, RUs_gaiy-sia, 0581 | 079 | 021 | 021 | 079
FSi5 {ic<2.6)-min

Model 5 | PSA RUto_fto<ze)-median, RUs ai-su 0593 | 078 | 022 | 0.19 | 081
FSi5 {ic<2.6)-min, FS5 {ic<1.8}-min
PGA; RUS_{IC<2.6}—mean, FSlS_{Ic<2.6}-min,

Model 6 | Ruzo fic<1.8)-mean, NEXC15 {ic<2.6}-mean, 0,574 | 0.74 | 0.26 | 0.17 | 0.83
hexczo {ai}-max

REGIONAL MODELS
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In addition to the best fit models presented above, we explored three alternative models based
only on PGA, My and GWT to evaluate the ability of CBR to predict liquefaction manifestation
with limited input parameters. These models could therefore be used for regional analyses
where geotechnical data is sparse. Table 5 lists the normalized weights (w) and normalization
coefficients (on) for three models (Models 7-9) using only these parameters, and Table 6 lists
the results. The best model uses all three parameters and provides a similar fit to the data as

the two-parameter model listed in Table 4 (Model 2).

Table 5. Normalized weights (w) and normalization coefficients (on) for the regional models. The w
and o are listed in the same order as their corresponding model parameter.

Model Name Model Parameters w on
Model 7 PGA, Mw, GWT 0.33,0.36,0.31 | 0.60, 0.16, 1.45
Model 8 PGA, GWT 0.54, 0.46 0.16, 1.45
Model 9 PGA 1.00 0.16

Table 6. Matthews Correlation Coefficient (MCC), true negative rate (R), false positive rate (Rep)
false negative rate (Ren) and true positive rate (Rtp) for the regional case models.

Model Name Model Parameters MCC RN Rep Ren Rtp

Model 7 PGA, My, GWT 0.423 0.65 0.35 0.23 0.77

Model 8 PGA, GWT 0.322 0.57 0.43 0.25 0.75

Model 9 PGA 0.289 0.58 0.42 0.29 0.71
VALIDATION

The models were validated against the Canterbury database. Each case history in the
Canterbury database was compared to the Global database using CBR and the models
described above. Table 7 presents the results of the validation for each of the models. Similar
to the model development, as the number of input parameters increases, the MCC generally
increases. However, the MCC values for the validation are less than the values found when
developing the models, which is expected, because the models were not trained on the
Canterbury data. The maximum true negative rate (rate that manifestation is not observed and
not predicted) is 0.76 using the models with one or six parameters. The maximum true positive

rate (rate that manifestation is observed and predicted) is 0.72 using the five-parameter model.
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The three alternative models that do not require CPT data have lower MCC scores as
well, which is expected. However, the model with only PGA performs the best, while the model
with PGA, My and GWT performs the worst of the three. This is opposite the trend seen when
developing the models, where the model with PGA, Mw and GWT performed the best and PGA
by itself was the worst. This shows that the regional CBR models are sensitive to the database
used to perform the CBR calculation and may not provide reliable results when extrapolated

to design cases outside the case history database.

Table 7. Model results validated against the Canterbury database.

I\N/Igriil Model Parameters MCC | Rtn | Rep | Ren | Rrp
Model 1 | Ruio_gie<2.6median 0.311 | 0.76 | 0.24 | 0.45 | 055
Model 2 | PGA, RUs {ic<2.6y-mean 0.356 | 0.68 | 0.32 | 0.31 | 0.69
Model 3 | PGA, RUs_qic<2.6)-mean, FS15._fic<2.6)-min 0.392 | 0.72 | 0.28 | 0.31 | 0.69

Model 4 PGA, Ru1o_{ic<2.6}-median, RUs_{ai}-std, FS15 {ic<2.6}- 0389 | 073 | 027 | 032 | 0.68

min

MOdB' 5 PGA, RUlO_{Ic<2.6}-median, RUS_{aII}-std, FSlS_{Ic<2.6}- 0427 072 028 028 072

min, FS5 _{lc<1.8}-min

Model 6 PGA, RUs_{ic<2.6}-mean, FS15_{ic<2.6}-min, RU20_{ic<1.8)- 0435 | 076 | 024 | 032 | 0.68
mean, heXClS_{Ic<2.6}-mean, heXCZO_{aII}-max

