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 A B S T R A C T

Volcanic ash is a widespread and destructive volcanic hazard. Timely and accurate forecasts for ash deposition 
and dispersal help mitigate the risks of volcanic hazards to society. Producing these forecasts requires numerous 
simulations with varying input parameters to encapsulate uncertainty and accurately capture the actual event to 
deliver a reliable forecast. However, exploring all possible combinations of input parameters is computationally 
infeasible in the lead up to an eruption. This research explores the input space of two volcanic ash transport 
and dispersion models, Tephra2, which is based on a simplified analytical solution, and Fall3D, which is a 
computational model based on more general assumptions, in the context of forecasting an unknown future 
eruption. We use the exemplar of Taranaki Mounga (Mount Taranaki), Aotearoa New Zealand, which has an 
estimated 30% to 50% chance of an explosive eruption in the next 50 years. We statistically determine how 
much each input parameter contributes to model output variance through a global sensitivity analysis via 
Sobol’ indices and the extended Fourier Amplitude Sensitivity Test (eFAST). Our findings show that grain size 
distribution, diffusion, plume shape, and plume duration (Fall3D only) have a substantial first-order impact 
on model output variance. In contrast, mass, particle density, and plume height have minimal impact in the 
first-order but become influential when considering parameter-parameter inter-relationships (total-order). The 
results not only enhance our understanding of model sensitivities but also point to improved efficiency in 
forecasting efforts.
. Introduction

Volcanic eruptions are powerful natural events that can endanger 
opulations. Mitigating the societal impacts of eruption-related hazards 
an be accomplished through actions and plans based on hazard assess-
ents and forecasts, which are reliant on the output of computational 
odels (e.g., Folch, 2012; Selva et al., 2014; Sandri et al., 2016; 
ardini et al., 2024). Advancements in computing power have enabled 
he development of increasingly complex volcanic ash transport and 
eposition models (VATDMs) (Folch, 2012). These models take input 
arameters – such as plume height, mass eruption rate (MER), and 
ind conditions – and simulate ash dispersal and deposition to produce 
utputs such as ashfall extent and thickness. More complex models can 
e developed by increasing the number of tuneable input parameters 
o capture the physical processes of ash transport and deposition (Höge 
t al., 2018; Malmborg et al., 2024). However, there is little evidence 
hat more complex models produce more accurate forecasts of future 
vents (Petropoulos et al., 2022). Additionally, more unconstrained 
nput parameters may contribute to increases in uncertainty, and con-
equently, poorly constrained forecasts (Green and Armstrong, 2015; 
altelli et al., 2020).

∗ Corresponding author.
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Volcanic hazard model outputs rely on the accuracy of the input 
values (Selva et al., 2014; Engwell et al., 2024; Pardini et al., 2024), and 
are validated through simulating past eruptions (hindcasting) (Bonasia 
et al., 2012; Michaud-Dubuy et al., 2021). Successfully replicating a 
past event is a key step in model validation (Widiwijayanti et al., 2004; 
Connor and Connor, 2006; Scollo et al., 2007; Dietterich et al., 2017), 
based on the assumption that a model which accurately simulates one 
eruption provides a credible basis for forecasting future activity (Pyle, 
2018). However, hindcasting often involves extensive tuning of input 
parameters, and performance on one eruption does not guarantee 
similar accuracy for others (Scollo et al., 2008a; Dietterich et al., 2017; 
Gueugneau et al., 2021).

During signs of heightened volcanic unrest, there is insufficient time 
to run hundreds of thousands of simulations of all possible input pa-
rameter combinations. Therefore, we want to know before an eruption, 
how many of the input parameter combinations produce statistically 
distinguishable results. In other words, we aim to identify which input 
parameters should be varied to explore worst-case scenarios and to cap-
ture the full range of physically plausible outcomes, including extreme 
but realistic combinations of conditions (i.e., end-member events) be-
fore an imminent eruption. Because ash transport and deposition is 
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Table 1
Sampled input parameter ranges for Tephra2 and Fall3D. All input parameters are sampled with a uniform distribution excluding spatial 
resolution, meteorological data, mass, and fall time threshold. The methods used to determine the number of simulations are described in 
Section 3.3.
 Parameter Inputs Tephra2 Fall3D Reference  
 Spatial resolution Specific points at 16 

cardinal directions at 5 
km, 10 km, and 30 km 
from the vent

0.125◦ × 0.125◦  

 Vertical resolution 37 Pressure levels, 0 to 32 km Hersbach et al. (2020)  
 Meteorological data ERA5 reanalysis Hersbach et al. (2020)  
 Median grain size (phi) –4 to 6 Pistolesi et al. (2015), Pioli 

et al. (2019)
 

 Standard deviation grain size (phi) 0.3 to 4.5 Pioli et al. (2019)  
 Plume height (m) 1000 to 40000* IVESPA database Aubry et al. 

(2021)
 

 Plume shape (vertical distribution of ash) Beta distribution
Alpha(T2): 0.1 to 10
Beta: 0.1 to 10

Suzuki distribution
Alpha(F3D): 3 to 5
Lambda: 1 to 10

Beta – University of South 
Florida (0000), Wiejaczka and 
Giachetti (2024)
Suzuki – Sulpizio et al. 
(2012), Parra et al. (2016)

 

 Density (kg/m3) Pumice: 450 to 2000
Lithic: 1000 to 4000

Minimum: 450 to 1000
Maximum: 2000 to 4000

IVESPA database Aubry et al. 
(2021), University of South 
Florida (0000)

 

 Mass (kg)/MER (kg/s) 2.5× 109 to 1 × 1013 Kept constant using Mastin 
et al. (2009) model

Min/max from Mastin et al. 
(2009) database

 

 Diffusion Diffusion coefficient: 100 
to 100,000

Horizontal diffusion (m/s2):
300 to 10,000

Diffusion coefficient: max in 
Volentik et al. (2010)
Horizontal diffusion: range in 
Byun and Schere (2006)

 

 Falltime threshold 100 to 150,000 N/A  
 Plume duration (hours) N/A 0.1 to 12 Most eruptions <10 h in 

Aubry et al. (2021)
 

 Number of simulations eFAST – 5000 × 12 winds 
= 60,000
Sobol’ – 265,500 × 12 
winds = 3.18 Million

eFAST – 1800 × 12 winds = 
21,600
Sobol’ – N/A

 

strongly influenced by wind (Bursik, 2001; Bonadonna and Costa, 2013; 
Costa et al., 2016; Mulena et al., 2016), which varies in real-time, 
our focus remains on identifying key input parameters that contribute 
to output variability, rather than atmospheric conditions. Building on 
previous studies (Scollo et al., 2008b; Pardini et al., 2022), we examine 
input parameter ranges under complete uncertainty acknowledging 
that the future is fundamentally unknown.

