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Abstract

Empirical Liquefaction Models (ELMs) are the standard approach for predicting the
occurrence of soil liquefaction. These models are typically based on in situ index tedach as the
Standard Penetration Test (SPTand Cone Penetration Test (CP), and are broadly classified as
deterministic and probabilistic models. No objective and quantitative comparison of thesenodels
has beenpublished. Similarly, no rigorous procedure has been published for choosing the threshold
required for probabilistic models. This paper provides(l) a quantitative comparison of the
predictive performance of ELMs, (2) a reproducible method for choosing the threshold that is
needed to apply the probabilistic ELMs, and (3) an alternative deterministic and probabilistic ELM

based on the machine learning algorithm, known as Support Vector Machine (SVM).

Deterministic and probabilistic ELMs have bee developed for SPT and CPT dat&or
deterministic ELMs x A AT [ D Adinblified Brdcedired h " AUA OE Anbthod) Brlithed ET C
SVM maodels for both SPT and CPT data. For probabilistic EL.Me comparethe Bayesian updating
method with the SVM models. We compare these different approaches wittn a quantitative
validation framework. This framework includes validation metrics developed within the statistics
and artificial intelligence fields that are uncommon in the geotechnical literature. We incorporate
estimated costs associated with riskas well aswith risk mitigation. We conclude that (1) thebest
performing ELM depends on the associated costs, (B)e unique costs associated with an individual
project directly determines the optimal threshold for the probabilistic ELMs, and (3) the more
recent ELMs only marginally improve prediction accuracy thus efforts should focus on improving

data collection

Keywords: Bayesian updating method, Support Vector Machine,Simplified procedure, Model
validation, CPTSPT, Mchine learning
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Introduction

This paper attempts to improve iquefaction model by (1) quantitatively comparing the
predictive performance of several Empirical Liquefaction Models (ELMs) (2) identifying the
threshold needed to apply the probabilisic ELMs, and (3) developing an alternative deterministic
and probabilistic ELM based on the machine learning algorithm, known as Support Vector Machine
(SVM).Sail liguefaction is the loss of $iear strength induced by shaking, which canlead to various
types of ground failures. ELMs have been developed forin situ index tests such as Standard
Penetration Test (SPT), Cone Penetration Test (CPT), and Shear Wave Velocity. (M®sein situ
data are used toestmate OEA DT OAT OEAI A O OOOECCAOET Co
liquefaction. Different classes ofELMsinclude: (1) deterministic (Seed and Idriss 1971Seed et al.
1983; Robertson and Campanella 19855eed and De Alba 1986&hibata and Teparaksa 1988Goh
1994; Stark and Olson 1995Robertson and Wride 1998;Juang et al. 2000Juang et al. 2003tdriss
and Boulanger 2006;Pal 2006;Hanna et al. 2007Goh and Goh 200yand (2) probabilistic (Liao et
al. 1988 Toprak et al. 1999; Juang et al. 2002; G@002; Cetin et al. 2002; Lai et al. 2004; Catiet
al. 2004; Moss et al. 2006

Currently, the most widely used ELM for the assessment of liquefaction potential is the

Gimplified procedured6 xEEAE EO A AAOAOI ET E OSdanddigy@d7A.AE OAAI

Youd et al. (2001) Cetin et al. (2004), and Moss et al. (200§)rovide recent updates to the method

In addition, Cetin et al. (2004) and Moss et al. (2006) have presented liquefaction models that use
the Bayesian updatingmethod for SPT and CPT data respectivelffhe recentwork represents an
update to the datasetscombined with the use of the Bayesian updatingmethod for probabilistic
evaluation of liquefaction potential. A thorough comparison of these competing ELMs for assesgjn

liguefaction potential has yet to be published in the literature.

In recent years,innovative computing technigues such as artificial intelligenceand machine
learning have gained popularity in geotechnical engineering For example Goh (1994) and Goh
(2002) introduced Artificial Neural Networks (ANN) for liquefaction potential, Cetin et al. (2004)
and Moss et al. (2006) appliedBayesian updating method for probabilistic assessment of
liguefaction, and Hashash (2007) usedgenetic algorithms (GA)for geomechanics. An important
advantage of artificial intelligence techniques is that the non-linear behavior of multivariate
dynamic systemsis computed efficientlywith no a priori assumptionsregarding the distribution of
the data. The SVMlgorithm combines the principles of Structural Risk Minimization (SRM) and the
Statistical Learning Theory (SLT) pioneered by Cortes and Vapnik995) and Vapnik (1995). SVM
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has been successfully employed in solving classification probleni&oh and Goh Q07; Oommen et
al. 2008; Pal 2006; Sahoo et al. 200@nd functional regressionproblems (Oommen and Baise
2009; Samui et al. 2008) in geotechnical engineering. However, the applicability of a probabilistic
approach, which integrates the regularized likelihood with the SVM has not been explored for

geotechnical engineering applications.

The deterministic method provides a es/nodresponseto the question ofwhether or not a
site will liquefy. However, PerformanceBasel Earthquake Engineering (PBEE)requires an
estimate of theprobability of liqguefaction (P.) rather than a deterministic (yes/no) estimate (Juang
et al. 2008) R is a gquantitative and continuous measureof the severity of liquefaction.
Probabilistic methods were first introduced tol ENOAAZAAQOET T 11T AATET ¢ ET OEA
(1988). Butsuch methods are still not consistently used imoutine engineering applications. This is
primarily due to the limited guidance regarding which model to use, andthe difficulty in
interpreting the resulting probabilities. The implementation of probabilistic methods requires a
threshold of liquefaction (TH.). The need for a'H. arises because engineering decisions require the
site to be classified as either liquefiable or notiquefiable. Thus, a site whereP_ < THL is classified
as nortliquefiable and a site whereP_ > TH, is classified as liquefiableJuang et al (2002) provided
a subjective TH. and Cetin et al.(2004) and Moss et al.(2006) used deterministic curves to
determine TH.. However, the importance of the probabilistic approach warrants objective
guidelines for the determination of TH.. In this study, we provide a thorough and reproducible
approach to interpret P_and to, compute the optimal TH. that incorporates the coss associated

with the risk of liquefaction and the coss associated with risk mitigation.

