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Abstract  
Liquefaction and consequent lateral spreading are the phenomena that can be disastrous  

during earthquakes. Predicting the liquefaction potential and the displacement caused by 

lateral spreading is helpful in decreasing possible damage.  Various methods are used to 

present models to predict the liquefaction potential and lateral spreading displacement. In 

this study, the predicting models are derived by M5’ algorithm which constructs decision 
trees with multivariate linear models. Some experimental datasets were used for training 

and testing data. The presented models, are simpler than previous models, in a way that 

physical behavior of every parameter are understandable from the structure of the 

formula. Also the accuracy of the presented models is acceptable in comparison with 

other formulas. M5’ algorithm is a suitable tool to derive prediction models. 
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1. Introduction 

Estimation of soil liquefaction potential is among the most investigated topics of modern 

geotechnical engineering but still remains to be one of the challenging aspects of earthquake 

geotechnics. Liquefaction is a type of ground failure, which usually occurs in loose saturated 

soil. The generation of excess pore pressure under undrained loading conditions results in 

liquefaction. Researchers presented various correlations to estimate liquefaction potential but 

many of derived models have complicated formulas[1]. In addition, another damaging type of 

ground failure is liquefaction induced lateral spreading. Liquefaction mechanism consists of ground 

subsidence, flow failure, and lateral spreading. Among liquefaction mechanisms, lateral spreading can 

be more dangerous[2]. Various researchers presented formulas for estimating the magnitude of ground 

deformation caused by lateral spreading. In this study, using a data mining tool, a model is developed 

to predict the horizontal ground displacement. Also, this study presents simple correlations that 

are accurate, too. Table .1 shows some of other researcher models to estimate liquefaction 

potential and lateral spreading. 
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Table 1. previous researchers presented models. 
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2.Model Tree 

A Decision tree (DT) is a well-known technique of classification. DT includes answer nodes 

or leaf which indicate a class and decision nodes that contain an attribute name and branches 

to other decision trees, one for each value of the attribute. In DTs, classification starts from a 

root node and continues to generate sub-trees until creation of leaf nodes  [9]. 

One of the most simple and suitable methods for prediction and categorizing data is model 

tree. Model tree is more accurate than regression trees, simpler and more understandable than 

ANN [10]. Model trees generalize the concepts of regression trees[11]. MT is a classification 

method that its structure follows rules of the decision trees and has multivariate linear 

regression models at the leaf nodes. 

 

The algorithm of Model Tree drives the input space of the training data through nodes or 

decision points to designate a linear suitable model for that sub-region of the input space. 

Sometimes splitting circles build a very complex tree that needs to be reduced to a simpler 

tree to improve the capacity of generalisation. 

 

At last, the value predicted by the model at the proper  leaf is balanced by the smoothing 

operation to reflect the predicted values at the nodes along the path from the root to that leaf. 

M5 model tree algorithm divides the data space into smaller subspaces.It  fits linear 

regression models at every leaf of the regression tree [12]. M5 constructs trees with 

multivariate linear models and tackle with tasks with very high dimensionality without rapid 

computational growth [13]. 

 

Wang and Witten (1997), proposed M5’ algorithm which is a modified version of M5 
Algorithm. The algorithm of M5’ is based on splitting the instance space recursively to build 
a regression tree [14]. 

 

The goal of splitting process is to minimize the intra-subset variations in the values from the 

root through the branch to the node.For splitting the input space and construct the regression 

tree in the M5’ algorithm, standard deviation factor (SDR) is used. standard deviation of 
the values measures the variations which reach that node from the root. with calculating the 

expected reduction in error as a result of testing each attribute at that node. 

 

 
 

T is the set of examples which reaches the node.Ti is the data point which are resulted from 

splitting at the node based on the the chosen attribute and sd  is the standard deviatio. 

M5’ constructs a linear multiple regression model for every internal node, when the tree has 

been grown.  The regression consists of the data depended to that node and all the tested 

attributes in the sub-tree rooted at that node. If SDR for linear model in the root of sub-tree is 
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lower than or equal to the expected error for the sub-tree, Then the tree is reduced from the 

leaves. 

 In M5’ algorithm, the smoothing process is done to eliminate possible discontinuities appeard 
from pruning .smoothing process is done by incorporationg estimated and predicted values.  
 