Model 7 | PGA, Mw, GWT 0.108 | 0.59 | 0.41 | 0.48 | 0.52

Model 8 | PGA, GWT 0.179 | 0.58 | 0.42 | 0.39 | 0.61

Model 9 | PGA 0.233 | 0.65 | 0.35 | 0.41 | 0.59
DISCUSSION

EFFECT OF MODEL META-PARAMETERS

As discussed in the methodology section, we evaluated several meta-parameters of the CBR
model. These meta-parameters included (1) weighting functions based on either the AUC (base
case) or the ratio of the COV of a given parameter for all case histories to the COV of the
parameter for only the case histories with observed surface manifestation (wrcov); (2) similarity
function based on either a normal distribution (base case), triangular distribution, or a normal
distribution with one half of the distribution equal to one (modified normal); (3) similarity

function based on a normal distribution with a standard deviation calculated as the standard
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deviation of the given parameter for only the case histories with observed surface
manifestations (on = omanif, base case), or on multiplied or divided by four, and; (4) using only
the single most similar case history (base case) to predict the outcome, the majority outcome
of the three, five or ten most similar case histories, or the majority outcome of all case histories

with similarity scores greater than 0.75, 0.85 or 0.95 together to predict the outcome.

Table 8 presents the MCC for the models given in Table 4 and Table 6 for the base
case and each of the different meta-parameter variations trained on the Global database. There
IS no one change in meta-parameters that consistently gives the best MCC for each model, and
the base case meta-parameters do not give the best MCC for each model either. The difference
in MCC ranges from -0.38 to +0.06. This result could change if the best models were initially
derived using the change in the meta-parameters, or if multiple meta-parameters were changed
simultaneously, however this is outside the scope of the current study.

Table 9 presents the MCC for the same models as in Table 8 but validated against the
Canterbury database. For the validation exercise, taking the majority outcome of all case
histories with a similarity score > 0.75 provides a consistently better MCC for all the models
tested. The difference is significant, with an increase in the MCC of 0.43 for the model with
only PGA (Model 9) and an increase of more than 0.10 for all other models except Model 1.
This could be because the Canterbury database represents a distinct set of case histories that
do not match any one event or case history in the Global database. As a result, taking all the
most similar case histories above a threshold (S > 0.75) and taking the majority outcome
ensures a more robust result than simply taking the single case history with the highest

similarity score.
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544  Table 8. MCC values for different meta-parameters trained on the Global database. The italic and bold
545  numbers are the largest MCC per model.

Meta-parameter Model Name
1 2 3 4 5 6 7 8 9
Base Case 038 | 0.46 | 052 | 058 | 0.59 | 0.57 | 0.42 | 0.32 | 0.29
S>0.75 042 | 0.32 | 0.39 | 045 | 047 | 046 | 0.19 | 0.22 | 0.20
S>0.85 038 | 0.38 | 045 | 0.44 | 042 | 041 | 0.26 | 0.31 | 0.20
S>0.95 041 | 0.36 | 0.39 | 050 | 0.44 | 0.47 | 0.23 | 0.11 | 0.19
Best 3 033 | 042 | 048 | 046 | 043 | 043 | 0.34 | 0.35 | 0.11
Best 5 038 | 047 | 041 | 0.35 | 0.33 | 0.49 | 0.30 | 0.22 | 0.20
Best 10 038 | 043 | 045 | 045 | 0.39 | 0.50 | 0.26 | 0.28 | 0.20
COV weights 0.38 | 045 | 052 | 0.57 | 0.58 | 0.58 | 0.42 | 0.32 | 0.29
De-amplification 0.38 | 046 | 0.48 | 0.53 | 0.56 | 0.63 | 0.44 | 0.31 | 0.29
Amplification 0.38 | 0.46 | 053 | 0.59 | 0.58 | 0.57 | 0.42 | 0.32 | 0.29
Tail distribution 040 | 0.23 | 0.24 | 0.20 | 0.22 | 0.27 | 0.21 | 0.29 | 0.23
Triangle Distribution | 0.38 | 0.45 | 0.50 | 0.58 | 0.55 | 0.60 | 0.44 | 0.36 | 0.29

546

547  Table 9. MCC values for different meta-parameters validated against the Canterbury database. The
548 italic and bold numbers are the largest MCC per model.