The primary goal of this study is to provide a critical, objective, and quantitative
comparison ofthe DOAAEAOEOA PAOAI O AT AA T £ OEdRby OaddEdt a1 EEEAA
(2001) and the Bayesian updating method (Cetin et al. 2004; and Moss et al. 2006). We also
compare the SVM based deterministic and probabilistic ELMs to previous models to (1) evaluate an
independent ELM, (2) quantify model improvement, ad (3) quantify the independent limitations

stemming from model selection and sampling bias.

In the first section of the paper, wedescribethe data usedfor comparing the different ELMs.
Then we introduce the methodology for model validation statistics, he different ELMs that we

consider in this paper,and the objective method of identifyingTH,.
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Data

In this study, we use theSPT and CPTata compiled by Cetin et al.(2004) and Moss et al.
(2006). These databasesvere created in three steps: (1ye-evaluation of the Seed et al(1983) data
to incorporate the new field casestudies; (2) screendata to removequestionable observations; and
(3) account for recent advances in SPT and CPT interpretation and evaluatiorirogitu Cyclic Stress
Ratio CR.

The SPT database has 196 field case histories of which 109 are from liquefied sites and 87
are from nonliquefied sites. The CPT database has 182 case histories of which 139 are from
liquefied sites and 43 are from nordiquefied sites. The ratio of liqguefaction to non-liquefaction
instances in the SPT database is 56:44, whereas, in the CPT database it is 76[Bds, the CPT
database has higher class imbalandban the SPT databaseThe class imbalance idefined asthe
difference in the number of instances ofoccurrences of two different classesGass imbalance is
particularly important for comparing the performance of different models. Class imbalancéssues

for model validation are discussedater in this paper.

Figures 1and 2 use box-plots to comparethe different predictive variables for the liquefied
and nonliquefied sites from the SPT and CPT database$he variables that exhibit the largest
difference between instances of liquefaction and noitiquefaction for the SPT data are: (1the
moment magnitude; and (2) the overburden corrected blow count The largest differences for the
CPT data are: (1) moment magnitude and (2) tip resistance.Note that Figure 2 shows that the tip

resistanceexhibits more seperability than the friction ratio.

Methodology

We calculated theliquefaction potential for the SPT and CPT databasdsy using the
OOEI Bl E £E A fyoub & bl 2804, B&ydsian updatingnethod (Cetin et al. 2004; Moss et al.
2006), and the SVMmethod. The following subsections providea brief description of the
fundamental principles of these approaches/classifiers and the equations usewe validate and
guantify the different deterministic classifiers by using overall accuracy, precision, recafi.e., True
Positive Rate TPR)), and Fscore. And for the probabilistic classifiers, we us®eceiver Operating
Characteristic (ROC) curve, and PrecisionRecall (RR) curves. Then, we present anew objective
method for combining the precision and recall with cost curves to determine the optiral TH.

triggering for probabilistic assessnent of liquefaction potential.
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Model Validation

Model development (e, i T AAT O Oshdul bé& follgvied] by a model validation to
assess predictive capability. When a nonlinear classifier is trained and validated on the same
dataset, its predictive performance canoften be optimistically biased due to overfitting Hawkins
2004; Oommen and Baise 200P Therefore, the SVM classifier was validated using t&fold cross
validation approach. For the Kfold cross validation, we randomly break the dataset into K
partitions. Then the model is trained using Kl folds and the remaining one fold is used for
validation. This is repeated K times, so that each time afidirent partition is used for validation.
Finally, the predictability of the model is estimated by calculating error estimates on the test
instances of each K splitsThe advantage of Kold cross validation is that all the examples in the
dataset are evetually used for both training and validation yet for each example in the dataset,
training and validation are implemented independently We useK=5 for the K-fold cross validation.
However, the previously developed models that we consider in this paper we trained on the
complete datasets sowe have to validate these classifiers on the same dataset used for model
development. As a result, the validation statistics for thee methods will likely overestimate the

prediction accuracy of the models.

For deterministic models, useful validation statistics include:overall accuracy precision,
recall, and F-score. These metrics are all computed from elements of theonfusion matrix. A
confusion matrix is a tableused to evaluate the performance of a classifier. It is a matrix of the
observed versus the predicted classesyith the observed classes incolumns and the predicted
classes inrows as shown inTable 1. The diagonaklements (where the row index equals theolumn
index) include the frequencies ofcorrectly classified instances anchon-diagonal elementsinclude
the frequencies of misclassifications. Theoverall accuracyis a measure of the percentage of

correctly classified instances

Overall Accuracy = (TP + TN)/(TP + TN + FP + FN). (1)
where the True Positive (TP) is the sum of instances ofiduefaction correctly predicted, the True
Negative (TN) is the sum of instances of nonliquefaction correctly predicted, the False ®sitive (FP)
is the sum of instances ohon-liquefaction classified asliquefaction, andthe False Mgative (FN) is
the sum of instances ofliquefaction classified asnon-liquefaction. Overal accuracyis a common
validation statistic that is usedand an accuracy 0f0.75 means that 75% of the datahave been
correctly classified. Howeverjt A 1 A Gredntat the 75% of each classd.g, liquefaction and non-

liguefaction class) has been correctly predicted. Thereforethe evaluation of the predictive
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capability based on the overall accuracy alone can be misleading wharclass imbalance exists or
the number of instances from each class is not equal in tllataset .g, for the CPTdataset76% of

the data areliquefaction instancesand 24% are non-liquefaction instances).

