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Abstract. A dataset of 334 geogrids pullout tests was analysed to identify 
the soil and geogrid parameters that have the most significant effect on the 
rate of load development �𝐾𝐾) during pullout. 𝐾𝐾 was calculated for a small 
displacement of the geogrids and also for a larger displacement. Next a 
surrogate surface was used to model the relationship between 𝐾𝐾 and 
parameters representing the geogrid, soil and boundary conditions of the 
test. Data points sampled from the surrogate surface were used as input to a 
variance based, global sensitivity analysis. 𝐾𝐾 was found to be the most 
sensitive to the stiffness of the geogrid, the friction angle of the soil, the 
spacing of the geogrid ribs, the confining stress and the average particle size. 
Thus, 𝐾𝐾 is sensitive to the same parameters as the stiffness of the soil-
geogrid composite (𝐾𝐾���). As the 𝐾𝐾��� reflects the stiffening function of a 
geogrid, the load development during pullout is also indicative of the 
stiffening function of a geogrid. 

1 Introduction 
Zornberg, Roohi & Gupta introduced an index parameter, the “stiffness of the soil-
geosynthetic composite” (𝐾𝐾���), to quantify the performance of a soil-geogrid composite 
under serviceability limit state [1]. This index parameter captured both the tensile behaviour 
of the geogrid and the shear behaviour of the soil while interacting with the geogrid. A strong 
correlation was found between 𝐾𝐾��� and the traffic benefit ratio for model pavements with 
geogrid-stabilized base layers [2]. Thus, the 𝐾𝐾��� was found to be a measure of the stiffening 
function of geogrids. 

The 𝐾𝐾��� is derived using a number of simplifying assumptions: 1) the soil-geogrid 
interaction can be modelled as 𝑑𝑑𝑑𝑑/𝑑𝑑𝑥𝑥 � �𝜏𝜏, where 𝜏𝜏 is the interface shear stress, 2) 𝐽𝐽� is 
constant for small displacements, and 3) the shear stress along the soil-geosynthetic interface 
is constant along the active length of the geogrid and zero otherwise. Consequently, the 𝐾𝐾��� 
for a soil-geogrid composite can be defined as: 𝐾𝐾��� � 4 ⋅ 𝐽𝐽� ⋅ 𝜏𝜏� � 𝑑𝑑�𝑥𝑥��/𝑢𝑢�𝑥𝑥�, where 𝐽𝐽� is 
the confined stiffness of the geogrid, 𝜏𝜏� is the yield shear stress of the soil, 𝑢𝑢�𝑥𝑥� is the 

 
* Corresponding author: dawie.marx@utexas.edu 

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons 
Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/).

E3S Web of Conferences 569, 01001 (2024)	 https://doi.org/10.1051/e3sconf/202456901001
GeoAmericas 2024



displacement of location 𝑥𝑥 along the geogrid during pullout and 𝑇𝑇�𝑥𝑥�is the unit tension at 
that location. Thus, 𝑇𝑇�𝑥𝑥� � �𝐾𝐾��� ⋅ 𝑢𝑢�𝑥𝑥�. 

The 𝐾𝐾��� is calculated from the displacement of the internal geogrid nodes during pullout. 
This study investigated whether the rate of frontal load development �𝐾𝐾) in geogrid pullout 
tests is related to the 𝐾𝐾���. Specifically, the parameters most significant to 𝐾𝐾 were compared 
to the theoretical definition of the 𝐾𝐾���. If 𝐾𝐾 is related to the 𝐾𝐾��� it implies that the rate of 
frontal load development in a pullout test also reflects the stiffening function of a geogrid.  

2 Database 

2.1 Rate of load development calculation and distribution 

A dataset of 334 pullout load-displacement curves was compiled from literature and prior 
studies completed by this group [3-19]. All the tests made use of large pullout boxes and 
were comparable in terms of boundary conditions. For internal clamps, the displacement was 
reported at the location of the clamp. For external clamps it was reported for geogrid node 
originally at the mouth of the sleeve. The first quartile (𝑄𝑄�), median and third quartile (𝑄𝑄�) 
ultimate pullout loads (𝑇𝑇���) in the dataset were 21 kN/m, 34 kN/m and 44 kN/m respectively.  

