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1. Introduction 

There are various methods to evaluate the response of piles 

and pile groups under lateral loading. Rees method is one 

of the most conventional approaches in which p-y curves 

are used. One of the most common methods of accounting 

for the group effects in p-y method is to modify the single 

pile p–y curves using a p–multiplier, as suggested by 

Brown et al. (1988) [1]. In this approach, the soil 

resistance, p, is reduced by multiplying by a constant 

factor, P, as shown in Figure 1. (Each row has personal 

reduction factor because of group effects). 

 
Figure 1.  Definition of p-multiplier 

 In order to estimate row reduction factor, several 

experimental studies have been carried out such as those 

conducted by Rollins et al. (1998) [2] about lateral load-

displacement behavior of full scale pile group in clay, 

Rollins et al. (2005) [3] regarding lateral response of pile 

group in sand and McVay et al. (1998) [4] about centrifuge 

testing on lateral response of pile group. Main idea of this 

study is to use tests results to predict row reduction factor. 

In this regard, all the available relevant datasets were 

collected. Currently, there is not any correlation to predict 

reduction factor consisting of all of the effective 

parameters. There are also two design guidelines that 

propose the relationships for prediction of the reduction 

factor, AASHTO [6] and FEMA P-751 [7]. 

In the current study, among different soft computing 

methods, Model Tree has been used for prediction of the 

row reduction factor. Model Tree has been utilized for 

prediction purposes in civil engineering applications by 

some researchers e.g. Etemad-shahidi and Mahjoobi, 

(2009) [5].  

2. Model Tree (M5') 

Model Tree is one of the robust and suitable methods for 

prediction and categorizing. MTs have more accuracy than 

regression trees; they are more understandable than ANN. 

The MT approach consists of two processes: building the 

tree and driving knowledge from it. The tree building 

process involves dividing the input space into several 

regions using linear regression models (Fig. 2). In the 

derivation process, a new data record is given into one of 

the leaves of the tree. This process is done according to 

dividing condition of the previous process. 

Finally, the predicted output is obtained at the leaf of the 

tree. M5' algorithm is a modified version of M5 algorithm 
proposed by Wang and Witten (1997) [8] that can deal 

with missing values.  

 
Figure 2.  Model Tree mechanism 

3. Dataset and modeling 

For building the model and increasing the accuracy, all 

of the published data from different experiments about Pile 

groups under lateral loading were used. These experiments 

have been done in sandy and clayey soils with different 

number of rows and totally 125 data points were collected. 

 
Figure 3.  Pile group plan 

Various parameters are effective on reduction factor, 

e.g. the friction angle, row number, pile spacing, number 

of rows and pile head condition have effect on reduction 

factor. Input parameters that were employed for training 

and testing the model are n, S/D, BC, m and ø i.e. row 

number, normalized pile spacing, pile head condition (free 

or fixed), number of rows and friction angle respectively. 

The pile spacing, number of rows and row number are 
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defined in Fig 3. Output parameter of the model was 

reduction factor. 

4. Results and discussion 

The dataset divided into two parts for training and 

testing, 80% were used for training and 20% were used for 

testing the model. M5' model tree only presents a linear 

relationship between input and output variables, while the 

relation between governing parameters in pile groups 

under lateral loading and reduction factor is not necessarily 

linear. Thus the model was developed with Ln (inputs) and 

Ln (output) to overcome this constraint. 

The following equations were obtained using M5': 
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The models are compact and have good interpretability. 

According to equations as friction angle increases, 

reduction factor decreases and as n increases, reduction 

factor decreases and as piles spacing increase, reduction 

factor increases. 

Generally, moving from leading row (first row) to trailing 

rows (end rows), n is increasing and piles mutual influence 

on each other increase and consequently reduction factor 

decreases (reduction factor of trailing rows is less than that 

of leading row). 

By the increase of piles spacing ( , shadowing effect 

(piles effect on each other) decreases, so reduction factor 

increases. By increasing m, pile group becomes larger and 

group effect increases, so, reduction factor decreases. 

Increasing the friction angle, soil strength increases and the 

soil between rows can better transfer the effect of rows on 

each other, so piles effect on each other increases and 

reduction factor decreases. 

The results of this study were compared with other 

equations (AASHTO and FEMA P-751). To compare the 

performances quantitatively, parameters such as the 

correlation coefficient (CC), root mean square error 

(RMSE) were calculated as follows: 

 

 

 

Where  and  denote the measured and the predicted 

values, respectively, and N is the number of measurements. 

 and  are the corresponding mean values of the 

measured and predicted parameters, respectively. 

These statistical parameters are given for the test data in 

Table 1. As shown, the result of Model Tree is more 

accurate than the other formulas. In AASHTO and FEMA 

P-751, reduction factor is only function of   and n.  

Table 1. Performance indices of various methods to 

predict the reduction factor  

  RMSE CC 

Model Tree 0.064 0.96 

AASHTO 0.1 0.92 

FEMA 0.102 0.92 

Table 1. shows the high accuracy of the applied soft 

computing method in the current study. The most 

important advantage of Model Tree, compared to other soft 

computing methods, is giving direct mathematical 

expressions, which can be used easily for estimating the 

reduction factor.  

5. Summary and conclusion 

In this study, M5' model tree was used to predict the 

row reduction factor. All of existing documented 

experimental data were collected to build the model. Then, 

the results of the model tree were compared with 

AASHTO and FEMA P-751’s values. Error measures 
showed that model tree method is more accurate than the 

others. Also, model tree was preferred because it has 

physically sound equations and it considers more 

parameters than others. 
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