Precision and recallare common metrics applied separately to each clasen the dataset
This is particularly valuable when the class imbalance in the dataset is significant Precision
measures theaccuracy of the predictions for a single class,whereas recallmeasuresaccuracy of

predictions only considering predictedvalues.

Precision = P =TP/(TP + FP), (2)
Recall = R = TP/(TP + FN). (3)
In the context of liquefaction potential assessment, a precision of 1.0 fohe liquefaction class
means that everycase that ispredicted as liquefactionexperienced liquefaction but this does not
account forinstances ofobserved/actual liquefaction tha are misclassified Analogously, a recall of
1.0 means that every instanc®f observed liquefaction ispredicted correctly by the model but this
does not account for instances of observed nofiquefaction that are misclassified.An inverse
relationship exists between pecision and recall it is possible to increase one at thexpenseof the
other.

The Fscore is a measure that combines the precision and recall value to a single evaluation

metric. The F-score is the weighted harmonic man of theprecision and recall

Fp=(1+p*)(P-R)/(B*-P+R), (4)
where 1 is a measure of the importance of recall to precisioand can be defined by the user for a

specific project.

In order to evaluate a probabilistic classifier, v& must choose a probability threshold value
that marks the liquefaction/non-liquefaction boundary to applydeterministic metrics such asgiven
in equations 1 through 4 When a probability tireshold is defined,the subsequentvalidation is
specific to that threshold value. Therefore, for the comprehensive evaluation od probabilistic
classifier we use PR and ROCcurves.P-R and ROC curves provide a measure of the classification
performance for the complete spectrum ofprobability thresholdsj E8 A8 h Ol PAQATA&ET ¢ AT 1
P-R and ROC curves are developed by calculating the precision, teeall, and the False Positive
Rate (FPR)by varying the threshold from 0 to 1.The FPR is
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FPR = FP/(FP + TN). (5)
Thus, any point oneither the PR or ROC curve corresponds to a specific threshold. Figuge
presents a basic ROC curyehere the dashed lineis the idealizedbest possible ROC curve. The area
under the ROC curvg AUQ is a scalar measurghat quantifies the accuracy of the probabilistic
classifier. The AUC varies from 1.0 (perfect accuracy) to Randomly selecting a clasproduces the
diagonal line connecting (0, 0) and (1, 1) (shown as dotted diagonal line Fige 3). This gives

AUC=0.5thus it is unrealistic for a classifier to havean AUC less than 0.5.

Figure 4 presents a basic R curve. The dashed line represents the bestm® curve with
point A marking the best performancelUnlike ROC curvesP-R curvesare senstive to the influence
of sampling biasin a dataset Sampling bias is the misrepresentation of a class in the sampke
compared to the actualratio of occurrences in thepopulation. Often class imbalance and sampling
bias are misrepresentedExample,if the true population of the data has a class ratio of 80:20 aral
sample has a class ratio of 50:50, then the sample has no class imbalance but itehsempling bias
because the proportion of the classes in the sample is different from the original polation.
Oommen et al. (2009) have demonstrated that sampling bias can significantly influence model

development and performance.

Simplified ProceduréYoud et al. 2001)

Following the disastrous earthquakes in Alaska and in Nigata, Japan in 1971, Seedl lainiss
pwxpq AAOGATT PAA OEA ush@dmpifichl EvaltafioAs obfidlll dbderv&iansiar
evaluating liquefaction potential. A series of publications revised the procedurg¢Seed and Idriss
1971; Sedl et al. 1983; Youd et al. 2001 Youd etal. (2001) state that the periodic modifications
EAOA Ei bOil OAA OEA OOEI Pl EEAEAA POI AAAOOAG R ET xAOA(
henceremain unknown for practicing engineers.
The evaluation of liquefaction potential OOET ¢ OEA OOERBDBABEAAOARNOE
estimation of two variables: (1) the seismic demand on a soil layer, expressed in termstioé cyclic
stress ratio (CSR); and (2) the capacity of the soail to resist liquefaction expressed in termstlo¢

cyclic resistance ratio (CRR). Tdlatter variable depends upon the type oin situ measurement {.e.
SPT or CPT).CSR is

CSR = 0-65(amax/g)(o-vo/0'1;o)rd: (6)
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where a,,,,,, = peak horizontal acceleration at the ground surface generated by the earthquakge:=
acceleration of gravity; g,, and g,, are total and effective vertical overburden stresses,

respectively; andr,; =stress reduction coefficient

- { 1.0 — 0.00765z forz < 9.15m
47 11.174 - 0.0267z for9.15m < z < 23m, @)

where z = depth beneath groundurface in meters.

The CRR for fines contents X05 EO OEA AAOEA bDPAT AOOAOEI 1T AOQOEO.
POl AAAOOAG AT A EO OA &£A OOA Aalcubied for@ mapatdde A 7B AT OAT A A
1 (N1)eo 50 1
RRSPT — _
C 7:5 34 - (N1)60 + 135 + [10 ¢ (N1)6O + 45]2 200, (8)
CRREPT — {0.833[(qC1N)C5/1000] + 0.05 for (qe1n)cs < 50
"2 L 93[(q@en)es/1000]° +0.08  for 50 < (qean)es < 160, 9)

where CRR5ET= CRR for SPTGRRSET=CRR for CPT(N, )¢, = corrected SPT blow count and is <30
(g-1n)cs = clean sand cone penetration resistance normalized to approximately 100 kPa. Finally,
liguefaction hazardis estimatedin terms of Factor of Safety (FS) against liquefaction by scaling the

CRR to the appropate magnitude and is given as

FS = (CRR, 5/CSR)MSF, (10)
where MSF = magnitude scaling factor.