The rate of load development (𝐾𝐾) during the large pullout tests was defined as 
𝑇𝑇�𝑥𝑥 � 0��/𝑢𝑢�𝑥𝑥 � 0� to be consistent with the definition of 𝐾𝐾���. 𝑇𝑇�𝑥𝑥 � 0� and 𝑢𝑢�𝑥𝑥 � 0� 
refers to the frontal load and displacement respectively. The 𝐾𝐾��� model assumes that 𝑇𝑇�𝑥𝑥� ∝
�𝑢𝑢�𝑥𝑥� over small displacements. However, the typical frontal load-displacement curve of 
pullout tests has a more complex functional form and 𝑇𝑇�𝑥𝑥 � 0��/𝑢𝑢�𝑥𝑥 � 0� is not constant 
with displacement. Thus, 𝐾𝐾 was calculated for two displacement intervals. The first, 𝐾𝐾�.���, 
was calculated as the slope of 𝑇𝑇� versus 𝑢𝑢, up to the load equal to 25% of 𝑇𝑇���. The extension 
of the geogrid when it was outside of the soil body was found to be insignificant and was 
thus ignored. The second, 𝐾𝐾 �.��, was calculated up to 50% of 𝑇𝑇���.  

To smooth the load-displacement curves, a hyperbolic function was fitted up to 0.85 ⋅
𝑇𝑇��� The hyperbolic function was defined as 𝑇𝑇 � 𝑢𝑢�/�𝑏𝑏 � 𝑐𝑐 ⋅ 𝑢𝑢� where 𝑎𝑎, 𝑏𝑏 and 𝑐𝑐 are fitting 
coefficients. 𝐾𝐾 was subsequently calculated from the fitted hyperbolic functions. The quality 
of the fitted curves was evaluated in terms of the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅/𝜎𝜎. For hydrological modelling, a 
ratio of 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅/𝜎𝜎 � 0.5 is considered to be “very good” [20]. For tests where 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅/𝜎𝜎 �
0.15 the hyperbolic model was assumed to be a poor fit to the functional form of the curve. 
These tests were removed from the dataset. The resulting dataset consisted of 325 tests. 

The distributions of 𝐾𝐾�.��� and 𝐾𝐾�.�� for the 325 tests are shown in Figure 1. The median 
displacement increment for 𝐾𝐾�.��� was 4.8 mm, i.e., a “small” displacement. For 𝐾𝐾 �.�� the 
median displacement increment was 13.9 mm. The median displacement increments were 
7.4% and 21.5% of the median geogrid aperture size in the longitudinal direction (see 
Section 2.2), respectively. 

In Figure 2 the 𝐾𝐾�.��� is compared with 𝐾𝐾 �.��. There is a strong correlation between the 
two metrics (𝑅𝑅 � 0.87), indicating that the two variables are internally consistent. However, 
as the relationship is not perfectly 1:1 it signifies that there is some non-linearity present 
during load development in pullout tests. 

2.2 Geogrids 

The dataset comprised of 37 unique geogrids. The most commonly testes geogrids were 
HDPE, unitized, uniaxial geogrids (36%), followed by PP, extruded, biaxial geogrids (28%) 
and PET, knitted, uniaxial geogrids (23%). The key geogrid parameters considered for the 

analysis were: aperture size in the longitudinal (𝐴𝐴�) and transverse (𝐴𝐴�) directions, the 
average thickness of the transverse ribs (𝑡𝑡�), and the secant tensile stiffness at 5% axial strain 
𝐽𝐽�%. The ultimate strength of the geogrid (𝑇𝑇���) was not considered for the analysis, as it was 
strongly correlated to 𝐽𝐽�%. In addition, 𝐽𝐽�% was deemed to be more relevant as 𝐾𝐾 is a measure 
of load development, rather than strength.  

 

 
Figure 1. Distribution of K values in the dataset 
for the two load levels considered. 

 
Figure 2. Comparison of the K values cal-
culated for the two load levels 

The first quartile, median and third quartile of the geogrid parameters, weighted by the 
number of tests, is presented in  Table 1. In addition, the pairwise correlation of the 
parameters with 𝐾𝐾�.��� and 𝐾𝐾 �.��, calculated using Spearman’s method, is shown. 
Spearman’s 𝑅𝑅 represents measures a monotonic increase between two variables (not 
necessarily linear). However, 𝑅𝑅 does not provide any information on the slope of the increase, 
i.e., the sensitivity, which is the focus of this study. 