This paper explores the input parameter space of two commonly 
used VATDMs Tephra2 (Connor et al., 2008) and Fall3D (Folch et al., 
2009, 2020) for tephra deposition forecasting. We selected these two 
VATDMs because they differ in the number and style of input parame-
ters, are widely used, and are open-source. Tephra2 is a semi-analytical 
model with fewer input parameters, making it computationally effi-
cient. In contrast, Fall3D is a more complex Eulerian model that incor-
porates finer-scale physics and a greater number of input parameters, 
enabling higher-resolution simulation.

2. Volcanic ash transport and dispersion models

Various computational models have been developed to simulate the 
transport and deposition of volcanic ash. The following sections provide 
an overview of the two VATDM used in our study, Tephra2 and Fall3D.

2.1. Tephra2

Tephra2 is a numerical, two-dimensional VATDM that simulates de-
posited tephra mass. It is designed for fast computation, as the reference 
grid can be straightforward (e.g., one single coordinate, where one 
mass value is produced), and the wind is homogeneous over the whole 
reference grid.

Of the fourteen input parameters in Tephra2 (Connor and Hagdorn, 
2018), four are kept constant throughout the simulations: the grain size 
range was kept at −7 to 7 phi (block/bomb to extremely fine ash) with 
2 
15 particle steps, resulting in one phi per bin; column steps (number 
of levels in the eruption plume) were kept constant at 100, as recom-
mended by the Tephra2 developers (Connor et al., 2011); and the Eddy 
constant (diffusion of fine particles) is always fixed at 0.04 (Suzuki, 
1983). The remaining ten input parameters are sampled from informed 
distributions (Table  1). We sample mass using log-uniform sampling 
and use the Mastin et al. (2009) equation (Eq.  (1)) to ensure a realistic 
relationship between plume height and total erupted mass. As mass is 
needed in Tephra2, we converted volume to mass assuming a density 
of 2500 kg/m3, which is a typical density for lithics (Carey and Sparks, 
1986; Bonadonna et al., 1998). We also sample values around the 
regression line, where 𝐻 is in km, and 𝑍 ∼ 𝑁(0, 2), to obtain a range 
of plume heights that account for natural variability. 
𝐻 = 25.9 + 6.64x𝑙𝑜𝑔10(Volume) +𝑍 (1)

We additionally sampled the fall time threshold input parameter de-
pendent on the diffusion coefficient. During preliminary investigations, 
we found that certain combinations of fall time threshold (FTT) and 
diffusion coefficient produced unrealistic diffusion patterns (i.e., larger 
particles diffuse more than smaller particles) (supplementary material, 
Figure 14). To address this model-inherent issue, we used an equa-
tion derived from best-fit combinations of these input parameters, as 
identified in the literature (Eq.  (2)): 
𝐹𝑇𝑇 = 0.638xDiffusion(1.0792) (2)

2.2. Fall3D

Fall3D is a numerical, three-dimensional VATDM, that simulates 
tephra mass both in the atmosphere and on the ground. Compared 
to Tephra2, Fall3D is more computationally intensive, as it calculates 
particle transport and deposition across a three-dimensional domain.

Fall3D contains more than 20 input parameters, along with nu-
merous sub-parameters (see Folch et al. (2023) for a full list of input 
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parameters). For this study, we sample nine key input parameters 
(Table  1). All the Fall3D input parameters were sampled uniformly. We 
excluded certain input parameters from our sampling, as some input 
parameters depended on multiple sub-parameter choices. For instance, 
one of the plume shape (i.e., the vertical distribution of ash in the 
eruption column) distribution options (named ‘‘PLUME’’), which uses 
the one-dimensional buoyant plume theory model FPLUME-1.0 (Folch 
et al., 2016), requires an additional seventeen input parameter values 
or yes/no decisions. To facilitate insights into behaviour between the 
two VATDM, input parameter distributions were aligned. For example, 
we kept the total grain size distribution (TGSD) as a Gaussian distri-
bution, which is the only option available in Tephra2, even though 
Fall3D provides five different input options (Gaussian, BiGaussian, 
Weibull, BiWeibull, Custom, and Estimate from column height and 
magma viscosity) (Folch et al., 2023).

Fall3D contains categorical variables that cannot be incorporated 
into global sensitivity analysis (GSA) like eFAST and Sobol’ indices
(Saltelli et al., 2008) (Section 3.1), as they are either non-numeric or 
do not have continuous ranges. Thus, a separate strategy was required 
to explore the influence of these categorical variables. Specifically, we 
examined distribution (categorised as a categorical variable because 
multiple distribution types are available), terminal velocity model, ag-
gregation, flux limiter, and horizontal and vertical turbulence models. 
The definitions of each categorical variable can be found in Folch et al. 
(2009, 2020). To be able to compare plume shape distributions, specif-
ically Suzuki and Top-Hat, we have normalised the two distributions 
i.e., the distributions have the same mean and standard deviation. 
Plume shapes are sampled at 5, 10, and 20 km plume heights. To avoid 
unnecessary redundancy, we reduced the sampling of terminal velocity 
models from seven to three distinct models. This decision was based 
on preliminary testing, where we observed that seven models could be 
grouped into three categories based on their similar outputs, allowing 
us to focus on the most representative models (supplementary material, 
Figure 14).

All the other input parameters, including simulation and plume 
duration, are kept constant. To avoid ignoring these potentially highly 
influential input parameters, we applied a local sensitivity analysis 
(LSA) (Fig.  1) to identify any individual or combinations of categorical 
variables that appeared to have a large effect on the output variance.

We excluded the MER models from the categorical sampling be-
cause, although MER is a key driver of the total amount of deposited 
mass, total erupted mass is a function of both MER and eruption dura-
tion. The correlation between MER and deposited mass is therefore only 
approximate unless duration is held constant. To reduce the influence 
of this correlation, we kept the MER input parameter consistent with 
the Mastin model in our GSA analysis based on findings from Dürig 
et al. (2023).

3. Methods

This section outlines our methodological approach, beginning with 
an introduction to global sensitivity analysis. We then provide an 
overview of the meteorological conditions examined, followed by the 
practical implementation of the methodology.