Meta-parameter Model Name
1 2 3 4 5 6 7 8 9
Base Case 031|036 | 039|039 | 043 | 044 | 0.11 | 0.18 | 0.23
S$>0.75 038 | 054 | 0.53 | 0.51 | 0.54 | 0.54 | 0.27 | 0.37 | 0.66
S>0.85 0.38 | 050 | 0.52 | 0.47 | 0.48 | 0.46 | 0.16 | 0.45 | 0.61
S$>0.95 038 | 047 | 045 | 041 | 044 | 043 | 0.00 | 0.41 | 0.53
Best 3 031|039 | 046 | 048 | 048 | 048 | 0.03 | 0.21 | 0.25
Best 5 035 | 042 | 047 | 049 | 0.49 | 0.50 | 0.02 | 0.28 | 0.29
Best 10 034 | 047 | 052 | 050 | 052 | 0.54 | 0.04 | 0.37 | 0.34
COV weights 031|036 | 039|039 | 043 | 043 | 0.11 | 0.18 | 0.23
De-amplification 031 | 0.36 | 0.38 | 042 | 0.42 | 041 | 0.06 | 0.18 | 0.23
Amplification 031 | 036 | 039 | 0.39 | 042 | 043 | 0.11 | 0.18 | 0.23
Tail distribution 034 | 0.26 | 0.30 | 0.26 | 0.35 | 0.47 | 0.28 | 0.37 | 0.46
Triangle Distribution | 0.31 | 0.36 | 0.38 | 0.41 | 042 | 043 | 0.05 | 0.19 | 0.22

549

550 COMPARISON WITH EXISTING MODELS

551  To understand the performance of the CBR models we compared them with existing models.

552  Figure 5 presents confusion matrices for LPI against the Global database and the Canterbury
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database. Confusion matrices are simply a graphical representation of Rtn, Rrp, Ren and Rrp.
In addition, Table 10 and Table 11 list the MCC, R, Rrp, Ren and Rrp when using LPI, LPlish,
LSN, and the method of Hutabarat and Bray (2022) (Lo and Cr) against the Global database
and the Canterbury database, respectively. For LPI, LPlsH, and LSN, threshold values of 11.2,
6.7, and 28.3 were used. These threshold values were chosen as the optimum operating point
(OOP) obtained from ROC analyses using the Global database. The OOP is the best (optimum)
threshold value that minimizes both the false positive and false negative counts. Therefore,
using the OOP as a threshold assumes the cost of false positives is the same as false negatives.
We then used the OOP value obtained from the Global database against the Canterbury
database. This is similar to the validation of the CBR models and what would be done in
practice if a new earthquake occurred and these LDPs were applied. For the Hutabarat and
Bray (2022) model, we classified all cases in the "None" category (Cr, Lo pair below the line
defined as [0, 2.5], [100, 2.5] and [250, 25]) as no manifestation and the rest as manifestation.
There are a couple of key points that stand out when comparing the predictive capabilities of

the existing models to the CBR models.

All the base models except Model 1, 8 and 9 have higher MCC than LPI, LPlsn, LSN,
and the method of Hutabarat and Bray (2022) when using the Global database. This may seem
trivial because the CBR models were trained against the Global database, but then so were LPI,
LPlisn, and LSN. What this result shows then, is that when using the same input data and when
trained on the same database of case histories, CBR can generate models with better predictive
power than existing models. The Hutabarat and Bray (2022) model has a low Rtp value because
it was developed to estimate only manifestation due to ejecta, and not other forms of
manifestation such as cracking or settlement, which are included in the Global Database.
Therefore, even if it correctly predicts cases with ejecta manifestation, it misses other forms of

manifestation because it was not strictly developed to predict their occurrence.