 Table 1. Properties of the geogrids in the dataset 

Statistic Aperture size [mm] 𝒕𝒕𝒕𝒕 [mm] 𝑱𝑱𝟓𝟓% [kN/m] 𝐴𝐴� 𝐴𝐴� 
𝑄𝑄� 16.5 36.4 1.4 390 
𝑄𝑄� 27.0 64.6 3.4 618 
𝑄𝑄� 39.3 220 3.9 1034 

R with 𝐾𝐾�.��� -.17 .37 .35 .61 
R with 𝐾𝐾 �.�� -.07 .31 .35 .58 

2.3 Soils 

The database consisted of 30 different soils. The soils ranged from conventional backfill to 
novel materials such as coal ash, slag and foundry sands. Table 2 presents a summary of the 
key soil properties considered: 𝐷𝐷��, the coefficient of uniformity (𝐶𝐶�), the coefficient of 
curvature (𝐶𝐶�), the fines content (percentage particles smaller than 0.075 mm, 𝐹𝐹𝐹𝐹) and the 
Mohr Coulomb parameters for soil strength (𝜙𝜙, 𝑐𝑐). The correlation with 𝐾𝐾 �.��� and 𝐾𝐾�.�� is 
also indicated. 

The strength parameters are reported for the peak strength where available. For most of 
the tests, the soil was compacted at the optimum moisture content, i.e., under unsaturated 
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displacement of location 𝑥𝑥 along the geogrid during pullout and 𝑇𝑇�𝑥𝑥�is the unit tension at 
that location. Thus, 𝑇𝑇�𝑥𝑥� � �𝐾𝐾��� ⋅ 𝑢𝑢�𝑥𝑥�. 

The 𝐾𝐾��� is calculated from the displacement of the internal geogrid nodes during pullout. 
This study investigated whether the rate of frontal load development �𝐾𝐾) in geogrid pullout 
tests is related to the 𝐾𝐾���. Specifically, the parameters most significant to 𝐾𝐾 were compared 
to the theoretical definition of the 𝐾𝐾���. If 𝐾𝐾 is related to the 𝐾𝐾��� it implies that the rate of 
frontal load development in a pullout test also reflects the stiffening function of a geogrid.  

2 Database 

2.1 Rate of load development calculation and distribution 

A dataset of 334 pullout load-displacement curves was compiled from literature and prior 
studies completed by this group [3-19]. All the tests made use of large pullout boxes and 
were comparable in terms of boundary conditions. For internal clamps, the displacement was 
reported at the location of the clamp. For external clamps it was reported for geogrid node 
originally at the mouth of the sleeve. The first quartile (𝑄𝑄�), median and third quartile (𝑄𝑄�) 
ultimate pullout loads (𝑇𝑇���) in the dataset were 21 kN/m, 34 kN/m and 44 kN/m respectively.  

The rate of load development (𝐾𝐾) during the large pullout tests was defined as 
𝑇𝑇�𝑥𝑥 � 0��/𝑢𝑢�𝑥𝑥 � 0� to be consistent with the definition of 𝐾𝐾���. 𝑇𝑇�𝑥𝑥 � 0� and 𝑢𝑢�𝑥𝑥 � 0� 
refers to the frontal load and displacement respectively. The 𝐾𝐾��� model assumes that 𝑇𝑇�𝑥𝑥� ∝
�𝑢𝑢�𝑥𝑥� over small displacements. However, the typical frontal load-displacement curve of 
pullout tests has a more complex functional form and 𝑇𝑇�𝑥𝑥 � 0��/𝑢𝑢�𝑥𝑥 � 0� is not constant 
with displacement. Thus, 𝐾𝐾 was calculated for two displacement intervals. The first, 𝐾𝐾�.���, 
was calculated as the slope of 𝑇𝑇� versus 𝑢𝑢, up to the load equal to 25% of 𝑇𝑇���. The extension 
of the geogrid when it was outside of the soil body was found to be insignificant and was 
thus ignored. The second, 𝐾𝐾 �.��, was calculated up to 50% of 𝑇𝑇���.  

To smooth the load-displacement curves, a hyperbolic function was fitted up to 0.85 ⋅
𝑇𝑇��� The hyperbolic function was defined as 𝑇𝑇 � 𝑢𝑢�/�𝑏𝑏 � 𝑐𝑐 ⋅ 𝑢𝑢� where 𝑎𝑎, 𝑏𝑏 and 𝑐𝑐 are fitting 
coefficients. 𝐾𝐾 was subsequently calculated from the fitted hyperbolic functions. The quality 
of the fitted curves was evaluated in terms of the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅/𝜎𝜎. For hydrological modelling, a 
ratio of 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅/𝜎𝜎 � 0.5 is considered to be “very good” [20]. For tests where 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅/𝜎𝜎 �
0.15 the hyperbolic model was assumed to be a poor fit to the functional form of the curve. 
These tests were removed from the dataset. The resulting dataset consisted of 325 tests. 