3.1. Global sensitivity analysis

Sensitivity analysis is a necessary step in understanding the rela-
tionship between input parameters and model outputs for complex 
computational models (Saltelli, 2002). Global sensitivity analysis (GSA) 
examines how much of the variation in model outputs can be at-
tributed to different input parameters across an input parameter space 
range (Saltelli et al., 2004). GSA stems from the analysis of variance 
(ANOVA), which is used to determine if an input parameter includes 
values that provide statistically different outputs (Girden, 1992). While 
3 
ANOVA statistically identifies significant relationships between indi-
vidual input parameters and model outputs (Montgomery, 2017), GSA 
extends this concept by quantifying the contributions of each input vari-
able – both individually and in combination – to the overall variability 
of the model output (Mara, 2009).

Several studies have conducted sensitivity analyses on VATDMs, 
focusing specifically on tephra deposition (Table  2). From these four 
studies, total erupted mass (TEM)/mass eruption rate (MER) and plume 
height emerge as influential input parameters, while plume shape 
and the total grain size distribution (TGSD) are influential in local 
sensitivity analysis (LSA), whereby one input parameter is changed at 
a time, but not as influential in GSA. These previous studies focused on 
limited subsets of input parameters. In contrast, this study applies GSA 
to the full input parameter space in a forecasting context (i.e., under no 
prior assumptions), capturing the effects of complex interactions that 
may significantly influence model output.

We apply the two main GSA methods: Sobol’ indices (Sobol’, 1990) 
and the extended Fourier Amplitude Sensitivity Test (eFAST) (Saltelli 
et al., 1999). Both Sobol’ indices and eFAST provide first-order (𝑆S𝑖
for Sobol’, 𝑆F𝑖  for eFAST) and total-order (𝑇 S𝑖  for Sobol’, 𝑇F𝑖  for eFAST) 
indices for each input parameter. Consider a model for a scalar 𝑦 = 𝑓 (𝑥), 
where 𝑥 is a vector of 𝑘 probabilistic input parameters. Sobol’ indices 
are defined as:
𝑆S𝑖 = 𝑉 [𝐸(𝑦|𝑥𝑖)]∕𝑉 (𝑦)

which represents the proportion of the total variation attributable to 
variations in 𝑥𝑖. The total-order index is given by:
𝑇 S𝑖 = 1 − 𝑉 [𝐸(𝑦|𝑥∼𝑖)]∕𝑉 (𝑦)

The eFAST method is analogous to Sobol’ indices but variance is 
estimated as 𝑍2

𝑖  via Fourier coefficients as described in the Appendix 
(Appendix  A). The first-order index is expressed as:
𝑆F𝑖 = 𝑍2

𝑖 ∕𝑍
2
𝑡𝑜𝑡𝑎𝑙

while the total-order index is given by:
𝑇F𝑖 = 1 − (𝑍2

∼𝑖∕𝑍
2
𝑡𝑜𝑡𝑎𝑙)

where 𝑍∼𝑖 represents the summed complementary set of parameters 
(i.e., all parameters except 𝑥𝑖). See Appendix  A for a more in-depth 
explanation.

For both Sobol’ and eFAST, larger 𝑆𝑖 and 𝑇𝑖 values indicate a larger 
influence on model output variance. Given the high dimensionality and 
number of input parameters in the models, we use a 5% significance 
threshold for 𝑆𝑖 rather than considering the relative number of input 
parameters per model (Puy et al., 2023). Sobol’ indices provide a more 
comprehensive analysis by also providing second- and higher-order 
indices (Saltelli et al., 2008) (Appendix  A). eFAST requires substantially 
fewer simulation runs to explore the entire input space compared 
to Sobol’ indices, while still providing valuable sensitivity informa-
tion (Saltelli et al., 2008). This meant that eFAST could be used for both 
our GSA of Tephra2 and Fall3D, while Sobol’ indices is only applied to 
Tephra2.

3.2. Meteorological conditions

It is known that meteorological conditions play a major role in the 
deposition of ash (Bursik, 2001; Bonadonna and Costa, 2013; Mulena 
et al., 2016). No equivalent method exists for the stochastic sampling of 
wind, thus, we follow the advice of Phillips et al. (2023) and consider 
12 meteorological conditions, corresponding to the 12 synoptic patterns 
in Aotearoa New Zealand Kidson (2000). These weather types are 
nationwide patterns that fall into three regimes: troughs (low-pressure 
systems), the trough group, high-pressure systems to the north and 
west-east flow in the south, the zonal group, and blocking patterns with 
high-pressure systems to the south, the blocking group.
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Fig. 1. Schematic of Fall3D categorical variables, totalling 2430 unique combinations. The red text indicates input variables that were kept constant in the GSA analyses as a 
result of the preliminary work.
Table 2
Influential and non-influential input parameters identified in sensitivity analyses of volcanic ash transport and dispersion models for tephra deposition.
 Input Parameter Scollo et al. (2008a) Komorowski et al. (2008) Scollo et al. (2008b) Pardini et al. (2022)  
 Sensitivity Analysis Type Local Sensitivity Analysis Local Sensitivity Analysis Global Sensitivity Analysis Global Sensitivity Analysis 
 Number of Simulations 96 over three VATDM 93 7168 N/A  
 VATDM Explored Fall3D, HAZMAP, TEPHRA HAZMAP TEPHRA HYSPLIT  
 Total Erupted Mass/Mass Eruption Rate Influential Influential Influential N/A  
 Plume Height Influential Influential Influential Most Influential  
 Plume Shape Influential N/A Non-influential N/A  
 Total Grain Size Distribution Influential Influential Influential Least Influential  
 Particle Density N/A N/A Non-influential N/A  
 Wind Speed and Direction N/A Influential N/A Influential  
4 
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Using stratified sampling (Cochran, 1977), we treated the 12 Kidson 
types as strata and selected one 24-hour period per Kidson type from 
February 2016 (Fig.  2). Each selected period was chosen to ensure that 
the Kidson type remained consistent throughout. We aggregate the GSA 
results from the 12 Kidson types to produce one overall result, as to pro-
vide a general overview of input parameter influence across different 
meteorological conditions. As different meteorological conditions may 
influence our GSA analysis, we also explore GSA outputs in both weak 
and strong wind fields (Fig.  2). Since the maximum eruption duration 
in our study is 12 h or less, we allowed an additional 12 h for finer 
grained particles to deposit. For Tephra2, the first hour in each Kidson 
type was used as the model does not consider temporal variability in 
weather.