When validated against the Canterbury database, Models 2-6 still have higher MCC
than LSN and the method of Hutabarat and Bray (2022). However, LPI and LPIis4 have higher
MCC than all the base case CBR models. This is only for the base case models. If we compare
the CBR models when taking the majority outcome of all case histories with similarity scores
greater than 0.75 to predict the outcome, Models 4, 5 and 6 have higher MCC for both the

training database (Global database) and the validation database (Canterbury) than the existing
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models (MCC =045, 0.47, 0.46 for the Global database and MCC = 0.51, 0.54 and 0.54 for the
Canterbury database for Models 4, 5 and 6, respectively, compared to MCC = 0.4 and 0.5 for
LPlisH). These results show that the CBR method has the potential to generate models with
greater predictive capabilities than existing models using the same input data, even when

validated against previously unseen data.

When using the OOP derived for the Global database against the Global database the
Rrn and Rrp values reach about 70% for both LPI and LPIlisw. However, employing the same
OOP against the Canterbury database causes Rrp values to decrease to 51% and 57% for LPI
and LPlisH, respectively, while the Rty increases to 91% and 90%. This is because the optimum
threshold values for the Canterbury database are lower than for the Global database. As a result,
true manifestation cases are incorrectly predicted to be no manifestation while almost all the
no manifestation cases are correctly predicted. Therefore, even though the MCC value actually
increases for LPI and LPIisn, the Rp is less than all the base case models except Model 1 and
Model 7 when validated against the Canterbury model. When validated against the Canterbury
database the MCC for LSN is about the same as for the Global database. The Hutabarat and
Bray (2022) method has a higher MCC for the Canterbury database than the Global database,
which is expected because it was developed based on case histories from the Canterbury

sequence.
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Figure 5. Confusion matrix for LPI using the Boulanger and Idriss (2016) triggering method for the a)
Global database and LPI threshold = 11.2 (MCC = 0.38) and b) Canterbury database and LPI threshold
=11.2 (MCC =0.48).

Table 10. Matthews Correlation Coefficient (MCC), true negative rate (Ry), false positive rate (Rep)
false negative rate (Ren) and true positive rate (Rrp) and threshold index based on the optimum operating
point (OOP) for existing models trained against the Global database

Model Name MCC RN Rep Ren Rtp OOP
LPI 0.38 0.69 0.31 0.30 0.70 11.2
LPlisn 0.40 0.71 0.29 0.31 0.69 6.7
LSN 0.31 0.65 0.35 0.33 0.67 28.3
Lo and Cr 0.11 0.92 0.08 0.86 0.14 -

Table 11. Matthews Correlation Coefficient (MCC), true negative rate (Rr), false positive rate (Rep)
false negative rate (Ren) and true positive rate (Rre) and threshold index based on the optimum operating
point (OOP) for the Global database for existing models validated against the Canterbury database.

Model Name MCC RN Rep Ren Rtp OOP
LPI 0.48 0.91 0.09 0.49 0.51 11.2
LPlisn 0.50 0.90 0.10 0.43 0.57 6.7
LSN 0.28 0.66 0.34 0.37 0.63 28.3
Lo and Cgr 0.34 0.92 0.08 0.64 0.36 -

ADVANTAGES AND PRACTICAL IMPLICATIONS OF CBR
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Potential advantages of the CBR method over traditional LDPs is that CBR does not require
the definition of a threshold value to differentiate between surface manifestation. This makes
CBR easier to use and more consistent in practice. In addition, by using the observed outcomes
of multiple of the most similar case histories to predict the outcome of the design case a
probability of liquefaction manifestation occurrence can be predicted. CBR models also
inherently merge liquefaction susceptibly, triggering and manifestation. As a result, the level
of accuracy is clearly defined for the entire liquefaction analysis, as opposed to the present
state-of-practice where susceptibility, triggering, and manifestation models developed by
various authors and separate datasets are often used together, and the collective accuracy of
these different combinations is unknown. Finally, compared with other Artificial Intelligence
methods like ANN that can feel like a black box for many, CBR is a fully transparent method
that allows users to follow the reasoning on every level. This makes it easier to use in practice

and easier to understand when aberrant results are predicted.