The distributions of 𝐾𝐾�.��� and 𝐾𝐾�.�� for the 325 tests are shown in Figure 1. The median 
displacement increment for 𝐾𝐾�.��� was 4.8 mm, i.e., a “small” displacement. For 𝐾𝐾 �.�� the 
median displacement increment was 13.9 mm. The median displacement increments were 
7.4% and 21.5% of the median geogrid aperture size in the longitudinal direction (see 
Section 2.2), respectively. 

In Figure 2 the 𝐾𝐾�.��� is compared with 𝐾𝐾 �.��. There is a strong correlation between the 
two metrics (𝑅𝑅 � 0.87), indicating that the two variables are internally consistent. However, 
as the relationship is not perfectly 1:1 it signifies that there is some non-linearity present 
during load development in pullout tests. 

2.2 Geogrids 

The dataset comprised of 37 unique geogrids. The most commonly testes geogrids were 
HDPE, unitized, uniaxial geogrids (36%), followed by PP, extruded, biaxial geogrids (28%) 
and PET, knitted, uniaxial geogrids (23%). The key geogrid parameters considered for the 

analysis were: aperture size in the longitudinal (𝐴𝐴�) and transverse (𝐴𝐴�) directions, the 
average thickness of the transverse ribs (𝑡𝑡�), and the secant tensile stiffness at 5% axial strain 
𝐽𝐽�%. The ultimate strength of the geogrid (𝑇𝑇���) was not considered for the analysis, as it was 
strongly correlated to 𝐽𝐽�%. In addition, 𝐽𝐽�% was deemed to be more relevant as 𝐾𝐾 is a measure 
of load development, rather than strength.  

 

 
Figure 1. Distribution of K values in the dataset 
for the two load levels considered. 

 
Figure 2. Comparison of the K values cal-
culated for the two load levels 

The first quartile, median and third quartile of the geogrid parameters, weighted by the 
number of tests, is presented in  Table 1. In addition, the pairwise correlation of the 
parameters with 𝐾𝐾�.��� and 𝐾𝐾 �.��, calculated using Spearman’s method, is shown. 
Spearman’s 𝑅𝑅 represents measures a monotonic increase between two variables (not 
necessarily linear). However, 𝑅𝑅 does not provide any information on the slope of the increase, 
i.e., the sensitivity, which is the focus of this study. 

 Table 1. Properties of the geogrids in the dataset 

Statistic Aperture size [mm] 𝒕𝒕𝒕𝒕 [mm] 𝑱𝑱𝟓𝟓% [kN/m] 𝐴𝐴� 𝐴𝐴� 
𝑄𝑄� 16.5 36.4 1.4 390 
𝑄𝑄� 27.0 64.6 3.4 618 
𝑄𝑄� 39.3 220 3.9 1034 

R with 𝐾𝐾�.��� -.17 .37 .35 .61 
R with 𝐾𝐾 �.�� -.07 .31 .35 .58 

2.3 Soils 

The database consisted of 30 different soils. The soils ranged from conventional backfill to 
novel materials such as coal ash, slag and foundry sands. Table 2 presents a summary of the 
key soil properties considered: 𝐷𝐷��, the coefficient of uniformity (𝐶𝐶�), the coefficient of 
curvature (𝐶𝐶�), the fines content (percentage particles smaller than 0.075 mm, 𝐹𝐹𝐹𝐹) and the 
Mohr Coulomb parameters for soil strength (𝜙𝜙, 𝑐𝑐). The correlation with 𝐾𝐾 �.��� and 𝐾𝐾�.�� is 
also indicated. 

The strength parameters are reported for the peak strength where available. For most of 
the tests, the soil was compacted at the optimum moisture content, i.e., under unsaturated 
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conditions. Thus, 𝜙𝜙 and 𝑐𝑐 are best regarded as total stress parameters. Only 𝜙𝜙 was considered 
for the analysis, as it was unclear for several of the tests whether 𝑐𝑐 represented true cohesion 
or was simply a mathematical construct. 