Tephra2 uses minimal meteorological data, requiring only a text 
file of atmospheric height, wind speed, and direction that is assumed 
constant across the computational domain (Connor et al., 2011). Fall3D 
uses more complex meteorological data such as numerical weather 
prediction and reanalysis datasets, interpolating the required mete-
orological data (wind field, air temperature, friction velocity, atmo-
spheric boundary layer height, and Monin–Obukhov length (turbulence 
height)) from the original grid driving the meteorological models to 
the computational domain (Folch et al., 2020). For this study, we use 
the European Centre for Medium-Range Weather Forecasts (ECMWF) 
hourly ERA5 reanalysis dataset, which spans from 1979 onwards with 
a vertical resolution of 37 pressure levels (Hersbach et al., 2020). For 
Fall3D, we use the ERA5 reanalysis data in NetCDF format with a 
spatial grid at half the resolution (0.125◦ × 0.125◦) (Folch et al., 2012) 
(Fig.  3a). For Tephra2, we extract the necessary data from the ERA5 
reanalysis data and run simulations on a spatial ‘‘grid’’ of the sampled 
locations and eruptive vent (Fig.  3b).

3.3. Practical implementation

We constrain our approach to an imminent eruption (i.e., meteoro-
logical conditions are known and assumed to be as accurate as possible) 
at Taranaki Mounga (Mount Taranaki), Aotearoa New Zealand where 
there is an estimated 30%–50% chance of an explosive eruption in the 
next 50 years (Damaschke et al., 2018). We sample deposit densities at 
locations across the region within 30 km of the vent, at 5 km, 10 km, 
and 30 km distances in 16 cardinal directions, with Fall3D sampling 
restricted to four cardinal directions at 5 km and no sampling at 10 km 
due to the grid size (Fig.  3). A similar approach of using 16 cardinal 
directions has been employed in previous studies (Macedonio et al., 
2008). While Taranaki Mounga is used here as a case study, our study 
can be applied to any volcano worldwide, provided that meteorological 
data are available.

For our GSA, we use the sensobol package in R for the Sobol’ 
indices (Puy et al., 2021), and investigate up to third-order interactions. 
The number of simulation runs generated for third-order Sobol’ indices 
follows: (𝑁(𝑘+2))+(𝑘!∕(2!(𝑘−2)!) x 𝑁)+(𝑘!∕(3!(𝑘−3)!) x 𝑁), where 𝑁
is the initial sample size of the base sample matrix (typically varying 
from a few hundred to a few thousand Saltelli et al., 2008), and 𝑘
is the number of input parameters. For Tephra2, we use 𝑁 = 1500, 
resulting in 265,500 runs (per wind). We do not conduct Sobol’ indices 
GSA on Fall3D due to computational limitations. Running the model 
a sufficient number of times to obtain a valid GSA result would have 
required several months worth of simulations.

We use the SALib package in Python to conduct our eFAST 
GSA (Herman and Usher, 2017). For eFAST, the number of simulations 
run is 𝑁 × 𝑘, where 𝑁 is the number of samples to generate and 
𝑘 is the number of input parameters. For Tephra2 we use 𝑁 = 500 
(𝑘 = 10, resulting in 5000 runs per wind) and for Fall3D 𝑁 = 200 
(𝑘 = 9, resulting in 1800 runs per wind). The different values of 𝑁
between eFAST and Sobol’ for Tephra2 is due to Sobol’ indices needing 
more repetitions to obtain second- and third-order indices. The different 
number of simulation runs between Tephra2 and Fall3D is based on 
the computational time it takes to run Fall3D. To conduct GSA on 
Fall3D, we used the Aotearoa New Zealand eScience Infrastructure 
(NeSI) High-Performance Computing (HPC) system.
5 
4. Results

Here we show the results of the GSA analysis sampling tephra 
deposition at three distances and in 16 cardinal directions around 
Taranaki Mounga for Tephra2 (Fig.  3a), and two distance in four and 
16 cardinal directions for Fall3D (Fig.  3b) based on 12 different wind 
scenarios (Fig.  2).

4.1. Weak vs strong wind

We first look at the Sobol’ indices and eFAST outputs for two wind 
fields that convey a weak and strong wind (referred to here as a weak 
and strong wind scenario; Kidson type HE and 𝑇  respectively (Fig.  2)).

For Tephra2 and Fall3D, we found that the output variance is con-
centrated over fewer input parameters in strong wind fields, while more 
input parameters become significant when the wind is weaker (Fig. 
4,5,6). For Tephra2, only plume shape (alpha(T2) and beta) remains 
significant across both Sobol’ and eFAST indices in the strong wind 
scenario (Fig.  4). For Fall3D, plume duration and horizontal diffusion 
are the only parameters deemed significant under the strong wind 
scenario (Fig.  6).

In the weak wind scenario for Tephra2, plume shape (alpha(T2)) 
is consistently significant, especially off axis of the major direction 
of tephra deposition (ENE to ESE), while its influence decreases with 
distance (Fig.  4). The diffusion coefficient remains significant across all 
distances in eFAST but only in distal areas (30 km) for Sobol’ indices. 
Plume height, fall time threshold (FTT), plume height, and plume shape 
(beta) are significant in proximal areas (5 km) in Sobol’ indices, but 
lose significance distally. In eFAST the diffusion coefficient remains 
significant in distal areas.

For Fall3D, in weak wind conditions, median and standard deviation 
grain size are the only significant parameters in proximal areas, while 
the diffusion coefficient gains significance in distal regions (Fig.  6).

4.2. Tephra2

In the following sections, we look at the first-order sensitivity 
indices: 𝑆S𝑖  (Sobol’) and 𝑆F𝑖  (eFAST), as well as the total-order indices: 
𝑇 S𝑖  (Sobol’) and 𝑇F𝑖  (eFAST), over the whole GSA space, providing 
insights into the average trends over all meteorological conditions. Ad-
ditionally, we also examine the 𝑆S𝑖 , 𝑆F𝑖 , 𝑇 S𝑖  and 𝑇F𝑖  values in the major 
direction of tephra deposition, selecting values for the direction closest 
(out of 16 cardinal directions) to the predominant wind direction. It is 
important to investigate whether the results of our GSA vary in these 
regions of heightened tephra deposition.

4.2.1. First-order indices
The results of the GSA looking at the first-order indices (𝑆𝑖) for 

Tephra2 for all sampling locations are shown in Fig.  7.
The most notable difference is in plume shape alpha(T2) (which 

controls how much mass is contributed to the upper part of the eruption 
column), which significantly influences output variance in 61%–82% of 
simulations in eFAST but only 33%–55% in Sobol’ indices. eFAST shows 
a decline in the significance of median grain size and plume shape 
alpha(T2) with distance, whereas Sobol’ indices reveal no consistent 
trend for plume shape alpha(T2).