The main practical implication of these CBR models is to determine if surface
manifestation such as settlement, lateral spreading, cracking or sand boils will occur or not.
This is important for preliminary site investigations and land use planning. CBR models for
manifestation could also be used in conjunction with triggering models to assess liquefaction
hazard. Potential applications of the CBR models include site specific liquefaction analyses
where CPT data is available, regional analyses where CPT data is unavailable or when CPT
data is depth restricted. For example, along pipeline and cable routes CPT data is often only
collected over the top five meters to evaluate pipe-soil interaction, as well as reduce costs. This
study showed that CBR models (e.g. Model 2) can be developed that only require CPT data
over the top five meters and still have a comparable prediction success rate (i.e. ~70%) as
existing models that require the top 20 m of CPT data.

LIMITATIONS OF CBR

One of the main limitations of the CBR method is that it is dependent on the case history
database used to develop it, even more so than traditionally derived empirical models. This is
because unlike traditional models that identify trends in the data that can then be extrapolated,

CBR selects the result of the most similar case history. This is a strength when the trends are
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highly nonlinear and not easy to fit with traditional functional forms. However, when used with
design cases outside the parameter space of the case histories in the database, CBR could
provide poor results. This will be seen by a low similarity score. As a result, when using CBR,
the similarity score should always be checked, and results from predictions with low similarity

scores should be used with caution.

Another limitation seen in the Validation section is that models based on limited data
such as Models 7-9 are sensitive to the database used to perform the CBR calculation. For
example, Model 7, which is based only on PGA, My and GWT, has a higher MCC when derived
for the Global Database than existing models (MCC = 0.42 compared to 0.40) even though it
uses no CPT data as input. However, this surprising result is most likely because the case
histories in the database are from areas that were expected to liquefy. Therefore, there are few
clay sites that experienced large shaking but did not liquefy that would be incorrectly predicted
by the model. When validated against the Canterbury Database, Model 7 performs poorly,

which supports this conclusion, and highlights the importance of model validation.

In addition, there are uncertainties and biases related with the databases utilized in this
work, such as the accuracy of the CPT data, timing of the data collection, uncertainties in GWT,
the distance between the CPT trace and observed manifestation, and inconsistencies in data
collection methodologies throughout the years, among others. However, a substantial portion
of the Global Database was compiled from the same databases used to develop commonly used
triggering curves (e.g. Robertson and Wride, 1998; Moss et al, 2006; Idriss and Boulanger,
2008; Boulanger and Idriss, 2014). Therefore, these uncertainties are also present in previous

triggering and manifestation models.

Finally, the models explored in this study only provide a yes or no answer to whether
surface manifestation occurred. If surface manifestation occurred then it is probable that there
is a soil susceptible to liquefaction and liquefaction triggering occurred, but the severity of the
surface manifestation and the factors of safety against liquefaction with depth are unknown.
Theoretically, CBR could be used to predict these values if the data was available. We chose
to predict only yes or no manifestation cases because this is the only information available in
the Global Database. However, the Canterbury database contains liquefaction severity,

therefore, CBR could be used to predict liquefaction severity but only for the Canterbury

31



676
677
678
679
680

681

682

683
684
685
686

687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704

region.

To predict factors of safety against liquefaction would require knowledge of the

response of each individual layer of each case history, or defining a critical layer for each case

history and assuming that if surface manifestation was observed, then the critical layer

triggered, as has been done for previous triggering models. However, the selection of a critical

layer is highly uncertain and can be subjective.