For 78% of the tests the compactive effort was specified in terms of the maximum dry 
density of the respective soil. For the remaining 22% of tests the compactive effort was 
specified in terms of the relative density. Nevertheless, for most tests the compactive effort 
was within 95% of the respective maximum density (whether relative density or MDD). 

Table 2. Properties of the soils in the dataset 

Statistic FC [%] 𝑫𝑫𝟓𝟓𝟓𝟓 [mm] 𝑪𝑪𝒖𝒖 𝑪𝑪𝒄𝒄 𝝓𝝓 [°] 𝒄𝒄� [kPa] 

𝑄𝑄� .93 .28 2.42 .88 41.3 0 
𝑄𝑄� .98 .35 2.85 .97 41.3 1.24 
𝑄𝑄� 6.59 1.54 7.44 1.13 45.3 1.58 

R with 𝐾𝐾�.��� -0.37 .29 .03 .11 .40* .37 
R with 𝐾𝐾�.�� -0.41 .29 .02 .12 .39* .31 

* Correlation calculated in respect to tan𝜙𝜙 

3 Methodology 
The change in a function 𝑦𝑦 for a local change in input variables 𝑥𝑥, i.e. 𝑑𝑑𝑑𝑑/𝑑𝑑𝑑𝑑, is known as 
the local sensitivity of the function. For a non-linear problem, such as pullout resistance, it is 
often more relevant to evaluate how sensitive 𝑦𝑦 is to the full domain of 𝑥𝑥, i.e. the global 
sensitivity [19,20]. One type of global sensitivity analyses is variance-based methods. 
Consider a function 𝑦𝑦 with a distribution of values 𝑌𝑌. In a variance-based method the first 
order effect, 𝑆𝑆�, of 𝑦𝑦 to a variable 𝑥𝑥�, with distribution 𝑋𝑋� is as: 

𝑆𝑆� � 𝑉𝑉�
𝑉𝑉�𝑌𝑌� �

𝑉𝑉𝑉𝑉𝑉𝑉�𝐸𝐸�𝑌𝑌|𝑋𝑋���
𝑉𝑉𝑉𝑉𝑉𝑉�𝑌𝑌� �10� 

where 𝑉𝑉𝑉𝑉𝑉𝑉��� is the variance and 𝐸𝐸��� is the expected value. Thus, the first order effect is 
how much 𝑦𝑦 varies due to 𝑋𝑋� when all other variables remain fixed. The concept can be 
extended to evaluate the sensitivity of 𝑦𝑦 to the interaction to two or more variables, e.g. 𝑋𝑋� 
and 𝑋𝑋�. The second order effect can be defined as: 

𝑆𝑆�� � 𝑉𝑉��
𝑉𝑉�𝑌𝑌� �

𝑉𝑉𝑉𝑉𝑉𝑉�𝐸𝐸�𝑦𝑦�𝑋𝑋�, 𝑋𝑋��� � 𝑉𝑉� � 𝑉𝑉�
𝑉𝑉𝑉𝑉𝑉𝑉�𝑌𝑌� �11� 

Finally, the total effect of 𝑋𝑋� on 𝑦𝑦 is defined as: 

𝑆𝑆�� � 𝑉𝑉��
𝑉𝑉�𝑌𝑌� � 1 � 𝑉𝑉𝑉𝑉𝑉𝑉�𝐸𝐸�𝑌𝑌|𝑿𝑿����

𝑉𝑉𝑉𝑉𝑉𝑉�𝑌𝑌� �12� 
where 𝑿𝑿�� is all variables other than 𝑋𝑋�. That is, the sensitivity of 𝑦𝑦 to all possible 

interactions of 𝑋𝑋�, while the other variables remain constant. 
To calculate 𝑆𝑆�� it is necessary to know the probability distributions of each of the input 

variables 𝑋𝑋�. The 325 datapoints for this study were too few to adequately sample the 
distributions of twelve variables considered. In addition, the dataset contained some noise 
that had to be filtered out. Consequently, a surrogate model was fitted to the data to generate 
synthetic data for the sensitivity analysis. 

3.1 Surrogate model 

A surrogate model entails reconstructing a non-linear target function, ��𝑥𝑥�, as the sum of 
lower order functions centred at known sets of input variables [23], for example: 

𝑓𝑓�𝑥𝑥� ��𝑤𝑤�𝜙𝜙��𝑥𝑥, 𝑥𝑥���
�

���
�13� 

where 𝜙𝜙� is a lower order function centred at the 𝑗𝑗�� set of input variables (𝑥𝑥��) and 𝑤𝑤� is 
the weight for 𝜙𝜙�. For this study, thin plate splines were used as basis functions: 𝜙𝜙� �  𝑟𝑟� ⋅
log 𝑟𝑟, with 𝑟𝑟 � �𝑥𝑥 � 𝑥𝑥����. 