Grain size standard deviation, lithic and pumice density, mass, 
plume height, and FTT are not significant first-order input parameters 
in either GSA method, suggesting their influence on tephra deposition is 
indirect or dependent on interactions with more dominant parameters 
like plume shape.

Examining the significant input parameters along the main tephra 
deposition axis, median grain size and plume shape (alpha(T2) and beta) 
remain the primary drivers of output variance.
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Fig. 2. Mean wind speeds (over all areas and time) and mean wind directions (from North) at different altitudes for the 12 24-hour long Kidson Types at Taranaki Mounga 
(39.2968◦ S, 174.0634◦ E), calculated over the selected 24-hour periods. Grey areas highlight the minimum and maximum wind speeds at different altitudes calculated over the 
selected 24-hour periods. Trough group: T, SW, TNW, TSW. Zonal group: H HNW, W. Blocking group: HSE, HE, NE, HW, R.
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Fig. 3. Sampling locations at Taranaki Mounga (Mount Taranaki), Aotearoa New 
Zealand. (a) Tephra2 sampling locations at 5 km (green), 10 km (blue), and 30 km 
(purple) from the vent in 16 cardinal directions. (b) Fall3D sampling locations at 5 
km in 4 cardinal directions (green) and 30 km in 16 cardinal directions (purple). The 
grey grid represents the ERA5 spatial resolution at 0.125◦ × 0.125◦. Both models do 
not differentiate between tephra deposition on land or water.

4.2.2. Total-order indices
For the purpose of our analysis, the 𝑇𝑖 are discussed in terms of 

rank, ranging from one (representing the lowest 𝑇𝑖 value) to ten (rep-
resenting the highest 𝑇  value), as we investigate ten input parameters 
𝑖

7 
in Tephra2. Higher 𝑇𝑖 indicates a greater influence on model output 
variance when considering interactions with all other input parameters.

Analysis of total-order indices (𝑇𝑖) in Tephra2 revels consistent 
trends (Fig.  8). Median grain size and plume shape (alpha(T2)) consis-
tently rank highest.

Discrepancies between eFAST and Sobol’ indices appear for grain 
size standard deviation, plume height, diffusion coefficient, FTT, and 
plume shape (beta). In eFAST, grain size standard deviation and dif-
fusion coefficient rank relatively high (7-7.5 and 7.5-8, respectively) 
but drop in Sobol’ indices (1–3 and 2–3.5). Conversely, FTT and plume 
shape (beta) increase in rank in Sobol’ indices, shifting from 2–3.5 to 
3–6.5 and from 1–3 to 4–8, respectively. These trends persist when con-
sidering 𝑇𝑖 values specifically along the main axis of tephra deposition.

4.3. Fall3D

For Fall3D, we look at the first-order sensitivity indices 𝑆F𝑖  (eFAST) 
and total-order indices 𝑇F𝑖 , over the whole GSA space, providing in-
sights into the average trends over all meteorological conditions. Addi-
tionally, we also examine the 𝑆F𝑖  and 𝑇F𝑖  values in the major direction 
of tephra deposition. This selection is based on four cardinal directions 
at a 5 km sampling distance or 16 cardinal directions at a 30 km 
sampling distance.

4.3.1. First and total-order indices
For Fall3D, first-order (𝑆𝑖) outputs indicate that horizontal diffusion 

is the most significant input parameter, with its influence increasing 
with distance from the vent (Fig.  9). Median and standard deviation 
grain size, minimum and maximum density, and plume duration also 
contribute notably to output variance. In contrast, plume height and 
plume shape have minimal influence. These trends remain consistent 
when considering only sampling locations along the main axis of tephra 
deposition.

Total-order indices (𝑇𝑖) for Fall3D also show that horizontal diffu-
sion is the most significance input parameter (Fig.  9). Plume shape 
parameters alpha(F3D) and lambda gain more influence compared to 
their 𝑆𝑖 values, with alpha(F3D) becoming a top-ranked input param-
eter, though lambda remains among the least influential, similar to 
minimum density.

When considering only the major axis of tephra deposition, ranking 
trends remain similar. However, plume height decreases in rank, along-
side the low ranking of maximum density and plume shape lambda.

There is no overall variation in deposit density distribution when 
considering categorical variables in Fall3D when input parameters are 
perturbed along the major tephra deposition axis. However, plume 
shape distributions introduce slight variations in median deposit den-
sities (Fig.  10).

Individual runs based on a baseline scenario, where only categorical 
input were altered, reveal that the largest variations in deposit den-
sity (red crosses) occur within the plume shape distribution category, 
particularly for plume heights exceeding 10 km. Minor variations also 
appear in individual runs for terminal velocity models (Fig.  10), while 
aggregation, vertical and horizontal turbulence models, and limiter 
categories show no significant density variation within their respective 
categories.

5. Discussion

This section discusses the key findings in our GSA analysis, includ-
ing an exploration of higher-order Sobol’ indices. We also examine 
the role of categorical variables, address the study’s limitations, and 
consider the use of our VATDMs Tephra2 and Fall3D.
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Fig. 4. 𝑆𝑖 values from a strong wind scenario for Tephra2. Each coloured line and point shape represents an input parameter examined in the GSA analysis. Points indicate 𝑆𝑖
values at each cardinal direction. Points above the solid black line represent significant 𝑆𝑖 values (more than 5%). (a) 5 km Sampling distance via eFAST; (b) 5 km Sampling 
distance via Sobol’ indices; (c) 10 km Sampling distance via eFAST; (d) 10 km Sampling distance via Sobol’ indices; (e) 30 km Sampling distance via eFAST; (f) 30 km Sampling 
distance via Sobol’ indices.
5.1. GSA

The objective of this study is to understand what input parameters 
contribute the most and least amount of variance in model outputs, 
which in turn can correctly represent uncertainty in forecasts, as well 
as reduce the number of simulations needed to produce probabilis-
tic forecasts or ensembles. Our GSA analysis has shown that input 
parameters total grain size distribution, plume shape and diffusion 
(diffusion coefficient and horizontal diffusion) have significant first- 
and total-order influences on the output variance in both Tephra2 and 
Fall3D. In addition, plume duration (only an option in Fall3D) was 
also a significant input parameter. The other input parameters, mass 
(Tephra2 only), particle density, plume height, and FTT (Tephra2 only) 
were found to have only total-order influences on output variance 
for Tephra2 and Fall3D. These findings highlight that when designing 
forecasts, particular attention should be paid to significant input param-
eters as they contribute most to the variance in model outputs. These 
results differ from previous research, as Scollo et al. (2008b) (Table  2) 
found that in VATDM TEPHRA, using Sobol’ indices, lithic and pumice 
densities and plume shape were not significant input parameters.