 

 

where P’ is the prediction passed up to the next higher node, p is the prediction passed to this 
node from below, q is the  predicted value that is produced by the model, at this node n is the 

number of training instances that reach the node below, and k is a constant. The smoothing 

process considerably increases the accuracy level of predictions [14,15]. 

 

3.Developing numerical correlation 

1-3- Liquefaction potential 

 

In the literature, there are several studies addressing the estimation of soil liquefaction based 

on strain energy [16,17]. For creation of a relationship between characteristics of soil, cyclic 

load and capacity energy, results of undrained cyclic tests are useful . 

Multiple linear regression (MLR) was used to propose relationships for capacity energy of 

Sands in some studies [18,19,20,21,22]. Baziar and Jafarian (2007) developed a new MLR-

based relationship by their compiled database and proved drawbacks of previous relationships 

which were found considering a limited number of data. Some research programs focused on 

developing the relationships based on MLR, ANFIS and MARS were concluded with 

accurate results. Nevertheless, the presented formulas are too complex while they cannot 

show the effect of each parameter on the output, clearly. Some of these correlations can be 

seen in Table.1 [1]. 

A large database was used to develop the model which includes various types of cyclic 

element tests such as triaxial, torsional and simple shear. This data base contains 399 cyclic 

test results and it was reported and used by  Baziar and Jafarian (2007) and Baziar et. al. 

(2011) [3]. 

In this study, the whole data set was divided into two parts of training and testing. 80 % of 

data points were selected randomly and used for training to develop the model and 20 % were 

used for testing the model. Data range in test and train parts were approximately the same. 

M5’ model tree only presents a linear relationship between input and output variables, while 
the relation between governing parameters and strain energy is not necessarily linear. Thus, 

the model was developed with log (inputs) and log (output) to overcome this constraint. 
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2-3- Lateral Spreading 

Numerical and analytical procedures have been widely used to estimate lateral ground 

displacement at liquefiable sites. MLR, ANN, GP, ANFIS, MARS, etc. are different methods 

used to present models. Presented formulas which were accurate and acceptable, are really 

complex and too long, in a way that users cannot simply understand the effect of each 

parameter on the result.The formulas are shown in Table .1. 

In this study M5’ presents a really plain and acceptably accurate relationship for estimating 
lateral displacements during liquefaction. 

The whole database was separated randomly to two parts of testing (80 percent) and training 

data (20 percent). The training part consisted of 420 data used for deriving the model and the 

presented formulas was tested by the second group, containing 105 data. Data ranges were 

almost the same in testing and training groups to enhance the accuracy. After developing the 

model, accuracy of the correlation was tested by the second group of data (20percent).      

The database used in this work is reported by Youd and his colleagues [2].The database 

contains 525 case histories from 12 earthquakes in four seismic zones of United States, Japan, 

Turkey and Taiwan. 

 

4. Results and Discussion 

1-4- Liquefaction potential 

For developing the model, Weka, a powerful intelligent data mining tool was used. 

Five parameters (σ , D50 , Dr , Cu , FC) were used as inputs to develop the model. Where, FC = 

percentage of fines, Cu = uniformity coefficient, Dr = relative density, D50 = mean grain size, 

W = capacity energy and σ = initial mean effective confining pressure.  

Different combinations of parameters were studied to develop the model. The best model 

from the accuracy and simplicity viewpoints, is described here. This shows a reasonably good 

performance for the dataset.  

The following equations were obtained using M5’: 
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Table 2. Comparision of different models accuracy. 
Investigators CC MAE RMSE 

Alavi, (2012) 62.729 0.381 0.474 

Zhang, (2015) 74.6 0.248 0.42 

Zhang, (2016) 76.499 0.621 0.701 

Baziar, (2011) 94.358 0.116 0.16 

Current study 89.253 0.176 0.223 

     

The derived model in this study is more user-friendly than the other formulas. Engineers can 

simply observe the effect of each parameter on capacity energy and the calculation of the 

capacity energy is so simple and the model is more accurate than several other models such as 

those proposed by Alavi (2012), Zhang (2015), etc.  
 