Firstly, it was investigated whether the surrogate model can accurately model the 
relationship between the input parameters (𝐴𝐴�, 𝐴𝐴�, 𝑡𝑡�, 𝐽𝐽�%, 𝐹𝐹𝐹𝐹, 𝐷𝐷��, 𝐶𝐶�, 𝐶𝐶�, tan𝜙𝜙 , 𝐿𝐿, 𝜎𝜎�) and 
𝐾𝐾. The surrogate model was fitted to the data using the SciPy Python library [24]. Due to the 
highly non-linear nature of the problem, and the limited size of the dataset, some smoothing 
was applied when fitting the surface.  

The dataset was split into two groups: 87.5% was used for fitting the model and 12.5% 
for testing the model. To separate the training and testing data, the dataset was stratified into 
33 layers ranked on 𝐾𝐾. Next, one sample was randomly selected out of each layer to create 
the testing set. Finally, the predictions of the surrogate model for the test dataset were 
compared with the actual measurements.  

The modelled and measured 𝐾𝐾’s for the 31 test points are compared in Figure 3 and Figure 
4 for 𝐾𝐾�.��� and 𝐾𝐾�.�� respectively. For 𝐾𝐾�.��� the Root Mean Squared Error (𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅) was 
7177 kN2/m3. For 𝐾𝐾 �.�� it was 8283 kN2/m3. For these models the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅/𝜎𝜎 were 0.16 and 
0.17 for 𝐾𝐾�.��� and 𝐾𝐾 �.�� respectively. Thus, the surrogate model was deemed to accurately 
represent the data. 
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K0.5P. 
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conditions. Thus, 𝜙𝜙 and 𝑐𝑐 are best regarded as total stress parameters. Only 𝜙𝜙 was considered 
for the analysis, as it was unclear for several of the tests whether 𝑐𝑐 represented true cohesion 
or was simply a mathematical construct. 

For 78% of the tests the compactive effort was specified in terms of the maximum dry 
density of the respective soil. For the remaining 22% of tests the compactive effort was 
specified in terms of the relative density. Nevertheless, for most tests the compactive effort 
was within 95% of the respective maximum density (whether relative density or MDD). 

Table 2. Properties of the soils in the dataset 

Statistic FC [%] 𝑫𝑫𝟓𝟓𝟓𝟓 [mm] 𝑪𝑪𝒖𝒖 𝑪𝑪𝒄𝒄 𝝓𝝓 [°] 𝒄𝒄� [kPa] 

𝑄𝑄� .93 .28 2.42 .88 41.3 0 
𝑄𝑄� .98 .35 2.85 .97 41.3 1.24 
𝑄𝑄� 6.59 1.54 7.44 1.13 45.3 1.58 

R with 𝐾𝐾�.��� -0.37 .29 .03 .11 .40* .37 
R with 𝐾𝐾�.�� -0.41 .29 .02 .12 .39* .31 

* Correlation calculated in respect to tan𝜙𝜙 

3 Methodology 
The change in a function 𝑦𝑦 for a local change in input variables 𝑥𝑥, i.e. 𝑑𝑑𝑑𝑑/𝑑𝑑𝑑𝑑, is known as 
the local sensitivity of the function. For a non-linear problem, such as pullout resistance, it is 
often more relevant to evaluate how sensitive 𝑦𝑦 is to the full domain of 𝑥𝑥, i.e. the global 
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Consider a function 𝑦𝑦 with a distribution of values 𝑌𝑌. In a variance-based method the first 
order effect, 𝑆𝑆�, of 𝑦𝑦 to a variable 𝑥𝑥�, with distribution 𝑋𝑋� is as: 

𝑆𝑆� � 𝑉𝑉�
𝑉𝑉�𝑌𝑌� �

𝑉𝑉𝑉𝑉𝑉𝑉�𝐸𝐸�𝑌𝑌|𝑋𝑋���
𝑉𝑉𝑉𝑉𝑉𝑉�𝑌𝑌� �10� 

where 𝑉𝑉𝑉𝑉𝑉𝑉��� is the variance and 𝐸𝐸��� is the expected value. Thus, the first order effect is 
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and 𝑋𝑋�. The second order effect can be defined as: 