We conducted additional testing in our GSA by examining different 
sensitivity thresholds for 𝑆S𝑖  and 𝑆F𝑖  — 3% and 10% — compared to 
the 5% threshold originally used, to assess whether this would affect 
our conclusions. Results showed that even though the frequency of 
significant input parameters increased at 3% significance and decreased 
at 10%, the overall pattern was the same.

Our GSA results could inform the design of an optimal sampling or 
simulation strategy when the number of simulation runs is constrained. 
Both first- and total-order influences of input parameters can be utilised 
8 
to identify which input parameters may be excluded from sampling 
designs. First-order indices, which correspond to the direct influence 
of individual input parameters, are particularly advantageous because 
their uncertainty is easier to quantify compared to the more complex 
and less well-understood interactions between input parameters.

5.2. Sobol’ second and third-order indices

If the first-order interactions at a sampling point sum to one, it 
indicates no interaction between input parameters (Sobol’, 1990). If 
they do not sum to one, second and third-order interactions account for 
the remaining proportion of the total-output variance. We found that 
the sum of first-order indices is higher in stronger wind fields and along 
the major deposition axis. This suggests that, in such scenarios, wind 
direction and speed dominate ash deposition patterns. Consequently, 
minimal simulations may be required in these cases, particularly when 
wind conditions are consistent along the major deposition axis.

Conversely, in weaker wind fields and opposite the major direction 
of tephra deposition, the sum of the first-order interaction terms is 
smaller, sometimes even negative, implying that other interactions, 
either between input parameters or outside of the selected input pa-
rameters used in the GSA, such as weak winds, may indirectly influence 
output variance. This pattern does not continue, however, for second- 
and third-order interactions. For both strong and weak wind fields, the 
sum of second-, and third-order interactions decreases with distance 
from the vent. This trend likely reflects the influence of input parame-
ters, such as diffusion, which become increasingly more significant at 
further distance from the vent. At greater distances, the mass of ash 
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Fig. 5. 𝑆𝑖 values from a weak wind scenario for Tephra2. Each coloured line and point shape represents an input parameter examined in the GSA analysis. Points indicate 𝑆𝑖
values at each cardinal direction. Points above the solid black line represent significant 𝑆𝑖 values (more than 5%). (a) 5 km Sampling distance via eFAST; (b) 5 km Sampling 
distance via Sobol’ indices; (c) 30 km Sampling distance via eFAST; (d) 30 km Sampling distance via Sobol’ indices.
and the prevalence of finer grained particles introduce more variability, 
potentially leading to complex interactions beyond the third order.

We also examined which input parameters and their interactions 
had the largest index values. By selecting the top five index values for 
each Kidson Type (12), by each sampling distance (3), and for each 
order (3), we identified a total of 540 high-value indices (5 × 12 × 3 × 3 
=540). The first-order input parameter, plume shape alpha(T2), had the 
highest count among these, accounting for 14.6% (79/540). In com-
parison, 32% of the largest indices were related to median grain size, 
including 9.4% (51/540) as first-order contributions and the remainder 
from second- and third-order interactions with particle density, plume 
shape (alpha(T2) and beta), diffusion coefficient, plume height, FTT, 
standard deviation of grain size, and mass, ranging from 9% to 0.19%.

5.3. Categorical variables

We found that particle aggregation did not significantly affect the 
outputs of Fall3D. This differs from expectations, as most fine volcanic 
ash tends to settle out as particle aggregates (Carey and Sigurdsson, 
1982), often leading to secondary thickening of deposits (e.g., Tsuji 
et al., 2020). Aggregation in Fall3D has been validated with the 17 
September 1992 Mount Spurr and the 18 May 1980 Mount St. He-
lens eruptions, which showed strong agreement with observed deposit 
values (Folch et al., 2010). So for hindcasting, the use of aggregation 
models may improve model output accuracy. However, for a future 
unknown eruption, the extent of particle aggregation is uncertain, 
making it unclear whether particle aggregation model input parameter 
options will improve model output accuracy.

One possible explanation for the discrepancy between our results 
and previous studies is the consistency of the TGSD and particle density 
9 
values used in our simulations. Research has shown that aggregation is 
sensitive to factors such as particle density, the TGSD of non-aggregated 
particles, and the specific aggregation model applied (Poret et al., 2017; 
Beckett et al., 2022).

Plume shape significantly influenced the outputs of Fall3D, with 
variations within individual plume shape distributions creating differ-
ences in deposit density. This finding aligns with the results of our 
GSA, which identified plume shape as a significant input parameter 
impacting output variance in both Tephra2 and Fall3D.

The other categorical input parameters: limiter, horizontal and ver-
tical turbulence models, and terminal velocity models do not signifi-
cantly affect output deposit variations. This suggests that their selection 
does not strongly influence the overall model output. Having multiple 
options within each categorical variable may still provide flexibility to 
achieve a closer fit during hindcasting by allowing adjustments to bet-
ter match observed data for a specific eruption. However, while greater 
model expertise can help inform input parameter use, multiple options 
within categorical variables still introduce uncertainty for forecasting, 
as these choices may not accurately represent future conditions.

5.4. Limitations

We represented the variation in wind in the Taranaki region of 
Aotearoa New Zealand via Kidson types. However, the use of only 12 
unique winds is unlikely to have captured the full range of meteoro-
logical conditions – which is impossible to do so, as wind is continuous 
– meaning that our GSA may not have fully captured input parameter 
interactions. The Kidson types are also based on country-wide patterns, 
and may not reflect all meteorological patterns seen at regional to 
local scales. A logical extension to this work would therefore be to 
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Fig. 6. 𝑆𝑖 values via eFAST from a weak and strong wind scenario for Fall3D. Each coloured line and point shape represents an input parameter examined in the GSA analysis. 
Points indicate 𝑆𝑖 values at each cardinal direction. Points above the solid black line represent significant 𝑆𝑖 values (more than 5%). (a) Weak wind at 5 km sampling distance; 
(b) Strong wind at 5 km sampling distance; (c) Weak wind at 30 km sampling distance; (d) Strong wind at 30 km sampling distance.