Bayesian Updatingnethod (Cetin et al. 2004; Moss et al. 2006)

Cetin et al.(2004) and Moss et al(2006) formulated the Bayesian updatingmethod for the
probabilistic evaluation of liquefaction potential using SPT and CPT dataespectively. The
development of a limit state model for the initiation of soil liquefaction using the Bayesian approach
begins with the selection of a mathematical model. The general form of the limit stateniction is g =
Ci@dh [ C rRh xEAOA @ E OERDAOAI A BTEOAAEADEAGAIT OAAE
= the random model correction term to account for the influences of the missing variables and
possible incorrect model forms. The limit stée function assumes that the liquefaction potential is
completely explained by the set of predictive variables and thenodel corrections r are normally

distributed with zero meanand standard deviationof a.
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The limit state function together with the field case histories are used to develop the
likelihood function. If the ith term in the field case history is a liquefaction casg xh [ @ G ”AT A
conversely if the i term in the field case history is a nodiquefaction caseg (xh [ (& 0.Crusg the

likeliho od function can be expressed as

100 = | [ Plec®) + & < 01" | [ Plgcx;,0) + & > 0]nonie, (1)

where Wiq and Whoniq iS @ correction term to account for theclass imbalancein the field case
history database due to the disproportionate number of liquefiedss.non-liquefied field instances.
YT 1T OARAO OF AAOAOI ET A OEA OTETT x1T 11T AAiBayssaOAT AOAC
kernel evaluatethe likelihood function and the prior distributions of the model parameters.

The Bayesian updatingmethod formulation to calculate the P. using SPT data is presented
in Eq. 19 of Cetin et a2004). Foradeterministic assessmentCetin et al.(2004) recommend using
a R value of >0.15 as liquefiable otherwise all remaining as nonliquefiable. For the CPT data, the
Bayesian formulation for the P is presented in Eq. 20 of Moss et a2006). For the deterministic

analysisMoss et al(2006) provides similar recommendations for the probability values asin Cetin
et al. (2004).

Support Vector Machines

SVM is an artificial intelligence algorithm used for classification, regression, and
novelty/outlier detection. The model development using SVM involves a training/devepment
phase in which a series of instances of related inputs and target output values are provided. The
SVM implicitly maps these training instances into a highedimensional feature space defined by a
kernel function. The kernel function helps to reducethe computational complexity of explicitly
projecting x and x’ into the higher dimensional spaceFor example, a kernel function represents the
dot product (®(x), @(x")) of a projection®: X — H,

k(x,x") = (P(x), P(x")). 12)
This is computationally simpler than explicitly projecting x and x' into the higher
dimensional space (Scholkopf and Smola 2002). During the training phase, a hyypgine separates
the two classes (i.e. liquefiable, nofiquefiable) of interest in the higher dimensional feature space,

(w, ®(x)) + b = 0, corresponding to the decision function f (x) = ((w, ®(x)) + b).

The vectorw determines the orientation of the hyperplane and the scalar b determines the

offset of the hyperplane from its origin. In the higher dimensional space, an infinite number of
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hyper-planes may exist that can separate the two classes. However, one hyptne has the
maximum margin of separation between the two classes as shown in Figube This hyperplane
that has the maximum margin is called the optimal hypeplane and is constructed by solvinghe

following constrained quadratic optimization problem

m
. 1 c
Minimize t(w,§) = 5 lwl|? + EE &, (13)
i=1
subjectto y;((®(x;),w)+b) =1 —¢; =0 (i=1,..,m),

where m = number of instances in the training datasety; = target output values (i.e. liquefiable,
non-liquefiable), x; = input parameters, ¢ = magnitude of penalty associated with incorrectly
classified training instances andé; = slack variable that indicates the distance of the incorrectly
classified instances from the optimal hypeiplane. Minimization of the first term in the objective
function results in maximization of the margin, while the secondterm tends to penalize the
instances that are incorrectly classified. The penalty terna allows the model to strike a balance
between these two competing criteria of margirmaximization and error minimization. A high value
of ¢ will force SVM to create a complex prediction function with minimum error, while a lower
will lead to a simpler prediction function with higher error. The instances that fall along the
maximum margin of the optimal hyperplane are called the support vectors, and they carry all the

relevant information about the model.

In this research, we used the ksvm algorithm in the kernlab packag&aratzoglou et al.
2006) of the R programming languag€R Devdopment Core Team2006) to solve the optimization
problem in (12). The ksvm algorithm uses the Sequential Minimal Optimization (SMO) algorithm to
solve the quadratic optimization problem. The ksvm algorithm provides several kernel functions
such as Gausan radial basis, polynomial, linearand sigmoid. Previous researchhas documented
that a linear kernel is a special case of the radial basis and the sigmoid kernel behaves like a radial
basis for certain parameters (Keerthi and Lin2003). Hence, we chos¢he Gaussianradial basis

kernel, which is given by

k(x,x") = eV’ (14)
where y controls the width of the Gaussian kernel. When a Gaussian radial basis function for the
SVM classificationis employed we optimize the two parameters c andy. The SVM classification
model was developed byusing the methodology recommended by Hsu et a2003) which can be

used to predict the label of any test example. However, many applications require a posterior class
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probability P(y = 1/x) instead ofpredicting the class label of a test exampl®latt (2000) proposed

a method for approximating the posterior class probability that leaves the SVM function unchanged
and instead adds a trainable posprocessing with regularized binomial maximum likelihood(Lin et
al. 2007). A two parameter sigmoid function was used to approximate the posterior class
probability , where

P(y =1/x) = Pyp(f) = (15)

1+ e@r+B)
With f = f(x) and eachf; is an estimate off (x;). Optimal valuesfor A and B are determined by
solving the regularized likelihoodoptimization problem (with L for the liquefaction and NL for non

liguefaction class)which is given by

min F(@)=- ;m log(p:) + (1 — t)log (1 — py)), (16)

where p; = P, 5(f;), and

L+1

2z Uyi=1 .
t; 1 ify = -1 Ji=1,...,m a7
NL+2

01 A @O®)Omethod of integrating the regularized likelihood with the SVM preserves the
sparseness of the SVM while producing probabilistic outputs.