𝑆𝑆�� � 𝑉𝑉��
𝑉𝑉�𝑌𝑌� �

𝑉𝑉𝑉𝑉𝑉𝑉�𝐸𝐸�𝑦𝑦�𝑋𝑋�, 𝑋𝑋��� � 𝑉𝑉� � 𝑉𝑉�
𝑉𝑉𝑉𝑉𝑉𝑉�𝑌𝑌� �11� 

Finally, the total effect of 𝑋𝑋� on 𝑦𝑦 is defined as: 

𝑆𝑆�� � 𝑉𝑉��
𝑉𝑉�𝑌𝑌� � 1 � 𝑉𝑉𝑉𝑉𝑉𝑉�𝐸𝐸�𝑌𝑌|𝑿𝑿����

𝑉𝑉𝑉𝑉𝑉𝑉�𝑌𝑌� �12� 
where 𝑿𝑿�� is all variables other than 𝑋𝑋�. That is, the sensitivity of 𝑦𝑦 to all possible 

interactions of 𝑋𝑋�, while the other variables remain constant. 
To calculate 𝑆𝑆�� it is necessary to know the probability distributions of each of the input 

variables 𝑋𝑋�. The 325 datapoints for this study were too few to adequately sample the 
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3.1 Surrogate model 
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𝑓𝑓�𝑥𝑥� ��𝑤𝑤�𝜙𝜙��𝑥𝑥, 𝑥𝑥���
�

���
�13� 

where 𝜙𝜙� is a lower order function centred at the 𝑗𝑗�� set of input variables (𝑥𝑥��) and 𝑤𝑤� is 
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for testing the model. To separate the training and testing data, the dataset was stratified into 
33 layers ranked on 𝐾𝐾. Next, one sample was randomly selected out of each layer to create 
the testing set. Finally, the predictions of the surrogate model for the test dataset were 
compared with the actual measurements.  
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0.17 for 𝐾𝐾�.��� and 𝐾𝐾 �.�� respectively. Thus, the surrogate model was deemed to accurately 
represent the data. 
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K0.5P. 
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where 𝑓𝑓�� are component functions for the contribution of each of the model parameters. 

Then, the sensitivity of 𝑃𝑃� to 𝑓𝑓�� can be calculated from the HDMR as: 

𝑆𝑆�� �
𝐶𝐶𝐶𝐶𝐶𝐶 �𝑓𝑓��, 𝑃𝑃��

𝑉𝑉�𝑃𝑃�� �
∑ 𝑓𝑓�� �𝒙𝒙������ �𝑦𝑦��� � 𝑦𝑦������

∑ �𝑦𝑦��� � 𝑦𝑦������
� �15� 

Where 𝑠𝑠 refers to the 𝑠𝑠th sample from the dataset and 𝑦𝑦� is the average value of all the 
𝑦𝑦���’s. 

With sufficient data points it would have been possible to apply the HDMR sensitivity 
analysis directly to the measured data points. However, for this limited dataset it was found 
best to 1) approximate the dataset with an RBF, albeit with the full dataset, 2) sample random 
points from the surface following the approach by Saltelli [26] and 3) apply HDMR to the 
synthetic points. Second order HDMR was applied, that is, the sensitivity of 𝐾𝐾 was calculated 
with regard to the individual parameters, as well as combinations of parameters. 

4 Results 

4.1 Sensitivity of pullout stiffness 

The sensitivity of 𝐾𝐾�.��� and 𝐾𝐾�.�� to the ten most significant parameters is shown in Figure 
5 and Figure 6 respectively. Both measures of 𝐾𝐾 were the most sensitive to the friction angle 
of the soil (tan𝜙𝜙� (28% and 32% of the total variance, respectively). The second most 
significant parameter for both measures of 𝐾𝐾 was the stiffness of the geogrid (𝐽𝐽�%). 

For 𝐾𝐾 calculated over the smaller load range, 𝐾𝐾�.���, the length of the geogrid tested was 
significant. When a small displacement is applied to a long geogrid, the active length is 
considerably shorter than the geogrid. Thus, a substantial section of the geogrid provides 
anchorage, resulting in lower relative displacement between the geogrid and soil, and a higher 
𝐾𝐾. For 𝐾𝐾�.�� the larger geogrid displacement results in a relatively insignificant anchorage 
length. Thus, the lower sensitivity of  𝐾𝐾�.�� to 𝐿𝐿. 