Fig. 7. Proportion of first-order 𝑆𝑖 outputs for Tephra2 of input parameters that reach a 5% significance threshold. All winds are included. (a) 𝑆𝑖 via eFAST incorporating 16 
cardinal directions and sampling points. (b) 𝑆𝑖 via Sobol’ indices incorporating 16 cardinal directions and sampling points.
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Fig. 8. Total-order 𝑇𝑖 outputs for Tephra2. Fractional values result from averaging over multiple winds. All winds are included. (a) The median rank of 𝑇F𝑖  via eFAST incorporating 
16 cardinal directions. (b) The median rank of 𝑇 S𝑖  via Sobol’ indices incorporating 16 cardinal directions.
Fig. 9. Proportion of first-order 𝑆𝑖 and total-order 𝑇𝑖 outputs for Fall3D. Fractional 𝑇𝑖 values result from averaging over multiple winds. All winds are included. (a) 𝑆F𝑖  via eFAST 
incorporating all cardinal directions and sampling points. (b) The median rank of 𝑇F𝑖  via eFAST summed in all cardinal directions.
expand the wind input variability, either through multiple days under 
each Kidson type or by stratifying wind sampling with location-specific 
patterns.

Both eFAST and Sobol’ indices analyses identified the same key 
input parameters that significantly influence output variance in both 
Tephra2 and Fall3D. eFAST was used for both Tephra2 and Fall3D 
due to its computational efficiency. While Sobol’ indices can provide 
more detailed insights into higher-order interactions, the occurrence of 
negative Sobol’ indices suggests that eFAST is a more robust approach, 
particularly when analysing models with a high-dimensional input 
parameter space.

Sobol’ indices produced negative 𝑆S𝑖  values (55% of the time). 
Negative 𝑆S𝑖  values can occur due to sampling variability due to an 
insufficient sample size (Saltelli et al., 2010). Even with over 260,000 
simulations per wind field in Tephra2, negative 𝑆S𝑖  indicate that the 
number of samples to generate should be increased as 𝑆S𝑖  by def-
inition should not be negative. However, increasing the number of 
simulations further may not get rid of negative values entirely, due to 
11 
the high-dimensional input parameter space. Scollo et al. (2008b) also 
encountered this limitation, reporting negative Sobol’ indices with only 
4608 simulation runs.

5.5. Considerations of the models used (Tephra2 and Fall3D)

The type of GSA analysis presented in this paper can be applied to 
any volcanic hazard model. We decided to test Tephra2 and Fall3D as 
they have different benefits and limitations, especially in forecasting. 
Tephra2 is computationally efficient, with a single simulation typically 
taking less than a second, allowing thousands of simulations to be 
run in minutes on a standard computer. In contrast, Fall3D is more 
computationally intensive; a single simulation took between 10 and 
18 min for short-duration eruptions (less than 12 h) with coarse grid 
sizes, even when using batch processing on a supercomputer system 
(NeSI). These differences in simulation time are largely due to the 
broader application of Fall3D, which simulates both ash deposition 
and atmospheric concentrations and incorporates large meteorological 
datasets.
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Fig. 10. Categorical simulation outputs with logged deposit density in the major direction of tephra deposition. Red crosses are individual runs on a base run where only the 
categorical input is changed.
Tephra2 simplifies the user experience by directly embedding dif-
ferent physical processes, such as turbulence and diffusion calculations 
within the code. For example, atmospheric diffusion is assumed to be 
Gaussian over the whole computational domain (Connor et al., 2008). 
Other notable assumptions of the model include a Gaussian particle 
size distribution, particles of every size are well-mixed throughout the 
entire eruption plume, and a layered atmosphere where windspeed and 
direction are constant within horizontal layers but allowed to vary 
between them (Connor et al., 2008). In addition, Tephra2 considers 
a consistent wind profile, which means that over large domains the 
winds cannot be accurately represented by a single profile. These 
simplifications enable the model to achieve short computing times, 
allowing thousands of simulations to be run in just a few minutes on 
standard computers.

Fall3D, by contrast, provides users the flexibility to define and 
manipulate more aspects of the model compared to Tephra2, such 
as particle shape and limiters. Additionally, Fall3D is usually used 
for simulating atmospheric concentrations of volcanic ash – a major 
concern for Volcanic Ash Advisory Centers (VAACs) (Beckett et al., 
2024) – in addition to deposition.

6. Conclusions

While VATDM models such as Tephra2 and Fall3D can retrospec-
tively simulate past eruption behaviours, identifying the key input 
parameters that significantly influence output variance in the context of 
forecasting is crucial for improving hazard forecast reliability. During 
or immediately before an eruption, VATDM users are constrained in the 
number of simulations that can be run in a fast-evolving situation. Our 
GSA revealed that grain size distribution, diffusion, and plume duration 
input parameters have the most significant impact on model output 
variance. Contrary to previous studies, our analysis demonstrated that 
the plume shape input parameters also significantly affect model output 
variance.

Therefore, when time is limited, VATDM users should focus on 
running simulations that prioritise varying these influential input pa-
rameters. Identifying these key input parameters allows users to direct 
efforts towards quantifying their variability, including understanding 
the correlations between them, which will improve the overall accuracy 
of the simulations. By more accurately quantifying distributions of 
significant input parameters, and leveraging limited simulation re-
sources to best exploit these, more reliable hazard forecasts and better 
12 
preparedness strategies can be created during volcanic eruptions. Addi-
tionally, this sensitivity information can also underpin the development 
of long-term tephra hazard assessments, where pre-established input 
parameter ranges are established in advance. As thousands of simula-
tions are required to conduct a GSA, alternative strategies for assessing 
the importance of VATDM input parameters may include the use of 
emulators, which can be particularly useful for models with large 
computational demands (e.g., Harvey et al., 2018).

CRediT authorship contribution statement

Emmy Scott: Writing – original draft, Methodology, Investigation, 
Data curation, Conceptualization. Melody Whitehead: Writing – re-
view & editing, Methodology, Conceptualization. Stuart Mead: Writing 
– review & editing, Methodology, Conceptualization. Mark Bebbing-
ton: Writing – review & editing, Methodology. Jonathan Procter: 
Writing – review & editing.

Declaration of competing interest

The authors declare that they have no known competing finan-
cial interests or personal relationships that could have appeared to 
influence the work reported in this paper.