Threshold for Liquefaction Triggering

In this section wepresent a new approach by combiningproject costinformati on with the
precision and recall (RR cost curve) todetermine the optimal TH. triggering. Here we assume that
for a given project,the expected misclassification ast for the FP(Cep) and the cost for the FN (Cry)
are known. The RR cost curve is a tool thapracticing engineers can use to findhe optimal TH.
triggering for a given project andto determine the uncertainty associated with that decision. Figure
6 presents a typical PR cost curve, which consists of two plotd-igure 6a illustrates the choice of
the threshold vs. precision and recall. For a given probabilistic approachkjgure 6ais developed by
varying the threshold from 0 to 1 and calculating the corresponding precision and recall values for
each of these threholds. Figure 6b presents the optimal TH. vs. the ratio of theCGe (G-p = cost of
predicting a true non-liquefaction instance as liquefaction) to theC (G-n = cost of predicting a true
liquefaction instance as norliquefaction) abbreviated as CRThe optimal TH, is approximated by

minimizing the cost
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Optimal[TH,]; = min[FP; - CR; + FN{] (18)

where i= entire range of threshold from 0 to 1FR and FN are number of false positive and false
negative values corresponding to iCR; = (Crp);/Cry assuming thatGey= 1, andthe index j takes
on the range of thevalues of CRunder consideration. We used a range o€Rfrom 0 to 1.2 (i.e.Gep=

0 to Gp= 1.2 XCr). In practice, theGer and Gy can be computed based on thPerformance Based
Earthquake Engineering PBEF recommended decision variables such as dollar losses, downtime

and deathssometimes referred to aghe three $ 6(Krawinkler, 2004).

Results and Discussion

Performance of Deterministic Approaches

Using the validationstatistics described above, @ evaluatedthe predictive performance of
the deterministic approaches for the assessment of liqguefaction potential based on the SPT and CPT
data. For the deterministic case, Cetin et al2004) and Moss et al(2006) use assigned TH, values
(0.15) in their probabilistic analysis. Table 2 presents the comparison of the SPT based approaches
from Youd et al. (2003, Cetin et al(2004), and the currentstudy using SVM. Comparing the overall
accuracy for the three approaches, it is evident that the SVM has the highesverall accuracy
whereas theYoud et al.(2001) approach has the least overall accuracgincethe SPT database has
a class imbalanceof 56:44 (liguefaction: nonliquefaction), the overall accuracyalone cannot be
used as an indicator of the predictive performance of the approaches. Therefotiguefaction and
non-liquefaction classesare analyzed separately using recall, precision andg$eore. In the case of
the liguefaction class, we se that the SVM has the highest recall whereas, the Cetin et(2004)
model has the highest precision. However, wheme compute the Fscore, which is the harmonic
mean of precision and recallsing equal weights for both, wesee theSVM has the highest5core,
whereasthe Cetin et al.(2004) has the least Fscore. Moreover, both the Youd et al(2001) and the
Cetin et al.(2004) have similar Fscore values with the former havinga slightly improved score
than the latter. In the case ofthe non-liquefaction class, we observe that the Cetin et g2004)
model has the highest recallwhereas the SVM has the highest precisionn addition, a comparison
of the F-scoresindicates the SVM and the Cetin et a(2004) model as having comparable Fscore
values for the nonliquefaction case with the former having slightly better performance. From Table
2, we observe using the fscore measure that the SVM approach has improved the predictive
performance of both the liquefaction and noHdiquefaction instancescompared to the Cetin et al.

(2004) and Youd et al. (2002 approaches.The optimal values ofc ando for the SVM approach for
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the SPT dataare 5.75 and 0.030415 respectivelylt is important to note that although the Cetin et
al. (2004) approach has slightly improved predictive capability compared to thé&/oud et al. (200)

in the non-liquefaction caseit has a lower predictive performance in the liquefaction case.

Table 3 presents the comparison of the CPT based approacliesn Youd et al. (2001, Moss
et al. (2006), and the current study using SVM. Comparing theverall accuracy for the three
approaches, we see a similar trend to that of the SPT approaches with SVM having the highest
overall accuracy whereas the Youd et a[2001) approach has the leasbverall accuracy However,
the CPT database has greatalass imbalance(76:24, liquefaction: nontliquefaction) than the SPT
database. Henceagain, the overall accuracyalone cannot be used as an indicator to compare the
predictive performance. Analyzing the predictive performance based on the individual classes
(liguefaction and nor-liquefaction) using precision, recall and Fscore, we observethat for the
liquefaction class the Moss et al. (200§ approach has the highest recall imereas the Youd et al.
(2001) approach has the highest precision.A comparison of the F-score measure, shows that
although Moss et al(2006) had the best recall and Youd et a{2001) had the highest precision,
SVM has the best{8core measure for theiquefaction caseusing equal weights for both precision
and recall We also see a very similar result in the case of ndiquefaction instances where
although Youd et al. (200) has the highest recall and Moss et gR006) has the best precision the
SVMhas the best Fscore measureThe optimal values of ¢ and for the SVM approach for the CPT
data are 371.25 and 0.00171 respectivelylhe reason for the SVM having a better-§core than the
Youd et al.(2001) and the Moss et al(2006) approach is SVMhas a more balanced predictive
performance in comparison to both liquefaction and nodiquefaction instances as well as in
comparison to precision and recall. Whereas, in the case Bfoss et al. (200§ the increase in F
score forliquefaction is at the costof a poor Fscore for nonliquefaction and vice versa in the case
of Youd et al. (200). It is noted from Tables 2and 3 that compared to the precision and recall
values for the liquefaction and nonrliguefaction classes of the SPT and CPT datasbe CPTnon-
liquefaction class has a large difference in the precision recall values in all three approaches.
Oommen et al. (2008) has demonstrated that sucha large difference in the precisionand recall
values indicates that the dataset has high sampling bias and the predicted probabilities have large

deviations from the actual probabilities.