 As can be seen in Table.1 the derived formulas are so simpler than those presented in recent 

years for example formulas presented by Baziar (2011) and Zhang (2015).As presented in 

Table 2.,  RMSE (root mean square error) and MAE (mean absolute error) of the new model 

are less than those of older models. Influence of all parameters are in agreement with other 

studies and are justifiable by principles of liquefaction phenomenon. 
 

2-4- Lateral Spreading 

A powerful intelligent data mining tool was used for developing the model. Seven parameters 

(M, R, W, S, T15, F15, D5015) were used as input parameters to develop the model. Where R = 

the horizontal or mapped distance from the site in question to the nearest bound of the seismic 

energy source, T15 = the cumulative thickness of saturated granular layers, F15 = the average 

fines content for granular materials included within T15, D5015= the average mean grain size 

for granular materials within T15 in millimeters, M = earthquake magnitude, S = the ground 

slope in percent, and W = the free-face ratio defined as the height (H) of the free face divided 

by the distance (L) from the base of the free face to the point in question, in percent.  Dh is the 

correlations output and it means the estimated lateral ground displacement, in meters. 

 

M5’ model tree only presents a linear relationship between input and output variables. Using 
logarithm of the parameters can be helpful to enhance the mathematical form of models. 

Because of limitations of logarithm, F15 and D5015 is used in new forms of (100-F15) and 

(D5015+0.1). Transformation of log (F15) to log (100-F15) leads to more credible estimations 

for small values of F15 [24]. For preventing the prediction of irrational large values of 

displacement, the 0.1 mm value was added to D50 [2]. 

 Different models were investigated. Finally, the following equation was obtained using M5’: 
 

 

  
 

As can be seen in the formula, an increase in earthquake magnitude (M) and cumulative 

thickness of saturated granular layer (T) leads to increase in lateral displacement. The average 

mean grain size (D5015) and the average fines content (F15) are subtractive in the correlation.  
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The results indicate that M5’ is able to predict the lateral spreading with a high degree of 
accuracy. Coefficient of each parameter obviously shows that behaviour of all parameters and 

is acceptably in agreement with the results of other studies [2,8,23].  

 

Table 3. shows a copmarison of different correlations accuracy. In order to evaluate the 

accuracy of  all models in a fair condition, all the models were evaluated by the 20 percent of 

data which was not used in training the model derived by M5’ algorithm.  
 

Table3. Comparison of other researchers models accuracy. 

Investigators CC MAE RMSE 

Bartlett et al. (1995) 73.39 0.266 0.739 

Youd et al. (2002) 93.94 0.135 0.179 

Baziar et al. (2013) 77.35 0.211 0.339 

Goh et al. (2014) 96.12 0.118 0.149 

Current Study 89.13 0.173 0.236 

 

 The simple correlation for the whole database without separating free-face and gently sloping 

ground conditions, helps engineers to easily define behavior of each parameter and speed up 

initial computations. Althogh the models presented by  Youd et al., (2002) and Goh et al. 

(2014) was a little more accurate but the M5 model was so simpler and acceptably accurate. 

Table 1. shows some examples of previously presented complex correlations. However, a 

simple correlation can reasonably estimate the effect of each parameter and simplifies 

estimation . 
The proposed model was developed using case history data points with limited ranges of 

earthquake parameters, soil properties, and geometry. Therefore, for using the correlation for 

estimating new data sets with acceptable accuracy, the new data points should be in the same 

range as the database used to develop the model. In addition, the correlation is capable of 

being updated to an acceptable accurate formula with any new data sets in any ranges, by 

means of training the data with M5’ algorithm. 
 

5.Conclusion 

This paper indicates the capability of M5’ to model nonlinear multivariate geotechnical 
problems with experimental datasets. As can be seen, the proposed formulas for liquefaction 

potential and lateral spreading were so plainer and physically more tangible than all other 

researchers presented formulas, also the model is resonablly accurate in comparision with 

other models. Physically behavior of all parameters are resonable and their predicting trend 

versus the models output  is as same as their behvior in the nature. M5’ algorithm is a strong 
data mining tool to train data and derive a good model for predicting the output. The 

successful application of M5’ in two complicated geotechnical problems demonstrates that 
M5’ is computationally efficient. Also, the presented models are simple and  enables 
geotechnical engineers to have a good perception of the relationships between input 

parameters and the output parameter.  
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