Acknowledgements

This work was supported by the Resilience to Nature’s Challenges 
(RNC) Volcano Program, grant GNS-RNC047, and the Dr Eileen Fair 
Doctoral Scholarship in Earth Science. The author(s) wish to acknowl-
edge the use of New Zealand eScience Infrastructure (NeSI) high perfor-
mance computing facilities, consulting support and/or training services 
as part of this research. New Zealand’s national facilities are pro-
vided by NeSI and funded jointly by NeSI’s collaborator institutions 
and through the Ministry of Business, Innovation & Employment’s 
Research Infrastructure programme. URL https://www.nesi.org.nz. The 
authors would also like to thank the two anonymous reviewers for their 
insightful comments, which helped strengthen the manuscript.

https://www.nesi.org.nz/


E. Scott et al. Journal of Volcanology and Geothermal Research 466 (2025) 108393 
Fig. 11. Visualisation of the eFAST search curve, which shows the decomposition of output variance based on the spectral analysis of input parameters. Results show that input 
parameter one strongly contributes to the output variance through high spectral amplitude, input parameter two contributes moderately with a smaller amplitude, and input 
parameter three shows no contribution, as its spectral amplitude remains negligible.
Appendix A

A.1. Sobol’ indices

Sobol’ indices (Sobol’, 1990) is a Monte Carlo-based calculation that 
quantifies the contribution of each input variable to the output variance 
of a model. Given a model in the form: 
𝑦 = 𝑓 (𝑥), 𝑥 = (𝑥1, 𝑥2,… , 𝑥𝑘) ∈ 𝑅𝑘 (3)

where 𝑦 is a scalar output and 𝑥1,… , 𝑥𝑘 are 𝑘 independent input 
parameters described by probability distributions, we can calculate the 
proportion of total variance conveyed to 𝑦 by each input parameter 𝑥𝑖, 
known as the first-order effect (𝑆S𝑖 ). 

𝑆S𝑖 = 𝑉 [𝐸(𝑦|𝑥𝑖)]∕𝑉 (𝑦) (4)

where 

𝑉 [𝑦] =
𝑁
∑

𝑖=1
(𝑦𝑖 − 𝑦̄)2∕(𝑁 − 1) (5)

where 𝑁 is the sample size, 𝑦𝑖 is the output from the 𝑖th combination 
of inputs, and 𝑦̄ is the mean output across all combinations of input 
parameters, and 𝐸(𝑦|𝑥𝑖) is the expected value of 𝑦 given a fixed value 
of 𝑥𝑖

We can also extract the proportion of variance contributed by the 
interaction between pairs of inputs (second-order effect, 𝑆𝑖𝑗), triplets 
of input parameters (third-order effect, 𝑆𝑖𝑗𝑙), etc., up to the 𝑘th-order 
interaction, e.g.,: 
𝑆 = 𝑉 [𝐸(𝑦|𝑥 , 𝑥 )] − 𝑉 [𝐸(𝑦|𝑥 )] − 𝑉 [𝐸(𝑦|𝑥 )]∕𝑉 (𝑦) (6)
𝑖𝑗 𝑖 𝑗 𝑖 𝑗
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For a model with three input parameters, the total the variance can be 
expressed as, for example: 𝑆1 + 𝑆2 + 𝑆3 + 𝑆1,2 + 𝑆1,3 + 𝑆2,3 + 𝑆1,2,3 = 1.

𝑆S𝑖  can then be used to rank input parameters by their relative first-
order contribution to model output variation. When ∑𝑘

𝑖=1 𝑆
S
𝑖 = 1, the 

model is additive, i.e., the total variance (𝑦) can be fully decomposed 
as the sum of first-order effects, indicating that there is no interaction 
between input parameters. However, this is rarely the case in complex 
models (Puy et al., 2023), and the sum of the first-order indices usually 
falls well short of total model output variance.

Total-order indices 𝑇 S𝑖 , which measure the first-order effects of 
𝑥𝑖 together with its interactions with all the other input parameters 
provide information on the non-additive features of a model (Saltelli 
et al., 2010). 
𝑇 S𝑖 = 1 − 𝑉 [𝐸(𝑦|𝑥∼𝑖)]∕𝑉 (𝑦) (7)

where 𝑉 [𝐸(𝑦|𝑥∼𝑖)] is the portion of variance that is explained given 
all input parameters except 𝑥𝑖. For a three-parameter model, 𝑇1 =
𝑆1 + 𝑆1,2 + 𝑆1,3 + 𝑆1,2,3.

A.2. eFAST - extended fourier amplitude sensitivity test

eFAST is a variance decomposition method, analogous to ANOVA 
(Cukier et al., 1978). A transformation (sinusoidal) function, 𝑥 =
𝑓 (𝑗), 𝑗 = 1, 2,… ,𝑀 , is used to convert input parameter values to values 
along a search curve, based on the sample number 𝑀 (number of 
repetitions per input combination) (Fig.  11) — this essentially turns a 
probability density function into a signal that can then be traced back to 
the output variance. Using Fourier coefficients, eFAST decomposes the 
variance of the model output, determining what fraction of the variance 
can be explained by the variation in each input parameter.
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The variance contribution of each input parameter (Eq.  (5)) (𝑖) is 
estimated from the Fourier coefficients and its unique frequency (and 
harmonics of that frequency): 
𝑍2

𝑖 = 2(𝐴2
𝑗 + 𝐵2

𝑗 ) (8)

where 𝐴𝑗 and 𝐵𝑗 are the Fourier coefficients corresponding to the input 
parameter’s frequency.

The total variance of the model output is then computed as the sum 
of these variance estimates across all input parameters: 
𝑍2

𝑡𝑜𝑡𝑎𝑙 =
∑

𝑖
𝑍2

𝑖 (9)

Finally, the first-order sensitivity index (𝑆F𝑖 ) for a given input param-
eter are calculated as the variance attributed to that input parameter 
divided by the total variance of the model output: 
𝑆F𝑖 = 𝑍2

𝑖 ∕𝑍
2
𝑡𝑜𝑡𝑎𝑙 (10)

To calculate the total-order sensitivity index (𝑇F𝑖 ) of a given input 
parameter, eFAST calculates the summed sensitivity index contribu-
tions of the entire complementary set of input parameters (i.e., all input 
parameters except 𝑥𝑖). 𝑇F𝑖  is then derived as the proportion of variance 
remaining after accounting for the contribution of this complementary 
set: 
𝑇F𝑖 = 1 −𝑍∼𝑖 (11)

where 𝑍∼𝑖 represents the contribution of the complementary set to the 
total variance: 
𝑍∼𝑖 = 𝑍𝑡𝑜𝑡𝑎𝑙 −𝑍2

𝑖 (12)

Appendix B. Supplementary data

Supplementary material related to this article can be found online 
at https://doi.org/10.1016/j.jvolgeores.2025.108393.

Data availability

Data will be made available on request.
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