Performance of Probabilistic Approaches

We analyzed he predictive performance of the probabilistic evaluation of liquefaction

potential using ROC and FR curves. Figures7 and 8 present the evaluation of the SPT based
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probabilistic approachesusing ROC and fR curves, respectively Weobserve boththe Cetin et al.
(2004) and the SVM approacheas having similar predictive performance with the former having
slightly improved AUC for both liquefaction and nordiquefaction instances. Figure8 shows theP-R
curve for the liquefaction caseas falling closer to the(1, 1) point than for the non-liquefaction case.
This indicates that both probabilistic approaches have better predictive capability for the

liquefaction instances compared to the nodiquefaction instances.

Figures 9 and 10 present the evaluation of the CPT based probabilistic approachesing
ROC and MR curves, respectively The ROC curves for the liquefaction and ndiguefaction
instances show a similar performance to the SPT based probabilistic approaches with the SVM
having slightly lower AUCvalues than forthe Moss et al. (200§ method. The comparison of the R
curves (Figure. 10) indicates abetter predictability of the probabilistic approachesfor liquefaction
compared to nonliquefaction. The difference in the predictive performance between liquefaction
and nonliquefaction has increased for CPT based dataver the SPT data. This difference in the
predictive performance is indicative of the sampling bias in the SPT and CPT datas&s the
sampling biasis increased fromthe SPT to CPT datet the predictive performance of the minority
classis decreased. This clearlyndicates that model development usingboth the Bayesian updating
method (Cetin et al. 2004; Moss et al. 2006and SVM basedpproach are sensitiveto the sampling

biasin the dataset.

Comparing the probabilistic approaches basedn the SPT and CPT datasets, wenclude
that considering both liquefaction and nonliquefaction instances the SPT based probabilistic

approaches haveaslight advantage over the CPT based probabilistic approaches

Choice of theOptimal Threshold of Ligefaction

In this section we usethe P-R cost curves to determine the optimallH,.. Figures 11 and 12
present the RR cost curves for the SPT and CPT based datasets. In Figdreand 12 plots aand c
OAPOAOGAT O OEA DPOAAEOEIT AT A OAAAI1T &I O OEA 1TE

probabilistic approaches respectively, whereas plot b presents the optimdlH, vs. the ratio of the

pral
O
T
N

Gerto the Gy for a given project(CR. Forthe deterministic evaluation, the recommendedlH, using
O" AUAOGEAT @b forbbik theCSPT dandCPT datasets (Qeeet al. 2004; Moss et al. 2006
In the case of SPT (Fige 11), aTH. of 0.15 correspondsto a CR = 1 using the Cetin et al(2004)
approach, which implies that theGw = Gep (cost of predicting a true liquefaction instance as non

liquefaction = cost of predicting a true norliquefaction instance as liquefaction). Whereas, n the
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case of CPT (Fige 12), a TH. of 0.15 corresponds to a CR = 0.6 using the Moss et al(2006)

approach, which implies that theG = 0.6 times theGe,. We also observe from Figure 11hat using

any TH. value in the range 0f0.05 to 0.60 will have same costas using the 0.15 recommended by
Cetin et al.(2004).

Tables 4and 5 summarize the results illustrated in Figures 11 and 12We observe from
Tables 4and 5 that for the SPT datathe Cetin et al(2004) approach has higher precision and recall
compared to the SVM foa CR range of 0.28 to 1.0, whereas for the CPT date Moss et al(2006)

and SVM approach have comparable precision and recall values.

By comparing multiple liquefaction models for both SPT and CPT data with validation
statistics, we have illustratedthat the predictive capabilities of the three modeling approachesre
comparablein general, however, each model has distinct advantages or disadvantages in terms of
precision or recall for the different classesUsing robust and quantitative validation methods will
better inform geotechnical users and allow them to choose the method and optimdH. (for
probabilistic methods) that best suits a particular projectgiven information on the costs associated

with both outcomes of liquefaction and nonrliquefaction.

Case $udy on the Applicability of P -R Cost Qrve

In the caseof new projects/buildings, the geotechnical engineefaceschallengesto present
the level of liquefaction risk, so that the owner/investor can decide whether or not to make the
investment, or to increase the level of investment to improve its seismic performance and thus
decrease the level of losse€onsideringthree hypothetical cases (HL, H-2, and H3), we illustrate
how the PR cost curve ca be usedby a geotechnical engineein practice for determining the
optimal TH_ for probabilistic assessment, and thereby quantitatively account for the costs
associated with that decision.For the above cases we calculated CR (the ratio of th&:rto the Gu).
TheGrEO ANOEOAI AT O OI OEA AT OO0 1T &£ I AEET ¢ OEA 1 EOOA
liguefiable. This includes the extra cost that is incurred on the project for site remediation, design
and construction. The G- is equivalent to the cost of making the mistake of classifying a site that
would liquefy as nonliquefiable. This includes the cost of the building, the cost of lives and the cost
of downtime, which includes the time, cost, and the businedhat was lost during the time to fix the
building in the event of liquefaction. In the case dfi-1, H2, and H3 we assume that theGep = $35

million, whereas the Gx = $50 million. Thus the resulting CR is equal to

CR =35/50=10.7
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We also assume that thd?_ for the caes H1, H2, and H3 are 0.20, 0.25 and 0.30 respectively,
calculated using the Bayesian updatingnethod (Moss et al. 2006) with CPT data.rbm Figure 12b
or Table 5we observe that the optimal threshold for CR = 0.7 using Bayesian updatingethod
(Moss etal. 2006) with CPT data is 0.308which means aP, value > 0.308 should be classified as
liquefiable.