Both 𝐾𝐾�.��� and 𝐾𝐾�.�� were sensitive to 𝜎𝜎, as soil stiffness and strength depends on the 
confining stress. In addition, both 𝐾𝐾 �.��� and 𝐾𝐾 �.�� were sensitive to the aperture size in the 
longitudinal direction (𝐴𝐴�) and the average particle size (𝐷𝐷��). 𝐴𝐴� relates to the load transfer 
between the geogrid and the soil. The closer the transverse ribs are spaced, the more efficient 
the load transfer. There is, however, a limiting value where the transverse ribs are too close 
together and interference occurs [27]. The transverse rib spacing, i.e., the load transfer 
efficiency, affects both the confined stiffness and the interface shear strength.  

𝐷𝐷�� is representative of the shear strength of the soil. In addition, the ratio between 𝐷𝐷�� 
and 𝐴𝐴 has been found to affect geogrid pullout capacity[28-30]. It is noteworthy that for this 
dataset, the grading descriptors (𝐶𝐶� and 𝐶𝐶�) had a limited effect on the 𝐾𝐾. 

To summarize, the parameters that the 𝐾𝐾 in the dataset was the most sensitive to can be 
categorized as either 1) relating to the boundary effects of the test: 𝐿𝐿, 2) relating to the 
confined stiffness of the geogrid (𝐽𝐽�): 𝐽𝐽�%, 3) relating to the interface shear strength (𝜏𝜏): 
tan𝜙𝜙 , 𝐷𝐷�� or 4) relating to both 𝐽𝐽� and 𝜏𝜏,: 𝜎𝜎,𝐷𝐷�� and 𝐴𝐴�. Thus, the load development during 
a pullout test is sensitive to the same parameters as the 𝐾𝐾���. Consequently, similar to the 
𝐾𝐾���, the load development during pullout (𝐾𝐾) is representative of the stiffening function of 
the geogrid. Accordingly, load development during pullout can be used for a first order 
comparison of the effectiveness of geogrids in stabilizing road base layers. 

 

 
Figure 5. Sensitivity of K0.25P to the ten most 
significant parameters. 

 
Figure 6. Sensitivity of K0.5P to the ten most 
significant parameters. 

5 Summary 
A sensitivity analysis was performed to evaluate the soil and geogrid parameters affecting 
load development during a pullout test. A dataset of 334 tests was compiled from literature. 
The load development was quantified as 𝐾𝐾 � 𝑇𝑇�/𝑢𝑢 to be consistent with 𝐾𝐾��� �𝑇𝑇�𝑥𝑥�� /𝑢𝑢�𝑥𝑥�. 𝐾𝐾 was calculated for both a small geogrid displacement and a larger geogrid 
displacement. Next, a surrogate surface was fitted to this dataset. Randomly sampled points 
from the surface were used to implement an HDMR sensitivity analysis. 

The soil and geogrid parameters that 𝐾𝐾 was sensitive to in the empirical dataset agreed 
with the theoretical definition of 𝐾𝐾��� � 4 ⋅ 𝐽𝐽� ⋅ 𝜏𝜏. Firstly, 𝐾𝐾 was the most sensitive to the 
friction angle of the soil (relating to 𝜏𝜏). In addition, 𝐾𝐾 was sensitive to the stiffness of the 
geogrid (relating to 𝐽𝐽�), the confining stress, the average particle size and the spacing of the 
transverse ribs (relating to both 𝐽𝐽� and 𝜏𝜏). K was also sensitive to the length of the geogrid, 
however, that was found to be a boundary effect of the test setup. As 𝐾𝐾 is related to the 𝐾𝐾���, 
it can be concluded that the load development of a geogrid under pullout is representative of 
the stiffening function of that geogrid. 
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where 𝑓𝑓�� are component functions for the contribution of each of the model parameters. 
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𝑆𝑆�� �
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Where 𝑠𝑠 refers to the 𝑠𝑠th sample from the dataset and 𝑦𝑦� is the average value of all the 
𝑦𝑦���’s. 

With sufficient data points it would have been possible to apply the HDMR sensitivity 
analysis directly to the measured data points. However, for this limited dataset it was found 
best to 1) approximate the dataset with an RBF, albeit with the full dataset, 2) sample random 
points from the surface following the approach by Saltelli [26] and 3) apply HDMR to the 
synthetic points. Second order HDMR was applied, that is, the sensitivity of 𝐾𝐾 was calculated 
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