FUTURE RESEARCH

This work shows that CBR as a liquefaction prediction methodology has potential, especially

as the database of case histories continues to increase. However, more work is needed to refine

the models and test their robustness. To this end, we suggest several potential avenues of future

research:

1)

()

(3)

(4)

(5)

(6)

compiling and evaluating additional ground motion predictor parameters such as CAV,
which has been shown to be a better predictor of liquefaction triggering that PGA
(Kramer and Mitchell 2006);

compiling additional free, readily available geospatial parameters (e.g. distance to
water, surface topography, precipitation) and developing and comparing regional CBR
models to regional liquefaction models such as Zhu et al (2017);

incorporating new case histories as they become available (e.g. the NGL database,
Brandenberg et al., 2020);

augmenting the empirical database of case histories with simulated case histories, for
example, a simulated clay site with high PGA and no observed liquefaction, or if a case
history with PGA = X has observed liquefaction manifestation, then a simulated case
history that also has observed manifestation could be created with PGA > X and all
other parameters the same;

using the Canterbury database as the training database and estimating manifestation
severity, not just occurrence or no occurrence;

developing CBR models for liquefaction manifestation using other in-situ tests than
CPT, such as the standard penetration test (SPT), shear wave velocity measurements

(Vs), or a combination of test types;
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(7) developing a probabilistic hierarchical model based on multiple CBR models that
accounts for the finite sample uncertainty using robust statistical analyses such as
bootstrapping;

(8) design a web application to estimate liquefaction manifestation based on CBR models
to facilitate use of CBR models in practice and updates as more case history data

becomes available.

CONCLUSION

This study explored the potential of the Artificial Intelligence process called CBR as a method
to predict liquefaction manifestation. The main outcomes of the study are: 1) a framework to
apply CBR to liquefaction manifestation analyses; 2) evaluation of input parameters for use in
CBR; 3) evaluation of CBR meta-model parameters and their effect on model predictiveness;
4) development of manifestation models with better predictive power than currently existing

models; and 5), suggestions for future avenues of research.

The proposed CBR framework to predict liquefaction manifestation consists of three
main steps. First, a given parameter from the design case is compared with the same parameter
from each case history in a database. The difference, or “distance” between the design case and
case histories results in a similarity index (1) for that parameter for each case history. This step
is repeated for as many parameters as desired (e.g. Dr at a given depth, PGA, My). Second, the
weighted average of the similarity indexes for each case history in the database is calculated to
provide a similarity score (S). The weights are related to the relative predictive strength of each
parameter. Third, the observed outcome (manifestation or no manifestation) of the single case
history with the highest similarity score (i.e. the most similar case history to the design case)
or the majority outcome of the multiple most similar case histories is then used to predict the

outcome of the design case. This framework provides a basis for future work.

Using the above framework, we found that the CBR models that were the best at
predicting liquefaction manifestation were composed mainly of the input parameters PGA, ry,
FSiig and hexc. None of the best models were found to include existing LDPs such as LPI, LPlish,

or LSN, or parameters based on the depth interval of the crust (0 to za) or the critical zone (za-
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zg). Instead, the input parameters for the best models were mainly based on generic depth
intervals of 0-5 m, 0-10 m and 0-15 m. The optimum number of input parameters appears to
be three to five, based on the input parameters tried in this study. This is most likely because
adding more parameters decreases the weight of the other more influential parameters.

We found that changing meta-model parameters such as input parameter weights,
similarity function shapes and similarity function widths has a negative or small positive
increase on the prediction accuracy. However, taking the majority result of all case histories
with similarity scores greater than 0.75 provides a consistently better MCC for most of the
models when validating them against the Canterbury database. This may be because the
Canterbury database represents a distinct set of case histories that do not match any one event
or case history in the Global database. As a result, selecting all the most similar case histories
above a threshold and taking the majority outcome ensures a more robust result than simply

taking the single case history with the highest similarity score.

Some of the CBR models developed in this study were shown to have better predictive
power than currently existing models such as LPI, LPlisy or LSN, using the same input data
(i.e. PGA, My, GWT, and CPT data). However, more research is needed to refine these models
before they can be used in practice. To this end, we provide several suggestions for future
research (see the Future Research section). This work shows that CBR as a liquefaction
prediction methodology has great potential, especially as the database of case histories

continues to increase.

DATA AND RESOURCES

The Global database (https://doi.org/10.17603/ds2-wftt-mv37) and Canterbury database
(https://doi.org/10.17603/ds2-tygh-ht91) are available at DesignSafe-CIl. The base case CBR
models are provided as an Excel spreadsheet and in the python programming language as an

electronic supplement.
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