Since all threecaseshave P, value < than 0.308, they are classified as ndiquefiable. The R
R curve (Fig. 12) helps us to determine how confident v& can be with this decisiorthat they are
non-liquefiable. We observe from Figure 12 that the precision and recall values corresponding to
the P_ for each caseare H-1 (precision =0.883, recall = 0.985), H-2 (precision = 0.883, recall =
0.978), and H-3 (precision =0.894, recall =0.978). Recallgivesthe chancethat concluding the site
will not liquefy is wrong. And precision gives the chancethat concluding the site will liquefy is

wrong.

In the case ofH-1, a recall= 0.985 means that there is1.5% chance for the decision that the
site will not liquefy is wrong. We observe that although F2 and H3 had different R values (.25
and .30), both cases havehe same recall values or in other wordsboth cases have2.2% chance

that concludingthe site will not liquefy is wrong.

Database limitations

The validation analysesindicated that the sampling bias is higher in the CPT dataset
compared to the SPT dataset and it can have a significant impactmondel performance. Therefore,
future data collection efforts should be focused oreducing the sampling bias by developing more
representative sample of the actual populationUsing the SVM modelpne can also more closely
examine themodel and dataspace toidentify other gaps in the datasetldentifying gaps in datasets
is extremely important for improving empirical models because such gaps essentially amount in
practice, to extrapolation of an empirical model The conventional empirical approaches use the
entire training data for the development of the model, whereas the SVM uses a subset of the
training data known as support vectors (as shown in Figre. 5). Therefore, identifying the
characteristics of these support vectorsa priori can improve the design a&sociated with data

collection efforts, and in turn result in improvements in the resulting empirical model using SVM.

In the SVM model for classification, the support vectors define the shape of the hygsdane
that separates the two classes (liquefactiorand non-liquefaction) and they fall on the maximum

margin (Figure. 5) during the training phase of the model developmet. The instances that are not
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support vectors do not contribute to the model development. Support vectors being points on the
maximum margin are the closest to the hypeplane, and thus have the highest uncertainty in terms
of the class they belong to. Hang the highest uncertainty, the region close to the support vectors
require further data collection to better constrain the empirical model.Here we have identified
suchregions by analyzing the range of the predictor variables and the quantity of suppovectors
in each of these rangeOnecan divide the predictor variable into different ranges based on equal
intervals or based ontheir probability distribution . Ideally,onewould like to have a low percentage
of support vectors from each range of the nedictor variable (i.e. indication that there is low
uncertainty in these range$. The specific range in the predictor variable that needs future data
collection will be the one thathas thehighest percentage of support vector orthe one with no data
at al.

The 5 splits of the Kfold cross validation of the SPT data had percentages of support vectors
varying from 46-50%. Figure 13 presents the distribution of the support vectors in the range of the
predictor variables for the training instances in splitl of the SPT dataset. Split has 156 training
instances, of which 73 are support vectors and the remaining 83 are neupport vectors (47%
support vectors). The range of the predictor variables are divided intogqual intervals of ten. Figure
13 illustrate s how the model uses the data andlentifies regions of data space that are not well
constrained by the SVM modelWe observe that of the predictor variables(N1)so has the highest
uncertainty in the range of 15 to 28, CSR in the range of 0.05 to 0.1%, i the range of 6.5 to 7.5,
and anax in the range of 0.01 to 0.2. In general, the lower ranges of the predictor variables had

higher uncertainty compared to the higher ranges.

In the case of CPT data, the percentage of suppoectors for the 5 splits ofthe K-fold cross
validation varied from 29-32%. Figure 14 presents the distribution of the support vectors in the
range of the predictor variables for the training instances in splitl of the CPT datasetplit-1 has
145 training instances, of which 46 ae support vectors and the remaining 99 are nowsupport
vectors (31% support vectors). Similar to the SPT datasethe range of the predictor variables of
the CPT dataset ws divided into equal intervals of ten.Using Figure 14 we can see regions of the
CPT model space that are not well constrained and require additional data collection\Ve observe
that of the predictor variables CSR has the least uncertainty and lowest percentage of support
vectors from the entire range of the data, whereas,;Ras the hghest uncertainty. The specific
ranges of the predictor variables that need higher priority for data collection are values from 5.7 to
8.2 for qcl, <0.19 for CSR, 5.9t0 6.5fonM E€p pwd MEIAD MK (€c80c &I O 2
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A comparison of the percentage of suppot vectors in the training phase of the SPT (47%)
and CPT (31%) datasetshows that the CPT dataseprovides better coverage or support for the
model. This is also substantiated with the higheoverall accuracy precision, recall, and ¥score for
liquefaction class with the approaches based on CPT data compared to the SPT data. (Refles 2
and 3). However, the approaches based on the SPT data have higher precision, recall, asddfe
for non-liquefaction class due to the lower sampling bias Therefore, data collection to improve the
CPT based approaches should emphasize reducing the sampling bias Data collection for SPT
based approaches should try to fill the identified data gaps.

Conclusions

In this study, we have critically compared thedeterministic and probabilistic ELMs based
on SPT and CPT data provide an objective and quantitative validation framework to evaluate the
predictive performance and to inform the use of ELMs. For the deterministic ELMs we compared
ipq OEA ODERBOGOAEAA}] ©Q tehddahd 8)ISVMOrBodels Whdre@s for the
probabilistic ELMs we compared the (1) Bayesian updatingmethod, and (2) SVM.We also
presented a new optimization approachfor choosing the optimal TH. for implementation of the
probabilistic assessment of liquefaction which minimizes the overall costs associated with a

particular project design.

By comparing multiple liquefaction models for both SPT and CPT data with validation
metrics that are commonly used in statistics andrtificial intelligence yet are uncommon in the
geotechnical literature, we have illustrated that the predictive capabilities are comparable in
general. However, each model has distinct advantages or disadvantages in terms of precision or
recall for the different classes. These validation metrics will better inform geotechnical users and
allow them to choose the method and optimal TH(for probabilistic methods) that best suits a

particular project.

Thefollowing specificconclusionsarise from the model validation results in this study:

e Forthe AAOAOI ET EOOEA AOAI OAOGEIT 1T £ 1 ENOnblifisfiAOET T
proceduredhasaslightly better predictive capability than the Bayesian updatingnethod for
the liquefaction class, whereas, the tder has a better predictive capability ér the non

liquefaction class based omn overall metric termedthe Fscore.
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e For the deterministic evaluation of CPT datathe Bayesian updatingmethod has a better
DOAAEAOGEOA A A bshnblfidd Epodeduréiok the liGuefBctiod class, and vice
versa for the nonliquefaction class.

e Based on the Fscore andoverall accuracy the SVM approach has slightly better predictive
AAPAAEI E OGimphfied procebuired AT A OEA " A UndethedAidr thODAAOET
deterministic evaluation of both SPT and CPT data.

e The probabilistic evaluation of the liquefaction potential indicates comparable performance
for both SVM and Bayesian updatingethod with the latter having slightly improved AUC.

e The RR cost cuve is an efficient and objective approach to determine the optimal TiHand
the associated risks associated with the decisiom the case of probabilistic evaluation.
Practicing geotechnical engineers can use tables 4 and 5 to determine the optimal_ T#hen
they evaluate theP, either based on the Bayesian updating method (Cetin et al. 2004; Moss
et al. 2006) or the SVM approach based on the SPT or CPT data.

Perhapsthe most important implication of this study is that the recent improvements in
liguefaction models have only marginally improved their prediction accuracyThus future efforts
should instead be focused on strategic data collection to enhance model performance. It is in such
future data collection efforts that the use of support vectors mayind particular value. Sampling
bias in both the SPT and CPT datasets results idlifference in predictive performancefor the three
approachesbetween the liquefaction and nonliquefaction class Comparing the PR and ROC curves
for the different classes of the SPT and CPT data, it is evident that theRPcurves are sensitive to the
sampling biaswithin the dataset, whereas the ROC curves are ndiurther data collection efforts
should aim to reduce such sampling bias In addition, support vectors can improve our
understanding of the ranges in data that tend to result in a high degree pfediction uncertainty.

Thus support vectors can be useful for the design of future data collection efforts.
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Tablel: Confusion matrixpresenting the observed classes in rows and the predicted classes in columns
where TP is the true positive, TN is the true negative, FP is the false positive, and FN is the false negative.

Observed
Yes | No
i)
% Yes| TP FP
g
& No| FN | TN

Table2: Various estimates of the predictive performance of the SPT based deterministic models: (1)
overall accuracy (O.A), and (2) recall, precision, ascbFe for both liquefaction and néiguefaction

occurrences.

Cetin et al2004 Dataset

Approach Overall Recall Precision Fscore Recall Precision Fscore

Accuracy Lig Lig Liq Nortlig Nontlig Nontlig

Yoggoelt al. 0.826 0.816 0.864 0.839 0.839 0.784 0.811

Cetinetal.  e31 0789 0895 0839 0885 0.77 0.823
2004

SVM 0.852 0.899 0.844 0.871 0.793 0.862 0.826

Table3: Various estimates of the predictive performance of the CPT based deterministic models: (1)
overall accuracy (O.A), and (2) recall, precision, ascbFe for both liquefaction and néiguefaction

occurrences.

Moss et al. 200®ataset

Approach Overall Recall Precision Fscore Recall Precision  Fscore
Accuracy Lig Lig Lig Nontliq Nortliq NorHliq

Yoggoelt al. gg4s 0877 0.917 0.897 0.744 0.653  0.695
Mozsgo‘zt al- 5g79 0985 0.872 0.925 0.534 0.92 0.676
SVM 089 0978 0.888 0.931 0.604 0.896  0.722
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Table4: PR cost curve summarized for the Cetin et al. (2004) and SVM approaches based on the SPT
dataset.

Cost Ratio (CR) Cetin et al.2004
Range Optimal Threshold Precision Recall
0<CR<0.11 0.002 0.692 0.99
0.11<CR<1.0 0.049 0.781 0.981
>1.0 0.596 0.923 0.77
SVM
0<CR<0.06 0.091 0.668 1
0.06 <CR <0.28 0.187 0.729 0.99
0.28<CR<0.33 0.287 0.762 0.972
0.33<CR<0.42 0.295 0.777 0.963
0.42<CR<0.83 0.389 0.816 0.935
CR>0.83 0.488 0.85 0.889

Table5: P-R cost curve summarized for the Moss et al. (2006) and SVM approaches based on the CPT
dataset.

Cost Ratio (CR) Moss et al.2006

Range Optimal Threshold Precision Recall

0<CR<0.6 0.072 0.868 1
CR>0.6 0.308 0.894 0.978

SVM

0<CR<0.49 0.319 0.858 1
0.49<CR<0.99 0.505 0.888 0.978
CR>0.99 0.542 0.894 0.971
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Figure3: Receiver Operating Characteristic (ROC) curve illustrating its basic elefentdashed line
indicates a near perfect probability préction whereas, the dotted linedicates predictiongvhichresult
from randomguessing.
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Figured: PrecisiorRecall (FR) curvallustrating its basic element3he dashed line represerhe best P
R curve.
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Figure5: lllustrates a linearly separable two class SVM problem, with the center line representing the
optimal hyperplane (classification line) that separates the two classes. The dotted lines represent the
maximum margin and the instances thatlfalong the maximum margin that are circled represent the

support vectors.
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